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ABSTRACT

The biological, technical and computational aspects of this project collectively focused on using
electron tomography (ET) for the high-resolution (10-20 nm) 3D reconstruction of entire insulinsecreting beta cells within islets of Langerhans isolated from mouse pancreata. Islets were cultured
overnight to represent either steady-state (non-stimulated) or elevated glucose (stimulated) conditions,
prior to fast-freezing, freeze-substitution, plastic embedment and cutting into 250-400 nm thick
sections for tomographic imaging using intermediate voltage electron microscopy (EM). 3D images
(tomograms) of each section were used to evaluate the performance of the new technical and
computational approaches developed, and make biological comparisons of intercellular structurefunction. Analyses focused on key compartments/organelles of the insulin-secretory pathway: Golgi
apparatus, mitochondria, insulin secretory granules and multi-granular bodies.
To allow the application of ET to entire mammalian cells, several technical limitations were
addressed. Since segmenting (delimiting compartments of interest) tomograms manually represented
the major ‘rate-limiting step’ of ET, an interactive approach for 3D segmentation using novel
interpolation algorithms (crude smooth, pointwise smooth and spherical interpolation) to iteratively
predict the shape of 3D surfaces between user-drawn contours was developed. The performance of
these tools in segmenting a range of compartment types was examined, and found to significantly
enhance the speed and accuracy of manual segmentation. To better compensate for the physical
collapse of plastic sections in the EM, a novel method was developed for estimating section collapse
by analyzing approximately spherical organelles. Using this method on mature insulin granules in
high-resolution datasets, coupled with measurements from the whole cell reconstructions, section
collapse was found to be substantially less (~25%) than the value (40%) previously used to re-scale
3D models. Other new approaches developed to further improve the accuracy and quality of
tomograms included interactive tools for fiducial tracking, the use of larger gold particles, a ‘reduced
second axis’ to account for the missing wedge problem, and deformation grids to account for
anisotropic deformation.
As well as affording more efficient and precise mapping of cell ultrastructure in 3D for subsequent
quantitative analyses, these developments provided new insights for future automated (hybrid)
segmentation pipelines and new computational approaches for improving quality and isotropic
accuracy of volumetric image data. The Interpolator and DrawingTools for segmentation,
AnalysisTools for estimating section collapse and BeadHelper for tracking fiducial particles, written as
plug-ins for the IMOD software package distributed by the University of Colorado, are now being
used by the wider ET community with positive feedback.
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Using the novel approaches developed, four insulin-secreting beta cells - two from the periphery of an
islet frozen 1 hr after stimulation with 11 mM glucose, and two from the periphery of another islet
under steady-state 5.6 mM glucose conditions - were reconstructed in their entirety in 3D. Quantitative
data on the key compartments/organelles provided new information regarding global changes in
cellular organization, and enabled robust comparisons of each pair of functionally equivalent cells at
unprecedented spatial resolution. Relative differences in the number, dimensions, architecture and
distribution of organelles per cubic micron of cellular volume (including mitochondrial branching)
reflected differences in the cells’ individual capacity/readiness to respond to secretagogue stimulation.
In the two stimulated cells this was reflected by inverse relationships between the number/size of
mature granules versus immature granules, the number/size of mitochondria, and the volume of the
trans-Golgi network relative to the entire Golgi ribbon. Complementary stereological analysis of
whole islets indicated which cells were the most representative under stimulated versus non-stimulated
conditions, and revealed a marked natural heterogeneity between cells both within and between
individual islets.
Overall, this project led to multiple improvements in efficiency and accuracy for segmenting cellular
compartments/organelles, and in image quality and accuracy for tomogram computation and
reconstruction through use of the newly developed techniques. The improved 3D reconstructions and
analyses of pancreatic beta cells in toto in native tissue provided a powerful approach for
quantitatively mapping the organelles involved in insulin synthesis/secretion at unprecedented detail,
and afforded a level of insight into the complex 3D organization of mammalian cells not previously
achieved by any other analytical technique or imaging method.

Keywords
electron microscope tomography, three-dimensional spatial analysis, interpolation, automatic
segmentation, beta cell, mouse pancreas, insulin secretory pathway, image processing, whole cell
tomography
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1.1 Lay summary
Pancreatic beta cells are the body’s sole producers of the crucial metabolic hormone insulin. When
stimulated by high levels of glucose, beta cells respond by releasing insulin into the bloodstream, and
circulating insulin then triggers muscle and fat cells to take up glucose from the blood. In chronic
diabetics, however, the dysfunction and/or loss of beta cells means that they are unable to secrete
sufficient insulin to keep blood sugar at safe levels, which can lead to patient death without the
administration of insulin. Although diabetes represents a significant and escalating healthcare problem
worldwide, relatively little is known about the structure-function changes which lead to beta cell
dysfunction or the fundamental structural changes healthy beta cells undergo during insulin synthesis
and release.
To provide new and quantitative insights into the nature and scale of the structural changes that
accompany different functional states in the beta cell under normal/healthy conditions, the goal of my
project was to map and compare the three-dimensional (3D) organization of key compartments of the
insulin secretory pathway in murine (mouse) beta cells prepared under non-stimulated (‘resting’)
versus glucose-stimulated conditions. The hypothesis was that glucose stimulation would result in the
reorganization of cellular structures, including a decrease in the number of mature insulin secretory
granules and a remodeling of membranes of the Golgi apparatus and mitochondrial network.
Achieving these goals required me to develop new methods for imaging and reconstructing islet beta
cells in their entirety in 3D using electron microscope tomography (ET) at relatively high resolution
(10-20 nm). Since ET had only ever been used to image comparatively small volumes within
mammalian cells in this resolution range, these studies required the development of several novel ET
and computational methods in order to efficiently image, reconstruct, segment and analyze
compartments/organelles of interest at this scale. Using these new ‘whole cell tomography’
approaches, I have been able to gain insights into how key structure-function relationships change for
organelles involved in the synthesis and secretion of insulin.
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1.2 Motivation
The use of ET to reconstruct parts of cells, organelles and macromolecular assemblies in 3D at highfidelity is now a mainstream research technique for studying molecular cell biology in situ and for
elucidating structure-function relationships at the subcellular level (Lucic et al. 2005, Marsh 2007,
McEwen and Markoa 2001). ET of plastic-embedded cells or tissue sections using a transmission
electron microscope (TEM) is fundamentally similar to the mathematical process used to produce a
CAT (computed axial tomography) scan, except that the end result is a 3D reconstruction of part of a
cell instead of part of a person (Koster et al. 1997). Thanks to advances in instrumentation and
software for tomographic data collection and reconstruction, it is now possible to generate a highresolution (~5 nm) 3D reconstruction (a tomogram) of a thick (i.e. 300-400 nm) section cut from a cell
or tissue in just a few hours. However, segmenting (i.e. delineating objects of interest) each tomogram
can take weeks to months since it remains a largely manual process. Only after a tomogram has been
segmented is it possible to properly analyze and interpret valuable 3D spatial and structural
information. Moreover, most attempts at automatically/computationally segmenting cellular
tomograms using thresholding and/or gradient-based segmentation algorithms have yielded poor
results due to the complex nature of the image data.
Studying and understanding cells in their entirety, particularly in the context of intact native tissue, has
emerged as a major goal of systems biology (Aderem 2005, Gagescu 2001, Kirschner 2005). Over the
past decade, methods have been developed by Brad Marsh and co-workers for preserving and imaging
pancreatic beta cell architecture in 3D with unprecedented reliability. These studies of the pancreatic
beta cell have helped guide current knowledge of the basic mechanisms related to insulin manufacture
and release - particularly with respect to the Golgi apparatus, the central processing station of the
biosynthetic pathway (Emr et al. 2009, Marsh et al. 2004). One of the major limitations, however, is
that such studies normally only allow the detailed examination of a relatively small percentage (i.e.
≤1%) of a cell's total volume, and thus do not provide insights into the 3D organization and interaction
of organelles in the context of an entire cell (Figure 1.1). At the inception of this project, no
techniques were available to reconstruct entire mammalian cells at high (~5 nm) or even intermediate
(~10-20 nm) resolution.
In order to improve our understanding of the mammalian cell as a unitary complex system, this project
has developed a set of new methods for quickly and reliably segmenting compartments within
pancreatic beta cells reconstructed in toto in 3D at resolutions of ~15-20 nm. In turn, this allowed the
quantification of structure-function relationships among the key organelles involved in insulin
production and release at a global level under different physiological conditions.
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Figure 1.1 Depiction of a mammalian cell showing compartmentalization into functionally and spatially distinct
organelles
Popular textbook image of a “typical eukaryotic cell” adapted to represent the various cellular compartments and organelles
of a mammalian cell. The organelles shown here include the nucleus (the “control center”), rough and smooth endoplasmic
reticulum (the main “lipid and protein factories”), general vesicles (“transport vehicles”), Golgi (the “sorting station”),
mitochondria (the “power plants”), lysosomal/autophagic bodies (the “undertakers/recyclers”), microtubules and
microfilaments (the “scaffolding”), centrioles (the primary “microtubule organizing centers”) and plasma membrane (the
“outer wall”). The red box represents the relatively small volume typically captured by high-resolution electron tomography
(ET), ~300-400 nm high and <3,000 nm wide, in the context of a whole mammalian cell such as a beta cell. Adapted from
Figure 1.11 in (Campbell et al. 1999).
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1.3 Background
1.3.1 Beta cell biology
1.3.1.1

The pancreatic islets of Langerhans

The pancreas is an organ which serves two important metabolic functions: (1) the production and
release of digestive enzymes into the gut by exocrine cells and (2) the production and regulated
secretion of key hormones into the bloodstream by endocrine cells (Seino and Bell 2007). The bulk of
the pancreas is composed of exocrine cells, but embedded throughout this exocrine (acinar) tissue are
small round clusters of specialized endocrine cells called the islets of Langerhans (Figure 1.2). Islets
are comprised mostly (~80%) of insulin-secreting beta cells, which in most species form the core of
the islet, surrounded by a mantle of glucagon-releasing alpha cells, somatostatin-producing delta cells,
and pancreatic polypeptide-secreting cells (Gepts and Lecompte 1981, Orci and Unger 1975).
Together, these cells form a complex paracrine feedback system and maintain systemic blood glucose
homeostasis. A number of other types of cells are also found in the islets (e.g. ghrelin-producing
epsilon cells), but the precise role, origin and morphological characteristics of such cells remain poorly
defined (Dean 1973, Erlandsen 1980). Islets collectively account for ~1-2% of the pancreas’ mass, and
the proportion of different cell types in each islet depends on species, stage of development and the
islet’s location within the pancreas (Baetens et al. 1979, Elayat et al. 1995). A healthy adult human
pancreas contains about one million islets, with the average islet containing 2500 cells - though this
can vary anywhere between 10 and 10000 cells (Weir and Bonner-Weir 1990). An average
mammalian islet measures 0.1-0.2 mm in diameter, with its constituent beta cells having a mean
diameter of ~10-12 µm (Jo et al. 2007).
1.3.1.2

The beta cell

Pancreatic beta cells (β-cells) produce and release insulin, a crucial metabolic hormone which
regulates blood glucose levels, as well as C-peptide, a by-product of insulin production which helps
prevent neuropathy and other symptoms of diabetes related to vascular deterioration. Although there is
some evidence that beta cells constitutively release small amounts of insulin under steady-state/nonstimulated conditions (Arvan and Halban 2004, Kuliawat and Arvan 1992), the bulk of insulin release
into the bloodstream is stimulated by high levels of extracellular glucose; other ‘secretagogues’
(substances that cause another substance to be secreted) include certain free fatty acids and amino
acids. While glucose is the primary insulin secretagogue, there are also several important paracrine
and autocrine interactions between islet cells which act to regulate insulin secretion (Aspinwall et al.
1999). For example, somatostatin inhibits insulin release; insulin itself is believed to be involved in a
positive feedback loop to facilitate robust responses to elevated glucose, although the exact nature of
this feedback loop remains unknown (Srivastava and Goren 2003, Wang and Thurmond 2009).
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Destruction or dysfunction of beta cells affects insulin release and commonly manifests as the set of
disease states commonly known as ‘diabetes’.

Figure 1.2 Location and function of beta cells within the islets of Langerhans
(1) The human pancreas sits below the stomach, connected to the duodenum via a small pancreatic duct which releases
digestive enzymes. The pancreas is also responsible for producing several hormones, including insulin, and is responsible for
glucose homeostasis. A healthy human adult has about one million islets of Langerhans, which are distributed throughout the
pancreas and connected to the circulatory system by a network of blood vessels. (2) Islets are comprised predominantly of
beta cells with a smaller number of other cell types typically distributed around the outer layer of the islet. (3) When
stimulated by glucose, beta cells respond by releasing insulin into the blood stream. (4) Insulin in the circulatory system
triggers muscle and fat cells to absorb glucose, and thus lower blood sugar. Adapted from Figure 7.1 in (Winslow 2001).

1.3.1.3

Diabetes mellitus: type 1 diabetes versus type 2 diabetes

Diabetes mellitus (DM) or ‘diabetes’ broadly refers to two separate disease states that ultimately
manifest as a loss of blood glucose regulation (Donath and Halban 2004). Type 1 diabetes (T1D), also
called ‘juvenile diabetes’ or ‘insulin-dependent diabetes mellitus’ (IDDM), is a chronic disease that
results in the autoimmune destruction of pancreatic beta cells and is lethal unless treated with
exogenous insulin. T1D is a polygenic disease (i.e. many different genes contribute to its expression)
that typically begins during childhood and progresses rapidly. An estimated 10-15% of Australian
diabetics have T1D (AIHW 2008, JDRF 2006).
Type 2 diabetes (T2D), formerly called ‘adult-onset diabetes’ or ‘non-insulin dependent diabetes
mellitus’ (NIDDM), is marked by high levels of blood sugar due to beta cell dysfunction. Unlike T1D,
T2D is classically caused by lifestyle factors such as poor diet, lack of exercise and obesity, but
genetic factors are now also thought to contribute to increased susceptibility to the condition. Both
T1D and T2D are currently growing at epidemic proportions, with an estimated 170 million sufferers
worldwide, predicted to double by 2030 (Wild et al. 2004). In Australia, the total cost of diabetes is
estimated to be over $12.4 billion per year (AccessEconomics 2008), and an estimated 7.4% of
6

CHAPTER 1-GENERAL INTRODUCTION
Australians have diabetes, although only half are aware they have this chronic condition (Dunstan et
al. 2002).
1.3.1.4

The insulin secretory pathway: regulated versus constitutive secretion

Like most cells, beta cells are compartmentalized into many functionally distinct subunits called
organelles which operate in concert to maintain the cell’s health and function (Mellman 1996). The
insulin secretory pathway of beta cells is a complex transport system involving a number of different
membrane-bound organelles, each with a specific function in insulin synthesis (Figure 1.3). The
human insulin molecule is a peptide composed of 51 amino acids and has a molecular weight of 5.8
kDa. In humans and rodents, insulin is generally stored in secretory granules as hexamers organized
around a Zn2+ core, having a total molecular weight of 36 kDa (Chang et al. 1997, Richards et al.
1998). Insulin biosynthesis begins when the insulin mRNA (messenger ribonucleic acid) is translated
as a single chain precursor called preproinsulin (Figure 1.4A). Removal of preproinsulin’s signal
peptide during insertion into the lumen of the rough endoplasmic reticulum (ER) generates proinsulin
(Figure 1.4B) (Halban 1991). Proinsulin is trafficked from the rough ER to the cis-Golgi via transport
carriers, and progresses through the stacked cisternae of the Golgi (see Section 1.3.1.10) to the transface, where most is packaged into nascent secretory granules (Figure 1.3 arrows 1-2).

Figure 1.3 The insulin secretory pathway
Cartoon representing the process of insulin synthesis and secretion, showing the key compartments of the regulated and
constitutive insulin biosynthesis pathway (within a beta cell). Located adjacent to the nucleus is the rough and then smooth
endoplasmic reticulum (ER). Smooth ER is responsible for synthesis of lipids while rough ER manufactures proteins, such as
proinsulin, and can be readily distinguished by its ribosome-studded surface. Preproinsulin is converted to proinsulin within
the rough ER. Proinsulin is transported from the ER via membrane carriers to the cis-most Golgi cisternae (1) where it
progresses from the cis- to trans-side of the Golgi (2). Within the trans-most Golgi, regions of membrane containing
proinsulin bud off to form immature granules (IG) (3), and eventually the proinsulin is converted into the mature form of
insulin, at which point the granule is termed a mature granule (MG) (4). Finally, insulin is released at the plasma membrane
(5) typically following glucose-stimulation. It has been proposed that a small amount (<1%) of proinsulin takes an alternate
route to the regulated secretory pathway mediated by transport via secretory granules, and is instead constitutively trafficked
from the Golgi via small secretory vesicles for extracellular release (3b).
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In the regulated secretory pathway, regions of trans-Golgi cisternae that have accumulated proinsulin
within distensions of the cisternal membrane bud off to form clathrin-coated ‘immature granules’ (IG)
(Figure 1.3 arrow 3) (Orci et al. 1984a, Orci et al. 1984b). Conversion of proinsulin to the mature
form of insulin occurs when specific endopeptidases excise the C-peptide (Figure 1.4C) (Huang and
Arvan 1994, Orci et al. 1986, Orci et al. 1985). Insulin molecules then cluster to form hexamers, a
relatively inactive form of insulin with long-term stability (Figure 1.4D) (Hassiepen et al. 1999). The
maturation of insulin secretory granules is dependent upon their acidification and results in the
removal of clathrin. Once insulin has aggregated to form an electron dense core and/or begins to form
paracrystalline arrays in the granule lumen, the granule is said to be a ‘mature granule’ (MG) 1 (Figure
1.3 arrow 4). During glucose-stimulation, the granule contents are discharged at the plasma membrane
(PM) (Figure 1.3 arrow 5), usually by complete membrane fusion, although sometimes by so-called
kiss-and-run events (Ma et al. 2004). While over 99% of proinsulin synthesized in healthy beta cells is
directed to mature secretory granules for regulated release in this way, there is some evidence that
small amounts of insulin are packaged into alternative transport vesicles at the Golgi complex for
release via the constitutive secretory pathway (Figure 1.3 arrow 3b). However, this remains a topic of
ongoing debate within the islet/beta cell biology research community (Arvan and Halban 2004).

Figure 1.4 Insulin structure and molecular synthesis
(A) Cartoon showing the structure of the preproinsulin molecule revealing the linear arrangement of the constituent peptides.
Cleavage sites are shown with red triangles. (B) Proinsulin is formed in the lumen of the rough ER from preproinsulin upon
removal of the signal peptide. Within a secretory granule, enzymatic cleavage at either position 2a or 2b, briefly forms the
split proinsulin molecules ‘des 31.32’ or ‘des 64.65’, respectively, before the second cleavage event yields insulin. (C)
Within a secretory granule, these two cleavages result in (mature) insulin and C-peptide. Once in the mature form, insulin
molecules first dimerize prior to normally assembling into a hexamer. (D) Computer generated image of a human insulin
hexamer, highlighting its three-fold symmetry around the Zn2+ ions at its center (middle). (A-C) were modified from Figures
2 and 3 in (Halban 1991). (D) was adapted from Figure 9 in (Chang et al. 1997).

1.3.1.5

Intracellular insulin storage: concept of the ‘readily releasable’ versus ‘reserve’ pools of
mature granules

Membrane-bound secretory granules represent the beta cell’s storage containers for the vast reserves
of insulin that are produced. A typical non-stimulated mouse beta cell contains ~10000 MG (Olofsson

1

Mature granules are often referred to as ‘dense core granules’ and immature as ‘pale granules’ due to their

appearance in EM images.

8

CHAPTER 1-GENERAL INTRODUCTION
et al. 2004), each ~200-300 nm in diameter (Hutton 1989) and each containing 150000-280000 insulin
molecules (Howell 1974). Secretory granules are often described as belonging to either the ‘reserve
pool’ (RP) of MG situated in the cell interior and not available for immediate release, or the so-called
‘readily releasable pool’ (RRP), a subset of ~5% of MG in close proximity to the PM and ‘docked’ to
its surface via trans-SNARE (soluble N-ethylmaleimide-sensitive factor attachment protein receptor)
complexes (Figure 1.5A) (Grodsky et al. 1970, Rorsman and Renstrom 2003). Of the RRP, only 50200 of the granules are believed to be in close proximity (~10 nm) of open calcium (Ca2+) channels,
and constitute the ‘immediately releasable pool’ (IRP) which secrete insulin rapidly in response to
secretagogue stimulation (Barg 2003, Ma et al. 2004). The exocytosis of insulin from intact islets
follows a well known biphasic release pattern (Figure 1.5B). Within the first 5-10 min following
initial stimulation, IRP granules exocytose en masse, corresponding to the heightened first phase of
insulin release; the first exocytic events actually occur within milliseconds of the stimulus (Michael et
al. 2006, Parsons et al. 1995). During the second phase of insulin release, granules in the RRP fuse
with the PM at a rate of ~5-40/min/cell and therefore need to be replaced by granules from the RP
(Barg et al. 2002). If elevated blood glucose levels persist, this second phase of insulin release must be
sustained for several hours until blood glucose levels return to normal (Curry et al. 1968, Henquin et
al. 2006).

Figure 1.5 Model for biphasic insulin release
(A) Schematic representation of the different pools of MG within a mouse beta cell. Numbers of MG are based on previous
stereology studies of mouse beta cells that have shown that on average, mouse beta cells under non-stimulated conditions
contain ~10,000 MG (Boquist and Lorentzon 1979, Bratanova-Tochkova et al. 2002, Olofsson et al. 2002), although
discrepancy exists in current models regarding the fraction of granules in each pool. Granules belong either to the reserve
pool (RP) or readily releasable pool (RRP); RRP granules near to Ca2+ channels are classified as the immediately releasable
pool (IRP). (B) The biphasic release of insulin is presented here as the approximate amount(s) of insulin released per minute
from an average mouse islet. As shown, the first phase corresponds to each beta cell releasing the ~50-200 MG from its RRP,
while the sustained second phase of release corresponds to cells releasing ~5-40 granules/min over a prolonged period.
Adapted from Figures 1 and 6 in (Barg et al. 2002).

1.3.1.6

The role of calcium and microtubules in the biphasic release of insulin

Two major factors thought to regulate the biphasic release of insulin from individual beta cells are
Ca2+ flow and microtubule transport. Although the average cytosolic [Ca2+] never exceeds 2 mM,
glucose-stimulated insulin release via granule exocytosis requires high localized concentrations of
Ca2+ of ~20 mM within the cell (Rutter et al. 2006). This stimulus-section pathway is explained in
Figure 1.6A. When extracellular glucose levels rise, glucose enters the beta cell via the cell surface
9
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glucose transporter GLUT2 and undergoes rapid glycolytic and mitochondrial metabolism, whereby
mitochondria convert adenosine diphosphate (ADP) to adenosine triphosphate (ATP) (Kennedy et al.
1999). The resulting increase in the ratio of ATP:ADP causes the closure of ATP-sensitive potassium
channels (KATP channels), leading to depolarization of the PM which in turn triggers the opening of
voltage-dependent Ca2+ channels (VDCC) (Satin and Cook 1985). MG in the IRP respond to the
subsequent rapid influx of Ca2+ through nearby VDCC by fusing with the PM in a SNARE-dependent
process to release their insulin contents to the extracellular space (Eliasson et al. 2008, Rorsman et al.
2000).

Figure 1.6 Cellular mechanisms involved in biphasic release
(A) The glucose-dependent pathway for insulin exocytosis. Extracellular glucose entering the beta cell via GLUT2
transporters (1) at the surface is rapidly metabolized by mitochondria to produce ATP (2). The resulting increase in
intracellular ATP:ADP ratio (3) leads to the closure of KATP channels (4) and plasma membrane (PM) depolarization (5),
which in turn triggers the opening of voltage-dependant Ca2+ channels. Influx of Ca2+ through these channels (6) induces the
fusion of insulin-containing granules with the PM and insulin release (7). (B) The role of the cytoskeleton in the second
phase of insulin release. (1) Glucose-stimulation and metabolism leads to the first phase insulin release of MG from the IRP,
via the mechanisms explained in (A). (2) To replace exocytosed granules in the RRP, MG in the RP are transported towards
the PM along microtubules by ATP-driven kinesin motors. (3) Glucose-induced metabolic signals are believed to cause the
concurrent reorganization of F-actin microfilaments at the cell surface to facilitate the docking and fusion of granules to the
PM, mediated by the formation of SNARE complexes formed by VAMP2 binding to syntaxins (4). Adapted from Figures 1-3
in (Wang and Thurmond 2009).

Following first phase release, the replacement of granules in the RRP is mediated by both
microtubules and filamentous actin (F-actin), as shown in Figure 1.6B. Driven by glucose-induced
increases in cytosolic ATP, kinesin motors “walk” along microtubules to transport MG from the
reserve pool to the PM (Howell and Tyhurst 1984, Howell and Tyhurst 1986, Varadi et al. 2002). At
the PM, increased ATP levels are believed to concurrently cause reorganization of F-actin to facilitate
the joining and subsequent membrane fusion of insulin granule-associated SNARE VAMP2 (vesicleassociated membrane protein 2) protein with membrane-associated syntaxin proteins (Jewell et al.
2008). Although the intracellular mechanisms outlined here (Figure 1.6B) play a pivotal role in
insulin exocytosis, biphasic insulin release is also highly dependent on intercellular communication
within the islet.
1.3.1.7

Electrical coupling between beta cells via gap junctions

Within an islet, most neighboring beta cells are electrically coupled via a number of conductive gap
junctions - regions of PM between neighboring cells containing connected connexon channels (Evans
and Martin 2002). Over the last twenty years, the role of these gap junctions in regulated exocytosis
10
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has been investigated largely by patch clamp studies, and well demonstrated in pancreatic beta cells
(Barg 2003, Weir and Bonner-Weir 1990). When stimulated by glucose, electrically induced ‘calcium
waves’ travel between beta cells and can propagate an electrical signal across the islet within 1-2 s
(Aslanidi et al. 2001, Benninger et al. 2008, Santos et al. 1991). Although several clonal beta cell
models have been devised to secrete in a biphasic pattern, these in vitro studies generally fail to fully
replicate the complexity of connections and heterogeneous nature of beta cell organization in primary
islet tissue (Breant et al. 1992, Hohmeier et al. 2000, Noda et al. 1996, Poitout et al. 1996).
1.3.1.8

Heterogeneity of beta cell responsiveness to secretagogue stimulation

A fundamental flaw of many investigations into the regulated secretion of insulin to date is that many
studies - particularly those employing cell culture models in vitro - have assumed that because beta
cells are electrically synchronized they secrete insulin homogeneously upon stimulation. Growing
evidence, however, indicates significant structural and functional diversity of beta cells in vivo. Within
a single islet, beta cells have been shown to differ in terms of their secretory granule and rough ER
content (Orci 1974), nucleus size (Hellerstrom et al. 1960, Hellman and Hellerstrom 1959), rates of
protein biogenesis (Bosco and Meda 1991, Kiekens et al. 1992, Schuit et al. 1988), number of gap
junctions (Benninger et al. 2008, Meda et al. 1980), level of electrical activity/responsiveness (Meda et
al. 1984, Perezarmendariz et al. 1985) and capacity to release insulin in response to a variety of
secretagogues (Bosco et al. 1989, Egan et al. 1991, Giordano et al. 1991, Hiriart and Matteson 1988,
Lewis et al. 1988, Salomon and Meda 1986). Of particular relevance to this project is the fact that
functional differences have been observed depending on the spatial location of beta cells within the
islet itself; cells at the periphery of the islet have improved electrical coupling due to having up to
twice as many gap junctions than beta cells at the islet’s core (Meda et al. 1980). Furthermore, in vitro
studies of rat beta cells have demonstrated that different beta cells can exhibit significantly different
threshold levels for glucose responsiveness at the level of both synthesis and secretion of insulin.
These studies have implied that a “highly responsive” subpopulation of cells undertake the bulk of
regulated insulin release, while a “less responsive” subpopulation exhibit only constitutive release, and
attributed this to different functional capacities for glucose phosphorylation (Pipeleers et al. 1994,
Salomon and Meda 1986, Van Schravendijk et al. 1992). Although much remains to be learned about
the causes and effects of beta cell heterogeneity, it is believed that such functional variations between
beta cells in tissue are critical to the overall health and normal function of islets (Pipeleers et al. 1994).
Consequently, relating differences in cellular organization to functional heterogeneity among
individual beta cells is a crucial step toward the development of a more comprehensive understanding
of the beta cell as well as the clinical pathogenesis of diabetes (Pipeleers et al. 1994).
1.3.1.9

The role of the cytoskeleton, centrioles and microtubule organizing centers in structuring
the cell

Like all eukaryotic cells, the cytoskeleton of beta cells that forms their internal framework is
comprised of three main types of filaments: (1) microfilaments (F-actin): cable-like filaments ~6 nm in
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diameter and mostly concentrated just below the PM, (2) intermediate filaments: slightly more rigid
filaments ~10 nm in diameter, and (3) microtubules: hollow cylinders ~23 nm in diameter comprised
of 13 protofilaments of repeating α- and β-tubulin dimer subunits. Of these three filament types,
microtubules have the greatest structural stability and play the most significant role in shaping the cell.
In addition to facilitating the movement of organelles such as MG (Figure 1.6B), vesicles and
mitochondria through the crowded cytoplasmic environment over relatively large cellular distances,
microtubules act like support beams to provide a structural scaffold throughout the cytoplasm (Kelly
1990).
Microtubules are highly dynamic; their formation and 3D arrangement within the cell is controlled by
‘microtubule-organizing centers’ (MTOC) (Pickett-Heaps 1969). In a process primarily mediated by γtubulin complexes (Oakley and Oakley 1989), the MTOC serve to anchor mitochondria at their minusends and allow them to grow outwards, typically towards the PM, via their plus-ends. Although there
may be multiple MTOC within a cell (Luders and Stearns 2007) and the Golgi itself can act as a
MTOC (Chabin-Brion et al. 2001, Rios and Bornens 2003), the primary MTOC in mammalian cells
are the centrioles: barrel-like structures comprised of nine triplets of microtubules each (Rieder et al.
2001). Each mammalian cell usually has two such centrioles - a mother and daughter pair - arranged
perpendicular to each other (Figure 1.1) and surrounded by a dense pericentriolar material collectively
known as the ‘centrosome’; with few exceptions, the Golgi appears to form around this centrosome.
Thus, a close structure-function relationship exists between the Golgi and the microtubules radiating
from the centriole, as these microtubules transport outbound cargoes from the Golgi via kinesin
motors (which travel towards microtubule plus-ends) to the PM, while inbound cargoes are transported
from the ER and PM at the cell periphery to the cell center via dynein motors (which travel towards
microtubule minus-ends) (Hirokawa 1998). Microtubules have been subject to extensive study by a
wide variety of microscopy approaches including by high-resolution (<6 nm) ET, and have been found
to play a major role in the structural maintenance and positioning of many organelles, including the
Golgi apparatus (Hoog et al. 2007, Katsumoto et al. 1991, Marsh et al. 2001a, Rios and Bornens 2003,
Thyberg and Moskalewski 1999).
1.3.1.10

The Golgi complex: structure and transport mechanisms

In mammalian cells, the Golgi is comprised of multiple stacks of cisternae, including the trans-Golgi
network or ‘TGN’ (Clermont et al. 1995, Griffiths et al. 1989, Ladinsky et al. 1994), that are
connected laterally to create the appearance of a highly continuous fenestrated 'ribbon' within the cell.
Although precise details of the Golgi’s organization in mammalian cells have remained somewhat
enigmatic due to the resolution limits of conventional light microscope (LM) imaging together with
the fact that ultrastructural studies of the Golgi have almost exclusively relied on predicting its
structure in 3D by extrapolating from two-dimensional (2D) images (Lippincott-Schwartz et al. 1998,
Rambourg and Clermont 1990, Rambourg and Clermont 1997). Nevertheless, it has been well
established that the Golgi plays a principle role in sorting, modifying, packaging and trafficking most
proteins and lipids in the cell, not just proinsulin as depicted in Figure 1.3. Most transport vesicles that
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leave the rough ER fuse with the cis-face of the Golgi; their membrane contributes to the cisternal
membrane pool (Bannykh et al. 1998, Glick and Malhotra 1998, Marsh and Howell 2002). Generally,
proteins are post-translationally modified in a sequential manner as they progress in a forward or
‘anterograde’ direction toward the trans-face of the Golgi. Once at the trans-Golgi, proteins are
packaged into a variety of membrane transport carriers for shipment to their final destinations either
inside or outside of the cell.
Although first described over a century ago (Golgi 1898), many questions regarding how the structural
organization of the Golgi relates to its functions remain unanswered (Emr et al. 2009, Farquhar and
Palade 1981, Pelham 2001). In spite of extensive investigation and major advances in the
understanding of this fenestrated organelle, the mechanisms by which proteins and lipids are
transported through the Golgi and the role of retrograde transport remain hotly debated (Emr et al.
2009, Farquhar and Palade 1998, Marsh 2005, Trucco et al. 2004). The three prevailing mechanisms
for the transport of membrane and lumenal cargo are: (1) cisternal progression-maturation: the
anterograde movement and consequent maturation of the Golgi cisternae themselves, whereby new
cisternae are formed from the fusion of incoming membrane carriers at the cis-face and are eventually
consumed at the trans-face in the process of packing cargo; (2) vesicular transport, and (3) tubulemediated trafficking (Farquhar and Palade 1998, Marsh et al. 2004, Pelham 1998). ET studies have
provided compelling evidence for all three mechanisms, and have demonstrated that these mechanisms
can act in concert in the same region of the Golgi under certain conditions (Marsh et al. 2004).
1.3.1.11

Mitochondria: fusion, fission and function

The past decade has seen a “renaissance” in mitochondrial research that has led to several fundamental
changes in the way that scientists think about mitochondrial structure and function (Kargul and
Laurent 2009, Ryan and Hoogenraad 2007). In addition to their well established role in cellular energy
production, mitochondria are now recognized for their role in a range of other cellular processes
including development, signaling, differentiation, cell cycle control, apoptosis (cell death) (Susin et al.
1998), ageing (Lenaz 1998, Raha and Robinson 2000), metabolism and Ca2+ homeostasis (Karbowski
and Youle 2003, Malli et al. 2003, McBride et al. 2006). Mitochondrial dysfunction has been
implicated in the pathogenesis of a number of diseases, including cancer (Cavalli and Liang 1998,
Fantin et al. 2002), Parkinson’s disease (Schapira 1999), Alzheimer’s disease (Bonilla et al. 1999) and
certain forms of diabetes (Soejima et al. 1996). However, what makes mitochondria unique as
organelles is that each mitochondrion contains its own DNA (deoxyribonucleic acid) genome,
independent from the DNA in the cell’s nucleus. Mitochondrial DNA exhibits substantial similarity to
the DNA of proteobacteria (Andersson et al. 2003), and when considering shared behavioral traits
such as the ability of mitochondria and bacteria to rapidly divide, many scientists believe mitochondria
once evolved from bacteria and by unknown means developed into a highly dynamic organelle with a
complex symbiotic relationship with the cell.
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Figure 1.7 Mitochondrial structure and internal membrane organization
Mitochondrial subcompartments showing examples of compartment-specific processes and proteins. Abbreviations: Bcl-2associated X protein; Bcl-2, B-cell lymphoma protein 2; Opa1, Optic atrophy 1; SAM, sorting and assembly machinery;
TIM, translocase of the mitochondrial inner membrane; sTIMs, small TIM proteins; TOM, translocase of the mitochondrial
outer membrane. Modified from Figure 1 in (Ryan and Hoogenraad 2007).

Unlike most other organelles, mitochondria consist of two fully enclosed membranes which divide it
into four structurally and functionally distinct sub-compartments: (1) the outer membrane, (2) the
intermembrane space, (3) the inner membrane and (4) the matrix (Figure 1.7). Mitochondria are easily
identified in EM images due to the presence of cristae formed by the highly invaginated inner
membrane. These cristae serve to compartmentalize mitochondria and enhance their ability to produce
ATP by increasing the surface area (SA) of the ATP synthase-containing inner membrane (Mannella
2006). ATP synthase synthesizes ATP from ADP and inorganic phosphate in the matrix. The matrix
space contains about two thirds of the mitochondria’s total proteins (Alberts 1994) and consists of a
highly concentrated mixture of hundreds of enzymes, special mitochondrial ribosomes, tRNA (transfer
ribonucleic acid) and several copies of the mitochondrial genome.
Whereas mitochondria were once thought of as autonomous energy-producing organelles, they are
now more commonly envisaged as tubular networks which undergo constant change through fusion,
fission and directed movement (Chen and Chan 2004, Frazier et al. 2006). Mitochondrial fusion is
mediated by the three guanosine triphosphate hydrolase enzymes (GTPases): mitofusin 1 (Mfn1),
mitofusin 2 (Mfn2) and optic atrophy 1 (Opa1) (Figure 1.8A) (Chen and Chan 2005, Meeusen and
Nunnari 2005). Downregulation of either of these mitofusins or Opa1 leads to mitochondrial
fragmentation and cristae remodeling, reduced oxygen consumption and increased susceptibility to
apoptosis (Chen et al. 2005, John et al. 2005, Olichon et al. 2003).
Fission of mitochondria is mediated through another GTPase, Drp1, and the mitochondrial outer
membrane protein, Fis1. It is proposed that Drp1 oligomerizes into a ring-like structure around the
tentative fission site, acting to mechanically constrict the mitochondrion until it separates into two
separate mitochondria (Figure 1.8B). Although Fis1 is involved, the exact mechanism of Drp1
recruitment to fission sites is unknown. Over-expression of the fission protein, Fis1, causes
mitochondrial fragmentation, while Fis1 knockdown results in significant increases in mitochondrial
length (Park et al. 2008, Stojanovski et al. 2004). Research to unravel the exact molecular links of the
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machinery that governs mitochondrial fusion, fission, dynamics and dysfunction is a major topic of
interest for the broader cell biology community.

Figure 1.8 Mitochondrial fusion, fission and life cycle
(A) The main components involved in mitochondrial fusion. During fusion, mitochondria tether to one another through the
interaction between opposing mitofusins, Mfn1 and Mfn2, via their cytosolic domains. Opa1 in the intermembrane space is
thought to facilitate inner membrane fusion and/or remodeling of the cristae. (B) The main components known to be involved
in mitochondrial fission: Fis1, the outer membrane receptor-like protein, and Drp1, which polymerizes around mitochondrial
constriction sites to facilitate membrane scission. (C) Model of mitochondrial dynamics/life cycle. Mitochondria cycle
between a short post-fusion state (network) and a long post-fission state (solitary). Fusion is believed to initiate fission. After
fission, ‘daughter’ mitochondria may either maintain their membrane potential (green line) or depolarize (red line). Some
depolarized mitochondria repolarize and proceed to a subsequent fusion event, but most depolarized and solitary
mitochondria are thought to be removed by autophagy after a few hours. (A-B) was reproduced from Figure 2 in (Frazier et
al. 2006) and (C) was modified from Figure 9 in (Twig et al. 2008a).

To maintain normal cellular function, a balance between the opposing forces of mitochondrial fission
and fusion events is necessary, as the continuous fusion of mitochondria provides a means of mixing
individual compartments and correcting any defects which may otherwise occur in a single organelle
(Bossy-Wetzel et al. 2003, Liu et al. 2009). Using relatively new techniques to photolabel individual
mitochondria, mitochondria in murine beta cells have been shown to undergo frequent cycles of mass
fusion followed shortly afterwards by fission, with the average mitochondrion undergoing
approximately five of these fusion:fission cycles per hour (Twig et al. 2008a, Twig et al. 2008b). In
these studies, mitochondrial fission typically gave rise to ‘daughter’ mitochondria that exhibited
different membrane potentials (≥5 mV difference); daughters which did not recover from having low
membrane potential due to reduced levels of Opa1 were targeted for autophagy (Figure 1.8C) (Twig
et al. 2008a). In a single healthy beta cell containing ~300 mitochondria, although it has been
estimated that ~500-1000 fission events occur per hour, less than 100 mitochondria arising from these
events will be targeted for autophagy (Twig et al. 2008b).
The size, number, distribution and morphology of mitochondria can vary significantly between
different cell types and even cell states, ranging from cells with small punctuate mitochondria, to cells
with an extensive, single-surfaced inter-connected network of mitochondria (Collins et al. 2002,
Frazier et al. 2006). In most mammalian cells, mitochondria exist as a branched tubular network
radiating from the nucleus, but the distribution and number of mitochondria can alter dramatically to
cater to the different energy and/or Ca2+ requirements of the cell. Striking examples of this dynamic
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nature of mitochondria occur inside neuronal cells, where mitochondria move along the entire length
of the axon to ensure that adequate levels of ATP and Ca2+ are distributed throughout the neuron
(Hollenbeck and Saxton 2005), and spermid cells, in which fused mitochondria wrap around the base
of the flagellum to supply ATP for movement (Hales and Fuller 1997). In pancreatic acinar cells, three
distinct pools of mitochondria at the PM, nucleus and juxtaposed to the secretory granule stores have
been shown to buffer Ca2+ waves and thus mediate the local regulation of energy supply and Ca2+
homeostasis (Park et al. 2001, Tinel et al. 1999).
1.3.1.12

The endoplasmic reticulum: proinsulin synthesis, calcium delivery and structure

Although best known for its synthesis of lipids and proteins, the ER also plays an important role in
Ca2+ storage. The two varieties of ER - (1) rough ER, which is primarily responsible for manufacturing
and transporting proteins (including proinsulin in beta cells) and (2) smooth ER, which is primarily
responsible for synthesis of the lipid components of various subcellular membranes and crucial to
many other basic metabolic processes - can typically be distinguished in the EM by the studding of
protein-manufacturing ribosomes on the surface of ER membranes, giving them a ‘rough’ appearance;
ribosomes are absent from the membrane surface of smooth ER (Ernster et al. 1962, Palade 1975,
Palade and Porter 1954). The rough and smooth ER exist together as a single continuous network of
inter-connected cisternae and tubules (see Figure 1.1) which comprises over half of the total
membrane within most mammalian cells (Alberts 1994). While mitochondria facilitate the long term
storage of Ca2+, the spatial and structural organization of the ER permits the rapid distribution of Ca2+
throughout the cell (Marhl et al. 1998, Romagnoli et al. 2007). Mfn2, in addition to its role in
mitochondrial fusion, plays a key role in tethering mitochondria to ER to allow the rapid transfer of
Ca2+ (de Brito and Scorrano 2008, Hayashi et al. 2009). Often referred to as mitochondrial-associated
ER membrane (MAM) (Marsh et al. 2001a, Vance 1990), these regions are typically characterized by
sites of close (i.e. 10-50 nm) approach between the apposing membranes of the two organelles, and are
believed to play an important role in regulating Ca2+ homeostasis by providing a mechanism for
responding rapidly to changes in Ca2+ flux throughout the cell, in addition to mediating lipid
exchange/modification between these organelles (Csordas et al. 2006, Hayashi et al. 2009,
Lebiedzinska et al. 2009, Parekh 2003, Soltys and Gupta 1992).
1.3.1.13

Autophagic and multi-granular bodies: the organelle undertakers in beta cells

Autophagy is a catabolic process involving the sequestration, degradation and recycling of cellular
constituents (including entire organelles) by digestive compartments related to lysosomes (also known
as ‘autophagic bodies’) that contain strong proteolytic enzymes (Kundu and Thompson 2008). Until
recently, autophagy per se was not believed to contribute in any major way to the regulation of cellular
insulin content (see Section 1.3.1.4). However, it has now become clear that these ‘organelle
undertakers’ do indeed play a critical role in maintaining optimal insulin levels in islet beta cells
(Marsh et al. 2007). Just as all biological ecosystems rely on the birth of new organisms to replace
aged and dying ones, cells rely on a balance between the synthesis versus destruction of cellular
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components. This continual turnover of cellular components ensures that old and/or damaged
molecules and organelles, which may otherwise lead to cellular dysfunction and/or apoptosis, are
recycled and replaced by newly synthesized ones (Juhasz and Neufeld 2006).

Figure 1.9 Morphological illustration of crinophagy, macroautophagy and microautophagy
(A) An illustration of the process of crinophagy. The membrane of a crinophagic/multi-granular body fuses directly with the
membrane of MG targeted for degradation (shown with red membrane), and once fully merged the insulin crystal (yellow
diamond) is degraded in the pool of proteolytic enzymes. (B) The process of macroautophagy, whereby the compartment for
recycling is enveloped by an autophagosome such that the compartment becomes contained within two enclosed membranes.
The autophagosome then delivers its cargo to a lysosome; on merging, two layers of membrane must be broken down by the
autophagic body before the insulin crystal begins its slow decomposition. (C) In microautophagy, an autophagic body
directly envelops the entire granule compartment, resulting in the same final outcome as macroautophagy. Note that although
MG were used in these examples, many different compartments, ranging from small vesicles to mitochondria, may be
targeted for autophagy by these three processes.

Although individual beta cells are believed to maintain a relatively constant number of MG, these
granules are continually turned over and have an estimated half-life of three to five days (Halban
1991, Halban and Wollheim 1980, Rorsman and Renstrom 2003). Aged granules that are not
exocytosed are retired by intracellular degradation by one of three mechanisms (as depicted in Figure
1.9): (1) ‘crinophagy’: the direct fusion of the targeted compartment with a large lysosomal-related
vacuole compartment, (2) ‘macroautophagy’: a special structure called an ‘autophagosome’ engulfs
the targeted organelle and forms two sets of bilayer membranes around it prior to delivering the
compartment to a lysosome for degradation, and (3) ‘microautophagy’: a lysosome-related autophagic
compartment directly engulfs the targeted compartment in its entirety. Note that both macroautophagy
and microautophagy result in contents of the targeted compartment being protected by two
membranes, which must both be broken down before the contents are digested (Figure 1.9B & C),
while crinophagy results in the immediate fusion of organelle contents with digestive enzymes
(Figure 1.9A). Due to their high stability (see Section 1.3.1.4), insulin crystals are notoriously slow to
degrade by lysosomal proteases (Orci 1985, Orci et al. 1984c). Crinophagic bodies and lysosomal
compartments resulting from macroautophagy and/or microautophagy inside a beta cell can contain
many exposed insulin crystals; and thus are broadly referred to as ‘multi-granular bodies’ (MGB)
(Marsh et al. 2007, Orci et al. 1984c). Although crinophagy is historically believed to be the
predominant mechanism of insulin degradation, a recent investigation showed that chronic imbalance
between insulin production and release can lead to up to 12-fold upregulation of insulin degradation
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due primarily to the upregulation of microautophagy and macroautophagy activity in islet beta cells
(Marsh et al. 2007).
1.3.1.14

Hypothesized changes in the organization of secretory pathway compartments following
glucose stimulation

Through his group’s 3D structural investigations of pancreatic beta cell organization at the EM level
using insulin-secreting cell lines as well as primary beta cells within isolated mouse islets, Brad Marsh
and colleagues have observed variations in the internal architecture of beta cells under non-stimulated
versus glucose-stimulated conditions. These qualitative observations led to the primary hypothesis of
this PhD project: that the different components of the beta cell's biosynthetic machinery are
restructured following stimulation (Figure 1.10). The basic tenets of this hypothesis were, at least in
part, supported by evidence that hyperglycemia results in the decreased volume density of MG,
accompanied by increases in the volume of the ER and Golgi (Stefan et al. 1987). Until recently,
however, the largest volume of a beta cell reconstructed in 3D using ET only represented an estimated
3% of the total cell volume, so it has not been possible to reliably quantify such observations in the
context of a whole cell (Noske et al. 2008). Thus, it was the goal of this PhD project to map multiple
islet beta cells in toto in 3D under these two basic physiological conditions to provide unequivocal
evidence for or against the above hypothesis and, furthermore, to gain unique and quantitative insights
into the organization of mammalian cells which could not be achieved by conventional methods.

Figure 1.10 Hypothesized reorganization of the beta cell after glucose-stimulation
Cartoon representation of a beta cell before (left) and after (right) glucose-stimulation to graphically illustrate the
hypothesized changes in cell organization. Glucose-stimulation and insulin release logically results in a decreased number of
MG (dark blue) and increase in IG (light blue) (1). Thus, a reorganization of other organelles in order to replace these MG by
upregulating insulin synthesis was hypothesized. More specifically, there was an expectation for an increase in total Golgi
volume (2) to accommodate processing increased quantities of insulin. To provide ATP energy for this transport, the
expectations were that mitochondria (green) would physically redistribute to a juxta-Golgi location accompanied by an
increase in their number and dimensions (3).

1.3.1.15

Limitations of conventional EM methods for studies of cellular organization

In conventional EM thin (40-100 nm) sections are cut and imaged in two dimensions (Ladinsky et al.
2002, Marsh 2005). Using this in combination with EM stereological techniques (Mandarim-DeLacerda 2003, Russ and DeHoff 2000) (spatial sampling based on small numbers of 2D images) there
have been extensive morphometric studies to quantify Golgi expansion (Derganc et al. 2006, Griffiths
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et al. 1989) and changes in granule distribution (Dean 1973, Yorde and Kalkhoff 1987). However,
neither of these methods offers sufficiently reliable insights into the 3D architecture of convoluted
organelles or connectivity (e.g. between individual Golgi cisternae and/or branched mitochondria
within a network) (Marsh et al. 2001a). Since thin sections from multiple cells and/or multiple regions
from within a single cell are unable to reveal the complete 3D organization of the Golgi and other
structures involved in the secretory pathway (Ladinsky et al. 1999), this PhD project set out to
overcome some of these limitations through a unique approach that would allow the 3D reconstruction
and annotation of beta cells in toto by ET.

1.3.2 Electron tomography
1.3.2.1

Introduction to tomography (ET): from tilt-series to tomograms

Computed tomography (CT) is an imaging method used to non-invasively reconstruct a transparent
object in 3D from a series of 2D projections. The most common applications of CT are in medical
imaging, and include CAT, MRI (magnetic resonance imaging) and PET (positron emission
tomography), all of which are now routine clinical imaging techniques that enable survey of a patient’s
anatomy, disease diagnosis and pre-surgical planning (Dobrucki et al. 2009).

Figure 1.11 Mathematical process of tomography
(A) A series of 2D density maps (a tilt-series) is acquired by rotating a specimen or detector incrementally around one axis.
(B) 2D images are back-projected in silico to create the final 3D density map (tomogram). This image was modified from
Figure 1 in (Baumeister et al. 1999).

The basic tomographic process requires first acquiring then aligning a tilt-series; i.e. a set of 2D
images collected over a large angular range at regular, small angular increments around a single axis
of rotation relative to the object. After alignment, these 2D images are then back-projected in Fourier
space using Radon transforms (Radon 1917) to compute a 3D density distribution called a tomogram
(Figure 1.11).
1.3.2.2

ET: bridging the resolution gap in 3D imaging

ET is a general method for the 3D reconstruction of microscopic objects imaged using special high
voltage TEMs that penetrate thicker specimens. Because ET permits the 3D visualization of internal
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cell structure, organelles and macromolecular complexes, this approach fills a critical gap in the 3D
imaging spectrum between LM and molecular imaging/3D structure determination techniques (Figure
1.12) (Subramaniam 2005).
Compared with deconvolution scanning confocal fluorescence and other forms of LM, ET typically
offers a 40-100 fold improvement in resolution (McIntosh et al. 2005). Confocal fluorescence
imaging, although popular for in vitro cell studies, is limited to ~100 nm resolution and generally up to
three different colored fluorescent protein markers for localizing different proteins and/or
compartments in the cell. In contrast, cellular tomograms - whilst limited in that they only provide a
static snapshot of an immobilized or fixed cell - offer 3D imaging at a resolution of 3-8 nm with
simultaneous visualization of all filaments and organelles (Frey et al. 2006). ET has provided valuable
information regarding basic structure-function relationships for many cellular processes and despite
the high costs of establishing and maintaining the instrumentation, advances in data acquisition and
software for reconstruction and analysis have helped ET become the prime method for understanding
relationships between organelles, in the case of mammalian cells (Perkins et al. 1997), and whole
cells, in the case of simple eukaryotes and prokaryotes (Baumeister 2005, Jensen and Briegel 2007).

Figure 1.12 Size spectrum for various imaging technologies
A schematic comparison of size showing left to right: lipids, proteins, whole viruses, organelles, whole cells and organisms
of various sizes. Reproduced from Figure 1 in (Subramaniam 2005).

1.3.2.3

Data collection: from specimen to tilt-series

To collect tilt-series data for mammalian cells, it is generally necessary to first cut the cell or tissue of
interest into slabs or ‘sections’ that are sufficiently thin to be transparent when viewed in the electron
beam. Semi-thick (300-400 nm) sections cut from resin-embedded murine pancreatic islets are
collected onto a thin (~80 nm) layer of transparent plastic support film spanning a small (2 mm
diameter) disc-like EM support (‘grid’). These grids are then loaded into a specialized tilt-rotate
specimen holder for TEM, which allows the grid to be tilted to around ±60-70° - and rotated precisely
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around the vertical axis to facilitate data acquisition around a second tilt axis orthogonal to the first
(i.e. ‘dual-axis' ET).
1.3.2.4

Tilt range, tilt increment and the missing wedge

Crucial factors affecting the final quality of 3D reconstructions generated by ET include the size of the
tilt increment and the angular range over which 2D projection images are collected. In the case of
medical CT approaches such as either CAT or PET scans, the imaging device can be rotated fully 360°
around the object to be imaged, enabling clear high-quality 3D reconstructions to be computed. In the
case of ET, however, the specimen itself must be tilted in the column of the EM while in the path of
the electron beam, which remains stationary. Due to practical hardware considerations, electron
tomograms suffer from a restricted angular range of ±60-70°. This limited tilt range results in an effect
known as the ‘missing wedge’, whereby anisotropic (i.e. not equal in every direction) distortions exist
in the tomogram in the direction of the beam, as illustrated in Figure 1.13.

Figure 1.13 Quality of backprojection versus tilt increment and range
Four 2D images reprojected from the same image by using a series of 1D slices, in order to demonstrate the effect of a tilt
range and increment size on tomogram quality. From left to right: the reconstruction resulting from (A) ±90º range with 2º
increments, (B) ±60º range with 2º increments, (C) ±90º range with 5º increments and (D) ±60º range with 5º increments.
Modified from Figure 1 in (Baumeister et al. 1999).

1.3.2.5

Single-axis versus dual-axis tomograms

Dual-axis tomography involves the acquisition of a second tilt-series after rotating the specimen 90°
around the vertical axis of the microscope (Mastronarde 1997, Penczek et al. 1995). The two tiltseries, hereby referred to as the ‘A axis’ and ‘B axis’ series, are reconstructed independently to
produce two tomograms which are then aligned and combined in 3D space to generate a ‘dual-axis
tomogram’ (Figure 1.14). This technique substantially improves image quality and reduces the
missing wedge to a ‘missing pyramid’, resulting in improved symmetry and isotropy in all three
dimensions (Mastronarde 1997).
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Figure 1.14 Improved 3D reconstruction accuracy using a dual-axis tomography approach
A series of simulated 1D projections collected as an object is tilted under the electron beam (A) is used to computationally
reconstruct the original specimen in 2D using only the information provided from the tilt-series images (C). For dual-axis ET,
the specimen is rotated 90° in the microscope (B) and a second series of projections is acquired, from which a second 2D
reconstruction is calculated (D). The two reconstructions are then effectively aligned and averaged to form a combined
tomogram demonstrating improved isotropy and reduced reconstruction artifacts (E). The tilt range for both axes in this
simulation was ±60° using 1.5° increments. Modified from Figure 1 in (Marsh 2005).

1.3.2.6

Imaging cellular ultrastructure: cryo-EM of frozen-hydrated cells versus EM of fastfrozen/freeze-substituted cells embedded in plastic

To preserve beta cell substructure as reliably as possible prior to imaging, pancreatic cells and/or islets
are typically frozen under high pressure within ~10-20 ms. For visualization of cell ultrastructure in a
near-native-state, frozen-hydrated slices can be cut directly from the vitrified cells/tissue and
examined by ‘cryo-EM’ using low dose conditions that minimize electron beam damage to the
specimen (Dubochet 1995). This technique, however, presents significant technical challenges, and
results in an extremely delicate and difficult to handle specimen as well as images that have very low
contrast and signal-to-noise ratio (SNR), making it difficult to see cell substructures (Al-Amoudi et al.
2004b). Alternatively, rapidly-frozen cells or tissue can be further processed to improve SNR and
improve sample robustness. The fixation of frozen specimens with chemical cross-linking agents,
fixation of heavy metals and substitution of water molecules with uranyl acetate and at low
temperatures (typically -90°C) using the process of ‘freeze-substitution’ delivers samples with high
membrane and filament contrast similar to that obtained by conventional EM preparative methods,
whilst also providing the benefits of instantaneously immobilizing all cellular processes (see Section
2.1.2). Consequently, the resulting tomograms demonstrate high SNR whilst maintaining excellent
ultrastructural preservation (McDonald and Morphew 1993). Cryo-EM has not been used in this PhD
project.
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1.3.2.7

Section thickness

After freeze-substitution, cells or islets are embedded in monomeric liquid resin (‘plastic’), such as
Epon (Craig et al. 1962), which is converted to a polymeric solid by the action of polymerizing agents
and heat. Plastic-embedded islets are manually trimmed to trapezoidal blocks with a razor blade, and
then cut into a series of flat sections using a microtome and diamond knife. Using modern
intermediate-voltage EMs operating at around 300 keV, cell sections up to about 400 nm thick can be
successfully imaged using ET (McIntosh et al. 2005). If the section is much thicker, the transparency
of the section decreases because too many electrons are absorbed or scattered within the section. This
effect is exacerbated at high tilt, since the electron path through the section doubles when the section is
tilted to 60° and triples when tilted to 70° (McEwen and Markoa 2001).
1.3.2.8

Physical changes to biological specimens in the EM: section collapse and thinning

Another limitation of cellular tomography is caused by the anisotropic collapse of plastic-embedded
sections upon initial exposure to the electron beam. This process, referred to as ‘specimen collapse’,
occurs within the first few seconds of exposure and results in a compression of specimen thickness by
25-50% in the direction of the Z axis (Kremer et al. 1990, Luther 2005). Prior to this investigation, the
estimated section collapse for Epon-embedded samples imaged at 300-1000 keV was ~40% in Z,
requiring that 3D models of cellular compartments generated by manually segmenting cellular
tomograms should be re-expanded in Z by a compensatory amount (i.e. 1.7×) (Luther 1992, Luther et
al. 1988, McIntosh et al. 2005). A second phenomenon, referred to as ‘specimen thinning’, occurs over
the course of collecting a tilt-series and results in additional loss of specimen thickness by up to 4%.
The usual strategy to deal with this is to ‘pre-irradiate’ the specimen at low magnification/dose to
encourage uniform change across the entire specimen prior to data collection. The exposure of the
specimen is also minimized (as much as possible) during data collection to minimize further changes
to the specimen. Because surface collapse can be non-uniform (Bennett 1974, van Marle et al. 1995),
dewarping techniques are incorporated during the process of 3D reconstruction that provide
measurements of the change in the relative 2D positions of fiducial particles (see Section 1.3.2.10)
placed on opposite faces of the specimen from one 2D tilt-series image to the next. To account for
specimen collapse, the final 3D model generated from the tomogram is re-scaled in Z so that distances
between objects and/or surfaces in Z more accurately reflect their correct spatial relationship prior to
imaging in the EM.
1.3.2.9

Estimating resolution in cellular tomograms: optical resolution versus pixel size

Using current charge-coupled device (CCD) cameras, the best resolution obtained by ET is ~5 nm
(Marsh and Howell 2002, Nickell et al. 2006) for semi-thick sections imaged at 23000× magnification
(with a voxel/pixel size of ~1.4 nm), referred to in this document as ‘high-resolution’ ET.
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1.3.2.10

Gold fiducial markers: markers for precise alignment of tilt-series images

To improve the quality of ET reconstructions, colloidal gold particles of a known diameter (e.g. 10
nm) are deposited non-specifically onto both surfaces of each section for subsequent image alignment.
A subset of these gold ‘fiducial markers’/‘fiducials’ are manually selected on tilt-series images and
their paths semi-automatically tracked across every image in the set. This process of tracking fiducial
markers on the images allows for accurate alignment of tilt-series images, as well as helping to
compute the physical changes which occurred to the section during image collection. For larger image
areas, a modification of this process called ‘local alignment’ is further employed to correct for
heterogeneous distortion across a large cellular area without significant loss of resolution (Marsh et al.
2004, Mastronarde 2003). Fiducial alignment results in far superior tomogram quality than can be
achieved with alignment by cross-correlative ‘fiducial-less alignment’ methods alone. Tomogram
quality also depends largely on the number, spread and accuracy of fiducials tracked. For previous
high-resolution studies, over 200 fiducials - approximately half on either surface (top and bottom of
the section) - were tracked to ensure the best possible quality (Marsh et al. 2001a).
1.3.2.11

Segmentation of tomogram volumetric image data

Figure 1.15 Generating 3D surface-rendered models of cellular compartments from tomograms
(A) An XY single slice in the middle of a tomogram of a beta cell section. The tomogram is segmented by manually drawing
contours (lines) around compartments of interest on each slice. These contours are then connected to form a 3D triangular
mesh model (B).

Tomograms are usually stored and viewed as a series of computer-generated, pixel-thick, 2D image
‘slices’ stacked along the Z axis. To obtain useful structural and biological information from such
complex 3D data, tomograms must be segmented. Due to the inherently noisy nature of cellular
tomograms, attempts at automated segmentation have produced unsatisfactory results (Anderson et al.
2003, Marsh et al. 2004). Therefore, the method of choice for high-fidelity segmentation at the
beginning of this project was to manually trace/draw lines or ‘contours’ around the membranes of
compartments of interest on every slice successively through Z. Contours were then automatically
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connected together into surfaces to generate a final 3D surface-rendered model of the subcellular
entities (Figure 1.15).
1.3.2.12

IMOD: an academic software package for biological image analysis

ET relies heavily on powerful and specialized software throughout the process of reconstruction,
segmentation, visualization and analysis. Although commercial software such as Amira (Visage
Imaging GmbH, Berlin, Germany), Imaris (Bitplane AG, Zurich, Switzerland), AVS/Express
(Advanced Visual Systems Inc., Waltham, MA) (Sheehan et al. 1996) and MatLab (The MathWorks
Inc., Natick, MA) (Nickell et al. 2005) contain an abundance of automatic segmentation and
visualization tools, these general purpose packages typically lack the specialized tools needed to
process raw ET data (Pruggnaller et al. 2008). Moreover, commercial scientific visualization packages
such as these are typically expensive and their source code unavailable to academics.
To deal with specific problems in ET, several freely available academic programs have been created,
but these vary significantly in quality and scope. Some of the more specialized programs include JUST
(Salvi et al. 2008), which allows semi-automatic segmentation of high-contrast data; UCSF Chimera
(Pettersen et al. 2004), which provides a large variety of tools for visualization of tomograms and
molecular data; TomoJ (Messaoudi et al. 2007), a tomography plugin for the popular open source
program ImageJ (Collins 2007); SPIDER (Frank et al. 1996), a system for batch processing then
visualizing images; Xvoxtrace (Perkins et al. 1997), a program allowing manual segmentation of
tomograms; and SYNU (Hessler et al. 1992), a program for viewing and analyzing ET models. Of all
of the software currently available, however, IMOD (Kremer et al. 1996) is the most popular and well
developed/maintained software analysis packages for cellular ET (Pruggnaller et al. 2008).
Unlike most other ET software, IMOD is not a single program, but rather a suite of programs which
encompass all stages of ET data processing from raw tilt-series through 3D analysis. The three main
components of IMOD are: (1) 3dmod, a graphical user interface (GUI) written in C, which allows the
segmentation and visualization of tomograms to form 3D models, (2) eTomo, a Java-based GUI which
facilitates the entire reconstruction process of raw tilt-series into tomograms, and (3) MIDAS, another
Java GUI which facilitates the manual alignment of images for more accurate reconstruction or joining
of tomograms. Underneath this, IMOD contains a large number of command line programs written in
C and FORTRAN that are used in the analysis and/or processing of ET datasets. IMOD works on all
major computer platforms, including 64-bit versions of Windows, OS X and several Unix-based
operating systems. Of particular relevance to this PhD project, IMOD source code is available upon
request and provides an API allowing third-party sources to write and distribute their own plug-ins.
For these reasons, IMOD was chosen as the primary tool for the 3D reconstruction, segmentation and
analysis of whole cell ET data in this study, but also served as a means of benchmarking new
computational approaches (Noske et al. 2009a, Noske et al. 2009b) that I developed to improve the
accuracy of ET data and the speed with which large cellular volumes can be segmented. These tools
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have since been written as IMOD plug-ins and have been distributed for use to the wider 3D EM
research community.
1.3.2.13

The logistics of whole cell reconstruction

Prior to undertaking this project, the largest single volume reconstructed of a mammalian (pancreatic
beta) cell at intermediate-high resolution by ET was 3.1×3.2×1.2 µm (11.5 µm3) (Marsh et al. 2001a)
(Figure 1.16). This volume was comprised of dual-axis tomograms generated for three serially
adjacent semi-thick (400 nm) sections joined together in Z, and required ~9 months of experienced
labor to manually segment. The mean murine beta cell volume is estimated as 1434 µm3 (Dean 1973),
>120× the comparison volume just discussed, inferring that manual segmentation of an entire cell
would take over 90 years if undertaken at comparative resolution using current/conventional
approaches. Since one of the primary objectives of my project was not only to reconstruct but also to
segment four islet beta cells in their entirety within the three-four year timeframe of a PhD (albeit at
slightly lower resolution), it was essential to develop new segmentation strategies for extracting useful
biological insights from whole cell tomograms much more rapidly.

Figure 1.16 Insights into the organization of the Golgi region by high-resolution ET
High-resolution tomographic reconstruction taken at 15,700× magnification. This reconstruction of three serial semi-thick
(400 nm) sections at the time represented the largest 3D reconstruction of the Golgi region at high-resolution (~6 nm). (A)
Slice 127 of 315, with the inset representing an area of 500×500 nm to highlight the clarity of mitochondrial membranes and
inner cristae. (B) Final 3D reconstruction of a region of Golgi and surrounding organelles. Color-coding: Golgi cis-medial
cisternae (grey), penultimate trans-cisterna (orange), trans-most cisterna (red); ER (purple), ribosomes (black), microtubules
(bright green), insulin granules (blue), vesicles (white) and mitochondria (dark green). (C) Model dataset viewed in the same
orientation as (B) showing the Golgi only. Pixel size: 2.3 nm. Scale bars: 500 nm. Based on Figures 2-3 in (Marsh et al.
2001a).
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1.4 Thesis objectives
The specific aims of this research project are listed below:
1. To comparatively analyze similarly sized and functionally equivalent murine islet beta cells
under non-stimulated versus glucose-stimulated conditions by 3D reconstruction at ~10-20 nm
resolution in toto using ET, with the aim to provide crucial quantitative insights into the
changes in secretory granule population, membrane recruitment to the Golgi ribbon and
changes in the distribution, size and number of mitochondria in the beta cell following
exposure to physiological stimulatory concentrations of extracellular glucose.
2. To develop and test new interpolation methods for rapidly and efficiently segmenting
compartments within large cellular volumes, such that the 3D spatial coordinates as well as
basic morphometric parameters such as the membrane surface area (MSA) and volume (V) for
each organelle could be readily quantified and visualized in 3D, with a particular focus on key
compartments of the insulin secretory pathway.
3. To develop novel mathematical approaches to improve the accuracy of 3D models by
measuring and correcting shape distortion of organelles across the various sections using
assumptions about membrane surface topology.
4. To develop methods for rudimentary spatial analysis on different segmented organelles in 3D
whole cell reconstructions and for numerically comparing the structural differences between
cells.
5. To complement the whole cell studies by ET with a stereological study of islet beta cells under
non-stimulated versus glucose-stimulated conditions.

1.5 Thesis structure
The remainder of this thesis is organized as follows. Chapter 2 outlines the general methods used to
prepare and image islet beta cells using ET. Chapter 3 outlines novel methods developed and used to
facilitate rapid manual (interactive) segmentation of large tomograms using interpolation techniques.
Chapter 4 illustrates a number of techniques used to improve the final quality and overall accuracy of
whole cell tomograms and the 3D models derived from them by segmentation. Chapter 5 presents the
results of the detailed comparative analyses from the whole cell ET studies and the complementary
stereological investigation. Finally, Chapter 6 discusses both the technical and biological outcomes
from this project in the context of future directions, and concludes the thesis with a summary of major
findings.
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2.1 Pancreatic islet/cell preparation
2.1.1 Mouse islet isolation and culture
Intact islets of Langerhans were isolated from the pancreata of adult female BALB/c mice by
collagenase digestion and Histopaque-1119 density gradient purification (Sigma) as previously
described (Marsh et al. 2004, Noske et al. 2008). After hand-picking, islets were cultured in RPMI
medium containing 10% (vol/vol) fetal bovine serum (FBS) in a humidified incubator equilibrated
with 5% CO2 at 37 °C. The medium was supplemented with L-glutamine and 2-mercaptoethanol.
Following culture for 2-3 h in RPMI medium containing high (11 mM) glucose to promote tissue
recovery and re-initiate protein synthesis, islets were transferred to RPMI medium containing standard
(5.6 mM) glucose and cultured overnight (~12-18 h). For glucose-stimulation studies, islets were
transferred to RPMI medium containing a physiologically stimulatory concentration (11 mM) of
glucose for ~60 min before high-pressure freezing to maximally upregulate proinsulin biosynthesis.
Islets were not cultured or used beyond 48 h in these studies.

2.1.2 High-pressure freezing and
preservation of cell structure

freeze-substitution

for

more

optimal

Prior to freezing, islet cultures were maintained at 37 °C in RPMI medium as above but buffered with
10 mM Hepes. Immediately prior to freezing, ~10-30 islets (depending on size) were manually
transferred by pipette under a dissecting LM into one half of two interlocking brass planchettes (Swiss
Precision Inc., CA, USA), also prewarmed to 37 °C. Islets were then frozen within ~10 ms under high
pressure ~2,100 atm (1 atm = 101.3 kPa) using a HPM010 high-pressure freezer (BAL-TEC,
Liechtenstein) and stored under liquid nitrogen until being processed for EM/ET by freeze-substitution
and plastic-embedding as described previously in (Marsh et al. 2001a).

2.2 Whole cell tomography
2.2.1 Microtomy and islet cell/tissue preparation for ET
Ribbons of thin (40-60 nm) or semi-thick (250-400 nm) plastic sections were cut on a diamond knife
UltraCut-UC6 ultramicrotome (Leica Microsystems) for conventional 2D survey at 80-100 keV to
assess the quality of islet preservation and for 3D studies by ET at 300 keV on Tecnai T12 and F30
microscopes, respectively (FEI Company). Typically, ribbons of serial semi-thick sections collected
onto formvar-coated copper (2×1 mm) slot grids (Electron Microscopy Sciences) and post-stained
with 2% aqueous uranyl acetate and Reynold’s lead citrate require an additional carbon-coating step to
minimize charging/movement in the electron beam (Marsh 2005, Marsh 2007). Slot grids are normally
used because to date they have afforded the maximal possible unobstructed viewing area when the
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specimen is tilted beyond 60° in the EM. However, since ribbons of serial sections are essentially laid
down the length of the grid parallel to the slot itself, tomographic ‘tilt-series’ collected around two
orthogonal axes are often limited to tilt angles lower than 60° because the metal of the specimen
support grid obstructs the electron beam at high tilt for at least one of the two tilt-series. To date, the
limiting factor for use of grids that provide larger viewing areas for ET has been the strength and
durability of the plastic support films that are commercially available.
The present study, also extensively trialed and employed a new ‘gridless’ aperture/support film
combination in which polyimide plastic support films (tested at thicknesses of 388 Å or 605 Å) span
an ‘open aperture’ of uniform 2 mm diameter (Luxel Corp., Friday Harbor, WA, USA). The polyimide
support film was also tested at thicknesses of 388 Å, 400 Å, 552 Å, 605 Å and 741 Å using standard
1×2 mm slot grids. Notably, the dramatically reduced shift/drift/charging afforded through use of these
gridless/open aperture supports (typically <0.8 pixel with successive measurements) in the EM at all
tilts - in the absence of carbon coating - when compared to sections from the same specimen blocks
prepared in parallel and imaged on regular formvar-coated slot grids carbon-coated both sides,
provided (1) a significant improvement in efficiency (an overall 2- to 4-fold improvement in speed of
tilt-series acquisition) for semi-automated image data collection for ET and (2) the ability to
reproducibly tilt to angles beyond 60° essentially regardless of the positioning of the ribbon(s) of serial
sections. These factors played an important role in facilitating the rapid acquisition of tilt-series data
for an entire cell. Colloidal gold particles of 10 nm diameter were then deposited on both sides (top
and bottom) of all sections from the glucose-stimulated islet, for use as fiducial markers during
subsequent image alignment (Marsh et al. 2001a). For sections cut from the non-stimulated islet,
larger gold particles (15 nm diameter) were trialed instead to facilitate easier fiducial tracking,
although 10 nm diameter gold particles were used on a small subset of these sections for purposes of
quality comparison and the goal of later re-imaging some of these sections at higher magnification.

2.2.2 Preliminary surveys using 2D image montages of whole islets in crosssection
All image acquisition, including both 2D montages and tilt-series, were performed using a Tecnai F30
intermediate-voltage EM (FEI Company) with motorized tilt-rotate specimen holders (Models 650 and
CT3500TR; Gatan Inc.) and a 4K×4K Ultra-Scan™ 4000 CCD camera (USC4000, Model 895; Gatan
Inc.). Prior to image data collection, each section was pre-irradiated at low magnification (140×) for
10 min at 300 keV with the objective aperture removed, to ensure uniform section collapse across the
entire specimen. Over 50 serial semi-thick sections through a well-preserved ‘stimulated’ mouse islet
were surveyed in 2D by stage-shift montaging (12×12 images) at 4700× magnification using the data
acquisition program SerialEM (Mastronarde 2003, Mastronarde 2005). These montages allowed both
the preliminary identification of multiple candidate cells for further study by whole cell ET and the
determination of how many sections each candidate cell spanned in Z. In addition, it allowed me to
determine what magnification and orientation were necessary to encompass each cell fully in crosssection within a single 2K×2K CCD image (i.e. 4K×4K CCD, binned×2), and a means of checking
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that sections were not damaged or contaminated in any way that would prevent potential ‘candidate’
cells from being imaged in toto. From a single stimulated islet, two similarly sized candidate beta cells
were selected as ‘target cells’ for imaging on the basis of their equivalent positions at the periphery
(i.e. the outer-most cell layer) but on opposite sides of the islet (Figure 2.1). These two stimulated
cells were designated ‘cell01’ and ‘cell02’, in the order of their acquisition.
After completing imaging and reconstruction of these two stimulated beta cells, a well-preserved nonstimulated islet was selected and surveyed using a similar method to that described above. ~70 serial
sections imaged using stage shift montaging (13×16 images) at 4700× magnification enabled the
identification of two candidate beta cells near the periphery of the non-stimulated islet. These two nonstimulated beta cells - similar in size to the two stimulated beta cells - were selected for whole cell
studies and designated ‘cell03’ and ‘cell04’.

Figure 2.1 Location of the two ‘stimulated’ cells under study within the glucose-stimulated islet of Langerhans
Intact islets of Langerhans isolated from adult mice were cultured overnight in vitro, stimulated with elevated extracellular
glucose (11 mM) for 60 min, and preserved for EM by high-pressure freezing, freeze-substitution and plastic embedding.
(Inset) 2D survey showing the whole islet in cross-section, acquired by stage-shifted montaging of 12×12 images at 4700×
magnification using the data acquisition program SerialEM (Mastronarde, 2003, 2005). Boxed regions highlight the two islet
beta cells (designated ‘cell01’ and ‘cell02’) in the islet imaged and reconstructed by ET. Scale bar 10 µm. (Main image) 0°
(‘untilted’) view taken from one of the tilt-series of islet beta cell cell02 at 3900×. Scale bar: 1 µm.
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2.2.3 Tilt-series image dataset acquisition
To further minimize non-anisotropic specimen thinning during imaging, each section was preirradiated for 10 min at ±60° (using the same EM settings used for pre-irradiation at 0°) prior to tiltseries acquisition. To help find, rotate and position the target cell in the center of the TEM imaging
area, the 4700× image montages served as reference maps. Tilt-series data were digitally recorded
using semi-automated methods for CCD image montaging, data acquisition and image alignment as
the sections were serially tilted using SerialEM.
Tilt-series for cell01 and cell02 sections were collected along a single axis using 2° increments over a
range of ±62°. For cell01, a total of 45 consecutive serial semi-thick (300-400 nm) sections were
imaged at 4700× magnification (pixel size = 5.156 nm) to generate a final volume spanning
~11×11×14 µm3 (Figure 2.3A and Figure 2.4A). Tilt-series image data for cell02 were collected in a
similar manner from 27 serial thick sections (Figure 2.3B and Figure 2.4B). However, a lower
magnification was used when imaging the tilt-series (3900×; pixel size = 6.066 nm) because the cell
was substantially wider in cross-section (i.e. XY view) than cell01. The timecourse for basic tilt-series
data collection for each cell totaled ~2 weeks.
Since analysis of the tomograms generated for cell01 and cell02 revealed that 4700× should serve as
the most appropriate magnification for future whole cell datasets, both cell03 and cell04 were imaged
at 4700× (pixel size = 5.058 nm 2) using a beam-shift montaging approach (Marsh et al. 2004) to yield
a 1×2 panel image montage in each case to ensure complete coverage of each cell in cross-section
across the middle-most sections, where they would not otherwise fit in the image frame due to the
dimensions of each cell (Figure 2.2). For cell03, a total of 57 serial sections were imaged, of which 25
required montaging (Figure 2.3C and Figure 2.4C). Likewise, for cell04, a total of 51 serial sections
were imaged, of which 26 were montaged (Figure 2.3D and Figure 2.4D). In addition, both of these
cells were imaged by tilting at 1.5° increments over a range of ±63°. In addition to a smaller tilt
increment compared to cell01 and cell02, each of these sections was rotated 90° about the Z axis (see
Section 1.3.2.5) and a second tilt-series collected using 3° increments over a range of ±63°. This
modification of dual-axis ET through use of a ‘reduced second-axis’ approach (described in detail in
Section 4.4.3) meant that the time taken to acquire complete tilt-series datasets for cell03 and cell04
took ~3 weeks per cell.

2

The slight difference in pixel size between images taken at the same magnification of 4700× for cell03

compared to cell01 was due to the installation of a new CCD camera in the interim between data acquisition for
the two cells.
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Figure 2.2 Assembling multiple tilt-series/tomographic volumes for whole cell reconstruction
The 0° tilt image is shown for all of the sections used to reconstruct cell03. Note that sections 13 to 37 have been montaged
as 1×2 panels. Since sections 13 to 37 were digitally montaged at each tilt as panels encompassing 1×2 fields of view on the
CCD camera, a visible seam is evident in some of the montaged panels highlighting the zone of image overlap (typically set
at ~10% of the pixel dimensions of the total field of view). This overlap is used to precisely stitch/blend the individual
images in XY by cross-correlation prior to aligning individual images in the tilt-series with one another ahead of tomogram
computation. Scale bar: 1 µm.
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Figure 2.3 Side views of each final whole cell tomogram
Comparison views along the XZ axis of the final whole cell tomograms after joining all sections in Z of (A) cell01, (B)
cell02, (C) cell03 and (D) cell04. Note that tomogram information is summarized in the inset. Each of these final tomograms
was cropped in X and Y to minimize final file size as it was unnecessary to segment volume outside each cell.

2.2.4 Serial section tomography for computationally reconstructing whole cells
in 3D
Using the IMOD software package incorporating the eTomo and 3dmod graphical user interfaces
(Kremer et al. 1996), tilt-series images (2K×2K) were first brought into register with one another by
cross-correlation. For cell01 and cell02, tracking a limited number (~40) of the 10 nm gold fiducial
markers on both surface(s) of the sections across the entire field of view became an absolute
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prerequisite so that the program TILTALIGN could be used to solve for global fiducial alignment and
distortion correction. Fiducialless alignment procedures generally resulted in grossly distorted and
uninterpretable tomograms because of the significant and inherent geometrical changes and distortions
across such large cellular areas. For cell03 and cell04, an increased number (~120) of gold fiducials
were tracked to further improve tomogram quality through more accurate alignment of tilt-series
images. Due to the use of a modified dual-axis approach combined with tracking ~3 times as many
fiducials, the time taken to reconstruct cell03 and cell04 increased to ~2 months per cell (compared
with ~2 weeks per cell for cell01 and cell02).
Following reconstruction using R-weighted backprojection, serial tomograms were joined along the Z
axis using the interactive program MIDAS to generate a general linear transform that accounted for
rotation, translation and stretch of one section relative to its nearest neighbor, as described in
(Ladinsky et al. 1999, Marsh et al. 2001a, Shoop et al. 2002, Sosinsky et al. 2005). After joining
sections, the final ‘whole cell tomogram’ was cropped in XY as much as possible to reduce its file
size. A side view in XZ of these final tomograms has been presented in Figure 2.3. The final size of
tomograms after cropping was 8.7 GB for cell01, 4.7 GB for cell02, ≈19.0 GB for cell03 and ≈12.4
GB for cell04, with each byte representing one voxel.

2.2.5 Computer-assisted segmentation for expedited analysis of whole cell
tomograms
Compartments/organelles within the tomographic volumes were segmented, extracted and viewed
using the IMOD software package (Kremer et al. 1996) together with the DrawingTools and
Interpolator plug-ins developed within my project (see Section 3.2). Due to the sheer scale of 3D cell
data, it was necessary to develop several expedited methods to segment different cellular
compartments and organelles (Figure 2.4). To quantify membrane surface area and volume for the
entire Golgi ribbon, the cis-medial-cisternae was segmented/modeled as a single object (grey) by
segmenting ≈1 in every 3 slices using linear interpolation. The trans-most Golgi cisterna (red) was
segmented in a similar manner; the latter is frequently referred to as the trans-Golgi network (TGN).
In cell01, the penultimate trans-Golgi cisterna (orange) and trans-most Golgi cisterna were modeled
as separate objects to demarcate functional exit sites along the length of the Golgi ribbon; collectively,
these distinct trans-cisternae constitute the TGN.
The plasma membrane (purple/white) and nucleus (yellow) were delineated using only ≈4 seed
contours per section, but still provided a clear definition of their boundaries (Figure 2.4). To aid in
differentiation, the two stimulated cells are presented in figures with a purple cell membrane and nonstimulated cells with a white cell membrane. By segmenting mitochondria (green) as a series of
connected spheres drawn/centered along the length of each mitochondrion, it took less than 15 h/cell
to delimit all of the mitochondria. For final analysis and visualization, the spheres were meshed to
form tubes of variable thickness capped with hemispherical ends. The numerous MG (blue) were
segmented by precisely fitting a sphere to the diameter of the granule. For IG (light blue),
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approximately half were segmented as a sphere while those more irregular in shape were segmented
using contours ≈1
( in every 6 slices) generated by smooth interpolation, as were multi -granular
compartments (orange). All spheres - including those used to approximate mitochondria - were
centered as accurately as possible and individually fitted.

Figure 2.4 Image slices from each of the whole cell tomograms
A single XY slice from roughly the middle of each whole cell tomogram, showing segmentation of the Golgi ribbon (grey),
TGN (red), mitochondria (green), MG (dark blue), nucleus (yellow) and PM (purple/pink). The boxed areas reveal the
relative membrane clarity for each dataset at higher magnification. Each of these insets encompasses an area of 1×1 µm. The
panels include: (A) Slice 939 of 2217 from cell01 (pixel size=5.156 nm; imaged at 4700× magnification). (B) Slice 556 of
1153 from cell02 (pixel size=6.066 nm; imaged at 3900× magnification). (C) Slice 1363 of 2803 from cell03 (pixel
size=5.058 nm; imaged at 4700× magnification). (D) Slice 1227 of 2425 from cell04 (pixel size=5.058 nm; imaged at 4700×
magnification). Scale bars: 1 µm.

Prior to analysis, the segmented data were used to generate a 3D triangular mesh surface. Because
sections cut from plastic are known to collapse in the direction of the beam upon initial exposure to the
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electron beam (Luther et al. 1988), the 3D surface-rendered model data were re-expanded by a
compensatory factor in Z to more accurately represent the original topology of subcellular structures
under study in the plastic section prior to imaging in the EM (Marsh et al. 2001a). This phenomenon
(Noske et al. 2009b) is explained in more detail in Section 4.2. Finally, a deformation grid was applied
to each whole cell tomogram, to ensure a more accurate final model with correct alignment of
compartments separated across section boundaries, as explained in Section 4.3.

2.2.6 Quantitative 3D analysis of 3D data at the whole cell scale
MSA and volumes were computed from the contours and triangular meshes using IMOD (Marsh et al.
2001a, Marsh et al. 2001c). Simple spatial relationships among the objects modeled in 3D were
assessed and quantified essentially as described using the program mtk as described in (Marsh et al.
2001a). For more complex spatial analysis, the program Illoura was used (McComb et al. 2009).

2.2.7 Data management, statistical analysis and presentation
Data collected for this project were used to produce high-resolution figures and movies, many of
which were included as supporting material for the papers used in Chapter 3, Chapter 4 and Chapter
5 of this thesis. Images of tomogram slices and 3D meshes of cellular data were all taken using the
3dmod and/or ModelView window of IMOD. Movies of the 3D data were compiled using Apple’s
QuickTime® software from sequences of individual TIF files generated using the 3dmod viewer in
IMOD, and files compressed substantially to ~10 MB each in size. For videos of tomograms and/or
overlaid model/segmentation contours, images were generated as the tomogram was advanced along
the Z axis. Movies of the 3D surface-rendered models were generated from segmented tomograms as
the data were incrementally rotated and/or zoomed to provide unambiguous views of the structures
presented.
Statistical analysis on organelles was performed using the program ‘R’ (Zuur et al. 2009) and/or Excel
spreadsheets by unpaired Student’s t-test, where p < 0.05 was considered significant.
The original EM tilt-series image stacks, together with the resulting tomographic reconstructions and
3D surface-rendered model data have been deposited in the Cell Centered Database (CCDB;
http://ccdb.ucsd.edu/) (Martone et al. 2002).
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2.3 Stereology
For the stereology part of this project, the point-counting stereology method (Griffiths et al. 1993,
Howard and Reed 2005, Russ and DeHoff 2000) was used, and all imaging was conducted with a
JEOL 1011 TEM (JEOL Ltd) fitted with a Morada Soft Imaging System CCD camera (now Olympus
Group). Grids containing ribbons of thin (40-60 nm) sections cut from plastic-embedded islets
prepared for conventional 2D surveys as described in Section 2.1 were also suitable for point-counting
stereology, although for each islet only a single section was chosen for final stereological analysis. On
first insertion into the TEM, each section was pre-irradiated at 140× magnification at 80 keV to
minimize section drift. Magnification was then increased to 20000×, a region near the top left of the
islet chosen and the Olympus ITEM Universal TEM Imaging Platform software (Olympus Group)
used to project a 9×6 grid over the image to create a uniform lattice of 54 intersection points, where
each intersection point is represented by the intersection between lines but not on the edge (Figure
2.5). Using the grid, counts were made of (a) the number of intersection points falling inside a MG, (b)
the number of intersection points falling inside a mitochondria in a recognizable beta cell, and (c) the
number of intersection points falling outside a beta cell cytoplasm/non-nuclear area; the latter category
included any intersection point that fell within a nucleus or outside a recognizable beta cell (Figure
2.5A). Note that any intersection point falling on a membrane was counted as inside the attached
compartment. After tallying these numbers, the specimen was shifted approximately two screen widths
(≈20 µm) to the right using the manual stage shift controls, and the counting process repeated. Upon
reaching the edge of the islet, the specimen was shifted approximately the same distance down (in Y),
and then progressed in the opposite direction along X to ensure the same beta cell was never counted
twice, as illustrated in Figure 2.5B. For each islet, stereology was performed on 30 of these grids,
giving a total of 1620 (30×54) intersection points (totalGridPoints); although some of the small islets
spanned less than 30 but always more than 16 grids. For each islet, the percentage/fraction of nonnuclear beta cell volume occupied by MG, fractMatureGrans, and occupied by mitochondria,
fractMitochondria, was calculated as follows:

totalGridPoints = (grids counted × intersection points per grid )
fractMatureGrans =

total points inside mature granules
totalGridPoints − total points inside nucleus or outside cell

fractMitochondria =

total points inside mitochondria
totalGridPoints − total points inside nucleus or outside cell
Equation 2.1

This form of point-counting stereology was performed on a total of 22 non-stimulated and one
stimulated islets, including the islets that contained cell01, cell02, cell03 and cell04.

39

CHAPTER 2-MATERIALS AND METHODS

Figure 2.5 Point-counting stereology technique
(A) A 2D micrograph of a region of beta cell imaged at 20k× magnification, viewed using a CCD camera control program
with a 9×6 uniform grid overlaid, whereby the 54 line intersections represent grid points used for stereology. For each grid
like this, the number of points inside the nucleus or in a non-beta cell is counted first. In this example one can see at a glance
all points are inside the non-nuclear volume of the beta cell, so this number is zero. Next the number of points inside MG and
the number of points inside mitochondria is counted. In this grid there are three points inside MG (blue arrows) and five
points inside beta cell mitochondria (green arrows). Grey arrows indicate grid points which almost fall inside a MG or
mitochondria - these calls are often marginal and so it is good practice for two people to sit at the microscope and check that
they both arrive at the same number of counts. Results from this grid would indicate 5.5% of this area (5/54) is occupied by
MG. However, this process must be repeated over many cells (i.e. many grids) to achieve a reliable statistical estimate for the
average fraction of non-nuclear cell volume occupied by mitochondria and MG. (B) A low resolution micrograph of a 60 nm
section cut from a mouse islet, imaged at 140× on the same instrument. Note that it is impossible to see sufficient detail, to
distinguish between different types of cells at this resolution. However, this magnification provides a useful low resolution
‘overview’. This image has been used to demonstrate how to randomly select regions within 30 different cells for pointcounting stereology, by navigating in a snake-like pattern across the islet. Locations marked with dotted lines have been
skipped because they do not contain a large area of non-nuclear beta cell. Note that the spacing between grid locations does
not need to be perfect, as long as the distance between locations is large enough to ensure that the same cell does not get
imaged/counted twice.
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FASTER SEGMENTATION USING
INTERPOLATION

This chapter includes a paper and its supplementary data.
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3.1 Introduction
The process of manual segmentation - achieved by drawing contours around compartments of interest
on every Z slice - is a notoriously time consuming process, representing not only a sizeable bottleneck
in the process of cellular tomography in studies such as this, but also representing one of the biggest
drawbacks of ET over other imaging technologies. Thanks to improvements in TEM hardware,
including the recent development of 8K×8K high-sensitivity four-port read out cameras, many ET
groups are now generating gigabytes of tomographic data on a day-to-day basis. Despite all these
advances in hardware however, the process of high-fidelity segmentation has remained almost
unchanged over the last decade, and the accurate segmentation of most electron tomograms requires a
user to spend hundreds of hours manually tracing membranes with a computer mouse. In order to
facilitate the segmentation of the large volume of cellular data required by this project, it was thus
essential to develop a faster method of manual segmentation.
This chapter presents several drawing tools, which facilitated faster segmentation by allowing the user
to sculpt and warp contours to fit the underlying image data. This evolved into the development of
interactive interpolation methods, allowing the user to segment only a subset of contours, but still
generate an accurate representation of cellular compartments. All these tools have since been added
into the standard release of IMOD. Although designed to expedite the whole cell tomography in this
project, these tools are very well suited to high-resolution (≤6 nm) ET data, and have potential use in a
wide range of applications in many other fields which involve segmentation of 3D image data or
image processing whereby a 2D image is animated over time to create the third dimension.
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Smart interpolation tools for interactive 3D segmentation of highresolution cellular tomograms
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3.2.1 Introduction
Basic studies of cellular architecture over the past century have largely relied on a variety of different
electron microscopy (EM) approaches to provide the fundamental insights into cellular organization
and compartmentalization that now underpin modern cell biology. The capacity to accurately visualize
and quantify cellular organization in situ is crucial to advancing our understanding of how structurefunction relationships in the cell change in response to different physiological states, and in health
versus disease. Electron tomography (ET) - also termed ‘cellular tomography’ when used for 3D
image reconstruction of cells as opposed to macromolecules - has become recognized as a powerful
method for mapping cellular organization in 3D at high spatial resolution to provide “3D images of the
entire proteome of the cell” (Baumeister 2004, Frangakis et al. 2002, Sali et al. 2003); the term ‘visual
proteomics’ (Nickell et al. 2006) has already gained favor (Bork and Serrano 2005, Lehner et al.
2005). Much of the interest in cellular tomography stems from broader scientific desires to understand
the ‘bigger picture’ in terms of how cells establish and maintain their structural complexity from an
engineering perspective (Rafelski and Marshall 2008, Reeves and Fraser 2009). Since high-resolution
ET affords unique opportunities for precise quantitative visualization of organelles and
macromolecules in an appropriate spatial and cellular context in situ in 3D, such data are increasingly
seen as key for the exploration of cellular processes and biophysical principles at a higher
mathematical/computational level (Bork and Serrano 2005, Burrage et al. 2006, Lehner et al. 2005).
3.2.1.1

3D segmentation of volumetric image data reconstructed by ER

The scale and visual complexity of high-resolution cellular tomograms makes defining basic features
within the images (‘segmentation’) the crucial first step ahead of quantitative analysis and functional
annotation, and before meaningful insights can be made. Image segmentation refers to the process of
partitioning a digital image into multiple ‘segments’ (i.e. sets of pixels) to provide a simpler/more
meaningful representation of the information in the original image, and can be defined as
mathematically dividing an image into non-overlapping, adjacent regions (i.e. segments) which have
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some basic visual characteristic (e.g. intensity, color, texture) in common (Pal and Pal 1993,
Volkmann 2002).
The ideal approach would be to employ algorithms to automatically segment tomograms in a
mathematically objective manner; a number of sophisticated algorithms already show promise in this
regard (Bajaj et al. 2003, Bajaj et al. 1996a, Frangakis et al. 2002, Frangakis and Forster 2004,
Frangakis and Hegerl 2002, Garduno et al. 2008, Ress et al. 2004, Sandberg 2007, Volkmann 2002,
Whitaker and Elangovan 2002). Most of these algorithms work by either searching for a particular
structure of interest (e.g. macromolecular particles like ribosomes or cytoskeleton filaments like
microtubules) by virtue of the object’s relatively invariant morphometry (sometimes relying on 3D
shape ‘templates’ to guide them) (Bartesaghi et al. 2005, Bohm et al. 2000, Duda and Hart 1972,
Frangakis et al. 2002, Jiang et al. 2006a, Jiang et al. 2006b, Lebbink et al. 2007), or by partitioning the
membrane boundaries of compartments within the cytosol using edge detection, thresholding and/or
closed-ness based on parameters such as pixel intensity or texture (Nguyen and Ji 2008, Pantelic et al.
2007, Pantelic et al. 2006, Volkmann 2002). However, cellular tomograms are inherently ‘noisy’ in an
image processing context because cells are usually stained with heavy metal salts (e.g. uranyl acetate,
lead) during preparation to enhance interactions between incident electrons and stained membranes
during imaging. Although this improves contrast for visualization, the densely stained cytoplasm
effectively constitutes background ‘noise’ from a mathematical perspective. This generally results in
poor algorithm performance due the relatively low signal-to-noise ratio (SNR), and necessitates
significant additional pre- and/or post-processing steps for successful segmentation outcomes
(Frangakis and Hegerl 2001, Frangakis et al. 2001, Garduno et al. 2008, Pantelic et al. 2007, Pantelic
et al. 2006, Ress et al. 2004, van der Heide et al. 2007, Volkmann 2002). Moreover, high-resolution
ET studies are often carried out on cells/tissue prepared using fast-freezing methods to ensure that the
physiological/physical state of the cell is preserved as reliably as possible by immobilizing all cellular
activity within milliseconds (ms) (Baumeister 2002, Donohoe et al. 2006, McIntosh 2001), except
when the physiology and/or physical location of the tissue to be investigated makes this impractical
(Sosinsky et al. 2008). Despite the obvious advantages of better structural preservation (Baumeister
2002, Dahl and Staehelin 1989, Dudek et al. 1984, Dudek et al. 1982, Gilkey and Staehelin 1986,
Marsh 2005, Marsh et al. 2001a, McIntosh 2001, McIntosh et al. 2005), algorithm performance issues
related to SNR are exacerbated when attempting to segment images from fast-frozen cells because the
density of cytoplasmic staining is much higher. Images from cells prepared by classical techniques
(Marsh et al. 2004) tend to have a higher SNR due to physical extraction of the cytosol ‘background’
material during conventional processing for EM (Bartesaghi et al. 2005, Garduno et al. 2008, Harlow
et al. 2001, Ress et al. 2004).
3.2.1.2

Manual segmentation of high-resolution cellular tomograms

The most reliable method currently available for segmenting high-resolution cellular reconstructions is
for an expert biologist (user) to manually analyze each tomogram guided by their background
knowledge of the cell and/or biological process under study, and their familiarity with the visual
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heuristics of the tomographic image data. Organelles (objects) within the tomogram are manually
segmented by carefully following the contour path of their outer limiting membrane on each image
slice using drawing tools provided in dedicated software packages for biological image analysis such
as IMOD (Kremer et al. 1996) or TomoJ (Messaoudi et al. 2007) (written as a Java plug-in for ImageJ
(Collins 2007)). Since tomograms are stored arbitrarily as 2D (pixel-thick) image slices, the process is
repeated on each adjacent slice until the object has been segmented across every slice that it spans in
Z. A contour set is thus created for each object, from which a continuous 3D surface can be generated
by fitting triangular/polygonal meshes between adjacent contours belonging to the same surface. Once
meshed, precise quantitative data can be computed for each organelle and Euclidean distances
measured between different compartments. Colors are often used to distinguish compartments as being
spatially distinct, but can also be used to indicate ‘compartment type’. Eventually, a high fidelity 3D
model depicting the spatial and structural organization of compartments and other structures in the
region is produced (Figure 3.1). However, manual segmentation of large cellular volumes using the
approach (which represents ‘convention’ in the field) is extremely slow and time-consuming (e.g.
complete segmentation of the tomogram shown in Figure 3.1 required approximately 12 months, even
though it was estimated to represent just 1% of that cell’s total volume (Marsh et al. 2001a)).

Figure 3.1 Example of the structural complexity of subcellular organization revealed in a high-resolution (~6 nm)
tomogram centered on the Golgi region in a mammalian cell
Reproduced from data originally published in (Marsh et al. 2001a). (A) A magnified view from part of a single pixel-thick
image slice extracted from the 315 slices that together comprised the 3.1 x 3.2 x 1.2 μm3 tomographic volume. Each
compartment was manually segmented in the conventional manner using IMOD (Kremer et al. 1996). (B) Sets of contours
belonging to the same surface (thus topologically defining each distinct compartment) were meshed for 3D visualization and
quantitative analysis in an appropriate cellular/spatial context. Once segmented and meshed, 3D surface models of organelles
are then available for ontological annotation and/or more complex spatial/semantic queries to interrogate structure-function
relationships between different cellular compartments in silico (Martone et al. 2008, McComb et al. 2009). In this example,
the stacked membranes (i.e. ‘cisternae’) of the Golgi complex are displayed in the context of all other neighboring organelles,
vesicles, ribosomes and microtubules in the region. Color-coding: Golgi cisternae (cis-trans): light blue, pink, cherry, green,
dark blue, gold, red; endoplasmic reticulum (yellow), membrane-bound ribosomes (blue), free ribosomes (orange),
microtubules (bright green), insulin granules (blue), clathrin-negative vesicles (white), clathrin-positive
compartments/vesicles (red), clathrin-negative compartments/vesicles (purple) and mitochondria (dark green). Scale bar: 500
nm.
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3.2.1.3

Technologies for image acquisition and reconstruction significantly outpace current
capacity for segmentation

Improvements to both hardware and software over recent years for collecting image data and
computing tomograms have brought the prospect of mapping entire cells at macromolecular resolution
within reach. In addition, the successful automation (or at least, acceleration) of most steps involved in
tomographic image data acquisition and reconstruction means that cellular tomograms up to an order
of magnitude larger than the example shown in Figure 3.1 can now be produced at relatively high
throughput, and generally demonstrate improved ‘information content’ in terms of greater linear
dynamic range and better resolution (Lawrence et al. 2006, Perkins et al. 1997, Sandberg et al. 2003,
Schoenmakers et al. 2005). In contrast, there has been a paucity of new segmentation approaches that
afford genuine and significant improvements in the speed and/or accuracy of tomogram segmentation
(Marsh 2005, McEwen and Koster 2002, Ress et al. 2004), leading to a net increase in the capacity for
data generation that dramatically outweighs the current capacity for data analysis; tomogram
segmentation thus constitutes the major bottleneck in investigations of cell structure and function at
high spatial resolution in 3D.
Here we present a hybrid computational approach that transforms manual segmentation into an
interactive/iterative process employing a set of ‘smart’ interpolation and drawing tools, and
demonstrate that these methods are highly effective for segmenting a range of compartments and
organelles exhibiting different levels of shape complexity in mammalian (insulin-secreting) cells. We
assess relative improvements in accuracy and efficiency for each of our interpolation techniques for
different organelles compared to results obtained for the same compartments using conventional
methods, and discuss both the advantages and limitations of this approach for expediting studies to
elucidate the spatial and structural complexity of 3D structure-function relationships in the cell at the
nanometer scale.

3.2.2 Methods
3.2.2.1

Preparation, imaging and ET reconstruction of mammalian (insulin-secreting) cells

The procedures used to prepare cells from mouse pancreas for imaging and subsequent 3D
reconstruction using a dual-axis tomography approach have been described elsewhere in detail (Marsh
2007, Marsh et al. 2001a, Marsh et al. 2004, Mastronarde 1997). Briefly, sets of 2D images were
digitally acquired to a CCD as a thick (~250-400 nm) section cut from plastic-embedded tissue was
serially tilted by small (e.g. 1° or 1.5°) increments over an angular tilt range of ±60-70°. A tomogram
was computed from each set of aligned 2D views by weighted back-projection, and the process was
repeated for a second set of images of the same region collected around an orthogonal tilt axis
(Mastronarde 1997). The two single-axis tomograms were brought into register in 3D space (i.e. one
tomogram serves as a ‘reference volume’) and computationally combined to produce a dual-axis
tomogram demonstrating improved symmetry and resolution in 3D (Mastronarde 1997, Penczek et al.
1995, Taylor et al. 1984). All of the procedures outlined above were performed using the IMOD
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software package developed and maintained by the Boulder Laboratory for 3D Electron Microscopy
of Cells (Kremer et al. 1996).
3.2.2.2

Benchmarking performance for current methods in 3D segmentation of tomograms
using IMOD

A number of academic as well as commercial software packages are available for segmenting image
volumes generated by ET (Frank et al. 1996, Lawrence et al. 2006, Messaoudi et al. 2007, Ress et al.
2004, Schoenmakers et al. 2005). Among these, IMOD is one of the most widely used and best
established packages for the 3D reconstruction and image analysis of cellular tomograms (Ress et al.
2004). Because of our group’s extensive experience using IMOD (Marsh et al. 2003, Marsh 2005,
2007, Marsh et al. 2001a, Marsh et al. 2001c, Marsh et al. 2007, Marsh et al. 2004, Noske et al. 2008,
Richter et al. 2008), we elected to directly compare the performance of our new interpolation methods
to standard tools for segmentation, meshing and smoothing currently implemented in the IMOD
package (Kremer et al. 1996). High-resolution tomograms reconstructed from five different cells as
described previously (Marsh et al. 2001a, Marsh et al. 2004) were used as test datasets. Each of the
tomograms (golgi1, golgi2, golgi3, golgi4 and golgi5) centered on the Golgi region, which is relatively
enriched in stacked Golgi cisternae, insulin secretory granules, mitochondria and other small vesicles.
These tomograms were considered equivalent for testing, as all had a final voxel size of 1.7 nm,
spanned 2400×2400 pixels in X×Y, and encompassed with a similar number of (pixel-thick) slices in
Z: 100, 100, 104, 98 and 103 (golgi1, golgi2, golgi3, golgi4 and golgi5, respectively). Five different
types of compartments/organelles were manually segmented and meshed as 3D surfaces for analysis
using the conventional/manual approach briefly outlined in the Introduction: mature insulin granules
(MG), immature insulin granules (IG), mitochondria, small vesicles and stacked Golgi membranes
(‘cisternae’). Each compartment type was grouped as a single object3 in 3dmod, with the exception of
Golgi stacks, in which each cisterna was classified as a separate object.
3.2.2.3

Interactive manual segmentation using iterative interpolation techniques

To implement and optimize our interpolation tools, we initially developed a program interface called
Interpolator. For consistency, the GUI was based directly on the 3dmod interface in IMOD, except
that the built-in interpolation routines were controlled by a separate window (Figure 3.2A). However,
to more rigorously compare the performance of the new interpolation routines and drawing tools
against existing routines/tools in IMOD, we encoded the Interpolator program as an IMOD plug-in
(Figure 3.2B).

3

Each ‘object’ normally contains multiple sets of connected contours; each set comprises a separate surface.
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Figure 3.2 ‘Interpolator’ interface for implementing the interactive interpolation routines for computer-aided iterative
segmentation of high-resolution cellular tomograms
For consistency, the Interpolator GUI was based directly on the 3dmod GUI interface in the IMOD image analysis package
distributed by the Boulder laboratory for 3D Electron Microscopy of Cells at the University of Colorado. (A) Interpolator
GUI developed for testing. (B) Interpolator and DrawingTools plug-ins now incorporated into IMOD for academic
distribution. The ZAP window allows the user to interactively segment tomographic image data (displayed as 2D pixel-thick
slices in the XY plane), while model contours and meshed surfaces can be viewed in 3D separately via the ModelView
window. The user can quickly switch between and/or modify settings for different interpolation routines and drawing tool
options via the relevant windows in the interface(s).

Since interpolating contours for an object that spans a large number of Z slices in an image volume is
akin to interpolating frames between ‘key’ frames in computer animation, we have adopted similar
terminology: user-drawn contours will hereinafter be referred to as ‘key’ contours (displayed as solid
lines), while computer-drawn contours will be referred to as ‘interpolated’ contours (displayed as
dashed lines).

Figure 3.3 Generating surface meshes from contours - problems involved
Figure outlining some of the common issues related to correspondence, branching and tiling when creating surfaces from sets
of contours drawn on image slices at different planes. Modified slightly from Figure 1 in (Meyers et al. 1992).

Because of a number of fundamental differences in the conceptual design and execution of our
interpolation routines compared to conventional 3D segmentation, a brief introduction to methods for
creating 3D surfaces from contours on adjacent image planes is warranted. Determining the best
solution(s) for connecting sets of contours drawn on adjacent image planes (and fitting triangular or
polygonal meshes between them to create a 3D surface) can be broken down into basic problems in
topological graph theory related to correspondence, branching, tiling and surface-fitting (reviewed in
(Meyers et al. 1992) and summarized in Figure 3.3). In conventionally segmented tomograms where
contours have been drawn on every slice, determining which contours are connected between adjacent
image slices (‘correspondence’) can be easily resolved by classifying overlapping contours on adjacent
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slices into the same surface (e.g. in IMOD, a given contour is assumed to connect to any overlapping
contour directly above or below it on adjacent slices 4). However, for contours that are spaced widely
apart in Z (e.g. a minimal number of ‘key’ contours drawn on different planes at the top, middle and
bottom of an object), the problem can become more difficult as multiple solutions may exist for the
same set of contours (Figure 3.4). Different approaches such as ‘minimum spanning trees’ may be
required to solve for more complex ‘branching’ structures, where one or more contours on a given
slice are connected to more than one contour on an adjacent slice. The most common type of
branching occurs when there is a single contour on one slice and two proximal contours on an adjacent
slice (‘Surface 1’ in Figure 3.3 and Figure 3.5B), but contours may branch into three or more
contours on an adjacent slice; the region between two contours that merge is called a ‘canyon’
(Meyers 1995, Meyers et al. 1992). Common solutions for dealing with instances of branching include
the addition of new points in the center of each canyon (Kremer et al. 1996, Shantz 1981) (i.e. how
branched surfaces are handled in IMOD) or meshing each contour with all of its connected contours
then merging the overlapping lines (Figure 3.5A) (Russ 1999).

Figure 3.4 The correspondence problem
Simplified representation of the correspondence problem showing an example of six contours in cross-section distributed
over widely spaced slices (top), and four different surface solutions that may be derived from the original set of contours
(bottom). Modified slightly from Figure 1 in (Bajaj et al. 1996b).

Whereas conventional segmentation approaches only require computation of a surface solution at the
end of the process, our interpolation tools work by repeatedly attempting to predict a solution for a
compartment’s shape guided by a minimal set of user-drawn contours. Interpolative 3D segmentation
therefore becomes an iterative process whereby the user can quickly correct/refine the shape solution
by adding and/or modifying the minimal number of key contours required to accurately represent an
object’s surface after meshing. However, the interactive/iterative nature of this approach means that
any delays over 100 ms after executing a new round of interpolation are highly undesirable. We thus
set out to improve the speed with which topological adjacency relationships are computed for each set
of contours by restricting our interpolation algorithms to solve for only that subset of new connections
required between the newly drawn key contour, Cnew, and the key contours above and below it in Z
belonging to the same surface (Figure 3.5B). As the user either adds a new key contour or manually
edits an existing interpolated contour that does not accurately conform to the exact path of the
membrane being segmented, the selected contour then becomes Cnew and the interpolated contours
4

By default, imodmesh only connects contours on adjacent slices, but in certain tests the number of passes was

increased to connect contours spaced more than one slice apart in Z.
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either side of it are regenerated with the result that the shape solution is progressively refined using the
new/improved contour information. By deleting existing interpolated contours and iteratively shape
morphing only between Cnew and key contours within this restricted range of Z values, a new set of
interpolated contours demonstrating improved accuracy of fit can be computed much more efficiently
than having to determine correspondence across all contours in a set.

Figure 3.5 The branching problem
(A) Common solutions to branching problems include adding points at the base of the canyon (left), adding points at the top
of the canyon (center), and forming continuous surfaces between connected contours merged at the branch (right). Adapted
from Figure 61 in (Russ 1999). (B) Diagram illustrating the correspondence problem. Left: Linear interpolation over a
surface represented by eight key contours, in which branching has been correctly captured. Right: Linear interpolation over
the same surface represented with several key contours where the branching has not been captured because key contour C8
has been drawn on a different slice from C6 and C7. The red arrows show the solved correspondence for the newly added
contour Cnew.

3.2.2.4

Linear interpolation and length conservation methods for computing connections
between points in adjacent contours in linear time

Computing an optimal surface for points that connect a pair of contours on adjacent slices by
constructing a mesh of triangles connecting those points (‘tiling’) is usually reduced to the problem of
finding the best solution for a given metric on a toroidal graph (Keppel 1975). Of the various tiling
solutions available (reviewed in (Sloan and Painter 1987)), the most common tiling method employs
an optimal surface mapping algorithm to construct a triangular mesh surface between adjacent
contours having the minimum area for any possible arrangement of connected points (Fuchs et al.
1977, Shantz and McCann 1978). If contour P has m points, and contour Q has n points, the number of
possible triangular configurations T is given by:

T (m, n ) = [(m − 1) + (n + 1)]!/[(m − 1)!+(n − 1)!]
Equation 3.1

Tiling algorithms which solve for minimum area using a brute force approach take on the order of
O(N3) operations, where N represents the total number of points (m+n). Although certain divide-andconquer algorithms can reduce this to O(N2logN) (Sloan and Painter 1987), our goal was to compute
interpolated contours in linear rather than quadratic processing time. To improve efficiency, we
lessened our constraints by (1) allowing extra points to be added to both contours rather than having to
find the best match using existing points in Q and P, and (2) generating crude approximations for
shape morphing rather than using an exact metric (Figure 3.6). The first step for calculating
connections between P and Q in linear time is to find two corresponding starting points, ps and qs, in P
and Q, respectively. Rather than compare all points from both contours (requiring at least m×n
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operations; polynomial time), we generate a minimum bounding rectangle (MBR) over both contours
(Figure 3.6B) and find the four points touching its sides. The angle formed between the points with
the center of their respective MBR is calculated and the two points with the closest angle become
starting points ps and qs (Figure 3.6E). This simple ‘four point’ approach typically yielded a
difference in angle of just a few degrees compared to tiling using minimum area, although a counter
example is presented (Figure 3.6H). A second approach for computing ps and qs was developed by
first normalizing the contours by translating and scaling the key contour with the smaller MBR (such
that its MBR exactly matched the other contour’s MBR; Figure 3.6F), then calculating the angles of
all convex points from the center of the MBR to determine which point from P and Q formed the
closest angle. Only convex points were considered since we found that concave points yielded poor
matches (e.g. if p3 and convex point q8 formed the closest angle, the resulting interpolated contours
would flip: Figure 3.6I). This ‘convex points’ approach enabled computation of ps and qs in log-linear
time using the Graham scan to determine the convex points (Graham 1972).

Figure 3.6 Finding a suitable pair of corresponding points
(A) Two connected key contours on adjacent slices. (B) The four point approach applied to the contours in (A) with the MBR
shown in solid red, the center of the minimum bounding rectangle (MBR) displayed as a red crosshair, and lines to the four
points touching each side of the MBR shown as dotted red lines. The location of the corresponding points ps and qs are
shown. (C) The convex points approach applied to the contours in (A). (D) The two contours in (A) shown overlapping. (E)
The contours from (B) shown overlapping to reveal how ps and qs were identified. The red arrow shows the closest angle and
the black lines shows the connection between ps and qs. (F) The contours from (C) overlapping to reveal how ps and qs were
identified. Notice P has been re-scaled such that its MBR conforms to Q. (G) A second pair of connected contours (shown
overlapping). (H) The four point approach applied to the contours in (G). (I) The convex points approach applied to the
contours in (G); the green lines indicate angles not considered because they are attached to non-convex points.
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Rather than having to compute a triangular mesh to determine a set of corresponding points between
contours, we used a ‘length conservation’ method to create copies (P' and Q') of both key contours in
memory, where the points are reordered so that the starting points from the original key contours
become the first points in the new contours. The algorithm then calculates the closed length of P' and
Q' and navigates clockwise around both contours from the starting point, adding extra points to both
contours, such that every original point in P' is matched to a point in Q' which is the same fractional
distance along the contour from the starting point and vice versa. This method is illustrated in Figure
3.7C, where the blue arrows indicate points halfway around their lengths. Although the total number
of points can almost double as a result of adding new points, the advantage of this method is that the
resulting contours P' and Q' have the same number of points in corresponding order so that no
additional data structures are required to match connections. Generating linearly interpolated contours
between the key contours then becomes a simple process of calculating a series of points between
corresponding points in P' and Q'.

Figure 3.7 Triangular tiling versus the length conservation method
(A) The original two contours to be connected. (B) Triangular tiling using minimum area metric. Connections between points
are shown as thin brown lines; the red dotted line represents a ‘middle’ linearly interpolated contour (half way between P and
Q). (C) Connecting between points using the length conservation method. Note that original points have been reordered and
new points added (shown as blue dots). The blue arrows represent half the distance around each contour to illustrate where
extra points are added.

3.2.2.5

Smooth interpolation

Although linear interpolation serves as a useful baseline tool for predictive segmentation, we
developed two different forms of smooth interpolation because most compartments are inherently
smooth when viewed at the range of resolutions typical for ET. ‘Surface-fitting’ is normally carried
out using a parametric curve or spline (e.g. the thin-plate spline, the Bezier curve and the non-rational
B-spline (Bookstein 1989, Farin 1997, Foley et al. 1995, Mann et al. 1992)) to fit a smooth surface to
the coarse triangular meshes created during the aforementioned steps (i.e. correspondence, branching,
tiling) to generate a more accurate final surface affording improved quantitative analysis. In IMOD,
although the meshing program imodmesh does not perform any surface-fitting, a program called
smoothsurf is run to smooth existing contours across the face of a surface by modifying the shape of
52

existing contour line segments such that the final mesh forms a smoother 3D polynomial (Kremer et
al. 1996). Instead of using a more complex surface-fitting approach like thin-plate splines, we chose to
employ cardinal spline algorithms for improved computational efficiency. A cardinal spline is a cubic
Hermite spline whose tangents are given by a sequence of points and a tension parameter
(tensileFract) (Figure 3.8A). The tensileFract value determines how dramatic the curve will be and is
typically set to 0.5 (Figure 3.8B); this was the case in all of our tests. For each set of four sequential
values p0, p1, p2 and p3, the value q of the spline fraction t along the line segment between p1 and p2 is
given by:

[

q(t ) = tensileFract × (− p0 + 3 p1 − 3 p2 + p3 )t 3 + (2 p0 − 5 p1 + 4 p2 − p3 )t 2 + (− p0 + p3 )t + 2 p1

]

Equation 3.2

Figure 3.8 Cardinal spline
(A) A cardinal spline over a sequence of seven points whereby the position of interpolated points was calculated by applying
the cardinal spline equation to the XY coordinates for each set of four sequential points. Although technically a cardinal
spline doesn’t touch the first or last points, by duplicating the points at the start and end of the sequence the line extends
to p0 and p6 as shown by the dotted line. The red arrow indicates the position halfway along the cardinal spline (t = 0.5)
segment between p1 and p2. (B) Four cardinal splines generated over the same three points using a tensileFract of 0, 0.5, 1
and 2. Cardinal splines with a tensileFract of 0.5 are often called ‘catmull-rom splines’. Note that a tensileFract of 0 is
equivalent to drawing a straight line.

To generate a spline between two adjacent points (p1 and p2), it is therefore necessary to use the point
before p1 and the point after p2 - any points outside of these will not affect values between p1 and p2.
Similarly, to apply smooth interpolation between two contours C1 and C2, the contours immediately
below C1 and above C2 become C0 and C3, respectively (Figure 3.9A). Next, the length conservation
method is applied over C1 and C2 to give C'1 and C'2, respectively. The length conservation method is
then run over C0 and C'1; however, in this iteration, C'1 is not modified and C'0 is generated such that it
only contains points matching those in C'1. The same method is used to generate C'3 using C'2, such
that all four final contours have the same number of points in corresponding order (Figure 3.9B).
Finally, a cardinal spline is created over each set of corresponding points to interpolate smoothly
between C'1 and C'2 (Figure 3.9C). We call this technique ‘pointwise smooth interpolation’.
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Figure 3.9 Pointwise smooth interpolation using the length conservation method and cardinal splines
(A) The original four contours to be connected for interpolation between C1 and C2. (B) Connections between points using
the length conservation method on all four contours in (A). Added points are shown in blue. The dotted red line shows an
interpolated contour mid-way between the two contours to be connected (C1 and C2). To simplify the diagram, hidden points
have not been drawn. (C) The result of smooth interpolation using the contours in (B) generated by the length conservation
method.

In our implementation of pointwise smooth interpolation, the algorithm is typically executed twice
after Cnew is added: once to resolve interpolation between Cnew and the closest connected key contour
above it, and once between Cnew and the closest connected key contour below (if one exists). Hence,
pointwise smooth interpolation tries to find five connected contours in sequence on each execution. In
cases where only two connected contours are found, linear interpolation is performed instead. A
second type of smooth interpolation technique we call ‘crude smooth interpolation’ can also be used
to calculate the area and centroid of each closed contour for a set of four connected contours, and a
‘radius of fit’ determined based on the equation for the area of a circle (Equation 3). Linear
interpolation is used to generate contours on each slice between C1 and C2 using the length
conservation method. Each of these interpolated contours is translated so that the centroid of each
contour overlaps a cardinal spline fitted through the centroids of all of the interpolated contours, and is
then scaled to appropriate the radius described by a spline through the radius value of each contour
(Figure 3.10B). Unlike pointwise smooth interpolation which must calculate a cardinal spline over all
points, the crude smooth interpolation method only needs to generate two cardinal splines.

r = a /π

Equation 3.3

A drawback of cardinal splines is that despite being easy to find a point some fraction of the way
between p1 and p2, finding the value at a fixed Z value is relatively difficult. The red arrow in Figure
3.8A marks the point at t = 0.5 along the line segment p1 and p2, although this point is not exactly
halfway between p1 and p2 in terms of its Z value. To overcome this problem, we estimate an
appropriate t value for each slice; if the Z value of the point is more than 0.01 away from the slice
number, t is shifted either higher or lower until the Z value of the calculated point is within range.

54

Figure 3.10 Crude versus pointwise smooth interpolation using cardinal splines
(A) Original contours to be connected. The centroid of each contour is shown in red. (B) Crude smooth interpolation. The
dotted red line shows a cardinal spline through the centroid points, while the dark green line represents the calculated radius
for each contour. (C) Pointwise smooth interpolation. The brown lines show a cardinal spline drawn through each set of
points.

3.2.2.6

Spherical interpolation

Because many subcellular compartments are roughly spherical (e.g. vesicles, vacuoles, secretory
granules, the nucleus) and thus have a circular profile when viewed in cross-section on an image slice,
we developed a dedicated spherical interpolation routine for such objects. After a new key contour is
added, all corresponding key contours are found and ordered in Z (Figure 3.11A) and their area,
centroid and ‘radius of fit’ calculated (using Equation 3). For each pair of adjacent connected key
contours, the radius and z value are plotted for the two contours (Figure 3.11D), and the center (zarc)
and radius (rarc) of an ‘arc of best fit’ that passes through the values (rQ, zQ) and (rP, zP) calculated
using the following formulas:

rmid = (rQ + rP )/ 2

z mid = (z Q + z P )/ 2



rQ
 × (r + r ) + z mid
z arc = 
 (z + z ) × zScale  Q P
P
 Q


rarc = rQ + ((zQ − z P ) × zScale )
2

2

Equation 3.4

where P is the lower and Q is the higher connected key contour, r represents radius, z represents the
slice number and zScale represents the factor used to scale the model in Z. Contours are generated by
linear interpolation between P and Q on each slice using the length conservation method, and each
interpolated contour G is scaled about its centroid to fit its radius to the ‘arc of best fit’.

rGnew = rarc + ((z arc − z G )× zScale)
2

2

scaleG = rGnew areaG / π
Equation 3.5

where areaG is the current area of G, rGnew is the desired radius for G, and scaleG is the amount by
which G must be scaled to achieve this.
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Figure 3.11 Spherical interpolation
(A) Four key contours belonging to the same surface. (B) The result of spherical interpolation revealing interpolated
contours generated between key contours. See text for definition of the symbols and detailed explanation of the method. (C)
A graph demonstrating how an ‘arc of best fit’ is calculated between contours 1 and 2 from (A). (D) A graph showing the
radius against the Z value to illustrate how the ‘sphere of best fit’ is calculated between the first and last contour.

A ‘sphere of best fit’ calculated in a similar manner using the lowest and highest key contours in the
list (Figure 3.11C) is used to compute interpolated contours above the highest and below the lowest
key contours as far as the object extends in Z. This process is similar to steps outlined above to
produce an ‘arc of best fit’ except that it uses spherical interpolation to create re-scaled duplicates of
the highest and lowest contours (Figure 3.11B). If only one contour is found, it is assumed to
represent the middle of the surface and interpolated contours are generated above and below it to
generate an approximately spherical profile.
3.2.2.7

Determining correspondence for widely spaced key contours

Solving correspondence between planar contours separated by large Z values presents challenges due
to the degree of uncertainty determining which solution is the ‘most correct’ from multiple possible
solutions (Figure 3.4). To reduce the number of potential solutions when determining correspondence
in this situation - inherent to our goal of guiding interpolation outcomes using a minimal number of
key contours - we restricted our algorithms to only match corresponding connections within a limited
subset of slices in Z. We have termed this value as the ‘zBridge’, since it provides an estimate of the
maximum distance in Z between slices on which a user will need to draw key contours. If the zBridge
value is too low, the user may draw more key contours than is absolutely necessary, while if zBridge is
too high, two compartments directly above one another in Z may not be resolved as separate objects
and become falsely connected/represented as a single surface. To correctly determine connections for
Cnew, the nearest key contour(s) above and below Cnew must first be identified; only contours within
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zBridge slices of Cnew are then tested for correspondence. To further improve efficiency, each tested
contour was rejected early if its MBR did not overlap the MBR of Cnew in X and Y. For linear
interpolation and smooth interpolation, the contours were deemed to be candidates if they overlapped
in X and Y. Although there may be several candidate connected key contours above and below Cnew
only the closest contour(s) in Z were connected to Cnew. The same process was run recursively on the
newly connected contour(s). To accurately segment branching organelles, it was therefore important to
draw multiple key contours on the same slice where the organelle branched or else the contours would
be connected incorrectly, as illustrated in Figure 3.5B. In contrast to linear interpolation and smooth
interpolation which only need to find one or two contours above and below Cnew, spherical
interpolation must find all connected key contours belonging to the same surface when a new key
contour is added to accurately re-calculate the ‘sphere of best fit’. However, in the case of spherical
interpolation, the assumption had already been made that each surface was roughly spherical.
Consequently, computational performance was dramatically improved by not having to test for
branching when computing connections between contours in adjacent slices where the center of the
MBR of one (or both) contours fell within the boundary of the other contour in X and Y.

3.2.3 Results
3.2.3.1

Evaluation of basic contour parameters for different compartment types using manually
segmented data

‘Ground truth’ data against which we could directly evaluate the performance of our new
iterative/interpolation tools in terms of speed, accuracy and computational efficiency was generated by
conventional/manual segmentation of five tomograms provided for testing (golgi1, golgi2, golgi3,
golgi4, golgi5), each representing an equivalent cellular volume of ~4.83 µm3 (4.08 x 4.08 x 0.29
μm3) reconstructed with an estimated resolution of ~5 nm. The MG, IG, mitochondria, small vesicles
and Golgi cisternae were fully segmented using 3dmod by an expert user with substantial prior
expertise in conventional/manual segmentation of comparable data. Following segmentation, all
objects were meshed and then classified according to compartment/organelle ‘type’ using well
established criteria (Farquhar and Palade 1981, Futter et al. 1998, Jamieson and Palade 1966,
Klumperman et al. 1998a, Ladinsky et al. 1999, Marsh et al. 2001a, Marsh et al. 2001c, Marsh et al.
2004, McEwen and Markoa 2001, Noske et al. 2008, Orci 1976b, Orci et al. 1986, Orci et al. 1985,
Palade 1975, Palade and Porter 1954, Perkins et al. 1997, Perkins et al. 1998). Only objects fully
encompassed within the physical boundaries of the tomogram were included in the current analysis to
restrict testing to objects that could be segmented within ‘closed contours’; each dataset took
approximately ~100-120 h to segment by conventional methods. The final 3D models and the middle
Z slice for each test dataset are presented in (Figure 3.12A). The total number of contours for each
organelle type varied considerably between the datasets, reflecting relative differences in the number,
shape and size of organelles in the Golgi region among the five cells (Figure 3.12B). When assessed
over all five datasets, each tomographic slice had a mean of 353 contours representing: MG (18.5%),
IG (5.9%), mitochondria (1.8%), Golgi membranes (34.1%), vesicles (29.7%) and ‘other’ (9.8%).
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Although the Golgi cisternae occupied only 5.2% of the total combined volume, Golgi membranes
were disproportionately over-represented (i.e. mean of 2,025 contours per dataset with ~20 contours
per tomographic slice) due to their convoluted shape (cisternae often display holes and other
fenestrations in their surface) (Marsh and Howell 2002, Marsh et al. 2001c, Marsh et al. 2004), and
because each set of Golgi membranes is typically comprised of multiple, stacked cisternae. In contrast,
despite a mean of 111 MG per dataset (which occupied 9.6% of the total combined volume), on
average each granule contained ~60 contours due to their simple (roughly spherical) shape (i.e.
represented by a single contour per slice).

Figure 3.12 Relative contour composition for different compartment types in the five test datasets segmented using a
conventional/manual approach
(A) The middle slice (top row) and final model (bottom row) for each of the five datasets. (B) The number of contours of
each organelle type in each of the five datasets. (C) The number of contours (Y axis) with a given range of points (X axis)
summed over all datasets.

Analysis of the number of points per contour tallied across all five datasets revealed that
compartments with relatively simple shapes (e.g. MG, IG and mitochondria) exhibited a normal
distribution, whereas the distribution for the Golgi was skewed (Figure 3.12C). The mean number of
points per contour for different compartment types (95 ± 40 points for MG; 93 ± 56 points for the IG;
256 ± 119 points for mitochondria; 69 ± 68 for Golgi cisternae; 20 ± 38 for vesicles and 65 ± 42 points
for ‘other’ structures) was roughly proportional to length and shape complexity. Based on the above
data indicating that the majority of contours (for all compartment types examined) contained less than
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100 points (Figure 3.12C), we set 100 points per contour as the benchmark for evaluating the
computational performance of our interpolation routines.
3.2.3.2

Computing connections between contours for tiling and shape morphing is significantly
faster using length conservation methods

Tiling connected contours is often the most computationally expensive step in 3D segmentation
(Keppel 1975). The minimum area approach is used for tiling between contours on image planes
separated in Z for a wide range of volumetric image data (Fuchs et al. 1977), and is the default tiling
method in IMOD. Thus, we measured the computational performance of our two length conservation
tiling routines versus the standard minimum area metric using a set of simplified shape pair tests
(Figure 3.13). For each test, two key contours P and Q were generated (both containing N points) and
the mean central processing unit (CPU) time required to successfully execute each type of point
connecting function (n = 1,000) was determined, excluding the time taken to draw interpolated
contours.
We first evaluated the time taken by each tiling method to compute connections between different sets
of key contour shape-pairs (each containing 100 points) to measure the effect of contour shape on
computational time. Figure 3.13 shows the middle linearly interpolated slice between key contour P
(Figure 3.13A) and key contour Q (Figure 3.13E) using the minimum area metric (Figure 3.13B),
length conservation using the four point approach (Figure 3.13C) and length conservation using
convex points (Figure 3.13D); the mean processing time is shown (Figure 3.13G). These results
demonstrated that the time required to compute connections between points along each contour pair
for each method varied significantly depending on the shape configuration tested; random selection of
new starting points in Q, or ordering points in Q counter-clockwise, had negligible effects in terms of
CPU efficiency for any of the shape pairs tested. To further assess the effect that the number of points
in a contour has on performance, we chose two constant shape types with evenly distributed points
(the two key contours shown in Figure 3.13D) and measured processing time as the number of points
was increased. The CPU time for both the four point and convex points methods increased roughly
linearly with the number of points (0.225 ms, 0.350 ms at n = 100 and 0.875 ms, 1.851 ms at n = 500,
respectively), whereas the CPU time for interpolation using minimum area increased roughly
exponentially as the number of points increased (9.369 ms at n = 100 and 871.971 ms at n = 500).
To test the practical performance of these methods, we randomly selected 1,000 pairs of contours from
the test dataset golgi1; contours in each pair were 10-15 slices apart in Z and belonged to the same
surface. The average time to connect contours was 9.83 ± 60 ms, 0.11 ± 0.06 ms and 0.23 ± 0.34 ms
for the minimum area, four point and convex points methods, respectively. The largest of the contour
pairs tested had 440 and 730 points in key contours P and Q, respectively, and took 1,318 ms to
compute connections using minimum area, compared to 0.6 ms and 4.4 ms using the four point and
convex points methods, respectively.
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Figure 3.13 CPU performance comparison of methods for computing connections between adjacent contours of
differently shaped objects using simplified contour shape tests
(A) Key contour P; the lower key contour pair used in each test (a-j). The number of points (n) closed contour length (l) and
area (a) of each contour is shown. (B) Middle linear interpolated contour using the minimum area metric between (A) and
(E). (C) Middle linear interpolated contour using the length conservation method employing the four point approach. (D)
Middle linear interpolated contour using the length conservation method employing the convex points approach. (E) Key
contour Q; the upper key contour pair used in each test. (F) For each method, the mean CPU time taken for each function to
compute connections between points for each pair of contours (excluding the time taken to generate interpolated contours) is
shown in milliseconds (ms). (a) The ‘simplest’ test case: two identical circles. Minimum area performed significantly better
for this test (6.11 ms) than it did for any other shape pairs tested. Not shown: shifting the starting point in Q or re-ordering
points counter-clockwise in Q took 6.11 and 6.12 ms, respectively, using minimum area, with negligible differences
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measured for either of the length conservation methods. (b) To test the effect of translation on performance, Q was shifted 20
pixels in Y. Although all three methods required longer to compute connections compared to the identical circles test in (a),
minimum area ran significantly slower. (c) To test the effect of scaling between different contours, Q was reduced to
approximately 50% of the diameter of P. All methods showed an increase in CPU time compared to the identical circles in
(a), most notably minimum area. Not shown: Q was reduced in size along a single axis (Y) only; similar results were attained
(10.94, 0.185 and 0.295 ms, respectively) for all three methods. (d) To test interpolation between two different basic shapes,
we used a circle with a radius of 40 pixels and a square with sides of 60 pixels in length. Note that the four point approach
resulted in an undesirable ‘rotation’ effect because it matched the ‘left most’ point in P with the bottom ‘left most’ point in Q.
(e) Convex contours were used to represent ‘roughly spherical’ objects such as MG. Surprisingly, a comparison of the results
obtained for experiments (b) through (e) revealed that the CPU time required for computing connections between contours
does not directly reflect ‘perceived’ shape complexity (or lack thereof) of the starting contours. (f) Large concave contours
were drawn to represent more complex compartment/organelle shapes (e.g. immature insulin granules). In addition to slow
performance, the minimum area method typically generated the ‘jagged edge’ effects described in Results. (g) Convoluted
contour shape pairs were drawn and used to test how each method performed when computing connections between the kinds
of ‘branched’ structures that are frequently represented among some organelles such as the Golgi and mitochondria. (h)
Contours were drawn to represent membranes at the cell surface, which often exhibit ‘sharp corners’ from the perspective of
segmentation/interpolation where three or more cells intersect. (i) Tests to determine the effect of rotation on performance
yielded the most unusual outcome for all of the simplified shape tests, in that all three methods generated very different
interpolated contours between points on P and Q; the four point approach yielded the most satisfactory result. (j) Contours
representing so-called ‘budding’ profiles were used to test how well each method performed when interpolating the kinds of
events typically imaged by high-resolution ET studies of membrane traffic, whereby vesicles and/or tubules are preserved
emerging from but still fused with membranes of the Golgi and/or compartments of the endosomal-lysosomal system. In this
case, the minimum area approach yielded the most accurate interpolation outcome.

3.2.3.3

Comparing the accuracy of length conservation versus minimum area approaches

3D segmentation tests for compartments with more complex shapes revealed that using minimum area
to generate triangular meshes and/or linearly interpolate between two key contours with regions of
sparse point data typically yielded inaccurate connections (Figure 3.14 insets). As with all tiling
algorithms, each point must be connected to at least two points in the adjacent contour to form a
triangle; however, certain points which ‘stand out’ or ‘stand alone’ demonstrated a tendency to
become connected to multiple points using the minimum area method. Since these points then form
the apex of numerous triangles, the configuration of triangles that result can lead to unnatural ‘sharp’
corners between otherwise smooth contours, as highlighted with red arrows in Figure 3.14. These
sharp corners occurred most prevalently near concave regions of the contours and/or regions having
sparse point data (see also Figure 3.15 & Figure 3.20). Despite the addition of numerous evenly
spaced points in these regions in an effort to counter this effect, the minimum area method still tended
to yield undesirable interpolation outcomes. Although tripling the number of points (Figure 3.14B
compared to Figure 3.14A) noticeably improved the results, the middle inset highlights a ‘serrated
edge’ due to the aberrant formation of adjacent triangles; similar artifacts were identified in most of
the contours connected by minimum area on closer examination.
In contrast, the length conservation approaches tended to produce smooth interpolated contours in
almost every test case examined (Figure 3.14c-d, Figure 3.13C-D). Rather than connecting points in
a triangular formation, the length conservation approach creates additional points to form connections
and therefore rarely creates these ‘jagged edge’ artifacts. Interestingly, the length of the middle
interpolated contour created using minimum area, in spite of jagged edges, is always precisely equal to
the mean length of the two key contours (Figure 3.13), since every line segment in contour P and Q
forms the base of a triangle, and at the half point the connecting sides of any triangles yield half the
length of the base. For over 1,000 contours examined, the middle interpolated contours generated
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using the four point and convex points approaches were 2.02 ± 2.4% and 1.94 ± 2.42% smaller than
the mean length of the two key contours, respectively. However, the area of the middle interpolated
contour computed using minimum area was 21.6 ± 16.3% smaller than the mean area of their two key
contours, while the four point approach was 12.0 ± 12.4% smaller and the convex points approach was
11.7 ± 12.3% smaller.

Figure 3.14 Shape morphing using ‘length conservation’ methods versus ‘minimum area’ metric
(A) Various types of interpolation between two key contours P and Q with 40 and 80 points respectively, drawn around a
multi-granular body. (B) As per (A) but with the number of points in P and Q tripled to 120 and 240 points, respectively. (a)
Key contours P and Q with three evenly spaced slices between them. (b) Linearly interpolated contours using the minimum
area tiling metric between P and Q. The red arrows highlight one of several unnatural sharp corners, and blue arrows
highlight serrated edges. (c) Linearly interpolated contours generated using the length conservation (four point) approach,
with insets showing higher magnification views of slice 30 and 25 (i.e. numbered according to their relative positions in Z).
(d) Linearly interpolated contours using the length conservation method employing the convex points approach. (e) The slice
number. The connections formed by each method are shown at the bottom, with the selected ‘start points’ in P and Q shown
with red spheres. Scale bar: 100 nm.

Thus, we concluded that our length conservation methods tend to afford more accurate as well as more
efficient 3D segmentation outcomes for compartments exhibiting a range of different shapes in the
majority of cases. Our findings also showed that the convex points approach is less likely than the four
point approach to yield the occasional poor choice of starting point (e.g. Figure 3.6H). However, with
the aim of improved computational performance rather than overarching robustness, we elected to use
the four point method for all subsequent experiments.
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Figure 3.15 Typical examples of shape complexity
Contours drawn by conventional/manual segmentation of (A) a mature insulin granule, (B) an immature insulin granule, (C)
a vesicle, (D) a mitochondrion and (E-F) Golgi cisternae are presented. Each contour was chosen as a relatively
representative example based on the mean shape complexity measurements determined for each type of object/compartment
using total contour information derived from a conventionally segmented tomogram of the Golgi region (data not shown).
Concave points are shown as red dots, concave line segments as thick black lines and concave areas within the convex hull in
solid red. Examples of the relative proportion of concave points for compartments having different levels of shape
complexity are shown. Scale bars: 100 nm.

3.2.3.4

Manually tracing a compartment across every image slice in Z (conventional
segmentation) creates a ‘ruffling artifact’

One of several anomalies associated with 3D surface models generated by the conventional/manual
segmentation approach is the creation of a jagged surface when viewed perpendicular to the Z axis
(Figure 3.16). Although organelle membranes are naturally smooth and change only minimally
between adjacent tomographic slices, each user-drawn contour tends to deviate slightly from the actual
membrane path. As a result, surfaces generated from sets of manually drawn contours spanning a large
number of consecutive slices in Z invariably display a ‘ruffled’ appearance that we have called the
‘ruffling artifact’ (Figure 3.16A).
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Empirical evidence for the cause of this ruffling effect can easily be obtained by having expert user(s)
perform a simple experiment where they repeatedly trace a simplified shape/geometry (e.g. a circle) on
a computer screen using current software drawing tools for conventional/manual segmentation.
Regardless of the expertise and/or care taken by the user, it is almost impossible to trace the circle
perfectly in a reproducible manner. Invariably, successive contours diverge a few pixels from the last
adjacent contour at multiple regions. Despite poor documentation in the literature, artifacts such as
ruffling, which naturally occur as a consequence of manual segmentation, are well known in the field
and considered an acceptable limitation of current methods. In addition to producing unnatural
surfaces, this ruffling artifact can significantly detract from the accuracy of quantitative measurements
such as membrane surface area (SA) computed from the mesh data for an object.

Figure 3.16 The ruffling effect demonstrated using a single mature insulin granule as an example
(A) A model of a mature insulin granule spanning 126 slices traced on every slice and then meshed using IMOD shown in
side view (above) and top view (below). (B) The same granule spanning 114 slices segmented by drawing just three key
contours (shown as thick dark red lines) and interpolated using spherical interpolation. In contrast to (A), the model surface
appears smooth in both views. (C) XZ slice (above) and XY slice (below) through the center of the same granule. (D) Closeup view of the edge of the granule showing the contours drawn by the conventional/manual method (blue) versus spherical
interpolation (cyan). (E-H) The model from (A) after one (E), two (F), three (G) and ten (H) iterative applications of the
smoothsurf routine using default parameters. The red arrows highlight the ‘nipple effect’ in the models generated by manual
segmentation (see also Figure 3.17) that is absent from the interpolated surface in (B). Scale bar: 100 nm.

64

Consequently, conventionally segmented data are typically post-processed using smoothing routines to
minimize the undesirable consequences of this effect. In IMOD, a program called smoothsurf can be
used to shift points in adjacent contours belonging to the same surface in order to improve their
correlation. Although smoothsurf offers a number of command line options for experts, it was not
feasible for us to test all possible combinations of parameter settings for smoothing. In the current
analysis, we chose to assess the affects on surface ‘ruffling’ by running smoothsurf over multiple
iterations using default parameters (Figure 3.16E-H & Table 3.1) or just once using a number of
suggested parameters (Table 3.1). Figure 3.16 allows a direct visual comparison of the results
achieved by conventional/manual segmentation (i.e. by manually tracing the limiting membrane of a
compartment for every slice) of an insulin granule that spanned ~120 slices of the tomogram followed
by iterative rounds of smoothing with smoothsurf (using default parameters). The results of
conventional segmentation (with/without subsequent smoothing) are also compared against the surface
model generated for the same MG segmented by drawing just three key contours then implementing
the spherical interpolation routine (Figure 3.16B-D).
Smoothing Parameters
No smoothing
Default settings: x 1
Default settings: x 2
Default settings: x 3
Default settings: x 5
Default settings: x 10
Optimized settings: -surforder 2
Optimized settings: -nz 11 -dist 20
Optimized settings: -nz 15 -dist 25

Mean SA ± SD (%)
** 153.27 ± 14.65
* 114.93 ± 6.42
111.31 ± 5.49
110.85 ± 5.43
110.12 ± 5.22
107.31 ± 4.71
* 117.75 ± 11.82
* 113.53 ± 11.38
* 111.85 ± 11.23

Table 3.1 Spherical interpolation of spherical compartments provides more accurate MSA measurements than
conventional/manual segmentation by avoiding the ‘ruffling artifact’
The membrane SA (nm2) of insulin granules was computed from the triangular meshes of 3D surface models generated after
segmentation by either spherical interpolation (using three evenly spaced key contours) or the conventional method (i.e.
contours drawn manually on every image slice) with/without post-processing (see also Figure 3.16). Post-segmentation
smoothing was performed either by running the smoothsurf routine in IMOD with default settings over multiple iterations or
executing a single run using different optimized settings (as indicated). For optimized parameter settings in smoothsurf: surforder = polynomial order for surface fit to points in 3D (default = 3); -nz = number of sections in Z over which to fit
surfaces (default = 7); -dist = maximum distance for points included in fits (default = 15). Results are presented as mean SA
± SD (n = 30) expressed as a % value relative to the mean SA (nm2) determined from mesh data for spherically interpolated
insulin granules (i.e. arbitrarily set at 100%). Statistical analysis was performed using an unpaired Student’s t-test, where pvalues less than 0.05 (*) and 0.005 (**) were considered significant.

Although the variation among individual granule volume measurements determined from each of the
surfaces presented in Figure 3.16 was less than 2% (data not shown), the membrane SA
measurements varied significantly; surfaces generated from manually drawn contours (without
smoothing and/or following one round of smoothing) yielded significantly inflated SA values (p <
0.005 and 0.05, respectively) relative to the SA computed from the mesh data for the same granule
segmented using spherical interpolation. Table 3.1 compares the SA measurements computed for
each of the resulting 3D surface models graphed relative to the SA determined from the spherically
interpolated model. In the absence of additional post-processing to smooth manually drawn contours,
the mean SA of conventionally segmented granules was 53% ± 14% greater than the mean SA of
spherically interpolated granules. Although multiple iterations of smoothsurf significantly reduced the
severity of surface ruffling and thus minimized the contribution of ruffling to over-estimates of
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compartment SA (Figure 3.16F-H & Table 3.1), smoothsurf can also reduce the accuracy of userdrawn contours as it adjusts them to obtain a better fit between sequential contours in Z. Running a
single iteration of smoothsurf using three different sets of parameters aimed at providing improved
smoothing results over default settings (i.e. -surforder 2, -nz 11 -dist 20 and -nz 15 -dist 25) - the latter
two of which are suggested in the program’s man page (manual) - yielded SA measurements that were
17.75%, 13.53% and 11.85% greater, respectively, than the mean SA of spherically interpolated
granules (Table 3.1). In addition to providing significantly more accurate measurements of membrane
SA for the 30 granules examined, spherical interpolation afforded a significant (~11x) improvement
in speed. Manually segmenting each granule took on average 740 ± 140 s (12.6 min) and contained
73.7 ± 9.1 contours per surface (~10 s per contour). Because our spherical interpolation routine
typically required just three key contours to guide the algorithm, each granule took just 69 ± 14 s to
segment yet resulted in a similar number of final contours (70.6 ± 8.7 contours per surface).
3.2.3.5

Conventional segmentation of spherical compartments results in a ‘nipple effect’

In addition to the ruffling artifact, Figure 3.16 reveals another noticeable irregularity between
conventionally segmented versus spherically interpolated surfaces generated for the same insulin
granule. While the spherically interpolated model spans 114 slices and displays a smooth surface
which accurately reflects the membrane topology of the compartment at this resolution (~5 nm)
(Figure 3.16B-D), the 3D model generated by manual segmentation of the very same granule spans a
total of 126 slices. This is primarily due to a nipple-like aberration (‘nipple effect’) that occurs where
the object begins and ends relative to the Z axis, as indicated in Figure 3.16E by the two red arrows
(see also Figure 3.17). Like ruffling, these unexpected anomalies in the surface topology of spherical
compartments rendered following conventional/manual segmentation can be attributed to the relatively
low signal-to-noise ratio in cellular tomograms combined with the practical manner in which such data
are usually segmented as a stack of 2D slices. In regions where a membrane’s surface is perpendicular
to XY plane (Figure 3.16D), it is relatively easy to identify and trace through its center in each XY
slice. However, in regions where the same membrane surface is flush with the XY plane, it becomes
difficult to reliably determine the object’s center, and to ascertain where the compartment starts and
ends at its top and bottom in Z (Figure 3.17D). This problem is exacerbated by technical issues
inherent to ET related to the ‘missing wedge’ of data and reduced resolution in Z (Koster et al. 1997,
Mastronarde 1997, McIntosh et al. 2005).
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Figure 3.17 Image panel illustrating the ‘nipple effect’
(A) Higher magnification ZX view of the bottom of the mature insulin granule shown in Figure 5B. (B) The same view as
(A) comparing the manually drawn contours (blue) versus interpolated contours generated by spherical interpolation (light
blue). (C) The same view as (A) and (B) showing the meshed 3D surface to reveal the ‘nipple’. (D) A series of twelve
sequential tomographic slices equivalent to the Z planes highlighted in (A). (E) The same slices from (D) showing en face
views of user-drawn (blue) versus spherically interpolated contours (light blue) presented in (B) and (C). (F) Six different
examples of nipples including one (far right) where the model produced using spherical interpolation actually extends
beyond the boundary of the surface model generated by conventional manual segmentation. Scale bar: 100 nm.

3.2.3.6

Determining how segmenting every Dth slice affects the accuracy of 3D surfaces

In the interest of time and effort, it is not uncommon for users to abbreviate the segmentation process
by skipping image slices and segmenting only every second or third slice. Since a fundamental aim of
our interpolative approach is to reduce the absolute number of contours (both ‘key’ and ‘interpolated’)
necessary to accurately represent the 3D surface of an organelle after meshing, we examined the effect
of reducing the number of contours defining an object in Z by duplicating our five test datasets and
deleting all contours except those every Dth slice apart (starting with the bottom-most slice and
retaining the top-most slice) and evaluating the resulting surfaces after meshing. Figure 3.18 shows
the 3D surfaces representing a region of Golgi membranes and neighboring compartments generated
by segmenting objects using only every Dth slice. Surface models produced from contour data in
which slices were omitted during the segmentation process (e.g. Figure 3.18B-H) had a ‘smoothed’
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appearance resembling the effects of executing a smoothing routine on contour sets produced by
manual segmentation of every slice (Figure 3.16 & Table 3.1), and were likewise accompanied by a
loss of fine-grained structural detail. When summed over all five datasets, the total volume decreased
with the increased distance in Z between segmented slices (Figure 3.19A). Not surprisingly, this
decrease

was

more

pronounced

for

smaller

objects

such

as

vesicles

versus

larger

compartments/organelles, where the effect was often negligible. The total SA of organelles decreased
significantly by omitting slices as a consequence of surface smoothing, presumably yielding a more
accurate measurement of membrane SA at some optimal but unknown slice interval (Figure 3.19B).
Decreased SA was most pronounced for the (highly fenestrated) membranes of Golgi cisternae and
least pronounced for mitochondria. However, because it becomes increasingly difficult to correctly
solve for correspondence between contours on distant slices as the spacing between contours increases
(as illustrated in Figure 3.5B), we observed a general tendency for the total number of surfaces to
decrease as the Z distance between contours increased (Figure 3.19C).

Figure 3.18 The effects on model surface accuracy and quantification of segmenting every Dth slice
3D surface models produced after segmenting (A) every slice, (B) every 2nd slice, (C) every 3rd slice, (D) every 4th slice,
(E) every 8th slice, (F) every 12th slice, (G) every 16th slice and (H) every 20th slice. All models reveal the same gross
surface features for various compartments in the volume, i.e. two adjacent Golgi cisternae (grey and yellow), mature granules
(blue), immature granules (light blue) and small vesicles (purple). Red arrows highlight fenestrations (holes) in the surface of
Golgi cisternae which are not preserved if too many slices are omitted, thus jeopardizing the capacity to reconstruct (and thus
quantify) ‘real’ biological features that are functionally significant (Marsh et al. 2001c). In contrast, blue arrows highlight
surfaces which were still represented accurately despite using just two or three key contours, without any appreciable loss of
structural character (see also Figure 3.19C). Scale bar: 500 nm.
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Figure 3.19 Segmenting only a limited subset of contours/slices can reduce the accuracy of morphometric
measurements from 3D surface models for cellular compartments, relative to surfaces generated by segmenting every
image slice
Relative differences are shown with respect to the extent of any effect on reduced accuracy for measurements obtained from
the experiments shown in Figure 3.18 for (A) volume, (B) surface area (SA) and (C) the number of surfaces for different
types of compartments/organelles, summed over all datasets when segmented every n slices. Note all graphs share the same
key (C) and that in (A) and (B) the lower graph shows differences compared to segmenting every slice.

3.2.3.7

Practical implementation and performance assessment of iterative interpolation
techniques for segmenting cellular tomograms

To examine how well iterative/interpolation techniques performed for 3D segmentation of different
compartment types displaying a range of shape complexity (Figure 3.15), the test dataset golgi1 was
segmented using our different interpolation techniques followed by tiling using the length
conservation-four point approach. Using the interactive approach described above, a sufficient number
of key contours were drawn on different image slices in Z to ensure that the resulting interpolated
contours accurately delineated the membrane boundaries of the compartment and thus its surface
topology in 3D. For consistency, all key contours for the interpolation tests were drawn using only
standard drawing tools available in IMOD, and the time required for an expert user to segment
different types of organelles using our interpolative methods was recorded; empirically determining
the best zBridge value for iterative interpolative segmentation of each object in golgi1 was typically
around 30-40 s, depending on the size and complexity of the compartment (Figure 3.15). As noted
earlier, concave points tend to result in poor interpolation outcomes (Figure 3.6I & Figure 3.14). We
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determined the relative proportion of concave points per contour for all organelles based on the
segmentation data generated for dataset golgi1 and found that the relative fraction of concave points
for any given object provided a reasonable measurement of the relative complexity for that
compartment, compared to other compartments having more or less complex shapes (Figure 3.20).
For these purposes, we defined the ‘fraction of concave points per contour’ as the total number of
points less the number of points forming the convex hull, expressed as a fraction of the total number of
points per contour. For example, the relative differences in terms of basic morphometric parameters
determined for MG (Figure 3.15A) versus Golgi cisternae (Figure 3.15E-F) were accurately reflected
when the fraction of concave points per contour for each of these two compartment types was
calculated (Figure 3.20).

Figure 3.20 Fraction of concave points for different cellular compartments
The fraction of concave points was calculated using contour/segmentation data for a range of different types of organelles
and compartments using dataset golgi1, and as defined in the main text. Briefly, the ‘fraction of concave points per contour’
equals the total number of points minus the number of points forming the convex hull expressed as a fraction of the total
number of points per contour. Note that the black line represents a total generated over all contours (weighted over all
organelle types), and shows that ~14% of all contours were completely convex, ~50% of all contours contained <20%
concave points, and ~75% of contours contained <39% concave points.

3.2.3.8

Spherical interpolation versus smooth interpolation

As suggested by our simplified shape test experiments (Figure 3.13), the choice of interpolation
routine was crucial to the accuracy and efficiency with which different types of organelles were
segmented. For example, MG and vesicles were best suited for segmentation by spherical
interpolation; conversely, IG, multi-granular bodies and a large number of elongated mitochondria
were better suited to smooth interpolation due to the frequency of branching for these compartments.
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A qualitative trial assessment of interpolated contours using evenly spaced key contours demonstrated
that crude smooth interpolation generally produced more accurate results than pointwise smooth
interpolation. As shown in Figure 3.21, pointwise smooth interpolation tended to be more susceptible
to changes on one region/side of a surface (thus requiring the addition of more key contours) than
crude smooth interpolation. Using crude smooth interpolation, the 20 IG in golgi1 took just 28 min to
segment as only 8.4% of the total contours were user-drawn key contours. A similarly efficient result
was achieved segmenting mitochondria in the same volume (14 min), whereby only 6.7% of the 726
contours in total were key contours. Using spherical interpolation to segment the 88 MG in golgi1
took 115 min; only 5.5% of the 5,906 contours in total were key contours. Segmenting the 564
vesicles by spherical interpolation took 343 min for the generation of 13,089 contours, of which
12.8% were key contours. However, it should also be noted that this included a few instances where
IG branched, requiring the user to switch from spherical interpolation to smooth interpolation for
improved handling of the more complex branched morphologies.

Figure 3.21 Demonstration of two different smooth interpolation techniques used to delineate three small vesicles that
differed in shape
The result of applying the (A) crude smooth interpolation routine (purple) versus the (B) pointwise smooth interpolation
routine (orange) over the same set of key contours (shown with thicker lines). (C) The extent of overlap (red) revealed
between the surface model output from (A) and (B). (D) Interpolated contours from each model on the slice indicated in (C).
Although interpolated contours from both crude smooth and pointwise smooth interpolation were usually similar in profile,
the red arrows highlight a specific example in which pointwise smooth interpolation produced less desirable results between
key contours that were significantly different in shape.

3.2.3.9

Linear interpolation affords improved segmentation of complex organelles like the Golgi

Golgi membranes were the most difficult to segment using either form of smooth interpolation due to
the large number of holes and fenestrations that are characteristic to Golgi cisternae and reflect the
highly dynamic structure of this organelle (Marsh and Howell 2002, Marsh et al. 2001c, Rambourg
and Clermont 1997). These kinds of convoluted features in the membrane surface significantly
increased the complexity of each cisterna’s shape from an algorithmic perspective, presumably due to
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the corresponding increase in the proportion of concave points. As a result, the relatively simple
contour merging/branching system used in our smooth interpolation routines did not work well and
frequently generated contours that did not accurately conform to the shape of cisternal membranes.
The most accurate and efficient results for 3D segmentation of Golgi membranes were achieved using
linear interpolation implemented with the automatic branch detection feature turned off; branching
within an individual cisterna was more reliably and quickly captured by drawing additional key
contours on either side of each branch point on each slice (Figure 3.22). Using linear interpolation to
accurately segment Golgi cisternae in golgi1 took approximately 16 h and required 22.6% key
contours of the 7,994 contours in total. Compared to mitochondria which generally exhibit less
complexity in terms of morphology (Figure 3.15), the fraction of key contours necessary to accurately
segment the Golgi was three times higher and the average time required to draw each key contour was
almost double (32 s for Golgi cisternae versus 16.5 s for mitochondria). Certain subregions of the
Golgi (e.g. trans-cisternae) that typically displayed even greater shape complexity relative to the
cisternae in the main part of the stack (i.e. main cisternae) required the user to draw very complex key
contours (Figure 3.23); in these regions, it was also often necessary to draw key contours on almost
every slice. Overall, however, the quality and efficiency of Golgi segmentation using linear
interpolation was considerably improved compared to conventional/manual segmentation.

Figure 3.22 Demonstration of linear interpolation for segmenting the membranes of compartments displaying highly
convoluted shapes such as the trans-cisterna of Golgi stacks
(A,B) Top and side views, respectively, of a small portion of a cisterna at the trans- or ‘exit’ face of the Golgi complex
segmented using the linear interpolation routine; key contours are shown in black. (C-E) Three slices from the position
shown in (B), where the contours exhibit a relatively complex shape. Red arrows highlight regions of interpolated contours
which conform poorly to the image data. Scale bar: 100 nm.

72

Figure 3.23 Concave length for contours of Golgi cisternae
By way of example, we present a scattered point graph that shows concave length as a fraction of the total length for each
contour derived from segmentation of part of the trans-cisterna of Golgi stacks. The contour data reflect the cisterna’s
fundamental morphological characteristics, in that short contours were mostly convex, whereas longer contours were almost
completely concave. The insets provide illustrative examples of different contours mapped to their corresponding data points,
with concave length expressed as a percentage of the total length indicated for each contour shown. Scale bars: 100 nm.

3.2.3.10

Combining iterative interpolation with new interactive drawing tools for even faster and
more accurate segmentation of compartments

In addition to the time that is needed for the primary segmentation of compartments in large
tomograms, substantial time is required to manually correct poorly fitting contours (e.g. almost 3
months of the 12 months required to segment the example shown in Figure 3.1 were spent parsing the
contour sets and surface data after primary segmentation to ensure their accuracy). Since manually
editing contours is quite cumbersome using existing tools, we developed a number of interactive
drawing tools to improve the speed and accuracy of manual segmentation for drawing key contours as
well as modifying interpolated contours. To test the potential benefits of incorporating the use of
improved drawing tools with our interactive interpolation approach, golgi1 was segmented from
scratch by the same user employing the interpolation routines as above, but with access to an
improved ‘Sculpt’ drawing tool mode in the interface (Figure 3.2B). Using this tool to draw new key
contours or correct interpolated contours afforded significant improvements in the speed with which
all compartment types were segmented (compared to using conventional drawing tools) when
combined with iterative interpolation: MG, IG, mitochondria, Golgi cisternae, vesicles and ‘other’
structures were segmented 41%, 57%, 36%, 36%, 35% and 47% faster, respectively. Surprisingly,
although the total number of contours generated for each compartment was similar, the relative
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percentage of key contours increased by 6%, 30%, 16%, 14% and 12% for vesicles, MG, IG,
mitochondria and Golgi cisternae, respectively. Thus, in view of the significant improvements in speed
demonstrated across all compartment types (regardless of size or complexity) simply through use of
better drawing tools, our findings strongly suggest that improved basic drawing tools are likely to play
an important and ongoing role in hybrid strategies for faster and more accurate 3D segmentation of
complex 3D image data using an interactive/iterative interpolation approach.

3.2.4 Discussion
The astonishing degree of biological complexity revealed by analysis of high-resolution cellular
tomograms (such as an example shown in Figure 3.1) reinforces the notion that deriving precise 3D
models of cellular architecture - through a process as fundamental as image segmentation - has the
potential to provide a more ‘holistic’ view of how cells are organized in terms of 3D structure-function
relationships at the level of their component parts (Baumeister 2002, Goodsell 2007, Lehner et al.
2005, McIntosh 2001, Rafelski and Marshall 2008). Insights afforded through a ‘cellular cartography’
approach thus complement the wealth of information already available at the biochemical level from
traditional ‘reductionist’ approaches which have dominated mainstream investigations of cell biology
over recent decades, and reiterate the value of developing new image analysis techniques that are more
robust from a mathematical/computational perspective.
With ongoing development, automated approaches will undoubtedly become the default method for
segmenting cellular tomograms, and will avoid potential concerns related to the degree of
subjectivity/user bias (Marsh 2005, Marsh et al. 2004, Volkmann 2002). However, the extent of
crowding/juxtaposition of membrane-bound compartments and organelles within the cytoplasm
revealed in Figure 3.1B provides some indication of the level of sophistication that will likely be
required (e.g. pattern recognition, texture mapping, machine learning) for more advanced
computational approaches for automatic 3D segmentation to succeed. Adopting a simpler interactive
approach for handling the 3D complexity frequently encountered in biological images is far from new
for this very reason (Ress et al. 2004, van der Voort et al. 1993), including the development of
methods for fast volume rendering/surface display (Noordmans et al. 1997). Indeed, a number of
commercial software applications such as Imaris (Bitplane AG, Zurich, Switzerland) and Amira
(Visage Imaging GmbH, Berlin, Germany) provide interactive as well as interpolative segmentation
tools within their packages. Generally, however, these have neither been designed to deal with the
level of noise inherent to the kinds of ET data analyzed here nor developed fully enough to handle the
characteristic range of morphometric complexity exhibited by different organelles. Nevertheless, as
demonstrated here, interactive tools that allow users to quickly review, identify and correct erroneous
contours where even sophisticated segmentation routines yield inaccurate outcomes (particularly for
complex organelles like the Golgi and endoplasmic reticulum) look set to continue playing an
important role in what will likely remain an interactive and iterative refinement process for
segmenting cellular tomograms into the foreseeable future.
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In the present study, we report on a set of techniques that significantly extends current methods for
manual segmentation using an interactive/iterative interpolation approach (crude smooth, pointwise
smooth, spherical interpolation) to afford faster and more accurate 3D segmentation of cellular
tomograms. The solution we present reflects a hybrid approach for 3D image analysis by effectively
predicting the shape of compartments during the segmentation process by showing the fit of computergenerated interpolated contours on each image slice, guided by user-drawn ‘key’ contours. When
combined with improved methods for tiling/shape morphing, we demonstrate that this approach
affords significant improvements in segmentation accuracy and efficiency for a wide variety of
organelles and compartments in mammalian (insulin-secreting) cells compared to manual
segmentation of the same compartments using conventional techniques. Moreover, while our iterative
interpolation approach alone afforded a ~4-fold improvement in speed for complete segmentation of
an entire cellular tomogram (~25 h for test dataset golgi1) compared to conventional/manual
segmentation (~100 h for test dataset golgi1), the combination of this interpolation approach with new
interactive drawing tools significantly reduced the time taken to completely segment the same
tomogram (~14 h for test dataset golgi1).
3.2.4.1

Caveats on assessing the accuracy of segmentation outcomes

One of the major challenges associated with comparing the accuracy of segmentation results obtained
by different techniques is that any assessment is largely restricted to a qualitative judgment by an
expert user(s). However, in the current analysis, precisely mapping the extent of overlap between the
surface models generated by different interpolation routines run on the same data (Figure 3.21)
provided a reliable means for more quantitatively determining how accurately each set of interpolated
contours conformed to the membranes of segmented compartments in all three dimensions. This
allowed us to assess the relative strengths and weaknesses of each interpolation technique for
segmenting different compartment types exhibiting different levels of morphometric complexity
(Figure 3.15), or even for comparing segmentation outcomes for an organelle comprised of multiple
distinct compartments such as the Golgi (Figure 3.23).
3.2.4.2

Conventional segmentation yields a number of undesirable segmentation artifacts

Even when manually drawn contours are smoothed to minimize line segment irregularities that occur
as a result of the manual segmentation process, significant inaccuracies remain due to ‘ruffling’ and
the ‘nipple effect’ (Figure 3.16, Table 3.1 & Figure 3.17). Likewise, although segmenting every
second or third slice can effectively reduce the severity of these artifacts, skipping slices during
segmentation ultimately reduces the accuracy and/or structural detail of segmented surfaces, most
notably for either small objects like vesicles or more complex compartments such as Golgi membranes
(Figure 3.18 & Figure 3.19C). Although the interpolation approaches we have described generally
required far fewer user-drawn (key) contours compared to conventional segmentation of the same
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datasets, comparable results were achieved more efficiently without any sacrifice to the
quality/accuracy of the 3D surface model produced.
3.2.4.3

Selecting the best interpolation method: considerations of compartment size and shape
complexity

A key finding in the current study was the effect of compartment size and shape complexity on the
accuracy of performance for the various interpolation algorithms examined. It is noteworthy that many
attempts at automated segmentation to date have employed a single algorithm for segmentation of a
wide range of compartment types in tomograms. In almost every test case examined here, significant
improvements were achieved for segmentation accuracy and efficiency once the most appropriate
interpolation routine was determined for a given type of organelle. Since interpolated contours were
drawn by the computer on every slice between connected key contours, the user could quickly identify
which techniques performed most robustly for different compartment types. Because organelle
membranes are typically smooth, crude smooth interpolation and spherical interpolation tended to
demonstrate the best overall performance for segmenting a wide range of compartments; each of these
interpolation techniques depended not only on contours conforming well on each XY slice, but also on
the membrane surface of the compartment having a smooth appearance when sliced along any
arbitrary plane in the volume. However, for organelles having a more complex shape/surface topology
like the Golgi, linear interpolation provided the most reliable overall improvements in terms of both
accuracy and efficiency. Nevertheless, despite demonstrating improved tiling results compared to the
minimum area method, the length conservation approaches generally yielded poor interpolation
outcomes over large complex contours such as Golgi trans-cisternae, suggesting that new tiling
algorithms better able to match features between key contours for complex compartments constitutes a
separate topic for ongoing investigation.
Our results demonstrated that the fraction of key contours required to generate an accurate 3D surface
by interpolation increased in proportion to the relative complexity of the surface (e.g. 6.7% for
mitochondria using crude smooth interpolation versus 22.6% for Golgi cisternae using linear
interpolation). However, our results also revealed the effect of compartment size on algorithm
performance for objects having similar shapes and complexity; the fraction of key contours needed to
yield an accurate surface using spherical interpolation actually decreased as the size of the organelle
increased (e.g. 12.8% for vesicles versus 5.5% for MG). Regardless of scale, each compartment
appeared to have an optimal number of key contours needed to interpolate its surface accurately. Since
the fraction of key contours required to achieve optimal segmentation results using interpolation
approaches appeared to be inversely proportional to the time saved by interpolation, we predict that
cellular tomograms demonstrating even higher resolution (with a corresponding decrease in pixel size)
are likely to yield even better performance gains using interpolation than the results achieved in the
current study.
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3.2.4.4

The future of segmentation for ET: more advanced hybrid schemes

As noted above, one of the most important outcomes from the current study was that compartment size
and shape severely affected the effective performance of the various interpolation routines we tested.
We determined that the relative fraction of concave points for a given compartment provided a reliable
measure of the relative complexity for that compartment, and thus guided our choice of the most
appropriate interpolation algorithm for segmenting that compartment as accurately and efficiently as
possible. Consequently, we envisage that a more advanced hybrid approach might first employ a
segmentation algorithm that yields reasonable results for a broad range of compartments to permit an
initial assessment of compartment complexity (e.g. by crudely determining the relative fraction of
concave points). The resulting estimate of shape complexity could thus guide selection of the most
effective algorithm for subsequent high performance segmentation; such a strategy might constitute an
effective multi-step ‘processing pipeline’ for iterative segmentation that incorporated hybrid
segmentation schemes using active contours or snake algorithms (Nguyen and Ji 2008). Such
approaches will likely be required to reliably segment complex organelles like the Golgi. Although our
linear interpolation technique offered a genuine improvement in efficiency (especially when
combined with more effective drawing tools), our results highlighted the need for more sophisticated
correspondence, branching and tiling methods for more optimal interpolation of surfaces having
multiple branches and holes. Given that 3D segmentation maps of cells are likely to contribute to
computational experiments aimed at integrating spatial constraints with measurements of biophysical
forces at the subcellular level (Le Novere et al. 2009, Rafelski and Marshall 2008, Reeves and Fraser
2009, Sali et al. 2003), generating 3D spatial data for cells at the nanometer scale as quickly and as
precisely as possible should be viewed as key for the success of more advanced in silico studies of the
cell as a spatial/structural ‘unit’ for investigating basic cellular processes and organizational principles
from a mathematical perspective.

77

3.2.5 Supplementary information

Figure 3.24 Contour shape complexity for different types of organelles
Four measurements of shape complexity as averaged over all contours for mature granules, immature granules, mitochondria,
Golgi cisternae, small vesicles and all other membrane bound compartments after traditional segmentation of the golgi1
dataset. (A) The mean percentage of contour points not belonging to the convex hull around each contour. (B) The mean
percentage of contour length not belonging to the convex hull. (C) The mean percentage of total concave area inside the
convex hull. (D) The mean compactness of contours. Note that error bars represent standard deviation. Dataset: golgi1.
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Chapter 4

IMPROVING ACCURACY OF WHOLE CELL
TOMOGRAPHY

The first part of this chapter includes a paper and its supplementary data, followed by additional
techniques which form part of another paper.
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4.1 Introduction
In addition to the need for faster segmentation, the 3D reconstruction by ET of the first whole
mammalian cell at ~15 nm in the current study presented several unique challenges. Firstly, at these
relatively low magnifications (3900-4700×) it became difficult to reliably track gold fiducial particles
across all images in a tilt-series, which ultimately resulted in reduced tomogram quality. Although it
was possible to segment all the major compartments of the insulin secretory pathway, the quality of
the first two whole cell reconstructions (cell01 and cell02) was insufficient to resolve finer structures
such as microtubules and protein coats. Secondly, the height of the sections in Z following tomogram
computation deviated substantially from the predicted height, warranting the need for a novel method
to more accurately estimate section collapse. Finally, due to non-uniform specimen thinning, reduced
tomogram quality and the large area of the tomograms in XY, it became impossible to seamlessly
align the top and bottom of adjacent sections in XY using uniform transformations alone.
Before undertaking detailed comparative analyses of the whole cell tomograms generated for the four
cells under study, it thus became critical to first evaluate and then address each of these technical
issues to obtain the most accurate data possible. This chapter focuses on the development of several
novel methods used to improve the accuracy of the final whole cell models in this PhD project,
excluding the improvements offered by interpolation discussed in the previous chapter.
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4.2 [PAPER]:
Computational analysis of spherical organelles for improved
isotropic reconstruction of cellular tomograms
Andrew B. Noske1,2, Janette M. Galea1, Adam J. Costin1, Garry P. Morgan1, Mark A. Ragan1,2 and
Brad J. Marsh1,2,3
1

The University of Queensland, Institute for Molecular Bioscience, St Lucia, QLD 4072, Australia
The University of Queensland, ARC Centre of Excellence in Bioinformatics, St Lucia, QLD 4072, Australia
3
The University of Queensland, Centre for Microscopy & Microanalysis and School of Chemistry & Molecular Biosciences,
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4.2.1 Introduction
Over the past two decades, ET has asserted itself as an important technique for elucidating 3D
structure-function relationships at the subcellular level in situ by bridging the ‘resolution gap’ that has
historically existed between light microscopy (LM) and structural biology at the level of 3D spatial
data. More recently, ET has attracted attention because of the interest in using cellular tomograms as
precise spatial scaffolds for in silico studies of cell biology and biophysics in an accurate 3D context
(Bork and Serrano 2005, Burrage et al. 2006, Goodsell 2007, Lehner et al. 2005, Sali et al. 2003).
Cellular tomography - the term often used when ET is employed for 3D image reconstruction of cells
as opposed to isolated organelles or macromolecules - is carried out using cells that are either frozenhydrated or have been embedded in plastic (‘resin’) following chemical- and/or cryo-fixation
(Baumeister 2002, Marsh 2005, McDonald and Auer 2006, McIntosh 2001). High-resolution cryo-ET
studies of frozen-hydrated prokaryotic cells and simpler eukaryotes have generated considerable
enthusiasm for the idea of mapping macromolecules in situ in 3D in a near-native state (Baumeister
2002, Baumeister 2004, Beck et al. 2004, Bohm et al. 2000, Frangakis et al. 2002, Grimm et al. 1998,
Kurner et al. 2005, Medalia et al. 2002, Nickell et al. 2003). However, the dimensions of most
mammalian cells preclude imaging them in toto in even the most powerful instruments, so cells must
be cut into sequential slices (‘sections’) to work around the physical limits of specimen thickness for
viewing by transmission EM (TEM). Since cutting sections from frozen-hydrated cells and imaging
them under low-dose conditions by cryo-ET presents unique challenges only mastered by a handful of
groups to date (Al-Amoudi et al. 2004a, Al-Amoudi and Frangakis 2008, Gruska et al. 2008, Hsieh et
al. 2002, Leis et al. 2009, McDowall et al. 1989, Nicastro et al. 2006, Pierson et al. 2009), our
investigation has focused exclusively on improving the accuracy of 3D spatial data derived from
cellular tomograms computed from 2D images of semi-thick sections cut from plastic-embedded cells.
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Figure 4.1 Mature insulin granules in pancreatic beta cells approximate spheres
A conventional 2D electron micrograph showing part of an insulin-secreting cell imaged from a thin (~60 nm) section cut
from a murine pancreatic islet prepared for EM by high-pressure freezing, freeze-substitution and embedment in resin/plastic.
Mature insulin granules (black asterisks) typically have a spherical shape, and display circular profiles when viewed in crosssection. White asterisks highlight grazing views of granules that are only partially contained within the volume of the section.
White arrows identify granules containing multiple insulin crystals within their lumen. Black arrows highlight mature
granules that are spheroidal (thus viewed as ellipsoid profiles in cross-section). GS, Golgi stacks; M, mitochondria; N,
nucleus; PM, plasma membrane; MGB, multi-granular body. Scale bars: 1000 nm.

4.2.1.1

The resolution of cellular tomograms depends largely on section thickness

Just as cells prepared for LM can be stained with various light-absorbing dyes to help highlight
different features during imaging, cells processed for ET are typically fixed and stained using a variety
of heavy metal salts (e.g. uranyl acetate, lead citrate, osmium tetroxide) to enhance interactions
between incident electrons and biological structures that have been coated (‘stained’) with electron
dense atoms for improved image contrast and visualization in the EM (Marsh 2005, McDonald and
Auer 2006, McIntosh 2001) (Figure 4.1). Mammalian cells prepared for EM and embedded in plastic
are normally cut into sections ~300-400 nm thick for high-resolution ET. Although sections are often
imaged individually, ET of serial sections enables the study of larger structures without sacrificing
resolution (Ladinsky et al. 1999, Marsh et al. 2001a, Soto et al. 1994). It is noteworthy that many
dozens of serial semi-thick sections are needed to span the entire volume of a single mammalian cell
(Noske et al. 2008). Generally, the choice of section thickness reflects a compromise between the
efficiency of data collection and the final resolution that is required to address the biological
question/structure under investigation. Although theoretically determining the resolution of cellular
tomograms remains a complex issue, section thickness is a major factor (Cardone et al. 2005,
Crowther et al. 1970, Crowther and Luther 1984, Mastronarde 1997, Midgley and Weyland 2003,
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Radermacher 1992). Thus, cutting semi-thick sections (300-400 nm) rather than conventional thin (60100 nm) sections affords reconstruction of larger cellular volumes without losing the ability to resolve
fine structural details (Marsh 2005). For other ET studies where such detail is not required, truly thick
sections (e.g. 1-3 µm) can be used to survey the cell/tissue of interest in 3D with adequate resolution
to characterize structures of interest (Bouwer et al. 2004, Wilson et al. 1992); conversely, higher
resolution can be attained when required by cutting/imaging thinner sections (Frank 1992,
Radermacher 1992). Consequently, ET normally relies on the use of instruments that operate at
higher-than-normal accelerating voltages (i.e. ≥300 keV versus 80-120 keV) to generate electrons with
enough energy to pass through and interact with thicker sections in a manner that produces useable
projection images (Ladinsky et al. 1999, Ladinsky et al. 2002, Marsh et al. 2001a, Soto et al. 1994).
Moreover, the thickness of a specimen tilted to 60° is effectively doubled along the path of the
electron beam, and tripled at 70° (O'Toole et al. 1999).
4.2.1.2

Plastic sections undergo physical changes in the TEM during imaging

Sections cut from plastic-embedded biological samples are subject to a number of substantial physical
changes during image acquisition for ET, which collectively result in ‘shrinkage’ of the section due to
the cumulative effects of electron dose (Berriman et al. 1984, Berriman and Leonard 1986). In contrast
to conventional 2D views of thin sections by EM - in which many of these changes are either not
readily apparent or inconsequential - understanding the precise nature/extent of such physical
distortions of the specimen that occur during exposure to the electron beam is key to ensuring that
quantitative/spatial data derived from cellular tomograms accurately reflects the state of the cell prior
to imaging.
The most pronounced change - and the primary focus of the current study - reflects the ‘collapse’ of
plastic sections in the direction of the electron beam (i.e. in Z), which occurs almost instantaneously
upon irradiation as an exponential first-order decay event that quickly tapers off (Braunfeld et al.
1994, Cosslett 1960). Although section collapse is widely regarded as a uniform process (Bennett
1974, Braunfeld et al. 1994, Kremer et al. 1990, Luther 2005, Luther 1992, Luther et al. 1988), one of
the few studies to examine this event using 3D structural information contained within tomographic
reconstructions of sections provided evidence that it is a non-linear phenomenon (van Marle et al.
1995). Previous studies of section collapse - which have mostly relied on monitoring gross changes to
the sections themselves - have determined that it depends on a variety of factors including electron
dose (e-/nm2/s), the type of plastic/resin, the nature of the biological material and the
accelerating/operating voltage (keV) of the microscope (Bennett 1974, Berriman et al. 1984, Berriman
and Leonard 1986, Braunfeld et al. 1994, Kremer et al. 1990, van Marle et al. 1995). Notably, the
severity of the physical changes that occur as a consequence of beam-induced damage are reduced in
TEMs which operate at higher-than-normal accelerating voltages (i.e. ≥300 keV) due to the higher
energy of the incident electrons interacting with the specimen, compared to conventional TEMs
operated at normal voltages (i.e. 80-120 keV) (Braunfeld et al. 1994, Kremer et al. 1990, Luther 2005,
Luther 1992, Luther et al. 1988). For example, section collapse is actually more pronounced at lower
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voltages; sections embedded in the widely used resin mixture Epon-Araldite (‘Epon’) collapse by as
much as 50-60% at 60-120 keV, compared to ~40% for Epon sections imaged at 300-1,000 keV
(Bennett 1974, Berriman et al. 1984, Berriman and Leonard 1986, Braunfeld et al. 1994, Kremer et al.
1996, Luther 2005). Although it has been widely reported that some plastics are more susceptible to
the effects of beam-induced damage (including section collapse) than others (Bennett 1974, Luther
2005, Luther et al. 1988), there have also been reports to the contrary (Braunfeld et al. 1994).
However, with respect to the current analysis, Epon is generally considered one of the more resilient
resins for use in ET studies of plastic-embedded cells, and has been shown to behave consistently in
terms of the extent of collapse for different types of samples imaged in the EM at a given accelerating
voltage (Braunfeld et al. 1994, Kremer et al. 1990, Luther 2005, van Marle et al. 1995). The most
likely explanation for the phenomenon of section collapse in the EM is that it reflects the final and
complete polymerization of the embedding resin under high-vacuum upon initial exposure to the
electron beam, since plastic-embedded cells are polymerized to a hardness that is optimal for cutting
sections of uniform thickness using a microtome, but prior to the point where the resin becomes too
hard and brittle to section reliably (Marsh 2005). To compensate for section collapse, it is customary
to stretch 3D surface models derived by segmenting cellular tomograms along the Z axis by a factor
that will hereinafter be referred to as zScale, such that the final Z height of modeled objects correctly
reflects their inferred native state.
A second phenomenon called ‘thinning’ occurs progressively over the course of image data collection,
and can result in a further loss of section thickness by up to 4% (Bennett 1974, Berriman et al. 1984,
Berriman and Leonard 1986, Braunfeld et al. 1994, Luther 2005, Luther 1992, Luther et al. 1988,
Mastronarde 1997). Although the exact nature of section thinning is less well understood than
collapse, it is often referred to as ‘mass loss’ from the section surface(s) and increases linearly with
electron dose (Braunfeld et al. 1994). Since thinning/mass loss presumably reflects the physical
vaporization of material due to ionizing radiation in the EM, cutting and imaging thicker sections
reduces loss by minimizing the number of sections (and hence section surface area) from which
material can be lost (Marsh 2005). Unlike collapse, however, specimen thinning can be reliably
determined during tomogram computation using the least-squares approach to monitor relative
changes in the XYZ coordinates of gold fiduciary particles placed on both major surfaces of sections
for use in subsequent image alignment (Braunfeld et al. 1994, Luther 2005, Mastronarde 1997).
A host of other changes can occur to plastic-embedded specimens due to cumulative electron dose
resulting from destructive physical interactions between inelastically scattered electrons and embedded
cellular material, as well as secondary ‘knock-on’ events related to free radicals generated within the
section (Braunfeld et al. 1994, van Marle et al. 1995). For the sake of brevity, however, we will omit
specific discussion of these events except to point out that through a combination of increased
awareness of beam-induced damage and improvements in hardware/software automation over recent
years, current strategies to minimize dose to plastic-embedded biological specimens during imaging
significantly reduce the severity of these effects.
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Because the accuracy of zScale values used to re-scale 3D models has recently been called into
question and prior investigations of this phenomenon have mostly relied on monitoring gross changes
to the sections rather than examining changes to cellular structures within the tomograms themselves,
we have developed a novel approach for estimating zScale by determining the extent of section
collapse based on surface profile analysis of large numbers of approximately spherical organelles in
high-resolution cellular tomograms. In this study, we chose mature insulin granules (MG) for analysis
as they are relatively large (250-350 nm in diameter) (Marsh et al. 2003, Noske et al. 2008, Olofsson
et al. 2002, Orci et al. 1977, Sato and Herman 1981, Yorde and Kalkhoff 1986, Yorde and Kalkhoff
1987), numerous, relatively evenly distributed within the pancreatic beta cell and often spherical in
shape (Figure 4.1). Analysis of real datasets derived from 30 tomographic reconstructions of semithick (~300-400 nm) sections that contained ~100 MG per section accompanied by analysis of over
100 equivalent synthetic datasets indicated that section collapse was substantially less (~25%) than
previous estimates (~40%). These findings directly afford a significant improvement in the accuracy
of quantitative/spatial data derived from high-resolution 3D reconstructions of cells, and provide a
novel computational approach for the improved isotropic reconstruction of volumetric image data that
requires no prior measurement or specialist knowledge of EM/ET data collection parameters such as
electron dose, section thickness or specimen preparation.

4.2.2 Methods
4.2.2.1

Specimen preparation

Intact islets of Langerhans isolated from adult mouse pancreas as previously described (Gotoh et al.
1985, Marsh et al. 2004, Nicolls et al. 2002) were cultured overnight in RPMI medium containing
10% (v/v) fetal bovine serum and 5.6 mM D-glucose equilibrated with 5% CO2 at 37°C. Prior to cryofixation, islets for ‘stimulated’ studies were cultured for ~60 min in medium containing 11 mM Dglucose. Islets were high-pressure frozen and freeze-substituted using a HPM010 freezer and AFS
device (Leica Microsystems) followed by embedding in Epon-Araldite resin (ProSciTech, Australia;
EMS, USA) as described elsewhere (Marsh et al. 2004). Ribbons of semi-thick (300-400 nm) sections
cut using an UltraCut-UC6 microtome (Leica Microsystems) were collected onto Formvar-coated
copper slot grids, post-stained with 2% aqueous uranyl acetate and Reynold’s lead citrate, and carboncoated to minimize charging in the EM. Colloidal gold particles (10 nm) were added to the top and
bottom surfaces of the sections for use as fiducial markers during subsequent image alignment,
distortion correction and tomogram computation (see Section 4.2.2.2). For the datasets used in the
current investigation, sections were cut from ‘stimulated’ and ‘non-stimulated’ cells using microtome
settings of 350 nm and 300 nm, respectively.
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4.2.2.2

Generating tomograms of large cellular volumes by ET

The methods used for imaging and 3D reconstruction by dual-axis ET have been described elsewhere
in more detail (Marsh 2007, Marsh et al. 2001a, Marsh et al. 2004, Mastronarde 1997). Sections were
initially stabilized with respect to both section collapse and specimen thinning prior to image
acquisition by pre-irradiation in the EM at low magnification (140×) for 10 min at 0° tilt, followed by
an additional 10 min exposure at high tilts (±66°). This ensures that section collapse has already taken
place before the first image is acquired so that the specimen remains consistent from one image to the
next, and typically reduces thinning to ~1-2% over the course of data collection (Braunfeld et al. 1994,
Luther 2005, Luther 1992, Luther et al. 1988, Marsh 2005, Mastronarde 1997, Yang and Morrison
1975). Sets of beam-shifted/montaged 2D images (‘tilt-series’) were digitally acquired to a CCD
(charge-coupled device) camera using automated methods for specimen tilt/positioning and image
acquisition/alignment as each section was tilted by regular increments (e.g. 1° or 1.5°) over a large
angular tilt range (e.g. ±60-70°), using the microscope control program SerialEM (Mastronarde 2003).
For dual-axis ET, tilt-series are collected around two orthogonal axes because the resolution of an
object within the plane of a section depends on its orientation relative to the axis around which the
specimen is tilted in the EM (Mastronarde 1997). After first bringing tilt-series images into register
with one another by cross-correlation, precise image alignment was accomplished using the
TILTALIGN program, which employs subsets of fiducial markers on both surfaces to more accurately
solve for local distortions/alignments over a large area (Marsh et al. 2001a, Mastronarde et al. 2001).
In addition to improved distortion correction and enhanced tomogram quality, information determined
by tracking relative changes in the positions of the fiducial markers through a tilt-series is used to
calculate and account for non-uniform section thinning/mass loss that occurs progressively over the
course of data collection (Mastronarde 1997, Penczek et al. 1995). Tomograms were computed from
aligned tilt-series images by R-weighted back-projection using the IMOD software package that
incorporates the 3dmod graphical user interface (GUI) (Kremer et al. 1996, Mastronarde 1997). The
two resulting single-axis tomograms were then brought into register in 3D space and computationally
combined (by non-linear transformation, using one tomogram as a ‘reference volume’) to generate a
dual-axis tomogram exhibiting improved symmetry and resolution in all three dimensions
(Mastronarde 1997, Penczek et al. 1995, Taylor et al. 1984). Sections from ‘stimulated’ cells were
imaged at 12,000× magnification using a JEM-1000 high-voltage EM (JEOL USA, Inc.) operated at
750 keV; sections from ‘non-stimulated’ cells were imaged at 20,000× magnification using a Tecnai
F30 intermediate-voltage EM (FEI Company) operated at 300 keV, using motorized tilt-rotate
specimen holders (Models 650 and CT3500TR; Gatan Inc.).
4.2.2.3

Segmentation and contour/surfaces analysis

Tomograms were segmented in the conventional manner using dedicated image analysis/drawing tools
provided within the 3dmod GUI in IMOD, by manually tracing the outer limiting membrane of MG
across every (pixel-thick) image slice (tomograms are stored arbitrarily as 2D image slices in XY) that
the granules spanned in Z. A separate program called Interpolator (see Chapter 3) was used to check
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for overlapping and/or missing contours within segmented surfaces. A line generalization algorithm
was applied to ensure an approximately even distribution of points over all contours for each surface
(Foley et al. 1995) (for further details, see Section 4.2.5.4). Contours were then sorted and meshed
into 3D surfaces (each representing an individual MG) for batch processing. The initial zScale values
for 3D surface models derived by segmenting a total of 30 cellular tomograms (i.e. ‘real’ datasets; 8
‘stimulated’ and 22 ‘non-stimulated’ tomograms were used in the current analysis) were set to account
for 40% section collapse in Z relative to XY as determined by Equation 4.1, where squeezeZ and
squeezeXY represent the factors by which the tomograms were binned/squeezed in Z and XY,
respectively, during image processing; relZSqueeze is the ratio of squeezeZ to squeezeXY.

zScale =

1
× relZSqueeze
1 − section collapse

relZSqueeze = squeezeZ ÷ squeezeXY
Equation 4.1

4.2.2.4

Classification of compartment surfaces

To assist analysis, Interpolator automatically classified each 3D surface (i.e. each MG) into one of the
following categories (summarized diagrammatically in Figure 4.2A): complete: captured entirely
within the section volume; truncated-half: touched either the top or bottom boundary of the section,
but more than half of the granule captured; truncated-fragment: touched either the top or bottom
boundary of the section, but less than half of the granule captured; double-truncated: touched both the
top and bottom boundaries of the section volume; and out-of-bounds: touched any lateral boundary of
the tomogram in either X or Y (regardless of whether it touched the top and/or bottom boundary).
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Figure 4.2 Cartoon summary of surface classifications and variables used to assign spherical organelles (objects) in 3D
volumes reconstructed for semi-thick (~300-400 nm) plastic sections by ET
(A) The five types of surface classifications used to describe the situations that commonly occur for spherical objects within
tomograms of individual semi-thick sections: complete, truncated-half, truncated-fragment, double-truncated and out-ofbounds. (B) A diagram briefly illustrating the four main approaches used to calculate zScale for surfaces classified as shown
in (A) for more accurately estimating the correct surface topologies of spherical organelles such as mature insulin granules.
(a) zComplete: assumes the total span of complete surfaces should be approximately equal along each major axis. (b)
zTruncated: uses the same basic principle as zComplete, but applied to truncated-half surfaces after determining the middle
slice. (c) zImplied: the zScale value required to stretch the tomogram in Z to match the target thickness (i.e. the actual
thickness setting used when the section was physically cut using a microtome). (d) zSpheres: the weighted zScale value
needed to stretch ‘spheres of minimum residual’ to ‘best fit’ surfaces, as calculated using the optimal zScale-finding
algorithm (OZFA).

4.2.2.5

Determining initial crude estimates for zScale

For each granule surface, a minimum bounding rectangle (MBR) was generated to encompass all of its
points in order to determine the surface’s span along X (Δx), Y (Δy) and Z (Δz). Using the surface’s
geometric mean side length in X and Y (avgSpanXY), an initial estimate of zScale (zEst) for each
complete surface was given by:

zEst i =

avgSpanXYi
∆z i

avgSpanXYi = ∆xi ∆yi
Equation 4.2
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To provide a rudimentary estimate of zScale for the section volume, the span of each of the Nc
complete surfaces were summed along each major axis to calculate zComplete:
Nc −1

zComplete =

∑ avgSpanXY
i =0

i

Nc −1

∑ ∆z
i =0

i

Equation 4.3

Because MG have an average diameter of 250-350 nm (Noske et al. 2008, Orci et al. 1977, Sato and
Herman 1981, Yorde and Kalkhoff 1986, Yorde and Kalkhoff 1987) and sections were originally cut
at thicknesses of either 300 or 350 nm, many tomograms contained too few complete surfaces to
provide a reliable estimate for zScale. Hence, we formulated a second method to estimate zScale using
truncated-half surfaces. For each surface that was truncated at either the top or bottom of the section
volume, we determined the contour that enclosed the largest area. If this contour fell within five Z
slices of the top- or bottom-most tomographic slice, the surface was labeled as a truncated-fragment
and was rejected from further analysis. Otherwise, we assumed that this contour approximately
represented the middle slice through the surface in Z and classified the surface as a truncated-half
(Figure 4.2A); we artificially set the surface’s estimatedSpanZ as twice the distance between the
middle slice (sliceMiddleZ) and the slice containing the exposed top or bottom of the surface
(sliceExposedZ). Using all Nh truncated-half surfaces, we calculated the zTruncated value as:
Nh −1

zTruncated =

avgSpanXYi

∑ avgSpanXY + estimatedSpanZ

i =0
Nh −1

i

i

estimatedSpanZ i
∑
i = 0 avgSpanXYi + estimatedSpanZ i

estimatedSpanZ i = 2 × sliceMiddleZ i − sliceExposedZ i
Equation 4.4

As a final crude estimate, we calculated zImplied - the zScale value required to stretch the tomogram
in Z to match the original target thickness at which the section was cut (targetHeight). To calculate
zImplied, we used the number of slices spanned by the tomogram in Z (slicesZ) together with the pixel
size in XY (nm) (pixelSize), and assumed a ‘worst-case scenario’ of 20 nm section loss in Z due to
section thinning/mass loss over the course of tilt-series acquisition:

zImplied =

targetHeightInNm − 20
slicesZ × pixelSize
Equation 4.5
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4.2.2.6

Determining the shape of an (segmented) organelle by finding the center of its surface

Figure 4.3 Demonstration of the equidistant center-finding algorithm (ECFA) and the effect of zScale on
residualOffset values
(A) The first iteration of ECFA with arbitrary starting point s (black dot) on a 2D polygon with 3 points (blue), in which
residual points (purple) are averaged to produce s'. (B) The second iteration, in which s' has become the new s. (C) The final
iteration, where s and s' are at the same position, thus enabling the equidistant center, E, to be determined. (D) The
equidistant center (red crosshair) and circle of minimum residual (dotted red) for a 40-point polygon representing an
approximately spherical surface. (E) A 10-point polygon that represents a subset of (D). (F) A small 5-point polygon
representing the top quarter of a MG. (G-I) The execution of ECFA over the polygons in D, E and F, respectively. (J) 2D
polygon with 9 points along the ZX axis analyzed using a zScale value of 0.5 (which is too small) to show the projected
residual points (purple dots), equidistant center (red crosshair) and a circle of mean distance (dotted red). The thin black arc
defines the difference between minDist and maxDist used to calculated relMaxDiff. (K) The same polygon analyzed using a
zScale of 1.0 (which is approximately correct for this surface). (M) The same polygon analyzed using a zScale of 2.0 (which
is too large).

Although most MG approximated spheres, many had more ellipsoid shapes especially when closely
apposed to other organelles (Figure 4.1). Thus, it was important to use several methods to reliably
classify the shape of each mature granule’s surface, so that any surface which deviated too much from
a true sphere could be omitted from further analysis. While 3D shape irregularity is often measured
using a histogram of distance from the edge of the surface to its centroid (C), this ‘center of mass’
does not represent the true center for any truncated surface (Figure 4.3F). To more accurately
determine the center of each granule from its surface information, we developed an algorithm to find
the equidistant center (E), i.e. the location most equidistant to all points on the surface. To find E, the
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Euclidian distance (d) between every point in the surface and an arbitrary starting point (s) was
measured and averaged to determine a mean radius (r). For every point p, a residual point p' was
added at distance r along the ray starting at p and passing through s (Figure 4.3A), and the coordinates
of all residual points were averaged to form the next starting point s'. After each iteration (Figure
4.3B), s' became the new s and thus was shifted closer to E (Figure 4.3G). The algorithm was stopped
and E was set to s once the displacement of s between iterations became negligible (<10e-30). We
have called this the equidistant center-finding algorithm (ECFA), and refer to the sphere of radius r
around E as the ‘minimum residual sphere’ over all the points on the surface. One of the primary
advantages of ECFA is its ability to resolve E in cases where most of the surface is absent (Figure
4.3F). For example, removing p6 to p10 in Figure 4.3E would result in a large shift of the centroid, but
would minimally affect E. Note also that the points can be in any order, and only four points on the
edge of a sphere (three points for a circle) are required to resolve E. To reduce computation time, we
set the initial starting point (s) to the center of the surface’s MBR. This also avoided problems when
an initial starting point sat too far outside of the surface or polygon and caused the ECFA to move
away from the center and loop indefinitely. Initial use of a line generalization algorithm also benefited
ECFA by ensuring that points were evenly distributed for all contours within a surface.
4.2.2.7

Measuring the sphericity of surfaces

After finding the equidistant center, the sphericity of each surface was assessed using three different
metrics. The first was relStdDev, calculated as the standard deviation of the distance d from each point
to E divided by r. The second, relMaxDiff, represented the relative difference in distance between the
closest (minDist) and farthest (maxDist) points from E (Figure 4.3K):

relMaxDiff =

maxDist − minDist
maxDist

Equation 4.6

For the final analysis, any surface that had a relMaxDiff value above a set threshold (maxDeviation) of
0.3 was eliminated from all zScale calculations. The final measurement of sphericity was
residualOffset, which was calculated as the average of the absolute difference between r and d over all
N points:

 N −1

residualOffset =  ∑ d i − r  ÷ N
 i =0

N −1


r =  ∑ di  ÷ N
 i =0 
Equation 4.7

Expressed another way, residualOffset represents the average distance from all projected points p' to
the equidistant center, E.
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4.2.2.8

Estimating the zScale of a surface by minimizing residualOffset

As illustrated in Figure 4.3J-M, an incorrect/poor zScale value used by ECFA easily increased the
relMaxDiff value beyond 0.3, leading to surfaces being wrongly disqualified from analysis. Thus, we
calculated a new value, zOptimal, to represent the zScale value which best matched the shape of each
surface. To calculate zOptimal, we used an algorithm to find the zScale value that yielded the lowest
residualOffset. This ‘local minimum finding algorithm’ started with an initial ‘best guess’ of zScale
(zScaleInitial) provided by Equation 4.1 and recalculated the residualOffset and equidistant center
using ECFA for each value tested. By iteratively refining its highest and lowest guesses, the algorithm
eventually identified the zScale with the lowest residualOffset, and thus provided the surface’s optimal
equidistant center (O), mean radius (r) and zScale (zOptimal). Together these three values allowed us
to determine a ‘sphere of best fit’ for the surface. To reduce the running time for this optimal zScalefinding algorithm (OZFA), zOptimal was calculated to the nearest 1×10-5 before ending a run.
To calculate zSpheres, the stretch factor that best corresponded to the zOptimal value of all surfaces in
a tomogram, we gave different weightings to each surface depending on what proportion of it was
captured within the section volume. For example, a truncated-fragment surface composed of just a few
contours at the apex of a MG was unlikely to yield an accurate zScale estimate, and thus was given a
lower weighting than a complete sphere. We calculated the fraction of each surface captured within the
section (sphereFract) as:

 ∆z × zOptimali
sphereFract i = min i
2ri



,1


Equation 4.8

Using this approach, the sphereFract value for a complete surface will be ≈1, while the sphereFract
value for a truncated-fragment surface will be <0.5, etc. The exceptions to Equation 4.8 were out-ofbound surfaces, for which we set the sphereFract value using the dimensions of its MBR along all
three axes:

 ∆z × zOptimali
sphereFracti = min i
2ri



 ∆x
,1 × min i

 2ri


 ∆y
,1 × min i

 2ri


,1


Equation 4.9

To define zSpheres, we used the square of the sphereFract value to weight each of the Na surfaces:

  zOptimali 

 × sphereFract i 2 

i =0  
i +1


Na −1

zSpheres =

∑   zOptimal


Na −1


1 − zOptimali 
 × sphereFract i 2 

i +1


∑  1 − zOptimal
i =0
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4.2.2.9

Experiments using synthetic datasets

To validate our methods and extend the current investigation beyond the confines of the real datasets
available for analysis, Interpolator was used to create and test computer-generated (‘synthetic’)
datasets equivalent to the real datasets derived from cellular tomograms of sections used in the current
study. All synthetic volumes had a pixel size of 1 nm and measured 4,000×4,000×350 nm in X, Y and
Z. Each experiment was assigned a known zScale value which was used to generate surfaces
(zScaleCorrect) for testing, and a second zScale value to feed into OZFA (zScaleInitial). Experiments
were run 100 times (N = 100), each time using a new set of surfaces (n = 100) that were randomly
rotated and positioned within the boundaries of the synthetic volume (for further details, see Section
4.2.5.7). For Experiment 1, perfect spheres measuring 250 nm in diameter were generated to represent
an ‘ideal case’; several values were tested for zScaleCorrect and zScaleInitial. For Experiment 2,
prolate spheroids with a semi-major axis of 250 nm and semi-minor axis of 200 nm (relMaxDiff = 0.2)
were generated to examine what effect(s) variation in granule shape (i.e. deviation away from a perfect
sphere) as well as the number of surfaces used for analysis had on the accuracy of zScale estimation.
For Experiment 3, prolate spheroids with a semi-major axis of 250 nm and semi-minor axis of 150 nm
(relMaxDiff = 0.4) were generated and experiments run using different values for tomogram thickness.
Note that for this experiment only, the maxDeviation value was increased from 0.3 to 0.6, otherwise
the surfaces would be rejected. A complete summary of these experiments is provided in Table 4.1.

4.2.3 Results
The five categories of surface classifications (complete, truncated-half, truncated-fragment, doubletruncated and out-of-bounds) as well as the four methods used to estimate zScale values (zComplete,
zTruncated, zSpheres and zImplied) in the current study are summarized in Figure 4.2.
4.2.3.1

zScale analysis of section collapse using 3D surface models from real tomograms

Figure 4.4A provides a representative example from dataset s1 that highlights the unnatural
elongation of MG surfaces along the Z axis after 3D model data were re-scaled using a zScale value to
compensate for an assumed section collapse of 40% (see Figure 4.8 for comparable views from all
datasets). This figure also illustrates the results of our surface classification procedure applied as
outlined in Methods (Figure 4.4B), followed by using OZFA to determine ‘spheres of best fit’ for
surfaces which were deemed to be sufficiently round (Figure 4.4C). Note that only a minority of
granule surfaces were completely contained within the boundaries of the reconstructed section
volume, a finding that was reflected by averaging the surface classification results obtained for all 30
cellular tomograms (Figure 4.5). While on average each section contained ~100 MG, only 16% of
these represented complete surfaces; the bulk of granule surfaces were classified as truncated-halves
or truncated-fragments (48% and 28%, respectively), while a relatively small proportion of granules
were classified as double-truncated or out-of-bounds surfaces (3% and 4%, respectively).
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Figure 4.4 Surfaces representing mature insulin granules become unnaturally elongated in Z when 3D datasets are rescaled to account for a section collapse of 40%
(A) A side view along the XZ axis of dataset s1 showing the 3D profiles of the 122 mature granules modeled within the
tomogram volume. Note that most mature granules appear elongated along the Z axis after the model data has been stretched
using accepted estimates for the collapse of plastic sections in the EM (see Figure 4.8 for comparable views from all
datasets, and Table 4.2 for a list of dataset properties). (B) The same view showing surfaces after classification: 21 complete
(green), 48 truncated-half (blue), 48 truncated-fragments (orange), 1 double-truncated (yellow) and 4 out-of-bounds surfaces
(red). (C) The same view showing ‘spheres of best fit’ for surfaces deemed sufficiently round, calculated using the optimal
zScale-finding algorithm (OZFA). (D) The same 3D dataset rotated 70°, shown together with a tomograph slice in XY
(bottom) and XZ (rear). Scale bar: 500 nm.

Figure 4.5 Surface classifications of spherical compartments for all real datasets
A graphical breakdown of the number of surfaces classified for each tomogram, and (inset) an average of the number of
surfaces classified from all 30 datasets.
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Figure 4.6 Final zScale analysis of real datasets
(A) Final results showing the outcomes from zScale analysis of 3D surface models of mature granules for all 30 datasets
derived from real tomograms. The crosses, triangles, circles and dashes represent zComplete, zTruncated, zSpheres and
zImplied values calculated for each tomogram, respectively. The average zScale values calculated from datasets for
‘stimulated’ (s1-8) as well as ‘non-stimulated’ cells (ns1-22) are shown as the ‘SUB AVG’. The horizontal dotted blue line
above the eight stimulated datasets and 22 non-stimulated datasets represents the zScale value that would correspond to a
section collapse of ~40%, while the horizontal red line represents the average zSpheres value calculated from analysis of
granule surfaces. Note that the tomograms from the stimulated datasets were squeezed in Z by an additional factor of 1.33
relative to XY (i.e. relZSqueeze = 1.33) prior to segmentation resulting in them having a different zScale value than the nonstimulated datasets. (Inset) A modification of Equation 4.1 was used to calculate the estimated values for section collapse
presented in (B) based on the zScale values determined for each dataset in (A). (B) The estimated section collapse for the
same sections after adjusting for relZSqueeze. Note that the estimates for average section collapse calculated by zSpheres for
both stimulated and non-stimulated datasets (represented by the red line) are similar.

Because of the physical constraints of tilting an object having a ‘slab’ geometry in the TEM, the
resolution of 3D reconstructions generated from 300-400 nm-thick sections is ~1.6-fold lower in the Z
dimension than in XY (Mastronarde 1997, Radermacher 1992). Due to this anisotropy in resolution,
one approach used to produce tomograms that are approximately isotropic in all three dimensions has
been to squeeze the reconstructions in the Z dimension by this amount when computing the
tomograms (Marsh 2005). Such was the case for the 8 ‘stimulated’ (s) datasets used in the current
study, which were derived from tomograms that were subjected to additional image interpolation in Z
(relZSqueeze=1.33) during processing, and thus had an initial zScale value of 2.21. In the interim,
however, this step has been discarded as it is no longer considered ‘best practice’, so the 22
tomograms from which the ‘non-stimulated’ datasets were generated had an initial zScale value of 1.7
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(corresponding to 40% section collapse) as per Equation 4.1. Surprisingly, however, despite this
difference in tomogram processing reflected by the different zScale values shown in the graphical
summary of our zScale analysis presented in Figure 4.6A, the estimates obtained for section collapse
after adjusting for relZSqueeze were strikingly similar across all datasets (Figure 4.6B). Over all 30
sections, zImplied (which assumed 20 nm section loss) gave a section collapse estimate of 27.7 ±
5.9%, while values for zComplete, zTruncated and zSpheres were 28.1 ± 4.8%, 25.8 ± 5.2% and 25.0 ±
4.1%, respectively. Using OZFA, 1143 (38%) of the total of 2978 surfaces were classified as
sufficiently round for use in calculating zSpheres; of these, 229 (49.6%) of the 462 complete surfaces
were deemed to be sufficiently round for inclusion in the zScale calculations (Equation 4.6). The
average diameter of MG determined from analysis of all datasets for sufficiently round surfaces was
247 ± 61 nm, compared with a value of 225 ± 56 nm determined using only complete surfaces (Table
4.2).
4.2.3.2

zScale analysis of synthetic datasets

Figure 4.7 Determining zScale accuracy versus the number of surfaces analyzed using synthetic datasets
(A) An example of the results obtained for one of 100 synthetically generated datasets analyzed in Experiment 2 that
contained 100 surfaces representing prolate spheroids having a semi-major axis of 250 nm and a semi-minor axis of 200 nm
(see also Table 4.1). zScale values were determined by running the experiment 100 times (N = 100) using different numbers
of surfaces (n = 100) per run; for each run, a new set of surfaces was randomly generated and positioned. The values
computed for zComplete, zTruncated and zSpheres from the dataset shown were 1.0142, 0.9539 and 1.004, respectively. (B)
A plot of the results from Experiment 2 showing the mean zScale values determined from analysis of all runs. To aid
interpretability of the plot, bars indicating standard deviation (SD) are shown only for zSpheres values. Complete details are
listed in Table 4.1.

For consistency, all experiments using synthetically generated data relied on examining surfaces that
approximated the average number and size of MG as determined by our analysis of real datasets,
distributed within artificial volumes of equivalent dimensions. In Experiment 1, analysis of perfectly
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spherical surfaces (250 nm in diameter) showed that the values obtained for zScaleComplete,
zTruncated and zSpheres for synthetic tomograms were all within 0.4% of the correct (known) zScale
value (i.e. mean deviation from correct values were 0.248 ± 0.81% for zComplete, 0.012 ± 0.75% for
zTruncated and -0.006 ± 0.02% for zSpheres); changing zScaleInitial by ± 0.5 had negligible effect on
zSpheres estimates. Analysis of over 600 runs revealed that 13.5% of the surfaces were complete,
31.9% were truncated-halves, 35.3% were truncated-fragments and 19.2% were out-of-bounds. In
Experiment 2, mean deviation from the correct values for prolate spheroids (250×200 nm) was -0.720
± 2.47% for zComplete, -1.738 ± 2.08% for zTruncated and -0.193 ± 1.75% for zSpheres. Figure 4.7
reveals the relative changes in standard deviation determined for zSpheres estimates depending on the
number of surfaces included in the analysis due to the random orientation of ellipsoid surfaces (Figure
4.14). The zOptimal value used to calculate zOptimal over all complete surfaces had standard
deviation of 11.6%. In Experiment 3, mean deviation from the correct values for prolate spheroids
(250×150 nm) was 3.534 ± 4.73% for zComplete, -3.140 ± 4.67% for zTruncated and 2.835 ± 4.83%
for zSpheres. A full listing of details for experiments using synthetic datasets is provided in Table 4.1.

4.2.4 Discussion
Although no organelle or membrane-bound compartment forms a perfect sphere, segmented MG
provide surfaces that are eminently suitable for zScale analysis because they are often nearly spherical
in shape, are sufficiently large (i.e. ~250-350 nm) with respect to the thickness (Z dimension) of the
plastic sections, and are one of the most abundant compartments in the pancreatic beta cell (Coore et
al. 1969, Howell et al. 1969a, Howell and Tyhurst 1977, Norlund et al. 1984, Noske et al. 2008, Orci
et al. 1977, Sato and Herman 1981, Yorde and Kalkhoff 1986, Yorde and Kalkhoff 1987). Moreover,
MG can be readily identified in 2D micrographs or 3D tomograms as ‘roughly spherical’ membranebound compartments that contain electron-dense crystalline insulin cores (Figure 4.1). Stereology
studies of thin sections cut from murine pancreatic beta cells have revealed that under steadystate/non-stimulated conditions, murine beta cells contain approximately 10,000 MG at a density of
6.4±0.4 granules/µm3 in the cytosol (Dean 1973, Olofsson et al. 2002). Our recent whole cell ET study
of two glucose-stimulated beta cells in an islet isolated from murine pancreas showed that functionally
equivalent beta cells can exhibit significant heterogeneity with respect to MG diameter (245 nm versus
280 nm) as well as density of distribution within the cell (6.7 granules/µm3 versus 14 granules/µm3)
(Noske et al. 2008). Although ~5% of MG closely appose the plasma membrane to provide a pool of
granules available for immediate release (‘readily releasable pool’), the bulk of MG (~95%) are
distributed more or less uniformly throughout the cytoplasm, constituting the so-called ‘reserve pool’
(Ma et al. 2004, Rorsman and Renstrom 2003, Yorde and Kalkhoff 1987).
4.2.4.1

Ellipsoid surfaces within section volumes lead to inaccurate estimates for zScale

As well as helping to validate our approach for using spherical organelles such as MG to determine
zScale for real datasets, the results obtained from zScale analyzes of synthetic datasets highlighted the
fact that ellipsoid surfaces result in inaccurate zScale values (Table 4.1 & Figure 4.14). Ellipsoid MG
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(like those marked with black arrows in Figure 4.1) yield a variety of inaccurate zScale values
depending on their orientation. For example, in Experiment 3, where prolate spheroids with a semimajor axis of 250 nm and semi-minor axis of 150 nm were analyzed in a synthetic volume
representing a section 350 nm thick, ellipsoid surfaces which ‘lay flat’ relative to the XZ plane (i.e.
oriented with the semi-major axis parallel to the X axis) were classified as complete more often since
they were fully captured between the top and bottom boundaries of the tomogram compared to
ellipsoids which ‘stood upright’ (i.e. oriented with the semi-major axis parallel to the Z axis), and
significantly biased the estimation of zScale by giving low values for zEst and zOptimal (Equation
4.6). Thus, these experiments revealed the importance of eliminating surfaces that deviate too much
from a true sphere from zScale analysis, by setting a threshold value for relMaxDiff of at least 0.3.
Consequently, both because MG are never perfectly spherical and to avoid the tendency of our
approach to underestimate zScale due to prolate spheroids, a relMaxDiff setting of 0.4 ensured that
granules which had ellipsoid surfaces were eliminated from further study. Moreover, results from
Experiment 2 using synthetic data demonstrated that zSpheres values deviated significantly each time
surfaces were positioned randomly when using only 100 surfaces per section to determine zScale. This
suggested that the deviation among zSpheres values calculated for each of the real datasets (Figure
4.6) resulted from variations in shape and orientation for the limited number of MG surfaces available
for analysis, reiterating the importance of determining zScale by averaging measurements from a large
number of sections to obtain a mean estimate for section collapse.
4.2.4.2

OZFA provided the most accurate estimations of zScale

One of the major findings from analyzes of both real and synthetic data was that the zSpheres value
provided the most accurate estimations of zScale, followed in descending order of accuracy by
zComplete, zTruncated and zImplied. Because OZFA determines ‘spheres of best fit’ for all
sufficiently round surfaces in order to calculate the final factor that best corresponds to the zOptimal
value of those surfaces, it is less biased by the effect of ellipsoid surfaces. Moreover, by taking
advantage of a much larger total number of surfaces for analysis than only complete (Nc) surfaces and
giving different weightings to them depending on how much of each surface was captured within the
section volume (Equation 4.10), more accurate final estimates of zScale can be determined. In
contrast, zImplied provided the least reliable estimations for zScale (and thus, section collapse), since
the actual thickness of each section cut on a microtome can vary considerably from targetHeight, and
the process of manually cropping image slices that do not contain useable data from the top and
bottom surfaces of a tomogram volume is subjective. Due to the size of MG relative to section
thickness and the fact that ~50% of all complete surfaces were rejected due to them having a
relMaxDiff value greater than 0.3, very few sections contained a sufficient number of complete
surfaces to produce an accurate zComplete estimate (Table 4.2).
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4.2.4.3

Section collapse is 25% for Epon sections imaged at 300-750 keV

Despite the variation among values obtained for zScale determinations using each of our methods
(27.7%, 28.1%, 25.8% and 25.0% for zImplied, zComplete, zTruncated and zSpheres, respectively), all
yielded estimates for section collapse which indicate that the value(s) currently used to compensate for
this phenomenon (i.e. 40% collapse for Epon sections imaged in TEMs operated at higher voltages) is
incorrect, and thus leads to significantly inflated measurements of compartment/organelle
morphometry taken from 3D spatial models that have been re-scaled by this amount in Z. Moreover,
and consistent with previous investigations of section collapse which have shown that it is highly
reproducible among different Epon-embedded samples imaged using either intermediate- or highvoltage TEMs (i.e.≥300 keV) (Bennett 1974, Berriman et al. 1984, Berriman and Leonard 1986,
Braunfeld et al. 1994, Kremer et al. 1990, Luther 2005), the mean values determined for section
collapse using OZFA were strikingly similar between the ‘stimulated’ versus ‘non-stimulated’ datasets
imaged at comparable magnifications on different microscopes operated at 750 and 300 keV,
respectively (25.7% versus 24.7%).
A number of factors likely contributed to the reduced extent of collapse determined for Epon sections
in the current study, compared to measurements obtained in past investigations. Cumulative electron
dose to specimens was substantially reduced by deliberately employing strategies for data acquisition
aimed at minimizing specimen irradiation together with dramatic improvements to both hardware (e.g.
more efficient/sensitive CCD cameras) and software as a direct consequence of the increased
awareness of beam-induced damage to plastic-embedded cells/tissue in the TEM stemming from
previous detailed investigations (Braunfeld et al. 1994, Kremer et al. 1990, Luther 2005, Luther 1992,
Luther et al. 1988). Other factors to consider include the fact that the ‘Epon’ component of the EponAraldite resin itself has changed a number of times over the past two decades, and that the nature of
the electron emission sources have become both more stable and coherent over the same period.
However, the single most important factor likely to account for the reduced collapse/shrinkage
determined from our studies is that of specimen density within the section.
Although variation among different specimens in terms of density was evaluated in past studies and
not found to significantly influence section collapse, none of these studies assessed sections cut from
fast-frozen cells (e.g. high-pressure frozen tissue). Currently, high-resolution 3D imaging studies of
cellular architecture by ET are (ideally) undertaken on specimens prepared by fast-freezing rather than
conventional chemical fixation techniques, so that the physiological state of the cell(s) of interest is
captured as reliably as possible (He et al. 2003, Ladinsky et al. 1999, Marsh et al. 2001a, McDonald
and Auer 2006, McIntosh et al. 2005), with the obvious exception of cases where the physiology
and/or physical location of the tissue under study makes this impractical (Sosinsky et al. 2008). By
stopping all cellular processes in a matter of milliseconds essentially ‘snap-freezing’ them in an
instant, delicate structures and dynamic events are immobilized in a ‘close-to-native’ state. Thus,
although the overall reduction in collapse determined from our measurements was likely to have
resulted from a combination of the factors discussed here, the uniform increase in cytoplasmic density
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which can be achieved by high-pressure freezing/freeze-substitution of mammalian cells compared
with conventionally prepared tissue presumably results in a much more robust/dense ‘scaffold’ of
fixed cellular material within the section volume that limits collapse to 25% rather than previous
estimates of 40% determined from conventionally fixed cells (Marsh 2005, Marsh et al. 2004).
In addition to the 30 high-resolution tomograms analyzed here, our finding that section collapse was
reproducibly less than anticipated (i.e. 25%) was further supported by zScale analysis of other data
recently published by our group, in which entire cellular volumes had been reconstructed in 3D by
serial section tomography of large numbers of 300 nm-thick sections imaged at either 3,900× or
4,700× magnification (Noske et al. 2008) (Figure 2.3 & Figure 2.4). The average zImplied from
analysis of these sections (ignoring specimen loss/thinning) was 1.203, which suggested that section
collapse was only 17%. The difference in specimen collapse determined from analysis of over 50
serial semi-thick sections from these datasets suggests that imaging/irradiation of these sections at
relatively low magnification(s) compared to the higher magnification(s) used to collect images for ET
of sections analyzed in the current study afforded further reductions in the severity of section
shrinkage in Z. Application of our methods for determining zScale values from tomographic volumes
generated for multiple serial sections required us to specify additional categories to describe the
common situations observed for spherical surfaces that touch or straddle the boundary between
adjacent volumes without contacting any other edges (see Section 4.2.5.9), and to develop additional
methods for reliably estimating the extent of any ‘missing’ volume between adjacent sections in serial
section tomograms (see Section 4.2.5.9 and Equation 4.20 and Equation 4.21). However, the reasons
why collapse appears to be uniformly lower for sections imaged at lower magnification(s) will remain
a topic of ongoing study.
4.2.4.4

Section collapse as a linear versus non-linear phenomenon within section volumes

Although section collapse is generally considered to occur more or less uniformly throughout the
volume of a plastic section imaged in the TEM (Bennett 1974, Kremer et al. 1990, Luther 2005,
Luther 1992, Luther et al. 1988), the only previous study to examine this phenomenon using 3D
density information contained within tomograms themselves indicated that section collapse occurs in a
non-linear fashion within the volume (van Marle et al. 1995). As noted above, our results suggest that
the density of cell/tissue preservation within the section volume is likely to be the major factor
affecting the extent of specimen collapse. Taken together with our own empirical observations that
collapse appears to vary throughout the plane of section depending on the level of membrane-bound
compartments/organelles in different regions of the section (i.e. collapse in Z often appears to be
greater in regions of the cytoplasm that are relatively sparse regions in terms of structural density,
compared to areas such as the Golgi region), we used zScale analysis of granule surfaces in an attempt
to assess variations in localized section collapse relative to XY position in the section (Figure 4.10
and Figure 4.11).
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Although, regrettably, the cellular tomograms available for analysis in the present study did not
contain sufficient numbers of granules for us to conclusively determine if collapse is non-linear within
individual sections, results from the limited analysis that we conducted demonstrated the utility of this
approach to determine localized section collapse for future investigations as tomograms spanning
larger areas in XY become available through deployment of genuine large format cameras (Booth et
al. 2006, Downing and Mooney 2008, Marsh 2005, Marsh 2007, Xuong et al. 2007). For example,
Figure 4.10A shows a top view of the dataset s1 in which the centers of all sufficiently round MG
have been marked with a circle, and the section collapse implied by zOptimal shown for each granule.
Truncated-fragment surfaces have not been shown, as they typically have very little weighting when
calculating the zSpheres value (Equation 4.10). Since many granules were rejected from the analysis
for each dataset because they were not sufficiently round, in this particular example only 25 complete
and truncated-half surfaces were suitable for use to determine zScale. Notably, the heat map of section
collapse implied by zOptimal for dataset s1 presented in Figure 4.10A is representative of results
obtained by zOptimal analysis summed over all 30 datasets normalized for tomogram size in XY
(Figure 4.10B), in that values for implied section collapse determined for individual MG showed no
regular pattern in terms of position (i.e. in XY) in the tomogram of the section. However, due to the
relatively low number of granule surfaces analyzed per tomogram, we remain unable to confidently
conclude that section collapse is non-uniform within a given section volume.
Nevertheless, using this heat map approach to evaluate all 229 sufficiently round complete surfaces
reinforced that the mean section collapse value implied by zOptimal was 23.0 ± 7.4 %, rather than the
standard estimate of 40% for Epon. Moreover, the extent of variation in values determined for implied
section collapse among individual MG (i.e. 7.4%) was not unexpected. In our analysis of synthetic
data (Experiment 2: see Figure 4.11 & Table 4.1) using prolate spheroids with a relMaxDiff of 0.2,
the standard deviation of section collapse implied by zOptimal for complete surfaces was even greater
than for values calculated from real data (11.6%), reiterating that natural variation among
compartments that are not perfectly spherical (particularly in terms of their orientation within the
reconstructed volume) is reflected by their corresponding zOptimal values.
4.2.4.5

Future applications of zScale analysis to other types of cells/tissues and data derived
from other ultrastructural imaging approaches

Although the current analysis was confined to MG in cellular tomograms of thick sections cut from
pancreatic beta cells, many other types of vesicles and granules involved in membrane trafficking also
tend to form approximately spherical surfaces, presumably to minimize their surface area to volume
ratio (Kas and Sackmann 1991, Shnyrova et al. 2007, Zimmerberg and Kozlov 2006). Our
experiments using synthetic datasets suggested that the most accurate zSpheres estimates would be
obtained from spherical compartments with a smaller diameter than MG in sections of equivalent
thickness, because the number of complete surfaces would obviously be much higher. Since one of the
primary advantages of OZFA is that it can be used to analyze any spherical and/or randomly oriented
compartment surface segmented from volumetric image data, and because the computational
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approaches put forward here in general for determining section collapse require no direct physical
measurements of the sample or prior knowledge/expertise regarding electron dose, temperature,
vacuum, section thickness or specimen preparation to estimate zScale, they offer an advantage by
allowing non-EM experts to analyze deformation. This should be particularly important for future
efforts by a wide range of groups to evaluate the extent of deformation for other cellular spatial data
reconstructed in 3D using emerging and complimentary approaches at the EM level (Denk and
Horstmann 2004, Knott et al. 2008, Leis et al. 2009).

4.2.5 Supplementary Material
4.2.5.1

Final zScale analysis

Table 4.1 zScale analysis of spherical organelles and prolate spheroids for synthetic datasets
Note that each row represents the zScale analysis of 100 artificially generated datasets. Results are expressed as mean ± SD.
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Table 4.2 zScale analysis of spherical organelles for real datasets
This table highlights the number of surfaces of each classification, the total span of minimum bounding rectangles (MBRs)
along each dimension and the averaged results of OZFA using a maxDeviation value of 0.3 assessed for 3D surface model
data obtained from 30 cellular tomograms.
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Figure 4.8 Side profiles comparing the surface topologies of mature granule for all 30 datasets stretched using
different zScale factors
(A) Side views in YZ are presented for mature granule surfaces generated by segmentation of tomographic reconstructions of
sections from glucose-stimulated cells. A zScale value of 2.21 was applied to the 3D models on the left to account for 40%
collapse, while the same data were re-scaled in Z by a factor of 1.75 on the right to account for 25% collapse (as determined
by zScale). (B) Side views in YZ are presented for mature granule surface models from tomograms of non-stimulated cells.
The black circles in the middle represent perfect spheres 250 nm in diameter to help illustrate that most of the surfaces on the
left appear elongated (egg-shaped) in Z, but more closely approximate spheres when re-scaled correctly on the right.
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Figure 4.9 Example tomograms reconstructed by ET of sections from stimulated and non-stimulated cells
The middle-most XY tomographic slices are shown from datasets s1 (A) and ns1 (B). Closed blue contours delineate mature
granules, while black arrows indicate possible mature granules near the edges which were not segmented or included for
study. An un-stretched (zScale = 1) XZ view is shown at the bottom of each XY panel corresponding to the same tomograms
viewed in cross-section at the location indicated by the yellow dotted line. Note that the resolution is anisotropic (i.e.
resolution in Z is poorer than in XY). Although this is mostly due to technical issues inherent to image acquisition/volume
reconstruction by ET, the Z resolution of the tomograms generated from sections cut from stimulated cells in which mature
granules were segmented to produce the stimulated datasets shown in (A) were additionally compressed in Z during
computation. Although compressing/binning tomograms in Z is still considered a valid method for improving tomogram
isotropy while reducing file size/computational demands, we dispensed with this approach because of issues with reduced
resolution in Z prior to acquiring the data for sections cut from non-stimulated cells.
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Figure 4.10 Heat map of zOptimal values determined for sufficiently round complete and half-truncated surfaces from
real datasets
(A) Graph showing the XY position of the equidistant center of ‘spheres of best fit’ for sufficient round (i.e. relMaxDev <
0.3) complete and truncated-half surfaces for dataset s1. The section collapse implied by the zOptimal value for each sphere
is indicated next to its corresponding center. This graph has been overlayed on a slice through the middle of the s1 tomogram
to illustrate the complete (green) and truncated-half surfaces (blue) represented in the graph. (B) The same graph as in (A)
showing the results from zOptimal analysis for all 30 datasets normalized for tomogram size in XY. The centers of all
sufficiently round complete and truncated-half surfaces are shown relative to XY position, normalized for tomogram size
across all 30 tomograms. Of the 189 surfaces falling within the central quadrant of this graph (red square), no values were
obtained for implied section collapse greater than 40%; only 13% of surfaces indicated section collapse of 30-40%. The
majority of surfaces analyzed (54%) implied that section collapse was in the range of 10-20%, while 29% indicated collapse
of 10-20% and 3% implied section collapse of less than 10%. Similar values were calculated from the 640 surfaces located
outside of this central quadrant assessed across all 30 tomograms (1%, 14%, 54%, 26% and 6%, respectively) in the range
<10%. As noted above, the distribution of implied section collapse values determined from these surfaces showed no local
bias, indicating that if section collapse is non-uniform, it does not appear to be affected by the process of tilt-series
acquisition per se. The color of the circles indicates the zOptimal value for section collapse given by each ‘sphere of best fit’
for all sufficiently round complete and truncated-half surfaces. The blue arrows indicate the same surface from dataset s1 in
both graphs.

Figure 4.11 Heat map of zOptimal values for a synthetic dataset containing prolate spheroid surfaces
An analysis similar to that undertaken using real data (Figure 4.10) was carried out using a synthetic dataset that contained
artificially generated surfaces representing 100 prolate spheroids having a relMaxDiff value of 0.2. Although all surfaces are
shown (blue), only complete and truncated-half surfaces were analyzed, which have been labeled with their corresponding
zOptimal values. This dataset corresponds to that shown in Figure 4.7A. The correct (known) zScale and zSpheres values
were 1.0 and 1.00423, respectively. Despite the natural variation in zOptimal values among individual surfaces, a sufficient
number of zOptimal values yields an accurate zSpheres value.
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4.2.5.2

Calculating zScale using a local minimum finding algorithm: OZFA

We used a local minimum finding algorithm (optimal zScale-finding algorithm) to calculate the zScale
value having the lowest residualOffset for each surface, as follows:
1.

Initial high and low guesses for zScale were initiated as:
zEstLow = zScaleInitial - startChangeZ
zEstHigh = zScaleInitial + startChangeZ

2.

Three intermediate zScale values were set:
zEstMid = halfway between zEstLow and zEstHigh
zEstMidLow = halfway between zEstLow and zEstMid
zEstMidHigh = halfway between zEstMid and zEstHigh

3.

The ‘equidistant center-finding algorithm’ (ECFA) was run for each of the five zScale values to
determine which zScale yielded the lowest residualOffset which was deemed the ‘closest guess’.

4.

The lowest and highest guesses were then updated based on which of the five original zScale values
represented the closest guess:
If (zEstLow) was the closest guess:
zEstLow = zEstLow - (zEstMid - zEstLow)
zEstHigh = zEstMid
Else if (zEstMidLow) was the closest guess:
zEstLow = zEstLow (no change)
zEstHigh = zEstMid
Else if (zEstMid) was the closest guess:
zEstLow = zEstMidLow
zEstHigh = zEstMidHigh
Else if (zEstMidHigh) was the closest guess:
zEstLow = zEstMid
zEstHigh = zEstHigh (no change)
Else if (zEstLow) was the closest guess:
zEstLow = zEstMid
zEstHigh = zEstHigh + (zEstHigh - zEstMid)

5.

Steps 2-4 were repeated until the difference between zEstLow and zEstHigh was less than 0.00001.

6.

The zOptimal value for the surface was returned as the final zEstMid.

The process followed by OZFA is illustrated in Figure 4.12. As was often the case, the minimum
residualOffset for the surface was found using an initial zScale value of 0 (which is clearly incorrect),
demonstrating the benefits of using an algorithm that finds a local rather than global minimum. Note
that the mean radius starts increasing at zScale values less than ~0.47, indicating that the surface was
squashed to a point where the equidistant center was pushed away from the surface. Although more
thorough algorithms exist for finding local minima, the ECFA was relatively computationally
inexpensive to run because of its simple yet effective design. Following the first iteration (steps 2-4
above, which require ECFA to be run on five different values), subsequent iterations only required
running ECFA twice since three of the five values had already been calculated. Another method to
improve computational efficiency was to use the equidistant center found for the previous nearest
guess as the starting point for each subsequent run of ECFA. In addition to having to determine the
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zScaleInitial value using Equation 4.1, OZFA also needed a second input value, startChangeZ, which
was set to 0.05 for all final analyzes. To help protect against cases where a small second local
minimum might exist, OZFA was run twice, setting zScaleInitial to zSpheres for the second iteration.

Figure 4.12 Demonstration of the optimal zScale-finding algorithm: OZFA
(A) A complete surface (i.e. a fully segmented mature granule) is presented from dataset s1, consisting of 1,341 individual
points and spanning a total of 64 image slices in Z. (B) The same surface showing all contours, points and its ‘sphere of best
fit’ (red) determined using OZFA. For this surface, the zOptimal value was 1.6431 (r was 54.74 pixels and relMaxDiff was
0.184). (C) A diagram illustrating how the zOptimal value was calculated for this surface, showing the values of zEstLow
(green squares), zEstMidLow (green crosses), zEstMid (black crosshair), zEstMidHigh (red crosses) and zEstHigh (red
squares) over 25 iterations. The residualOffset versus zScale curve for the surface is shown in blue and the mean radius (r) in
dotted red. The values for zScaleInitial and startChangeZ were 2.21 and 0.05, respectively.

109

CHAPTER 4-IMPROVING ACCURACY OF WHOLE CELL MODELS

4.2.5.3

Calculating the number of complete surfaces

Figure 4.13 Schematic showing how the probability of each type of surface was estimated
The cartoon shows the side view of a tomogram to graphically demonstrate regions where the center of a sphere of radius r
must fall - relative to the tomogram boundaries (thick dashed green line) - for each of the four main classifications (excluding
double-truncated). The center of the upper-most sphere (dotted black) narrowly falls into the green area and would thus be
classified as a complete sphere, while the lower sphere would be classified as a truncated-fragment.

The number of complete surfaces available for analysis from each tomogram depends on the number
of organelles segmented as well as their size relative to tomogram thickness (i.e. height in Z). Figure
4.13 illustrates the region (green) within each volume where the center of a sphere with radius r must
fall in order to be captured in its entirety in 3D (and thus classified as complete). Although this cartoon
is drawn as a 2D cross-sectional view only, it corresponds to a 3D candidate volume (indicated by the
thick red line) of a chamfered rectangular prism with a half-hemisphere at each corner. Using the
sphere’s diameter (d) and the dimensions of the tomogram (x,y,z) along each axis, this candidate
volume (volCandidate) can be calculated:

[

]

volExclusion = ( x + y )(4 − π )r 2 + (8 − 4 / 3π )r 3
volCandidate = ( x + d )( y + d )( z + d ) − volExclusion
Equation 4.11

In the following equations, we assume x and y to be greater than r and the position of spheres to be
random. If the section thickness is greater than the sphere’s diameter (z>d), then the volume for
truncated-fragments (volTruncFrag), truncated-half (volTruncHalf), double-truncated (volDouble),
complete (volComplete) and out-of-bounds surfaces (volOutOfBounds) using the schema illustrated in
Figure 4.13 can be calculated:
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volDouble = 0

[

volTruncFrag = (x × y × d ) − πr 2 × ( x + y − d ) + (4 / 3π )r 3
volTruncHalf = (x − d )( y − d )(d )

]

volComplete = (x − d )( y − d )(z − d )
volOutOfBounds = volCandidate − (volTrunc + volTruncHalf + volComplete)
Equation 4.12

Alternatively, if the sphere is larger than or equal to the thickness of the section volume (d≥z):

volDouble = (x − d )( y − d )(d − z )

[

]

volTruncFrag = (x × y × d ) − πr 2 × (x + y − d ) + (4 / 3π )r 3 − max[volDouble − (x − d )( y − d )z ,0]
volTruncHalf = max[(x − d )( y − d )z − volDouble,0]

volComplete = 0
volOutOfBounds = volCandidate − (volTrunc + volTruncHalf + volDouble)
Equation 4.13

Using these volumes, the probability of each sphere falling into each category can be calculated. For
example, the probability of a randomly positioned sphere in a section being complete (i.e.
probComplete) can be determined by:

probComplete =

volComplete
 z − d  x − d  y − d 

≈ min
,0 

volCandidate
 z + d  x + d  y + d 

Equation 4.14

However, because most cellular compartments vary significantly in size and shape, 25 of the 30
sections in this study contained both double-truncated and complete MG. Using the above equations,
the probability of a spherical object with a diameter of 250 nm (i.e. the average size of a MG in murine
insulin-secreting cells determined from previous studies by ourselves and others) being out-of-bounds
versus complete in a tomogram equivalent in size to those analyzed in the current study (i.e.
4000×4000×350 nm) was 13.1% versus 20.42%, respectively. These calculations closely match the
results from our analysis of synthetic datasets in Experiment 1 (see Table 4.1). However, they are
somewhat at odds with our analysis of real datasets. Although MG were determined to have an
average diameter of 248 nm for the 30 datasets analyzed here, the values determined for out-of-bounds
versus complete surfaces were 15% versus 4.3%, respectively. One possible explanation for this
difference in the number of complete surfaces predicted for synthetic versus real data may be due to
the fact that in practice, MG located right at the edges of tomograms but not wholly contained within
the volume (e.g. black arrows in Figure 4.9) would likely be excluded from segmentation altogether or if segmented as partial surfaces using open contours - would not be annotated as MG unless
crystalline insulin within the granule lumen was clearly visible to enable positive identification
(Figure 4.1). With this in mind, a subsequent re-examination of the 30 tomograms leads us to estimate
that the total number of MG may actually have been significantly (~15%) higher than the number of
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segmented surfaces unambiguously identified as MG in the datasets used here, due to the explanation
given above.
4.2.5.4

Line generalization

Our experiments using synthetic data highlighted the importance of contours in a surface having an
even distribution of points to avoid biasing ECFA (and thus, OZFA) to one side of the surface. To
achieve this goal, we started with a line generalization algorithm using the area of a triangle. The area
of a polygon with n points can be calculated as:
n −1

Apolygon = 0.5 × ∑ ( xi yi +1 − xi +1 yi )
i =0

Equation 4.15

Thus, the area of a triangle with three vertices is:

Atriangle = 0.5 ×

x0
y0

x1
y1

x2
y2

x0
= 0.5 × [( x0 y1 − x1 y 0 ) + (x1 y 2 − x 2 y1 ) + ( x2 y 0 − x0 y 2 )]
y0
Equation 4.16

In this study, point reduction (i.e. line generalization) was achieved using an area threshold to
eliminate any small kinks along the length of contours: for each point i in the contour, if the area of the
triangle formed by the triangle with vertices (i−1,i,i+1) was <3 and the total number of points
remaining was >3, then point i was deleted. In addition, any point less than 5 pixels from the previous
point was deleted unless the total number of points in the contour was less than 10. Finally, to avoid
rare cases in which the user had left large gaps between points during conventional/manual
segmentation, extra points were added between any consecutive closed points greater than 15 pixels
apart.
4.2.5.5

Finding the centroid

The centroid (C) of a 2D polygon (i.e. a closed contour) having n points can be calculated by:

1 n −1
Cx =
∑ (xi + xi+1 )(xi yi+1 − xi+1 yi )
6 A i =0
Cy =

1 n −1
∑ ( yi + yi+1 )(xi yi+1 − xi+1 yi )
6 A i =0

Equation 4.17

The equation for finding the centroid of a 3D object comprised of a collection of t triangular faces with
vertices (ai,bi,ci) is given below. Ri is the average of the vertices of the i'th face and Ai is twice the area
of the i'th face.
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t −1

C=

∑AR
i =0
t −1

i

i

∑A
i =0

i

Ri = (ai + bi + ci ) / 3
Ai = (bi − ai ) ⊗ (ci − ai )
Equation 4.18

4.2.5.6

Generating random vectors efficiently in 3D space

Generating a random direction for a single axis is a simple matter of generating a single random
number between 0° and 360°. However, generating a non-biased random vector in 3D using Euler
angles is more complicated, because randomly choosing angles for yaw and pitch (between 0° and
360°) will bias angles at the top and bottom poles. To avoid this problem, we used a simple approach
whereby a random point in a cube was selected by generating a random coordinate between -1 and 1
along each axis. Provided that this point lay within a distance of 1 from the origin, the vector from the
origin to the point provided a random direction. Since a sphere occupies 52% of its bounding cube,
about one in every two attempts were successful.
4.2.5.7

Generation of synthetic datasets

Figure 4.14 Illustration showing how the orientation of ellipsoid surfaces affects the accuracy of zScale calculations
(A) A 3D cartoon of a prolate spheroid in which each of the semi-minor and semi-major axes is indicated. (B) Side views of
identical prolate spheroids in different orientations showing how the semi-major axis can be twice the size of the semi-minor
axis depending on orientation.

To extend our analysis of spherical and spheroid organelles beyond the limits of data contained within
the cellular tomograms that were available for the current study, we generated 100 artificial datasets
whereby we randomly positioned a set of 100 spherical/spheroidal surfaces within a volume
equivalent to the 3D reconstructions of semi-thick sections for real datasets (i.e. 4,000×4,000×350
nm). After random placement, each surface was then randomly oriented about its equidistant center
using the method just described. Points were then re-sorted into contours after rounding each to the
nearest z value; any points sitting outside of the boundaries of the artificial volume were deleted.
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Surfaces that fell completely outside the synthetic tomogram or had fewer than four contours were regenerated. Two types of surfaces were randomly positioned in this way: spheres and prolate spheroids.
The equation of a standard ellipsoid is given by:

x2 y2 z2
+
+
=1
a2 b2 c2

Equation 4.19

where a and b are the equatorial radii (along the X and Y axes) and c is the polar radius (along the Z
axis). For a sphere all three values are equal, but for a prolate spheroid a = b < c, where we refer to
2×a as the semi-minor axis, and 2×c as the semi-major axis (Figure 4.14A).
4.2.5.8

Classifying surfaces for spherical organelles spanning multiple volumes in serial section
tomograms

Figure 4.15 Classification of spherical objects straddling a section boundary
Classifications used for spherical objects spanning multiple sections in serial section tomograms, as reported elsewhere
(Hoog et al. 2007, Ladinsky et al. 1999, Marsh et al. 2001a, Noske et al. 2008, Soto et al. 1994).

ET studies to characterize the 3D spatial and structural arrangement of cellular compartments and
organelles in situ frequently employ methods for joining tomograms generated from multiple serial
sections along the Z axis. Tomograms of adjacent sections can be aligned in XY using the program
MIDAS, which is distributed as part of the IMOD image analysis package. After calculating the
appropriate transforms for precise registration of one volume with the tomogram from an adjacent
section, the 3D density distributions are re-computed to generate a volume that encompasses all of the
tomograms accurately aligned in Z to provide a single continuous volume for study (Figure 2.3).
Thus, additional categories were required to describe spherical surfaces that touch or straddle the
boundary between adjacent volumes without contacting any other edges. We have referred to these
broadly as boundary intersecting surfaces, which can be sub-classified according to one of the three
common situations they describe (Figure 4.15): one-sided: touches the boundary between sections, but
fully resides within a single section; broken-half: spans two adjacent sections with its center clearly
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visible in one of the volumes; broken-fragments: the surface is visible in both sections but its center is
not visible in either volume.
4.2.5.9

Estimating missing volumes between adjacent sections in serial section tomograms

When serial section tomograms are joined together in Z as noted above, there is evidence that some
material has been lost (e.g. broken-fragments, where the central portion of a compartment whose
surface is clearly visible in two neighboring volumes is lost), ranging from a few nm up to ~10% of
the thickness of the original section. This can be caused by a variety of factors that includes the
occasional physical loss of material from sections when they are cut during microtomy, as well as
‘mass loss’ from the section (‘specimen thinning’) as a consequence of continuous irradiation in the
electron beam under high-vacuum, essentially vaporizing a small amount of material from the surface
of the section that is proximal to the incident electrons). To determine how much material is absent
between serially aligned tomograms (‘missingZ’), we developed a method for estimating the distance
by which the positioning of tomograms should be adjusted for to accurately account for the missing
volume, such that the distance between objects on either side of section boundaries correctly reflects
their original spatial state. Prior to estimating missingZ between pairs of adjacent tomograms joined in
Z, the zScale value of each tomogram must be determined using OZFA. Since image sets for serial
section tomography would typically be acquired using the same instrumentation and settings, we
assumed that sections underwent the same degree of collapse and set the zScale of all tomograms to
the average zSpheres value. As with estimating zScale, we used both crude and more optimal methods
to estimate missingZ. For the crude approach, we estimated the missingZ values for each broken-half
surface (missingZHalfSurf), as the Z span of the top half (Δztop) plus the Z span of the bottom half
(Δzbottom) divided by the maximum average side length in XY (maxAvgSideXY) as follows:

[

]

missingZHalfSurf = zScale(∆z top + ∆z bottom ) − maxAvgSideXY × pixelSize

(

maxAvgSideXY = max ∆xtop ∆ytop , ∆xbottom ∆ybottom

)

Equation 4.20

Note that this equation will yield a minimum value when applied to either one-sided or broken-half
surfaces, i.e. the missingZ value determined for the section should not be any less than this amount
(Figure 4.15). Thus, to obtain an initial crude estimate of missingZ, we averaged missingZHalf values
using all broken-half surfaces. However, to determine more robust estimates for missingZ, surfaces on
each side of the section boundary were considered as unrelated surfaces. After finding the two
equidistant centers using ECFA, the missingZ value for a pair of surfaces (missingZCenter) was
calculated as the distance between the equidistance centers along Z:

missingZCenter = zSpheres(cZ bottom − cZ top )× pixelSize
Equation 4.21

where cZtop is the Z value of the equidistant center for the top part of the surface, and cZbottom is the Z
value for the equidistant center of the bottom part of the surface. To determine the best value over the
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whole section, missingZSpheres was calculated by averaging the missingZCenter over all broken-half
and broken-fragment surfaces.

4.3 Accounting for anisotropic deformation of tomograms in the XY
dimensions
4.3.1 Misalignment of image information between adjacent section volumes is
exacerbated by the large field of view needed to image cells in toto
Closer inspection of the whole cell tomograms revealed that the membranes of compartments and
organelles did not line up precisely between the boundaries of adjacent section volumes, i.e. between
the top-most slice of one section and the bottom-most slice of the nearest adjacent section (Figure
4.16A). This misalignment results primarily from the anisotropic section distortion that occurs in XY
as a consequence of section thinning (see Section 1.3.2.8). Sections were initially aligned by eye using
the program MIDAS in IMOD. However, this program only accommodates the generation of uniform
transforms (e.g. translation, rotation, stretching); thus, it was impossible to perfectly align all
organelles and membranes between adjacent sections due to the non-linear nature of the distortions.
In high-resolution ET studies where multiple sections have been joined in Z (Ladinsky et al. 1999,
Marsh et al. 2001a), a much larger number of fiducials (typically >200) were tracked to ensure precise
tilt-series alignment. More importantly, compared to the scale of the 3D reconstructions undertaken in
this project, such tomograms covered a relatively small area in XY. Consequently, uniform transforms
provided a sufficient method for aligning section volumes with negligible misalignment between
sections, i.e. errors of less than a few pixels at any given point (Figure 4.16B). For these whole cell
studies however, a much larger number of sections were joined (between 27 and 57 for each cell), and
to expedite reconstruction of these large volumes fewer than usual (40-120) fiducials were tracked.
Moreover, these whole cell studies imaged a much larger area (>10 µm wide in X and Y) than the
aforementioned high-resolution studies, such that the final result was a clear offset between many
organelles straddling section boundaries after alignment, as highlighted in the inset in Figure 4.16A.

4.3.2 Measuring misalignment using reference points
To create a series of reference points on either side of the section boundaries in order to quantify the
misalignment between sections, IMOD was used to draw two point open contours, with the start point
in the slice below and the end point the slice above each section boundary. Each pair of points was
centered on a single organelle which straddled the section boundary, was approximately spherical and
also well defined in both slices. For the majority of reference points, MG were used, as they were
sufficiently round and the most abundant compartment in the beta cell. However, in regions lacking
MG, other organelles such as IG were used. To help accurately center points, a circle was projected
around each point and the radius and position of the point carefully adjusted until the circle fitted the
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membrane (Figure 4.17A-B). For each section boundary (with the exception of four section
boundaries in cell01 containing no cell), ~20 pairs of reference points were described, and spread
across the cellular area as evenly as possible.

Figure 4.16 Misalignment over section boundaries for whole cell data compared to high-resolution studies
(A) A side view through the final whole cell tomogram cell04 as per Figure 2.3D. To emphasize the misalignment between
sections after alignment in MIDAS, the area in the red box has been expanded in the inset on the right. Within each inset,
section boundaries have been highlighted in blue while the nuclear and plasma membranes have been highlighted in red to
reveal discontinuities across the section boundaries. (B) A side view through a set of the serially aligned high-resolution
tomograms taken from (Marsh et al. 2001a). Dotted yellow lines indicate the scale of this section relative to the whole cell
tomogram in (A). Within the inset, red lines highlight the continuity of Golgi membranes across the two section boundaries.
Scale bars: 1 µm (main images), 100 nm (insets).

To provide a first estimate of section misalignment, the ‘displacement’ distance in nanometers
between start point, startP, and end point, endP, for each pair of reference points along XY was
calculated and called pDisplacement (Figure 4.17C).

pDisplacement =

(xstartP − xendP )2 × ( ystartP − yendP )2
Equation 4.22
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Figure 4.17 Creating reference points across a section boundary
Two adjacent slices either side of a section boundary from the dataset cell04, illustrating the placement of reference point
pairs (orange circles) in the center of mature granules in XY on adjacent sections. Reference points were spread over the
entire visible region of material (not just within the cell) as evenly as possible, with the notable exception of nuclear regions,
as the morphological features and overall shape of beta cell nucleus were too inconsistent to allow reliable reference points
across sections. (A) Slice 1199 of 2425, with green crosses representing the first reference points at the top-most slice of a
section. (B) Slice 2000, with red crosses representing the second reference points at the bottom-most slice of the section
above. (C) A color overlay of A (in green) and B (in red), with the orange lines representing the ‘displacement’ of each point.
Although the displacement does not appear large in the overview image above, the inset (below) reveals the pDisplacement
(displacement in XY) for this point is almost 9 pixels, which corresponds to 48 nm. In each panel, the inset has been placed
in the same XY location and represents an area exactly 1 µm × 1 µm. Scale bar: 1 µm.

For each section boundary an initial estimate of misalignment using point displacement,
sectionPDisplacement, was calculated as the average of pDisplacement of all Nsbp pairs of reference
points straddling its boundary. Similarly, a misalignment estimate of section boundaries for the whole
cell, wholeCellPDisplacement, was given by averaging the sectionPDisplacement of all Nsb section
boundaries for that cell:
Nsbp −1

sectionPDisplacement =

∑ ( pDisplacement )
i

i =0

N sbp

Nsb −1

wholeCellPDisplacement =

∑ (sectionPDisplacement )
i =0

i

N sb

Equation 4.23
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Using this technique, the average point misalignment (wholeCellPDisplacement) was 98.65 ± 57.15
nm for cell01, 39.46 ± 25.30 nm for cell02, 66.48 ± 38.79 nm for cell03, and 84.94 ± 54.86 nm for
cell04. A full table of results for each cell is provided in Appendix B. For the 3488 reference point
pairs over all four cells, >25% had a pDisplacement of >100 nm. Evidently, a better method to correct
for section deformation in XY was necessary to produce a more accurate 3D reconstruction for the
final whole cell models. The next section outlines the method use to perform such a correction.

4.3.3 Accounting for misalignment in XY using a deformation grid
In order to correct for misalignment in final whole cell models, reference point pairs (described in
Section 4.3.2) were used to generate a large ‘distortion grid’, also known as a vector field, as
graphically illustrated in Figure 4.18. First, each pair of reference points straddling the section
boundary was converted to a 2D displacement vector, dispV, and placed into an array called
dispVArray (Figure 4.18A). Four additional vectors, vBL, vTL, vTR and vBR, were then created with
their startP set to the bottom left, top left, top right and bottom right corners respectively. The endP of
each of these four ‘corner vectors’ was calculated using the two displacement vectors in dispVArray
with the closest startP and furthest startP (Figure 4.18B). These four corner vectors, forming a
‘quadrilateral of best fit’, were then added to dispVArray ready to generate a deformation grid (Figure
4.18C).

Figure 4.18 Generation of 2D deformation grid using reference point pairs
(A) A set of five displacement vectors representing reference point pairs straddling a section boundary. The black square
represents the cell’s boundaries in XY, green crosses show start points (representing the lower slice) and red show end points
(representing the upper slice). (B) A diagram showing the four corner vectors generated using the displacement vectors in
(A). The top left corner vector, vTL, was calculated using dispV0 and dispV4 as the starting points of these two displacement
vectors are the closest and furthest from the top left corner of the tomogram respectively. Note that the end point of vTL is set
such that the angle between the lines a' and b' is the same as between a and b, and the length of b' relative to a' is equal to the
length of b relative to a. This is repeated for each corner. (C) The 2D deformation grid formed using all displacement vectors,
including the corner vectors, as determined by Equation 4.24.

For each section boundary within a whole cell tomogram, a uniform 2D grid of vectors with 20 rows
and 20 columns, forming a total of 441 grid vectors (21×21), was generated (Figure 4.20). Grid
vectors in the ‘lower grid’ (the grid immediately below the section boundary) of each section
boundary were then deformed using dispVArray. For any grid vector with a startP equal to the startP
of one of the displacement vectors in dispVArray (including the four corners) the endP of the grid
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vector was set to endP of the matching displacement vector, but for all remaining grid vectors in the
upper grid, the endP was distorted using all Nv displacement vectors in the dispVArray as follows:

Di =

(gridV .xstartP − dispVi .xstartP )2 × (gridV . ystartP − dispVi . ystartP )2

totalDistWeight =

∑ (D

Nv −1
i =0

i

− PULL _ STRENGTH

gridV .xendP = gridV .xstartP

)

 Di − PULL _ STRENGTH

+ ∑ 
× (dispVi .xendP − dispVi .xstartP )
i = 0  totalDistWeight

Nv −1

Equation 4.24

where D is equal to the distance between the start points of the grid point and displacement vector, and
totalDistWeight is used to weight the influence of each displacement vector. The grid formed by all
end points in the lower grid will be referred to as the ‘adjusted grid’. PULL_STRENGH should be >1
and represents the pulling strength displacement vectors have on grid vectors relative to the distance
separating their start points. For all four cells PULL_STRENGH was set to three.
After the 2D deformation grid is generated for all section boundaries, the 2D grids at the top and
bottom of each section had to be transformed relative to all sections below. The need to apply these
uniform transforms is explained in Figure 4.19, which uses exaggerated illustrations to demonstrate
how cumulative translation, rotation and stretch are likely to increase as more sections are joined. In
Figure 4.19B, section 2 is rotated 10° relative to section 1 to bring their section boundary into
alignment, and section 3 is rotated 10° relative to section 2, thus the ‘cumulative’ rotation of section 3
relative to section 1 is 20°. To limit the cumulative translation and rotation in section alignment, the
best method was to use the 4700× montages of the cell to help rotate and center each section in the
TEM, as mentioned in Section 2.2.3. Using this method, sections could be easily rotated using the tilt
rotate holder to within ±1º relative to the previous section.

Figure 4.19 Demonstration of problems caused by cumulative transforms when many serial tomograms are joined
(A) An exaggerated cartoon showing the alignment of seven joined serial section tomograms in MIDAS, using the bottommost section, section 1, as the ‘reference section’. For each section the translation along X relative to the section below and
the cumulative shift relative to the ‘reference section’ has been shown immediately to the right of each section. Notice the
cumulative shift can add up over many sections and section 7 is offset by a fictitious 250 nm relative to section 1. (B) The
relative and cumulative rotation about the center of seven serial sections joined in MIDAS, as per (A). To aid readability only
the first three of these sections have been drawn. Here the rotation of section 7 (not drawn) relative to section 1 is 20°. (C)
The relative and cumulative stretch along X of seven serial sections joined in MIDAS, as per (A). Unlike translation and
rotation, which are caused by the difficulty in perfectly rotating and positioning each section relative to the previous in the
TEM, a difference in stretch/scale is caused by non-uniform specimen distortion, and thus represents a significant problem.
(D) A representation of the method developed in this thesis to align and join serial sections without causing an undesirable
cumulative change. To achieve this, the bottom of each section is left unscaled, but the top of each section is stretched using
the section boundary 2D distortion grid to match the section above.
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Although translation and rotation of tomograms into alignment is normal in joining tomograms,
stretching tomograms into alignment presents a significant problem. While the need to translate and
rotate tomograms is caused by the difficulty in perfectly positioning the target cell in the center of the
TEM’s imaging field, the need to stretch/scale sections is caused by non-uniform XY distortion of
sections during specimen thinning. Moreover, if each section is stretched relative to the previous, then
the further away a section is from the reference section, the less accurate its dimensions are likely to
be. In the exaggerated example in Figure 4.19C, section 7 has been stretched by 1.267 in X, relative
to section 1. While the ‘reference section’ (section 1) is kept the correct size, all sections above it are
an incorrect size. To reduce this problem, sections in cell01 and cell02 were stretched as little as
possible and in a way that reduced cumulative stretching in any direction; in cell03 and cell04, no
stretching was applied at all in MIDAS. For all whole cells, the middle-most section was chosen as the
reference volume. To avoid this cumulative stretching problem illustrated in Figure 4.19C in the nonuniform deformation grid, the top edge of sections were essentially tapered inwards or outwards as per
Figure 4.19D, such that the bottom of each section maintained the correct dimensions.

Figure 4.20 Using the deformation grid to deform points
(A) The 2D deformation grid generated for slice 1199 of cell04 using the reference point pairs from Figure 4.17. (B) An XZ
view of cell04 showing the 2D deformation grid at the top and bottom of section boundaries after applying cumulative
translation and rotation transforms. Reference points have been shown as orange spheres. (C) The 2D deformation grid from
(A) after cumulative transforms. The nucleus (yellow), plasma membrane (pink), main Golgi ribbon (grey) and trans-most
Golgi cisterna (red) have been shown before (faint) and after (less faint) transformation. The inset demonstrates how each
point (green) is shifted to its new location (red) by the four vectors enclosing it. The green box represents the grid ‘cell’
containing the point, and the red box represents this cell after deformation. This shifting of points is achieved by maintaining
the point’s proportional distance along each edge as shown. Scale bars: 1 µm.

For each quadrilateral of best fit, the transforms for translation and rotation about the center, were
calculated as follows:

translation =

(vBLendP + vTLendP + vTRendP + vBRendP ) − (vBLstartP + vTLstartP + vTRstartP + vBRstartP )
4

(∠vBLendP vTLendP − 90) + (∠vTLendP vTRendP ) + (∠vTRendP vBRendP − 270) + (∠vBRendP vBLendP − 90)
rotation =
4
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Each 2D distortion grid was then updated using the cumulative translation and rotation transform of
the sections below it (Figure 4.20B). Next a 2D deformation grid was generated for every slice on
every section, by linearly interpolating the grid vectors between the bottom-most and top-most 2D
deformation grid on that slice. Finally, all points in the model were shifted using the 2D deformation
grid on their slice, as illustrated in Figure 4.20C.

4.3.4 Results of XY distortion correction
After application of the deformation grid, an improved correspondence over section boundaries was
visually evident in each of the four cells (Figure 4.21). The calculated transform for the quadrilateral
of best fit for each section had an average rotation of 0.123 ± 0.970°, -0.015 ± 0.187°, -0.006 ± 0.848°
and -0.027 ± 0.491° for cell01, cell02, cell03 and cell04 respectively. The center of the quadrilateral of
best fit was offset by an average distance of 13.07 ± 8.95 nm, 4.41 ± 3.21 nm, 11.00 ± 9.37 nm and
11.7 ± 7.57 nm for cell01, cell02, cell03 and cell04 respectively5. More detailed results are provided in
the tables in Appendix B.
Despite improving the alignment of section boundaries prior to final data processing, note that the
application of a deformation grid in this project does not represent the best possible solution for the
problem of non-uniform deformation correction in XY. This author proposes a more ideal solution
involves development of a new program or heavy modification of the MIDAS interface to allow users
to interactively distort adjacent sections by adding reference points and dynamically updating the
deformation grid. Moreover, such a program should also allow the user to assist the computer in
deciding which sections were least distorted during EM and thus should be subject to less tapering,
prior to generation of the final whole cell tomogram. Although this goal represents a significant
software development project, aligning sections as accurately as possible before the generation of the
whole cell tomogram, rather than after segmentation (as done in this paper), it has the added advantage
of facilitating faster, easier and seamless segmentation across section boundaries; especially when
using the interpolation tools described in Section 3.2. Ultimately, the accuracy of 3D surface-rendered
models can only be as good as the tomograms segmented to provide those data.

5

The offset distance was calculated using Pythagoras’ theorem on the translation in x and translation in y for the

quadrilateral of best fit.
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Figure 4.21 Result of applying XY deformation grid to the whole cells
(A) The final whole cell model following segmentation of the whole cell tomogram, but before applying XY deformation, for
cell01, cell02, cell03 and cell04 (top to bottom). The plasma membrane (black/purples), nucleus (yellow), main Golgi ribbon
(grey) and trans-most cisternae (red) have been shown. (B) The final whole cell model from (A) after applying XY
deformation grids, as generated using reference points. For each cell, the total number of reference point pairs and section
boundaries with cell material (over which reference points straddled) has been shown. Blue arrows highlight several of the
more obvious improvements in alignment over section boundaries. (C) An overlay of each whole cell model before and after
XY deformation. The colors of the model before deformation have been inverted - with the nucleus becoming dark blue and
trans-most Golgi becoming aqua - and a semi-transparent image of the model after deformation placed precisely over the top.
Regions of color highlight the difference in the shape of organelles after deformation. Scale bars: 1 µm.
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4.4 Additional techniques for improving tomogram quality and accuracy
In addition to the methods used to improve the accuracy of models, this project also investigated
several methods to improve the quality of the whole cell tomogram data, by increasing the SNR,
section thinning and the missing wedge problem. Methods used to improve the quality of tomographic
reconstruction included the use of larger gold particles, the development of interactive tools for
fiducial tracking and the use of a ‘reduced second axis’.

4.4.1 More reliable automated fiducial particle tracking using larger fiducial
markers
During reconstruction of sections, tilt-series images were first brought into register using crosscorrelation. A subset of evenly-spread gold fiducials markers were manually delimited as ‘seed points’
on the 0° tilt image (as described in Section 1.3.2.10) and cross-correlation used to track these
fiducials over the remaining tilt images using the eTomo interface and beadtrack command line
program. Although relatively effective for most high-resolution tomograms, this automated fiducial
tracking proved highly unreliable and problematic when reconstructing whole cell sections, due
principally to the small size of fiducials relative to pixel size.
For the first two whole cells, 10 nm gold fiducial particles were used and since pixel size was 5.156
nm/pixel and 6.066 nm/pixel for cell01 and cell02 sections respectively, each fiducial was less than
two pixels in width 6 (Figure 4.22A-B). This is in contrast to high-resolution studies where the pixel
size is typically about 1 nm/pixel and thus 10 nm gold particles are about 10-12 pixels wide. At 4700×
magnification fiducials in cell01 were generally easy to identify at 0° tilt, but often disappeared from
view at high tilt (Figure 4.22A). At 3900× in cell02, even fiducials at 0° tilt proved hard to identify
correctly, without iterating backwards and forwards through the first few tilts either side of 0° (Figure
4.22B). As a consequence, beadtrack often failed to track fiducials accurately; with points either not
resolved or placed far away from the target fiducial on many views, especially at high tilt. Several
minutes then had to be spent on each individual fiducial by manually finding and correcting badly
tracked points, resulting in hours of additional manual labor.
In cell03 and cell04 the pixel size was 5.058 nm/pixel and gold fiducial particles of 15 nm were used
for most sections, thus gold fiducials were ~3 pixels wide (Figure 4.22C) compared to ~2 pixels in
cell01. This larger fiducial size in tilt images resulted in a marked improvement in automatic fiducial
tracking using beadtrack as well as making it easier to select good candidate seed points and manually
track/correct the movement of fiducials over images at high tilt. For a subset of 8 sections in cell03
and 16 sections in cell04, the original 10 nm gold was used so these sections would be suitable for
imaging at high-resolution, subsequent to their imaging for these whole cell studies. One of the
6

Gold fiducial particles often appear larger in micrographs due to electron deflection of solid material and the

high SNR inherent in EM.
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advantages of ET is the same sections and regions of interest can be imaged multiple times and at
different resolutions each time. A diameter of 5-10 nm diameter is the preferable size of gold fiducials
for high-resolution studies as more fiducials can be attached to the surface before they start obscuring
too much of the section. Although there are sometimes fewer than the desired number of fiducials to
track in each panel in high-resolution studies, these whole cell studies had an estimated average of just
under 2000 fiducials in each single panel of section. In whole cell studies the problem of fiducial
tracking is thus not limited by the number of fiducials available for reconstruction, but by the
accuracy/reliability of tracking fiducials which are so small they can sometimes become obscured
behind dense material at high tilt.
It is this author’s recommendation that the resolution of whole cell studies using ET should not be
conducted at less than 3900× and the size of fiducials used never drop below 15 nm and/or 3 pixels in
diameter.

Figure 4.22 Identifying and tracking gold fiducial markers in whole cell sections
(A) Section 24 of cell01, containing 10 nm diameter gold fiducial markers, taken at 4700× at 0° (top) and -62° (bottom). (B)
Section 22 of cell02, containing 10 nm fiducials, taken at 3900× at 0° (top) and -62° (bottom). (C) Section 1 of cell03,
containing 15 nm fiducials, taken at 4700× at 0° (top) and -63° (bottom). Insets show a small area, ≈200×200 pixels, from the
middle of each image, to exemplify the pixel size and clarity of gold fiducial particles in each cell. Notice 10 nm gold
particles are very difficult to see at 3900× (B), especially when rotated to high tilt (bottom). Scale bars: 1 µm.
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4.4.2 Interactive tools for tracking gold fiducial particles during image
alignment
For this whole cell study over 300 tilt-series were reconstructed. Although each of these tilt-series was
acquired within only 15-60 min - depending on tilt increment and range - each tilt-series required ≈2-5
hrs to reconstruct on the computer - depending on number of views, number of fiducials and fiducial
size. Indeed, following the implementation of interpolation, drawing tools and other abridged
approaches to accelerate segmentation within the scope of this project, segmentation was no longer the
primary rate-limiting step. Since the most time-consuming part of tomogram calculation was the
arduous manual checking and correcting any incorrectly placed fiducial points, I developed new tools
to accelerate the process of accurate fiducial tracking and correction.
To achieve faster correction of models, several tools for hybrid (semi-automated) fiducial tracking and
the generation of visual aids were implemented and the most successful of these built into a special
plugin for IMOD called ‘BeadHelper’ (Figure 4.23). In Figure 4.23A, BeadHelper has been used to
assist in the fiducial tracking/correction of the A axis tilt-series of one of the montaged sections in
cell04 within the IMOD Zap window. The user is able to see the trajectory of all fiducials at a glance
(green lines), and quickly delete, truncate or reduce such contours back to their original seed using
shortcut keys. In addition to methods to mark well-tracked contours as ‘checked’/locked in and
methods to sort contours by their position and/or estimated accuracy, BeadHelper features several
interactive methods of tracking gold fiducials, with some of these methods fundamentally similar to
Interpolator, in that they used the existing model data, rather than the noisy image data, to project new
points and/or estimate the displacement of points from the fiducial on each view. Interestingly, the
most effective point tracking methods were typically the simplest. In the ‘smart 2 pts’ method for
example (Figure 4.23A) the two points, pt1 and pt2, which were closest to the current view, viewCurr
(preferably either side of viewCurr but never on the viewCurr) but were first found, and then the tilt
angle in radians of each of these views - angle(viewCurr), angle(viewpt1) and angle(viewpt2) - about the
estimated tilt axes was used to calculate the ‘estimated position’, estPos, of the fiducial on the current
point to produce a smooth trajectory.

fractToEstPos =

cos(angle(viewCurr )) − cos(angle(viewpt1 ))

cos(angle(viewpt 2 )) − cos(angle(viewpt1 ))
estPos x = fractToEstPos × ( pt 2 x − pt1x ) + pt1x
estPos y = fractToEstPos × ( pt 2 y − pt1y ) + pt1y

Equation 4.26

Variations on this approach included averaging the trajectory/angle in XY over many points and/or
shifting the estPos towards the center of the darkest region of pixels; which often but not always
represented the fiducial. Through extensive testing, another practical approach found to speed up
fiducial tracking was to use the estimated position (Figure 4.23A) to help fully track the first five or
so seed points prior to the first execution of beadtrack. By having the first few seed points perfectly
tracked, beadtrack had a better chance of tracking all other seeds points successfully. Once all points
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were checked the final 3D position of points was calculated (Figure 4.23C) using the 3D trajectory of
points examined in the MODELVIEW window (Figure 4.23B), and the remaining (automated) steps of
reconstruction could continue.

Figure 4.23 Tracking fiducials using the BeadHelper plugin
(A) A 0° tilt of the A axis tilt-series for section 40 from cell04, showing the tracking of gold fiducials using the BeadHelper
plugin (highlighted in red) in the 3dmod ZAP window. Fiducials on this view are highlighted with green light circles, the
tracking of these fiducials over the entire tilt-series are shown as dark green lines and the tilt axis of best fit, as calculated by
BeadHelper, highlighted with a solid yellow line. The red crosshair in the middle is used to show the estimated position of
the selected fiducial on the current slice using the ‘smart 2 pts’ method of calculation in BeadHelper. BeadHelper also has a
number of other options not shown, but all are designed to more easily track fiducials and to rapidly identify and correct
poorly tracked points. (B) The 3dmod MODELVIEW window, showing the trajectory of points in 3D over the 85 tilt images
(1.5° increments over ±63°) for the fiducial model in (A). The middle-most points in Z containing tilt axis of best fit (yellow
line) represent the 0° tilt, and the slices above and below this represent the positive and negative tilt range respectively (as
labeled). Using this MODELVIEW window, the user can easily identify, select and delete any fiducials which do not appear
smooth and have therefore tracked poorly. (C) The 3D MODELVIEW window showing the calculated position of fiducials on
the section in 3D using the fiducial model in (A) and (B). Points on the top surface of the section (the side without formvar)
are shown in green and points on the bottom surface of the section (the formvar coated side) shown in purple. This view is
useful to identify poorly tracked fiducials as those which do not lie relatively flat, and like (B) this model is easily rotated and
moved using the mouse. Scale bar: 1 µm.

Since the first two cells were already complete, BeadHelper was used to help track and correct
fiducials in cell03 and cell04 only. With the help of these interactive tools, it was possible to track
fiducial particles both faster and with greater accuracy, thus enabling a much larger number of
fiducials to be tracked (e.g. ~120 fiducial points per tilt-series were tracked for cell03 and cell04,
compared to 40 points per tilt-series for cell01 and cell02). Tracking a much larger number of fiducials
significantly improved the accuracy of tilt-series alignment, and was one of the two major factors
which contributed towards the superior tomogram quality of the latter two datasets - the other being
the development and use of a reduced second-axis approach (Section 4.3.4).
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4.4.3 Improving tomogram quality using a reduced second-axis approach
Due to the sheer number of tomograms required for this project, an important consideration was the
time required to collect each tilt-series; as well as the ~300 tilt-series datasets that were acquired in
order to reconstruct these four cells in toto, additional data were also needed in order to test and
identify the optimal imaging parameters such as magnification, orientation, montaging, etc. However,
it was also crucial to determine what factors might afford significant improvements in the overall
quality of the tomograms.
For cell01 and cell02, data were collected for only a single axis using tilt increments of 2° over a range
of ±62° (compared to 1° tilt increments collected for dual-axes for our normal high-resolution studies),
and each tilt-series took ≈45 min to collect 7. However, following the collection of these two cells, a
new four-port readout CCD camera was installed into the shared Technai F30, which effectively
halved the time required to collect each tilt-series. For cell03 and cell04, it was decided to use smaller
tilt increments of 1.5° and reduce the missing wedge to a missing pyramid (Section 1.3.2.5) by using a
modified dual-axis approach. By testing a range of tilt increments for both axes, it was determined that
the tilt increment for the B axis could be reduced from 1.5° to 3° with negligible loss in final
tomogram quality (Figure 4.24C and Figure 4.24B). Evidently, at these lower magnifications and
intermediate resolutions, the contribution of image information from the B axis is less important;
rather, it is the crude spatial information that contributes most to improved tomogram computation in
Fourier space (see blue arrows in Figure 4.24).
The mathematical principles for the use of different tilt increments along various axes have been
discussed in depth in (Radermacher 1992). However, to the best of our knowledge, this study
represents the first practical application of using different tilt increments for dual-axis ET in the field,
and our results demonstrate that for intermediate resolution ET studies, this approach effectively
reduces the time taken for image data acquisition yet provides the benefits of dual-axis ET with
negligible loss in quality. For cell03 and cell04 (both imaged at 4700×), tilt increments of 1.5° over ±
63° were used for the A axis and tilt increments of 3° over ± 63° were used for the B axis as per
Figure 4.24B. Using the four-port readout CCD for these two cells, each single panel A axis tilt-series
took ≈30 min and each single panel B axis took only ≈15 min to acquire.

7

Does not include the time that was required to align the microscope, insert specimen grids and locate ROIs
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Figure 4.24 Improved tomogram quality using a reduced second-axis approach
(A) Middle slice of a single axis tomographic reconstruction, with the tilt-series taken at 4700× magnification using 1.5° tilt
increments over ±63°. (B) Middle slice of a ‘reduced second axis’ tomographic reconstruction, using the same tilt-series from
(A) for the A axis, but then combining this with a tilt-series of 3° increments over ±63° for the B axis. (C) Middle slice of a
dual-axis tomographic reconstruction, using 1.5° tilt increments over ±63° for both axes. Although the quality of the dualaxis tomogram (C) represents a significant improvement over the single axis (A) it exhibits negligible differences when
compared with the reduced second axis tomogram in (B). 200 gold fiducials of 15 nm diameter were tracked for each tiltseries. In the inset at the bottom of each panel, a close up of the whole tomogram has been shown to emphasize the difference
in membrane clarity between the three methods. Notice that in single axis reconstructions, the missing pyramid makes it
difficult to see membranes which are perpendicular to the axis of tilt. In all A axis reconstructions the tilt axis was ≈ -10° to 12° offset to vertical, thus the membranes which are roughly horizontal are the hardest to see in single A axis reconstructions;
the blue arrows show an example of this. Scale bars as shown.
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QUANTITATIVE 3D SPATIAL ANALYSIS OF
WHOLE CELL TOMOGRAMS
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5.1 Introduction
Studying mammalian cell biology/physiology at the EM level, particularly in the context of intact
native tissue with biomedical relevance to chronic human diseases such as diabetes or cancer, has
emerged as a major goal of the complex systems and computational biology research communities
over the past few years (Arita et al. 2005, Bork and Serrano 2005, Burrage et al. 2006, Coggan et al.
2005). Moreover, building on a precise spatio-temporal scaffold in all four dimensions (4D) is
increasingly regarded as a basic tenet to understanding the mammalian cell as a prime example of a
complex system, and as a prerequisite for efforts to recapitulate basic cell processes in silico through
simulation (Lehner et al. 2005, Nickell et al. 2006). Indeed, much of the work carried out over the past
40 years or so to elucidate the insulin biosynthetic pathway within the beta cells of the endocrine
pancreas has relied heavily on a rigorous structure-function-based approach using conventional 2D
EM techniques as well as rudimentary 3D studies of serial paraffin sections (Bonner-Weir 1988,
Bonner-Weir 1989, Bonner-Weir and Orci 1982, Greider et al. 1969, Howell et al. 1969b, Howell and
Tyhurst 1974, Orci 1974, Orci 1976a, Orci 1976b, Orci 1985, Orci et al. 1984c).
Together, these studies have contributed significantly to our overall understanding of the key steps
involved in insulin manufacture and release. However, real gaps still remain in our basic knowledge of
the cellular events that follow insulin biosynthesis. This led several years ago to the development of
techniques for the improved preservation and subsequent 3D imaging of insulin-secreting cells by ET,
first using cultured beta cell lines (Marsh et al. 2001a), then with beta cells still resident in situ in
pancreatic islets isolated from mice (Marsh et al. 2004). Although the tomograms generated from
those studies provided new insights into structure-function relationships among organelles of the
insulin biosynthetic pathway at comparatively high (≈5-7 nm) resolution (Marsh et al. 2001b, Marsh et
al. 2004, Mogelsvang et al. 2004), they were limited in that they normally only allow the
reconstruction and examination of a relatively small percentage (i.e. <1%) of the total cell volume due
to the significant technical challenges associated with high-resolution ET of large cellular volumes
(Marsh 2005, Marsh 2007).
To both qualitatively and quantitatively assess relationships among the key organelles involved in
insulin production in the context of the whole cell, this project required the development and
application of an expedited ET approach that would allow the imaging, reconstruction and analysis of
entire pancreatic beta cells in detail ≈
( 20 nm) in 3D, at an order of magnitude better resolution than
standard LM imaging and at least twice the resolution of the most promising new approaches for 3D
and 4D LM (Egner et al. 2004, Hara et al. 2006, Ma et al. 2004, Michael et al. 2004). Although when
compared to live cell imaging, cellular tomograms remain limited in that they represent only a static
‘3D snapshot’ captured at a single point in time, they offer the advantage of having sufficient
resolution to visually/morphologically distinguish most compartments/organelles of interest
simultaneously (based on a wealth of basic knowledge provided from previous ultrastructural studies
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of mammalian compartments involved in membrane trafficking over the past six decades), as opposed
to only being able to visualize those compartments that traffic and/or house a protein(s) of interest
tagged with a fluorophore(s). Nevertheless, despite the fact that each cellular reconstruction represents
only one view per cell, ET studies of large volumes of mammalian cells have been notoriously timeconsuming. Thus, the primary criteria for establishing an appropriate schema in this project was that
the approach must provide a means for comparative whole cell studies of islet beta cells in a way that
was both fiscally and temporally practical, and would lend itself to attempts at automation at multiple
steps along the way.
In addition to developing the basic approach that would enable the 3D reconstruction of not just one
but four cells for comparative analysis (two ‘non-stimulated’ cells from an islet under so-called
“resting” conditions and two ‘stimulated’ cells from an islet exposed to elevated levels of extracellular
glucose), several new methods were developed that enabled the abbreviated segmentation of relevant
cellular organelles and compartments, including mapping the entire Golgi ribbon as well as each cells’
full complement of mitochondria and insulin secretory granules, on a timescale of weeks rather than
months or even years. Although relatively crude, this approach affords important new insights into
global cellular organization and comparative cell biology in 3D that has not been previously attained
by other methods.
This chapter presents the results from the comprehensive and quantitative spatial analysis of the four
final (deformation-corrected) whole cell models constructed using the techniques described in the
preceding chapters, and discusses the biological significance of these findings in the context of what is
considered ‘conventional wisdom’ regarding the insulin pathway. For initial reference, a side view
comparing the final 3D models generated from the four cells that reveals all of the major organelles
and compartments investigated in this project (with the exception of the mature secretory granules
which would otherwise obscure viewing of the underlying compartments) is presented as Figure 5.1.
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Figure 5.1 Final deformation-corrected cell models
Comparison views of the final whole cell models following segmentation, deformation and final meshing for (A) cell01, (B)
cell02, (C) cell03 and (D) cell04. The cell surface has been shown in semi-transparent purple for the two stimulated cells
(above) and semi-transparent white for the two non-stimulated cells (below). Also shown is: the nucleus (yellow), main Golgi
ribbon (grey), trans-most Golgi cisterna (red), penultimate trans-Golgi cisterna (gold), mitochondria (green), MGB (orange)
and immature granules (light blue) Scale bars: 1 µm.
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5.2 Results
5.2.1 Beta cell dimensions and shape
Although the two stimulated cells were selected on the basis of similarity in terms of overall cell and
nuclear dimensions as well as equivalent location at the periphery (on opposite sides) of the islet
(likewise for the two non-stimulated cells), the organization of key organelles in the two stimulated
cells was quite different. Of the two stimulated cells, cell01 was slightly larger, with a total volume of
~534 µm3 and an estimated total MSA of 458 µm2, with only ~5% of the PM facing the ‘extra-islet
space’. Cell02 was ~498 µm3 (1.07× smaller) in volume and had an MSA of ~403 µm2 (1.13×
smaller). In contrast, however, a much larger proportion (~23%) of this cell’s PM faced the islet’s
exterior (Figure 5.2B and Figure 2.1 inset). Henceforth, the area of PM facing the extra-islet space
will be referred to as the ‘extra-islet surface’.
Of the two non-stimulated cells, cell03 was the larger, having a total volume of ~816 µm3 and an
estimated MSA of 602 µm2, while cell04 was ~731 µm3 in volume (1.12× smaller) and had an
estimated MSA of 548 µm2 (1.10× smaller). Despite their location at the periphery of the islet, neither
of the non-stimulated cells were directly adjacent to the extra-islet space. Although the four cells were
selected on the basis of being roughly similar in terms of overall dimensions and nuclear size, the two
stimulated cells chosen for study were both smaller than their non-stimulated counterparts. However,
this difference in cell size does not reflect a change due to stimulation with glucose, but rather, natural
variation in islet beta cell size. Despite this difference in total dimensions, it is more important to note
that the beta cells’ capacity for insulin output has been shown to be directly proportional to their
volume (Giordano et al. 1993). For this reason, most results in this study have been expressed as a
percentage of total cell volume and/or total non-nuclear volume to allow meaningful comparison of
relative differences in organelle/compartment volume among individual cells. Moreover, the other
criteria that was used when selecting cells for study by whole cell ET - nuclear size - has more
important ramifications in terms of functional equivalence and cell age.
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Figure 5.2 Relative sizes of the cells and their nuclei
The relative sizes of the four cells and their nuclei shown to scale: (A,E,I) cell01, (B,F,J) cell02, (C,G,K) cell03 and cell04
(D,H,L). An orthographic top view (A-D) and side view (E-F) of each cell highlights the nucleus (yellow), the PM (purple
(or stimulated cells; white for non-stimulated cells) and the extra-islet surface (brown). Scale bars: 10 µm. (I-L) An XY slice
from the approximate middle of the nucleus (in Z) for cell01, cell02, cell03 and cell04, respectively, and indicated by the red
lines. Notice each nucleus is approximately 5 µm in diameter, but is not round in any of the four cells. The dotted yellow line
shows the interpolated contour used to segment the nucleus. Although not segmented, the positions of nuclear pores have
been indicated by purple dots. Scale bars: 5 µm.

5.2.2 Nuclear size relative to cellular volume
In accordance with the basic selection criteria, the nuclei were similarly sized (~5 µm in diameter) in
all four cells (Figure 5.2). The volume of the nuclei relative to the total cell volume was 14.2%
(V=75.9 µm3, SA=115 µm2), 15.2% (V=75.8 µm3, SA=98 µm2), 12.3% (V=101 µm3, SA=109 µm2)
and 14.6% (V=107 µm3, SA=113 µm2) for cell01, cell02, cell03 and cell04, respectively. Although
nuclear pores were clearly visible in the tomograms (see the purple dots in Figure 5.2I to Figure
5.2L), they were not segmented since nuclear pore size and distribution was outside the scope of this
project; consequently, nuclear pore size was not accounted for in the estimates of nuclear MSA.
Although the size of the nuclei was similar (between 12.3% and 15.2% of the cell volume) in these
four cells, the size of beta cell nuclei can vary significantly (Cho et al. 2001, Hellman and Hellerstrom
1959) and generally reflects the overall functional state of the cell (Meier et al. 2006). Evidence of the
extent of this variation can be seen clearly in even conventional 2D micrographs of murine islets
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(Figure 2.1 inset), where some nuclei span over 10 µm. Hereafter in this thesis, the density of
organelles (number per µm3) shall be referred to as the number of organelles per unit volume of the
cytoplasmic/non-nuclear cell volume (i.e. the volume of the cell minus the volume of the nucleus).

5.2.3 Insulin secretory granules
Each mature granule (MG) was segmented by fitting and re-sizing a sphere that approximated its
position and volume as described in Section 2.2.5. Surprisingly, although cell01 was slightly larger
than cell02 (534 µm3 versus 498 µm3), it contained 2.24× fewer MG than cell01. In cell01 there were
3670 MG (8.0 per µm3 of non-nuclear volume), contrasted against 8236 MG (19.5 per µm3) in cell02.
The non-stimulated cells cell03 and cell04 contained 12128 (17.0 per µm3) and 11771 MG (18.9 per
µm3), respectively.

Figure 5.3 Analysis of mature insulin granule size
A comparative analysis of MG diameters for cell01, cell02, cell03 and cell04. Note the mean value for each cell has been
marked (red line) and the MG diameter in each cell exhibits a relatively similar normal distribution about its mean.

In addition to the variations in the number of MG, the size of the MG population differed significantly
(p<0.001) across the four cells (see Appendix C, Figure C.3). The diameter of MG populations
exhibited a roughly normal distribution when plotted for each cell; the average diameter of MG was
288 ± 42 nm, 245 ± 39 nm, 280 ± 42 nm and 253 ± 47 nm for cell01, cell02, cell03 and cell04,
≈1.64×
respectively 8 (Figure 5.3). MG in cell01 were, on average, 1.18× larger in diameter (thus
larger in average volume) than cell02 (288 nm versus 245 nm). Consequently, although cell01
contained fewer MG, the cytoplasmic volume occupied by those (mature) granules was

8

All further results in the main text are expressed as mean ± standard deviation (SD).
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disproportionately large in cell01 (10.7%) compared to cell02 (16.2%). Inversely, cell01 contained
more (1.72×) immature granules (IG) than cell02.
In general, the number of IG was inversely proportional to the number of MG for all cells: 1039 (2.27
per µm3), 605 (1.43 per µm3), 189 (0.26 per µm3) and 160 (0.26 per µm3) for cell01, cell02, cell03 and
cell04, respectively; the size and position of the mature versus immature granule pools is shown in
Figure 5.4. Compared to the two stimulated cells, the percentage of cytoplasmic volume occupied by
MG was higher (1.4× higher on average) in the two non-stimulated cells; cell03 (20.8%) and cell04
(17.6%). The total number and volume of the different insulin secretory granule populations is
summarized in Table 5.1.

Figure 5.4 Relative number and distribution of insulin granules in each cell
Orthographic projections showing the density and position of MG and IG for each cell model. MG are demarcated as dark
blue spheres, while IG are colored light blue. The PM (purple/white), nucleus (yellow) and main Golgi ribbon (grey) have
been shown as a reference. (A,E,I) shows views of cell01, which contained 3670 MG (average diameter 287.9 nm) and 1039
IG. Likewise, (B,F,J) reveals views of cell02, which contained 8236 MG (average diameter 245.1 nm) and 605 IG; (C,G,K)
shows cell03, which contained 12128 MG (average diameter 279.9 nm) and 189 IG; (D,H,L) shows cell04, which contained
11771 MG (average diameter 252.5 nm) and 160 IG. The three rows of panels represent a top view, side view and
unobstructed side view of the cells for the top (A-D), middle (E-H) and lower (I-L) row of panels, respectively. Scale bars: 1
µm.
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Compartment

cell01

cell02

cell03

cell04

Units

Mature Granules:
Total number
Mean diameter *
Estimated total volume

3670
287.9
48.9

8236
245.1
68.4

12128
279.9
149.0

11771
252.5
109.9

nm
um³

Immature Granules:
Total number
Estimated total volume

1039
10.1

605
4.7

189
3.3

160
2.4

um³

Multi-granular Bodies:
Total number
Estimated total volume

21
1.14

38
3.58

56
3.09

64
3.17

um³

2.9
0.2

2.3
0

5.2
0

8.5
0

um³
um³

1.4

0.5

0.6

0.5

um³

4.5
274.9
11.1

2.8
194.6
0

5.8
366.3
0

9.0
547.9
0

um³
um³
um³

49.0
335.0

27.0
221.6

41.0
407.2

40.4
588.3

um³
um³

Golgi:
Estimated volume of main stack
Estimated volume of penultimate
trans-cisterna
Estimated volume of trans-most
cisterna
Estimated total volume
Estimated MSA of main ribbon
Estimated MSA of penultimate transcisterna
Estimated MSA of trans-most cisterna
Estimated total membrane MSA

Table 5.1 Comparative summary of quantitative data for key organelles
* Indicates a significant difference in the diameter of mature granule (p<5×10-23) between each pair of cells

5.2.4 Multi-granular bodies
MGB in pancreatic beta cells have previously been identified as compartments of lysosomal origin
that function in the intracellular degradation/dynamic turnover of ‘aged’ insulin granules (see Section
1.3.1.13) (Bommer et al. 1976, Borg and Schnell 1986, Halban 1991, Halban et al. 1987, Halban and
Wollheim 1980, Halban et al. 1980, Orci et al. 1984c). In the current project, MGB were segmented in
a semi-automated manner using a smooth interpolation algorithm and represented as a single object in
3D (i.e. the internal contents within the compartment lumen were not additionally segmented).
Although previous high-resolution studies by our group have demonstrated that it is possible to
unambiguously distinguish between different subtypes of lytic/degradative compartments involved in
granule digestion in murine islet cells in terms of autophagic versus crinophagic origin (Marsh et al.
2007), due to the lower resolution in these whole cell studies it became difficult to make such
distinctions reliably, especially in cell01 and cell02 (Figure 5.5E-H), Consequently, all
compartments/organelles that contained the partially degraded remnants of multiple insulin granule
crystals were broadly classified as MGB/autophagic bodies for the purposes of this study, including
those which sometimes appeared to represent crinophagic events. In many cases, MGB could only be
identified by scrolling up and down through multiple image slices at different planes in Z to determine
the presence of multiple internal membranes and/or the partially degraded insulin cores. The number,
size and position of MGB and illustrative examples of MGB as viewed in a single XY slice in each
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cell are shown in Figure 5.5. Notably, the two stimulated cells contained much fewer (~50%) MGB
compared to the non-stimulated cells (21 and 38 in cell01 and cell02 versus 56 and 64 in cell03 and
cell04). MGB were least abundant in cell01 (~1.8× fewer than cell02). Despite this large apparent
variation in the number of MGB, the proportional number of MGB per cell was surprisingly well
conserved across all four cells when expressed as a ratio relative to the number of MG (i.e. MG:MGB
= 175:1, 217:1, 216:1 and 184:1 for cell01, cell02, cell03 and cell04, respectively (Table 5.1).

Figure 5.5 Number and distribution of multi-granular bodies (MGB)
3D views of MGB (orange) in (A) cell01, (B) cell02, (C) cell03 and (D) cell04; the cell membrane (purple/white), nucleus
(yellow) and main Golgi ribbon (grey) are shown semi-transparent for spatial reference. The lower panels (E-H) provide
examples of MGB visualized in cross-section at the positions indicated by the dotted red lines. (E) A close-up view of slice
523 of cell01 centers on a MGB containing multiple vesicles within the lumen of the compartment. (F) Slice 420 of cell02
reveals two closely apposed MGB containing the (electron dense) partially degraded insulin granule cores. (G) Slice 1129 of
cell03, focusing on two MGB (the right-most contour is the same surface as the middle-most contour) which contain similar
densely stained regions as those visible in (F). (H) Slice 322 of cell04, highlighting a MGB containing multiple internal
membranes. Note that the MGB in (E) and (H) appear to be autophagic bodies, while the MGB in (F) and (G) appear to have
originated through crinophagic uptake of granule contents rather than engulfing the entire granule. Scale bars: 1 µm.

5.2.5 Organization of the Golgi ribbon
To expedite segmentation of the entire Golgi in each cell whilst still providing general information
with regard to total MSA and volume for the Golgi ribbon, the main ribbon (grey mesh Figure 5.6A
and grey contour Figure 5.6B) - comprised of cis-medial-cisternae - was segmented as a single object
using bounding polygons on every third tomographic slice. To more accurately calculate the
approximate volume and SA of the main Golgi ribbon, 50 slices in each cell were randomly selected
and cisternae individually segmented (green contours in Figure 5.6C) to provide a more accurate
estimation of cisternal volume versus bounding volume and cisternal MSA. Thus, this ‘limited
sampling’ approach helped guide and refine the accuracy of measurements of the Golgi ribbon without
requiring segmentation of each individual cisterna. As noted earlier (Section 2.2.5) the term TGN is
frequently used to collectively refer to multiple trans-cisternae at the exit face of the Golgi that are
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involved in sorting and packaging different cargoes for exit (Rothman 1981), but is also often used to
refer to the trans-most by itself. The terms TGN and 'trans-most cisterna' will hereafter be used
interchangeably but will generally refer to the same structure; however, in some specific instances
(where identified), the term TGN will collectively refer to the trans-most cisterna together with the
penultimate trans-cisterna.

Figure 5.6 Methods used to segment and estimate the volume of the main Golgi ribbon
(A) 3D view showing the profile of the main Golgi ribbon (grey) and trans-most cisterna/TGN (red) in cell04. (B) A close up
of a region of Golgi on slice 1151 of cell04, demonstrating how the trans-most cisternae were individually segmented (red),
then a bounding contour was drawn around each isolated group of main cisternae in the Golgi (grey). (C) Same view as (B),
demonstrating how the volume of the main Golgi ribbon was calculated. Fifty individual cisternae within the main ribbon
were randomly selected and segmented (dark green) to more accurately determine their area and perimeter relative to the
crude bounding contour (light blue). Scale bars: 1 µm.

The size and morphology of the Golgi in each cell is shown in Figure 5.7. In cell01, the Golgi had a
total estimated volume of ~4.5 µm3 and SA of 335 µm2 - calculated by summing together the main
ribbon (V ≈2.9 µm3, SA ≈275 µm2), penultimate trans-cisterna (V ≈0.24 µm3, SA ≈11 µm2) and transmost cisterna (V≈1.4 µm 3, SA≈49 µm 2). In comparison, the Golgi in cell02 comprised a total
estimated volume of ~2.8 µm3 and SA of 222 µm2 - calculated by summing together the main ribbon
(V ≈2.3 µm 3, SA ≈195 µm 2) and trans-most cisterna (V ≈0.6 µm 3, SA ≈27 µm 2). For the two nonstimulated cells, cell03 had a total estimated volume of 5.8 µm3 and SA of 407 µm2 - calculated by
summing together the main ribbon (V ≈5.1 µm 3, SA ≈366 µm2), and trans-most cisterna (V ≈0.7 µm3,
SA ≈41 µm 2). cell04 had a total estimated volume of 9.0 µm3 and SA of 588 µm2 - calculated by
summing together the main ribbon (V ≈8.5 µm 3, SA ≈548 µm 2) and trans-most cisterna (V ≈0.5 µm 3,
SA ≈40 µm 2). The penultimate cisterna Golgi in cell02 was not segmented separately from the main
ribbon due to reduced resolution in cell02 and because the cisterna itself was ‘sparse’. In cell03 and
cell04, the resolution was improved compared to cell01, but the penultimate cisterna was even more
sparse and thus was segmented as part of the main ribbon, as with cell02.
In terms of non-nuclear volume, the Golgi ribbon occupied, 0.99%, 0.66%, 0.81% and 1.44% of the
cytoplasmic volume within cell01, cell02, cell03 and cell04, respectively. Significantly, the Golgi
ribbon accounted for 1.5× more of the total cytoplasmic cell volume in cell01 than the other stimulated
cell, cell02. Of all four cells, the Golgi in cell04 occupied the largest volume, and included two large
regions of Golgi which were not connected to the main ribbon (see green arrows in Figure 5.7D and
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Figure 5.7H). Two other regions were connected to the ribbon by virtue of single tubular extensions
from individual cisternae. Cell02 also contained two small Golgi regions that were discontinuous from
the main ribbon (Figure 5.7F). Golgi fragmentation and then autophagy is believed to be a natural
process of membrane recycling and such fragments of Golgi are believed to persist for some time
before their final decomposition (Mogelsvang et al. 2003).

Figure 5.7 3D organization of the Golgi ribbon
Orthographic top (top row) and side (bottom row) views revealing the 3D morphology of the entire Golgi ribbon in cell01
(A,E), cell02 (B,F), cell03 (C,G) and cell04 (D,H). The main Golgi ribbon (grey), trans-most cisterna/TGN (red) and
penultimate trans-cisterna (gold) have been shown. Green arrows indicate regions of Golgi disjoined from the main Golgi
ribbon; blue arrows show regions connected by a single cisterna only. Note that the TGN (red) is predominantly oriented
toward the center of the main ribbon. Scale bars: 1 µm.

The basic organization of the Golgi in all four cells exhibited the overarching reticulated morphology
that has been described for the Golgi ribbon in other cell types in classical 3D EM studies (Figure 5.7)
(Clermont et al. 1995, Donohoe et al. 2007, Katsumoto et al. 1991, Ladinsky et al. 1994, Rambourg
and Clermont 1990, Tanaka and Fukudome 1991, Tanaka et al. 1986). In each case, the Golgi ribbon
resembled a complex fenestrated structure in which the trans-face of the Golgi was oriented inward,
while the cis-Golgi was usually oriented facing the PM. One noticeable difference, however, was that
the Golgi in the two non-stimulated cells was extended around the nucleus. In cell01 (Figure 5.8A)
and, to a lesser extent cell02 (Figure 5.8B), the Golgi ribbon was peri-nuclear, but displayed a
compact organization that did not extend around the nucleus. In contrast, the Golgi ribbon in cell03
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(Figure 5.8C) and cell04 (Figure 5.8D), partially circumscribed/cradled the nucleus in the manner
frequently observed by LM imaging of the Golgi in cultured cell lines.

Figure 5.8 Volumetric breakdown of the Golgi ribbon for each cell: main ribbon versus TGN
Fig. 5.8 The 3D organization and volume breakdown of the Golgi ribbon for each cell
The 3D organization of the entire Golgi ribbon in both glucose-stimulated islet beta cells - cell01 (A) and cell02 (B) - and
both non-stimulated beta cells - cell03 (C) and cell04 (D) - reconstructed in toto and then analyzed. The cis- and medialcisternae (grey), trans-most cisterna (red) and penultimate trans-cisterna (gold) of the Golgi have been shown. The
orientation of the Golgi relative to the nucleus (translucent yellow) is approximately the same for each cell, in order to show
the separation and/or conformity between the Golgi and nucleus in the context of the cell surface (purple/white). (E-H) A
close-up view of a region of Golgi from cell01-cell04, respectively, showing the size and shape of the TGN (red) compared
to the main Golgi ribbon (grey). Scale bars: 1 µm. (I-L) The breakdown of total Golgi volume accounted for by the TGN
(red) and main Golgi ribbon (grey) for cell01-cell04, respectively. For clarity, the volume of the penultimate trans-most
cisterna has been included in the main Golgi ribbon area. (M-P) The breakdown of total SA of the Golgi accounted for by the
TGN and main Golgi ribbon as per (I-L). See also: Table 5.1.

Although the structure of the Golgi displayed the same basic properties in all four cells, the
morphology of the TGN was strikingly different between the stimulated versus non-stimulated cells.
In the two stimulated cells (cell01 in particular), the membranes of the trans-most cisternae were
largely distended due to the formation of new insulin granules, which allowed it to be easily
distinguished from other cisternae in tomographic slices by virtue of size and morphology, as well as
the fact these distensions of the TGN tended to form large clusters in the central area of the ribbon
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(Figure 5.8E and Figure 5.8F). For the two non-stimulated cells, however, the trans-most cisternae
were typically narrower than the medial-cisternae (Figure 5.8G and Figure 5.8H) and ranged between
~15 and 30 nm in width. In cell01 and cell02, the TGN accounted for 30.2% and 17.9% of total Golgi
volume, yet only 14.6% and 12.2% of total Golgi SA, respectively. In contrast, the TGN in nonstimulated cells accounted for a much smaller (~3-fold) proportion of the total Golgi volume, such that
its SA:V ratio was not dissimilar from other cisternae in the ribbon (Figure 5.8I to Figure 5.8P).
These SA-to-volume measurements indicated that the stimulated cells contained a higher proportion of
trans-most cisternae, relative to the total ribbon.

Figure 5.9 Dense core budding profiles at the TGN in non-stimulated cells
(A) Top view of the TGN (red) in cell03 with the 22 budding profiles demarked as black spheres. Grey points represent the
outline of the main Golgi ribbon. (B) Image slice though the mid-plane of each budding region from (A). Note that in
addition to the uniform electron dense staining of protein cargo in the core of the budding structure, most are approximately
spherical in profile. (C) Top view of the TGN (red) in cell04 with the 12 large budding regions represented as black spheres.
(D) Image slice though the approximate center of each of the budding regions from (C). Scale bars: as marked.

The trans-most cisternae in the non-stimulated cells also revealed budding regions that contained
electron dense material (Figure 5.9) which accounted for a significant proportion of the total TGN
volume. In cell03, 22 of these budding regions with an average diameter of ~233 nm accounted for
~28% of the total TGN volume (Figure 5.9B). Cell04 contained approximately half as many of these
regions (12) which were similar in size to cell03 (i.e. 217 nm) and accounted for about ~14% of the
TGN volume (Figure 5.9D).
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5.2.6 Mitochondrial organization: relating structure to function
The mitochondria within each cell were segmented using an expedited method (different from other
new segmentation approaches discussed in Chapter 3) which involved drawing a series of spheres
along their length; each sphere was manually re-sized to reflect variations in mitochondrial diameter at
that given point (see Section 2.2.5) 9 (Marsh et al. 2001a). Each mitochondrion was classified either as
unbranched/non-branched or branched (Figure 5.10D). Although any classification of different
mitochondrial subregions based upon morphological criteria alone is inherently arbitrary to some
degree, the main length was defined as the straightest path along the length of a given mitochondrion.
For example, in Figure 5.10A it is unclear exactly which portion of the mitochondrion constitutes the
main length versus the branch. Moreover, it remains open for debate whether these examples of
mitochondrial morphology should be considered as a single mitochondrion versus two mitochondria
actively undergoing fusion/fission (see Figure 1.8) versus three fused mitochondria (i.e. each
mitochondrion would constitute a separate length) (Chen and Chan 2005, Frazier et al. 2006,
Karbowski and Youle 2003, Okamoto and Shaw 2005, Perkins and Frey 2000). Here, for simplicity
sake, the total number of mitochondria per cell was determined by combining the number of
unbranched mitochondria (S) with the number of main lengths (M) counted for branched
mitochondria. For a branched mitochondrion with n branches, its length is calculated as the end-to-end
length of the main (m) length plus the length of all its branches (b1+…+bn) (Figure 5.10D).

Figure 5.10 Quantitative analysis of variations in mitochondrial morphology and length
Variations in mitochondrial morphology are presented by way of example from cell01. As described in Section 2.2.5,
mitochondria were segmented using an abbreviated approach aimed at expediting analysis whilst still providing important
and accurate quantitative information indicative of changes in mitochondrial structure-function relationships in situ.
Consequently, both intra- and intercellular variations were quantified with regard to the extent of mitochondrial branching,
length and diameter. For visual simplification, the main lengths of mitochondria are shown here in light blue, while branches
are colored mauve so that they can be readily distinguished; mitochondrial branch points are highlighted in red. (A-C)
Representative examples are provided for either one (A) or two (B) mitochondrial branches, and for regions where the
mitochondrial diameter thins dramatically (C), suggestive of active mitochondrion fission or fusion. (D) Cartoon
demonstrating how mitochondrial length and branching were determined.

A summary of quantitative data derived for mitochondria in each whole cell has been compiled in
Table 5.2. In cell01, there were a total of 255 mitochondria, which occupied ~8.9% of the cell’s total
cytoplasmic volume (Figure 5.11A). In contrast, cell02 contained only 168 mitochondria (1.5× fewer
than cell01) which occupied only 4.3% (2.1× less) of the cytoplasmic volume (Figure 5.11B). For the
9

Excluding the novel subset of mitochondria discussed in the next section, which were manually segmented

using a conventional approach.
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non-stimulated cells, cell03 contained 240 mitochondria (7.6% of the cytoplasmic volume; Figure
5.11C), while cell04 contained 275 mitochondria (5.4% of the cytoplasmic volume; Figure 5.11D).
Notably, the mitochondria in cell01 occupied the largest cytoplasmic volume of the four cells.

Figure 5.11 Mitochondrial branching and organization
The arrangement of all mitochondria in cell01 (A,E), cell02 (B,F), cell03 (C,G) and cell04 (D,H). (A-D) An angled
orthographic view showing the relative size, shape and distribution of non-branched (green) and branched (main lengths:
light blue; branches: mauve) mitochondria in each cell. (E-H) The same views of the cells but displaying only branched
mitochondria, with branch points highlighted as red (wireframe) spheres. Also refer to Table 5.2. Scale bars: 1 µm.

Mitochondria in cell01 exhibited a significantly higher (1.7× more; 26; 10%) incidence of branching
than cell02 (Figure 5.11E versus Figure 5.11F). Most of these (17; 65%) had only a single branch; 8
(31%) had two branches and only one (4%) had three branches (Figure 5.10A-C). In cell02, 6% (10)
of the mitochondria were branched; 9 (90%) had only a single branch while just one (10%) had two
branches. The significant difference in the relative proportion of branched mitochondria per cell and
the average number of branches per branched mitochondrion between the two cells suggested that the
mitochondrial population in cell01 were more functionally active with a higher rate of fission/fusion
than cell02 (Chen and Chan 2005, Chen et al. 2005). In cell03, an unexpectedly high proportion of
mitochondria were branched compared to all other cells, despite the fact that the cell was
unstimulated: 23% (54) of the mitochondria were branched; 41 (73%) had a single branch, 8 (14%)
had two branches, 5 (9%) had three branches and two (4%) had four branches. In cell04, 9% (26) of
the mitochondria were branched, comprising 25 (96%) mitochondria with one branch and one (4%)
with three branches.
In Figure 5.12, the lengths of mitochondria have been graphed for each cell. Here, each branch and
main length of a mitochondria represents a ‘mitochondrial segment'. Of the four cells, cell03 had the
greatest mean mitochondrial segment length (length
≈2102 ± 1530 nm, diameter ≈320 ± 66 nm),
followed in turn by cell01 (length ≈2074 ± 1490 nm, diameter ≈301 ± 42 nm), cell02 (length ≈1617 ±
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992 nm, diameter≈294 ± 40 nm) and cell04 (length ≈134 9 ± 803 nm, diameter≈335 ± 87 nm).
Although cell04 had the shortest segment length, it also had the thickest mitochondria. The functional
significance of mitochondrial length versus diameter in beta cells is unknown, but together with
relative differences in the frequency and extent of branching should constitute an exciting topic in its
own right for future investigations. Importantly, the differences in the length of non-branched
mitochondria were determined to be statistically significant (p<0.05) when all cells were compared in
a pair-wise manner, with the exception of cell01 and cell03 (see Appendix C, Figure C.3). However,
as noted above, the high frequency of branching and occupancy of cytoplasmic volume determined for
mitochondria in these two cells in particular suggested that both cells represented energetically
demanding states, so the fact that mitochondrial length was not dissimilar between these cells lends
further support to that conclusion.

Figure 5.12 Analysis of mitochondrial length
A comparative analysis of variations in mitochondrial segment length among cell01 (A), cell02 (B), cell03 (C) and cell04
(D). Note that the length of individual branches (purple) has been graphed separately to the main lengths (branched) of
branched mitochondria and non-branched mitochondria (green) to simplify comparisons in terms of the length of
mitochondrial 'segments’. For each cell, the mean length and diameter of segments has been shown; mean segment length has
been highlighted on the graph by the red diamond. See Table 5.1 for a summary of quantitative data related to mitochondria
for the four cells.

The total mean length of branched and non-branched mitochondria for each cell has been summarized
in Table 5.2. Notably, the average cumulative length of branched mitochondria was considerably
greater than that of non-branched mitochondria for all cells: 2.7×, 2.5×, 3.0× and 2.3× for cell01,
cell02, cell03 and cell04, respectively. This is consistent with the idea that shorter (single)
mitochondria are more stable and less likely to be involved in fusion/fission events, whereas longer
(branched) mitochondria provide a greater surface for potentially forming new branches or
merging/fusing with other mitochondria (Chen et al. 2005). It is also noteworthy that the length of
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mitochondria was significantly greater in cell01 than cell02 for both branched (1.28× longer) and nonbranched (1.37× longer) mitochondria, suggesting that the increased proportion of branched
mitochondria in cell01 itself does not account for the difference in mitochondrial length between the
two cells (Figure 5.12). As previously noted (see Section 1.3.1.11), mitochondria are known to be in a
constant state of dynamic flux between fusion and fission events, with mitochondrial respiration and
metabolism spatially and temporally regulated by the morphology and positioning of the organelle
(Chen et al. 2005, McBride et al. 2006). With its increased proportion of branched mitochondria
(presumed to reflect an increased incidence of fission/fusion events in that cell prior to freezefixation), cell01 revealed multiple sites along the lengths of mitochondria that thinned considerably
(Figure 5.10C). Interestingly, since each of these sites tentatively embodies a static 3D ‘snapshot’
captured for an individual fission or fusion event between mitochondria, these thinned regions were
often marked by associated electron density. Thus, although the resolution afforded by the whole cell
tomography approach used in this particular project is not sufficient to reliably distinguish molecular
structures at this level, it is tempting to speculate that these electron densities may represent
mitochondrial proteins involved in regulating these mechanisms; high-resolution ET imaging aimed at
characterizing these events in situ in 3D would constitute an exciting opportunity for future studies
that would complement the broader insights afforded from this project (see Appendix C, Figure C.2).
Compartment

cell01

cell02

cell03

cell04

Total number of mitochondria
Number of branched mitochondria
Mean number of branches per
branched mitochondria
Mean length of non-branched
mitochondria *
Mean diameter of non-branched
mitochondria
Mean length of branched mitochondria
Mean diameter of branched
mitochondria
Estimated total volume of all
mitochondria
Estimated membrane SA of all
mitochondria

255
26 (10%)
1.38

168
10 (6%)
1.10

240
56 (23%)
1.43

275
26 (9%)
1.08

2010 ± 94

1580 ± 76

1920 ± 99

1330 ± 46

nm

302 ± 3

296 ± 3.2

329 ± 5.6

343 ± 5.6

nm

5490 ± 415
302 ± 3.6

4010 ± 566
283 ± 7.6

5670 ± 359
309 ± 6.1

3020 ± 299
301 ± 9.4

nm
nm

41

18

55

34

um³

582

266

767

428

um²

Units

Table 5.2 Comparative summary of quantitative data for mitochondria
* Indicates a significant difference in the length of non-branched mitochondria (p<0.05) between each pair of cells compared,
except between cell01 and cell03 (see Appendix C, Figure C.3).

5.2.6.1

A subset of mitochondria exhibiting novel morphology associate with the nucleus

In addition to having an unexpectedly high incidence of branching (23%; over twice that of cell01), a
subset of the mitochondria in cell03 exhibited a peculiar morphology that does not appear to have been
previously documented in the literature for any type of mammalian cell; these novel mitochondria
were only found in cell03. Of the 240 mitochondria in the cell, 12 (5% of the total) were unusually
large (≈1 -5 µm in diameter) and exhibited unique bi-concave morphology and striking structurefunction characteristics, in that they tended to wrap or ‘warp’ themselves around the Golgi and/or
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nucleus. This seemingly novel subset of mitochondria exhibited relatively normal thickness around the
rim (≈200-400 nm diameter) but were much thinner in the middle (≈50-100 nm), and by virtue of their
‘pancake-like’ architecture provided a significant area for interactions with other compartments
(Figure 5.13). These mitochondria were segmented separately as closed contours using the smooth
interpolation technique. Although this novel subset account for only 5% of the total number of
mitochondria in cell03, they occupied 11.4% of the total mitochondrial volume and 11.1% of the total
SA. Figure 5.13A highlights the limitations of conventional ultrastructural studies of mitochondria
and/or other organelles in mammalian cells; flattened mitochondria viewed on a single 2D image slice
(i.e. as they would appear in a conventional electron micrograph imaged using a standard TEM
approach for 2D imaging) are essentially indistinguishable from other mitochondria. Only by
segmenting such mitochondria over multiple serially aligned section volumes is it possible to identify
these as a unique subset (Figure 5.13B).

Figure 5.13 A subset of mitochondria in cell03 reveal novel structure and function
(A) A view of tomogram slice 1960 in cell03 showing the profiles of several mitochondria. (B) A 3D view of the cell03
model highlighting the position of the 12 ‘pancake-shaped’ mitochondria (dark green) clustered around the nucleus (yellow)
and Golgi ribbon (grey/red). Only by modeling these in 3D was it possible to determine that these unique mitochondria - such
as the example shown in (A) and highlighted by the dotted red line - form large bi-concave surfaces, which each conform to
the shape of the nucleus and/or Golgi ribbon. Scale bars: 1 µm.

5.2.7 Proximity analysis among key organelles of the insulin secretory pathway
In addition to quantifying the basic morphometric parameters for the organelles involved in insulin
secretion in each cell, an important aspect of this project required analysis of the spatial relationships
among them in order to place key structural changes observed for each compartment type in the
context of their functional interactions under these different conditions. For the most part, this analysis
was conducted using the program mtk, as described in Chapter 2.2.6, unless stated otherwise. For
convenient reference Table 5.3 provides a summary of the key distance queries referred to in the text.
This table should be used in combination with Table 5.4, which lists the approximate volumes as well
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as fractions of non-nuclear/non-Golgi volume within different distances of the Golgi, nucleus and cell
membrane.
Compartment

cell01

cell02

cell03

cell04

Average

Mitochondria
within 300 nm Golgi
within 100 nm Golgi

115 (45%)
67 (26%)

45 (27%)
23 (14%)

102 (43%)
50 (21%)

106 (39%)
56 (20%)

38.2%
20.3%

within 900 nm nucleus
within 300 nm nucleus
within 100 nm nucleus

101 (40%)
62 (24%)
28 (11%)

70 (42%)
30 (18%)
12 (7%)

105 (44%)
39 (16%)
13 (5%)

118 (43%)
52 (19%)
19 (7%)

42.0%
19.3%
7.6%

70 (27%)
20 (8%)

63 (38%)
22 (13%)

36 (15%)
6 (3%)

45 (16%)
4 (1%)

24.1%
6.2%

1398 (38%)
384 (10%)

2086 (25%)
657 (8%)

3483 (29%)
1163 (10%)

5082 (43%)
1652 (14%)

33.8%
10.5%

569 (16%)
411 (11%)

826 (10%)
483 (6%)

1891 (16%)
1295 (11%)

1751 (15%)
1182 (10%)

14.0%
9.4%

2563 (70%)
591 (16%)

6599 (80%)
496 (6%)

10179(84%)
1032 (9%)

10158(86%)
827 (7%)

80.0%
9.4%

415 (40%)

86 (14%)

88 (47%)

90 (56%)

39.2%

11 (52%)

5 (13%)

21 (38%)

23 (36%)

35%

within 300 nm plasma membrane
within 100 nm plasma membrane
Mature Granules
within 900 nm Golgi
within 300 nm Golgi
within 100 nm plasma membrane
within 50 nm plasma membrane
within 50 nm mature granule
within 25 nm mitochondria
Immature Granules
within 900 nm Golgi
Multi-granular Bodies
within 900 nm Golgi

Table 5.3 Selective results for ‘closest distance of approach’ analysis
Quantitative analysis of the ‘closest distance of approach’ was conducted using the program mtk, which tallied the number of
an organelle type ‘A’ that approached within a specified distance (nm) of another organelle type ‘B’. For example, in the first
row of the Table, 115 mitochondria in cell01 (45% of the total) approached within 300 nm of the Golgi in that cell.

Compartment

cell01

cell02

cell03

cell04

Average

Golgi
volume within 900 nm
volume within 300 nm
volume within 100 nm

139 (30%)
46 (10%)
16 (3.6%)

114 (27%)
38 (9%)
12 (2.9%)

222 (31%)
73 (10%)
25 (3.5%)

254 (41%)
79 (13%)
19 (3.1%)

32.3%
10.4%
3.3%

Nucleus
volume within 900 nm
volume within 300 nm
volume within 100 nm

79 (17%)
28 (6.2%)
8 (1.7%)

100 (24%)
31 (7.3%)
8 (1.9%)

121 (17%)
36 (5%)
11 (1.5%)

128 (20%)
37 (5.9%)
11 (1.8%)

19.5%
6.1%
1.7%

Plasma membrane
volume within 900 nm
volume within 300 nm
volume within 100 nm
volume within 50 nm
volume within 25 nm

213 (46%)
85 (19%)
28 (6%)
12 (2.7%)
4 (0.9%)

261 (62%)
103 (24%)
33 (8%)
14 (3.3%)
4 (0.9%)

379 (53%)
155 (22%)
59 (8%)
31 (4.3%)
14 (2%)

338 (54%)
135 (22%)
50 (8%)
24 (3.9%)
11 (1.8%)

53.8%
21.6%
7.5%
3.5%
1.4%

Table 5.4 Approximate non-nuclear volume proximal to key organelles
An estimate of the non-nuclear volume with the Golgi omitted, within the specified distance of the Golgi, nucleus and cell
membrane. All units are µm3, followed by the relative percentage of non-nuclear volume that this represents. For example, in
the first row, 139 µm3 (30%) of the cytoplasmic/non-nuclear volume in cell01 is within 900 nm of the Golgi. This table is to
be used as a reference to values in Table 5.3.
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5.2.7.1

Mitochondrial distribution relative to the Golgi ribbon and nucleus

The global organization of mitochondria within each cell and differences in the extent of
mitochondrial branching among the four cells was itself quite striking (Figure 5.14A-D). To assess the
clustering of mitochondria around the Golgi ribbon, an arbitrary distance of 300 nm (i.e.
approximately the diameter of a single granule) was projected around each Golgi ribbon (including the
TGN) (Figure 5.14I-L). In cell01, a large proportion 115 ≈45%)
(
of the mitochondria were close ly
apposed to the Golgi ribbon, despite the fact that this region only accounts
≈10%for
of the
cytoplasmic volume (Figure 5.14E). In comparison, only 45
≈27%)
(
mitochondria in

cell02

approached within 300 nm of the Golgi (Figure 5.14F). For the two non-stimulated cells, 102 (≈43%)
mitochondria in cell03 fell within this zone (Figure 5.14G) which included 50% of the novel
mitochondria described above; 106 (≈39%) mitochondria in cell04 were within 300 nm of the Golgi
(Figure 5.14G). Reducing this distance even further to restrict analysis to only those mitochondria that
approached within 100 nm of the Golgi ribbon still reflected the same general characteristics among
the four cells and reinforced the validity of the spatial relationship between these organelles as being
functionally related rather than coincidental: 67 ≈26%),
(
23 (≈14%), 50 (≈21%) and 56 (≈20%) for
cell01, cell02, cell03 and cell04, respectively.
Averaged over all four cells, 20% of all mitochondria approached within 100 nm of the Golgi and 38%
of mitochondria that approached the Golgi within 300 nm (300 nm being approximately the diameter
of an MG). By comparison, the average fraction of mitochondria which approached within 100 nm of
the cell membrane was only 6% (3× less), and only 24% (1.6× less) of mitochondria were within 300
nm of cell membrane, in spite of the fact that the average space within 300 nm and 100 nm of the
plasma membrane was over twice the amount of space within 300 nm and 100 nm of the Golgi,
respectively (Table 5.4).
To compare the distribution of mitochondria relative to the nucleus, a distance of 900 nm was
projected around the nucleus for the analysis, using the same approach. The number of mitochondria
within 900 nm of the nucleus was 101 (40%), 70 (42%), 105 (44%) and 118 (43%) for cell01, cell02,
cell03 and cell04, respectively. Although the relative number of mitochondria within this demarcation
zone was similar for all cells, the number of mitochondria within 100 nm of the nucleus was higher for
cell01 compared to the other three cells: 28 (11%), 12 (7%), 13 (5%) and 19 (7%) for cell01, cell02,
cell03 and cell04, respectively.
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Figure 5.14 Mitochondrial distribution relative to the Golgi ribbon
The relative size, shape and distribution of mitochondria in cell01 (A,E,I), cell02 (B,F,J), cell03 (C,G,K) and cell04
(D,H,L). (A-D) The relative number and distribution of branched (main lengths: light blue; branches: mauve) versus nonbranched (green) mitochondria are shown. Also refer to Table 5.2. Scale bars: 1 µm. (E-H) A proximity distribution analysis
of mitochondria versus the Golgi ribbon was undertaken to assess relative differences in the extent of mitochondrial
clustering to the Golgi between cells. The subset of mitochondria that came within an arbitrary (300 nm) zone of close
approach to any surface of the Golgi ribbon are highlighted in yellow, while the remainder are colored green. Scale bars: 1
µm. (I-L) Tomographic slices from each cell showing the arbitrary 300 nm proximity zone around the Golgi ribbon (shaded;
dotted white line). This space (excluding the volume of the Golgi itself) accounted for ~10.2%, 9.1%, 10.1% and 15.8% for
cell01, cell02, cell03 and cell04 respectively. The segmented Golgi ribbon (grey) and trans-Golgi (red), proximal (yellow)
and distal (green) mitochondria are visible. Scale bars: 300 nm.

5.2.7.2

Proximity of mature granules to the cell surface, Golgi complex, mitochondria and other
granules

Confocal microscopy studies of beta cells have approximated that 10% of a beta cell's MG pool are
considered docked and thus classified as part of the RRP by virtue of their close proximity to the PM
(Ma et al. 2004) (see Section 1.3.1.5). Both of the non-stimulated cells had ~10% of their total MG in
close proximity (within 50 nm) of the PM; the stimulated cells had 11.2% (cell01) and 5.9% (cell02)
within 50 nm of the cell surface (Table 5.3). The distance from the center of each granule to the PM
was calculated using Illoura™ (McComb et al. 2009) (Figure 5.15).
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Figure 5.15 Mature granule proximity to the PM
The distribution of mature granules was quantified on the basis of their proximity to the cell surface; granule number is
plotted on the Y axis. Euclidean distances were measured from the centroid of each granule to the nearest point on the plasma
membrane (nm) plotted on the X axis, based on an arbitrary step size of 300 nm moving inward from the cell boundary.

A spatial analysis comparison between MG and mitochondria revealed another interesting difference
between cells. The total number of MG within 25 nm of mitochondria was relatively high: 591 (16%),
496 (6%), 1032 (9%) and 827 (7%) for cell01, cell02, cell03 and cell04, respectively. Despite having
half as many MG as cell02, cell01 had a larger number of MG positioned in close proximity to
mitochondria, and a significantly higher percentage of granules clustered to mitochondria than in the
two non-stimulated cells.
5.2.7.3

Proximity analysis of the distribution of immature granules, mature granules and multigranular bodies relative to the Golgi ribbon

Another striking difference between cell02 and the other three cells was evidenced by the
comparatively low proportion of IG and MGB close to the Golgi. Only 14% of IG and 13% of MGB
in cell02 were within 900 nm of the Golgi compared to 40% (≈2.8× higher) of IG and 52% (≈4×
higher) of MGB in cell01. Although the Golgi ribbon in cell02 was the smallest among the four cells,
the relative non-nuclear volume within 900 nm of the Golgi was lower in cell01 (17%) compared to
cell02 (24%). Thus, these differences cannot be dismissed simply due to relative differences in the size
of the Golgi between the two cells. The proportion of IG and MGB within close proximity of the
Golgi in the two non-stimulated cells was more similar to cell01 than cell02 (see Table 5.4).
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5.2.8 Further insights into structure-function relationships in the beta cell
Although this project was focused on the primary compartments of the insulin secretory pathway a
number of other structural features were examined, including invaginations in the PM, transport
carriers (vesicles and tubules) and microtubules. In the case of transport carriers and microtubules,
only a fraction of the total number was segmented in any cell due to the time constraints of this
project.
5.2.8.1

Invaginations of the plasma membrane and mitochondrial clustering at the extra-islet
surface of cell02

Unlike the other three cells, cell02 had a large fraction ≈23%)
(
of its surface facing the extra -islet
space. On this extra-islet surface, a total of 46 invaginations corresponding to individual endocytic or
exocytic events were identified (Figure 5.16A). Note that none of the 46 sites constituted granule
exocytosis/insulin release. The average diameter at the widest point inside each invagination was 126
± 25 nm, which ranged in size from 71 nm to 193 nm. Approximately 50% of these invaginations
constituted simple ‘omega’ profiles suggesting vesicular structures (Figure 5.16B and Figure 5.16C),
while the other half appeared to represent tubular structures that were relatively long and elongated
(Figure 5.16D). Notably, the longest of these was ≈700 nm (average length was ≈390 nm).

Figure 5.16 Invaginations on the external surface of cell02
(A) The size and position of the 46 surface invaginations on the extra-islet surface of cell02. The external cell surface has
been shown in dark brown to distinguish it from the rest of the PM (purple). Invaginations have been demarked as purple
spheres, with each carefully resized to approximate the diameter of the invagination. Scale bars: 1 µm. An example of three
of these invaginations have been shown, including two classical ‘omega’ profiles (B,C) and one elongated (D) invagination,
at the position indicated by the dotted red lines. Scale bars: 100 nm.
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Apart from the 46 invaginations on the extra-islet surface, no other clearly defined invaginations were
found 10 anywhere else on the PM of any of the four cells. Further spatial analysis of the extra-islet
surface of cell02 revealed that a relatively large subset of mitochondria as well as MGB were
juxtaposed to the cell surface. A total of 33 (20%) mitochondria and 18 (47%) MGB in cell02
approached within 300 nm of the extra-islet surface (Figure 5.17), many of the mitochondria appeared
to physically contact the cell membrane.

Figure 5.17 Mitochondria and MGB clustered at the external surface of cell02
(A, B) A top and side view of cell02, highlighting the subset of mitochondria (33; 20% of the total) which were located
within an arbitrary distance of 300 nm of the membrane facing the extra-islet space (dark brown). Mitochondria within this
distance of the external cell surface have been colored yellow, while mitochondria outside of this zone have been colored
green. (C, D) The same top and side view of cell02, highlighting the subset of MGB (18; 47% of the total) which resided
within an arbitrary distance of 1000 nm of the cell surface. MGB within this zone have been colored red, and the remaining
MGB colored orange. Scale bars: 1 µm.

10

Several invaginations of the plasma membrane observed for all four cells appeared to reflect natural variations

in cell surface morphology rather than endocytotic/exocytic events per se.
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5.2.8.2

Centriole positioning relative to the Golgi ribbon and anchoring to the cell surface

In each cell, the mother and daughter centrioles were segmented as open tubes ~150-250 nm in
diameter (Figure 5.18). The length of these centrioles was considerably smaller in cell01 (mother≈880
nm; daughter≈350 nm) and

cell02 (mother≈620 nm; daughter≈310 nm) compared to cell03

(mother≈1500 nm; daughter≈780 nm) and cell04 (mother≈4900 nm; daughter≈310 nm), although
whether this has functional significance is outside the scope of this project. As expected, the daughter
centriole was shorter (2-16×) than and roughly perpendicular to the mother in all cells. While the
centrioles in cell01, cell02 and cell03 were situated immediately adjacent to the Golgi (Figure 5.18AC), in cell04 the mother centriole was particularly long (almost 5 µm), and both the mother and
daughter were positioned ~1 µm inside the Golgi region (Figure 5.18D). This is consistent with a key
role for centrioles as the cell’s primary microtubule organizing centers; centrioles are pivotal in
anchoring and structuring the Golgi (see Section 1.3.1.9) (Rios and Bornens 2003). Interestingly, the
mother centriole in all cells narrowed and attached to the PM via a long (>500 nm) sheath-like pocket
of membrane, best seen in the right inset of Figure 5.18C.

Figure 5.18 Centriole position
The position of the two centrioles (light yellow) relative to the Golgi (grey) and PM (purple/white) in (A) cell01, (B) cell02,
(C) cell03 and (D) cell04. In each panel, the left inset shows the daughter centriole (yellow arrow) and right inset shows the
mother centriole (orange arrow). Although the length of centrioles varies between cells, in each case the mother centriole is
attached to a pocket in the PM. Note that, as a highly organized structure of nine microtubule triplets (see Section 1.3.1.9)
these centrioles help highlight the tomogram quality between cells. The white arrow in (C) shows a large cluster of
microtubules branching from the intersection between the two centrioles in cell03. Scale bars: 200 nm.
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5.2.8.3

Microtubule distribution in the vicinity of the Golgi

Due to improvements in the methods used to obtain whole cell tomograms described in Chapter 4, the
enhanced tomogram quality of cell03 and cell04 allowed examination of the microtubule cytoskeleton
(at least in part), which was not possible for the other two cells. In order to test the feasibility of
segmenting microtubules at the whole cell level, 110 microtubules in the bottom half (in Z) of cell03
were segmented using open contours as previously described (Marsh et al. 2001a) (Figure 5.19).
These microtubules were chosen ‘semi-randomly’, by starting at an arbitrary slice, iterating up and
down a few slices and segmenting microtubules within these regions of these image slices. Although
microtubules in cell03 and cell04 could be easily seen in XY slices when horizontal (parallel with the
XY plane), microtubules on an angle relative to XY were difficult to see and vertical microtubules
were virtually indistinguishable from ribosomes when viewed on a single slice (Figure 5.19A).
Segmentation of microtubules was thus more readily accomplished for microtubules with long
portions oriented parallel to the image plane for maximal visibility. As microtubules deviated from
this orientation they became increasingly difficult to track.

Figure 5.19 Partial map of the microtubule cytoskeleton in cell03
(A) Magnified view of a tomographic slice (XY plane) from cell03 revealing the subset (110) of microtubules that were
segmented in the vicinity of the Golgi region. Green arrows highlight examples of microtubules oriented roughly parallel to
the plane of the slice which results in them being highly prominent in the image;, yellow arrows highlight examples of
microtubules oriented either obliquely or perpendicular to the XY plane, identified only by interactively scrolling up and
down through multiple tomogram slices in Z and/or arbitrarily rotating the cross-sectional view through the tomogram. The
red arrow shows a single ribosome for comparison, since cross-sectional views through a ribosome and microtubule are
difficult to distinguish at this resolution (~10 nm). (B) A top view highlighting the microtubules (green) chosen semirandomly for segmentation in the lower half of cell03. (C) A rotated view is presented to emphasize the proximity of
microtubules to the Golgi ribbon (main ribbon: grey; trans-Golgi: red), centriole pair (light yellow) and nucleus (yellow).
Scale bars: 1 µm.

Based on (as yet) unpublished data from our group in which microtubules have been accurately
segmented for ~40 high-resolution datasets, the average non-stimulated murine pancreatic beta cell is
estimated to contain ≈4.7 µm of microtubule length per cubic micron of non-nuclear cell volume. The
cumulative length of the 110 microtubules segmented was 256 µm; thus, it is estimated that only 7.6%
of the total microtubule length in cell03 was segmented. However, this revealed that some of the
microtubules were much longer than expected, with the longest spanning
≈9 µm, and many of the
microtubules were physically intertwined with the Golgi (Figure 5.19B), as documented previously
(Marsh et al. 2001a). These observations bear similarity to studies of yeast cells, wherein microtubules
were found to span the length of the cell (albeit a smaller cell) and interacted extensively with the
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Golgi (Hoog et al. 2007). A total of 21 (18%) of these microtubules in cell03 had one end that
terminated at the PM. However, for many of the others it was difficult to reliably determine if the
microtubules physically terminated at the PM or just nearby. Although two large clusters of
microtubules branched out from the centrosome in cell03 (Figure 5.18C), these were not segmented.
5.2.8.4

Mitochondria-associated ER membranes

In addition to being able to segment microtubules, the superior quality of the latter two whole cell
reconstructions also allowed better visualization of ER membranes. Regions of smooth ER were most
easily identified as areas devoid of ribosomes (Figure 5.20A). Although the ER membranes were
often faintly stained and difficult to see, the presence of multiple ribosomes on the surface of the
membranes aided identification of rough ER. Although the ER was not fully segmented within the
entire volume as in previous high-resolution ET studies of the Golgi region in the beta cell (Marsh et
al. 2001a), its reticular organization extended throughout the volumes of cell03 and cell04. In both of
these cells, the rough ER that surrounded the nuclear envelope was visible as a thin layer (~50-150 nm
in diameter) around the nucleus. Numerous sites were identified where ER membranes approached
within 10-50 nm of mitochondria (Figure 5.20B), as illustrated previously and representing the socalled mitochondria-associated ER membranes (MAM) (Marsh et al. 2001a, Vance 1990); sites of
closest approach were typically more densely stained similar to the examples highlighted in Figure
5.20A.

Figure 5.20 Mitochondrial-associated ER membranes (MAM)
(A) Slice 945 of cell04, highlighting in red arrows what appears like tethering of the ER membrane to mitochondria. (B) The
same view, with compartments outlined and color coded as follows: mitochondria (green), ER (purple), MG (blue), nucleus
(yellow), ER associated ribosomes (black). Notice ER is most easily distinguished by the absence of ribosomes within its
compartment and, in the case of rough ER, the studding of ribosomes around its edge. At this resolution, it is difficult to
distinguish between rough and smooth ER, although it is apparent that rough ER forms a tight layer around the nucleus. Sites
of close apposition between ER and mitochondrial membranes (i.e. <50 nm) have been highlighted (red circles). Scale bar:
100 nm.

5.2.8.5

Tubular compartments in non-stimulated beta cells

Although tubulovesicular carriers involved in general membrane trafficking within the beta cell did
not constitute an aim of this project, a number of interesting qualitative observations were made
comparing the stimulated and non-stimulated cells regarding carrier morphology. In addition to
roughly spherical vesicles, a large proportion of membrane tubules were observed throughout the
158

CHAPTER 5-SPATIAL ANALYSIS OF WHOLE CELLS
volumes of the two non-stimulated cells (Figure 5.21C, D and F). In the stimulated cells, however,
tubular carriers were observed less frequently and were generally much shorter in length (Figure
5.21A, B and E). To gain a crude estimate of size and proportion of elongated carriers in at least one
of the non-stimulated cells under study, a total of 1500 vesicles/tubules distributed throughout the nonnuclear volume of cell04 were segmented, of which 602 ≈40%)
(
were approximately spherical, 883
(≈59%) were tubular and 15 (≈1%) exhibited a concave/disk-like morphology described elsewhere
(Futter et al. 1998, Marsh et al. 2001a). In cell04, the average diameter of (spherical) vesicles was 153
± 51 nm; tubules were on average 77.4 ± 31 nm in diameter and 434 ± 383 nm in length, and
concave/disk-like carriers were 55 nm in diameter and 529 nm in length.

Figure 5.21 General membrane traffic - tubular and vesicular carriers
(A-D) Close-up XY slices near the PM (purple outline) in cell01, cell02, cell03 and cell04, respectively. White arrows mark
(spherical) vesicles, grey arrows show slightly elongated vesicles, and brown arrows show membrane tubules. Not
surprisingly, vesicles were comparatively difficult to identify at 3900× magnification in cell02 (B) compared to the other
cells taken at 4700× (A,C,D). Scale bars: 100 nm. (E) A small subset of the vesicles in cell01. 2000 spherical vesicles were
randomly segmented using spheres and are shown in white. (F) A small subset of the vesicles in cell04. A total of 1500
vesicles were selected, and included 602 spherical (white), 883 tubular (brown) and 15 disk-shaped (yellow) vesicles. Scale
bars: 100 nm (A-D) and 1 µm (E-F).

In the first stimulated cell, cell01, 2000 vesicles were semi-randomly selected for segmentation.
Although some of these appeared to deviate from spheres (see grey arrow in Figure 5.21A and B), the
majority of these were ovoid in shape and very few had the same long tubular profiles observed in
cell04; thus all were demarked as spheres. The average size of these vesicles was 164 ± 49 nm in
159

CHAPTER 5-SPATIAL ANALYSIS OF WHOLE CELLS
diameter. Vesicles in all four cells often appeared to occur in clusters distributed at different sites
throughout the cell, presumably representing elements of the endosomal-lysosomal pathway. Based on
unpublished data from 18 high-resolution datasets (average V≈6.6 µm 3) of the Golgi region from
different beta cells, stimulated beta cells have on average ≈77 vesicles per cubic micron of non-nuclear
volume, with some as small as 20 nm in diameter 11. Assuming cell01 represents an average stimulated
cell, it was estimated that cell01 may contain ~35000 vesicles, of which only a small proportion
(5.7%; 2000) were segmented (Figure 5.21E).

5.2.9 Relative differences among the four cells revealed by cell volume analysis
Although the cells varied significantly in the total volume of Golgi, mitochondria, MG, IG and MGB,
the collective volume of these five major compartments plus the (relatively constant) volume of the
nucleus was similar; 34.69%, 34.81%, 38.76% and 36.25% for cell01, cell02, cell03 and cell04,
respectively (Figure 5.22), and in line with previous high-resolution analysis of crowding within the
Golgi region (Marsh et al. 2001a). Note that the volume outside of these compartments - occupying
between 63.75% and 65.31% for the four cells - is not just ‘empty’ cytoplasm, but includes rough and
smooth ER, vesicles, ribosomes, centrioles and cytoskeleton filaments.

Figure 5.22 Volumetric breakdown of cell composition for key compartments/organelles
A graphical breakdown of the relative contributions for each of the compartments segmented in this project (the Golgi,
nucleus, mitochondria, insulin granules, MGB) with respect to total cell volume for cell01 (A), cell02 (B), cell03 (C) and
cell04 (D). The category ‘other’ comprises the portion of the cell volume (including cytosol) not segmented in the
aforementioned compartments.

11

Vesicles less than 20 nm in size were difficult to clearly visualize and/or segment in cell01 (Figure 5.21E).
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5.2.10 Simplified geometric abstractions for the rapid quantitative visualization
of complex 3D data from whole cell tomograms
Although the graph above (Figure 5.22) shows an accurate volume breakdown for each cell, it is
impossible to communicate the number and size of individual organelles or true crowdedness of the
cell. In contrast, the 3D images of the actual whole cells (Figure 5.1 and Figure 5.4) convey the
crowded and complex organization of compartments within the cell, but due to this density and
obfuscation of certain organelles behind others, it becomes difficult to observe quantitative differences
between organelles without dynamically showing and hiding layers and interacting with the 3D data in
different views. In order to allow the direct visual comparison of cellular organization, and to
communicate organelle size and number in a non-crowded way, each whole cell model was translated
or ‘abstracted’ into a minimal yet quantitative 3D representation that we refer to as ‘simplified
geometric abstractions’. Notably, this portion of the work was implemented by Mr Graham Johnson at
The Scripps Research Institute through an ongoing collaboration with our group (Figure 5.23).

Figure 5.23 Simplified geometric 3D abstractions of each cell
Simplified spatial representations for cell01 (A), cell02 (B), cell03 (C) and cell04 (D), with key organelles/compartments
displayed as geometrically abstracted 3D models designed to facilitate rapid visual comparison of complex spatial/structural
data quantitatively determined from tomographic reconstructions of each cell. In each cell, the PM (white) has been
converted into a box of equivalent volume with a fixed width of 10 µm, fixed depth of 6 µm and variable height. The nucleus
(yellow), MG (blue), IG (light blue) and MGB (orange) have been represented simply as spheres. The radii of individual
MGB and nuclei in each cell - although depicted as spheres - accurately reflect their individual sizes in the final (deformed)
models derived by segmenting each cell. However, MG and IG have all been reduced to the mean diameters determined from
quantitative analysis of the tomograms to facilitate their stacking. Non-branched mitochondria (green), main lengths of
branched mitochondria (light blue) and mitochondrial branches (purple) have been represented using the mean width
straightened and stacked end-to-end in a snaking fashion, in order to better reveal key parameters such as their length and
relative volumes. Finally, the Golgi has been shown as a snaking box-like structure, with the trans-Golgi (red) depicted as
small subunits positioned along the length of the main ribbon (grey) to reflect structure-function variation along the length of
the total ribbon in terms of granule biogenesis. Scale bars: 1 µm.
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5.3 Discussion and conclusions
5.3.1 Islet beta cells from functionally equivalent locations in the same
pancreatic islet demonstrate significant structural heterogeneity
In this project, four ‘functionally equivalent’ beta cells imaged from (intact) islets of Langerhans
isolated from adult mouse pancreas - which included two similarly sized cells from an islet stimulated
with elevated extracellular glucose for 1 h (‘cell01’ ~534 µm3 and ‘cell02’ ~498 µm3) and two
similarly sized cells from a non-stimulated islet (‘cell03’ ~816 µm3 and ‘cell04’ ~731 µm3) - were
reconstructed and quantitatively analyzed. In addition to having similarly sized nuclei (Figure 5.22),
the four cells were deemed to be ‘functionally equivalent’ by virtue of their comparable locations at
the periphery of the islets. This latter criterion was important, as significant differences have been
reported (e.g. responsiveness to glucose-stimulation) for beta cells resident in the core versus the
periphery of the same islet (see Section 1.3.1.8). Nevertheless, significant heterogeneity was observed
among all four cells in spite of these selection criteria for study by ET, as evident throughout the
preceding sections detailing the results obtained (see Section 5.2). Among the wide range of variations
determined between each pair of stimulated versus non-stimulated beta cells examined in this project,
the most significant of these concerned the cells’ populations of mature insulin granules.

5.3.2 Significant differences in granule number, size and distribution suggest
functional heterogeneity in terms of responsiveness of individual beta cells
to glucose-stimulation
Although the number of MG in both of the non-stimulated cells (12128 in cell03 and 11771 in cell04)
was consistent with them containing essentially a full complement (i.e. ~10000) of MG awaiting
subsequent stimulus for release (Dean 1973, Olofsson et al. 2002, Rorsman and Renstrom 2003), the
two stimulated cells showed significant disparity. Considering previous estimates that beta cells
uniformly secrete ~1-2% of their total insulin granule content per hour under stimulated conditions
(Rorsman and Renstrom 2003), the stimulated cells were expected to have only slightly fewer MG
when compared to their non-stimulated counterparts. In contrast, the number of MG in cell01 was
approximately one third of that found in the two non-stimulated cells, and was less than half of the
number of MG contained in the second stimulated cell (3670 in cell01 versus 8236 in cell02). This
extensive depletion of MG in cell01 was an unexpected discovery, and reflects one of the most
significant biological findings in this project.
Accompanying the low numbers of MG, cell01 contained a much higher number of IG compared to
the other cells (1039 in cell01 versus 605, 189 and 160 in cell02, cell03 and cell04, further
demonstrated by MG:IG ratios of 4:1, 14:1, 64:1 and 74:1, respectively). Thus, compared to cell01,
cell02 had 3.5× fewer IG per MG, and the two stimulated cells had over 16× fewer IG per MG
compared to the non-stimulated cells. The fact that the average diameter determined for the MG pool
was larger in cell01 than in the other three cells reinforced the conclusion that overall that cells’
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granules were ‘younger’, since it has been reported elsewhere that the diameter of insulin granules
progressively reduces with granule age/maturity (Hutton 1989).
Typically, i.e. following short-term glucose-stimulation (<4 hrs), proinsulin synthesis occurs
exclusively at the translational level (Wicksteed et al. 2003). Indeed, the fact that the threshold glucose
concentration required to stimulate proinsulin biosynthesis (2-4 mM) is lower than that required to
stimulate insulin granule exocytosis (4-6 mM) ensures that insulin production is maintained even
when insulin secretion is negligible (Ashcroft 1980), and promotes the beta cell’s bias towards
continual replenishment of its insulin stores (Ashcroft 1980, Marsh et al. 2007, Rhodes 2004,
Uchizono et al. 2007). Although such differences in terms of the number, size and distribution of MG
between beta cells within the same islet had not been predicted, prior evidence exists for functional
heterogeneity at the level of an individual islet beta cell’s capacity to exocytose insulin granules in
response to stimulation with glucose (Bennett et al. 1996, Heimberg et al. 1993, Leung et al. 2005,
Rocheleau et al. 2006, Rocheleau et al. 2004).
The much lower number of MG in cell01 - combined with additional evidence that they were less
mature compared to the other cells - strongly suggested that cell01 had released the bulk (>60%) of its
MG pool via exocytosis, and had thus either responded more vigorously to glucose-stimulation than
cell02 (which had discharged a proportion of its total insulin granule stores), or had responded more
quickly (i.e. cell02 was frozen in the early stages of responding subsequently to cell01). Although the
overall density of MG was similar in cell02 to the non-stimulated cells (see Section 5.2.3), spatial
proximity analysis of MG versus the PM revealed that the portion of MG in closest proximity to the
cell surface in cell02 was specifically depleted relevant to the non-stimulated cells (see Table 5.3).
Taken together, one may speculate that cell02 had recently released its RRP, and was activating
second phase release via cytoskeletal-based transport mechanisms to replace these RRP with those
from the reserve pool located deeper inside the cell (see Section 1.3.1.9). In contrast, the extent
(>60%) of granule depletion in cell01 indicated that the majority of MG from the reserve pool at the
time of stimulation had already been mobilized to the PM via microtubules and exocytosed, and
insulin upregulation to replace these with new (immature) granules was actively underway.

5.3.3 Determining the balance between degradation and synthesis in each cell by
quantitative analysis of MGB relative to immature versus mature granule
content
In addition to the large differences observed among the MG populations, proportional differences in
the population of MGB were also determined among the four cells. Notably, the two stimulated cells
contained (on average) half the number of MGB than the non-stimulated cells. However, when
compared with MG, the proportion of MGB was grossly conserved across all four cells, with 175:1,
217:1, 216:1 and 184:1 MG:MGB for cell01, cell02, cell03 and cell04, respectively (see Table 5.1).
Although many compartment types, including mitochondria, vesicles and even aged Golgi cisternae
may be targeted for autophagy (see Section 1.3.1.13), MG were logically the prime contributor to the
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size and number of MGB due to their half-life of 3-5 days (Halban 1991, Halban and Wollheim 1980)
as a consequence of their relatively large size yet slow rate of decomposition of insulin crystals by
lytic enzymes. It was thus not surprising that cell01, which had the smallest MG population, also had
the smallest number of MGB.
The reduced number of visually identifiable degradative compartments in cell01 compared to the
larger number in cell02 - and in particular, in the two non-stimulated cells - is consistent with the idea
that regulated secretory cells such as beta cells of the endocrine pancreas must dynamically regulate
the balance between the biosynthesis of new insulin granules versus the exocytic/extracellular release
of insulin versus the intracellular digestion of aged granules (Bommer et al. 1976, Borg and Schnell
1986, Halban 1991, Halban and Wollheim 1980, Orci et al. 1984c) to ensure that cellular insulin stores
are maintained at appropriate levels and optimal functional states (Marsh et al. 2007, Uchizono et al.
2007).

5.3.4 An increase in the volume of the TGN (relative to the total ribbon volume)
in cell01 to accommodate a new wave of proinsulin biosynthesis and traffic
One of the original hypotheses of this PhD project was that the upregulation of insulin production
should correlate to an increase in the size of the Golgi ribbon in the beta cell (see Section 1.3.1.14). In
agreement with this hypothesis, the Golgi in cell01 was 1.6× larger in total volume than the Golgi in
cell02, presumably due to increased membrane recruitment to the Golgi resulting in an overall
expansion of the Golgi’s membrane surface area to accommodate maximally upregulated rates of
insulin synthesis and transport via the Golgi. However, the results obtained by quantitative analysis of
the dimensions of the Golgi for the non-stimulated cells initially appeared to contradict this theory. In
terms of percentage cellular volume, although the Golgi in cell03 was ~1.2× smaller than in cell01,
overall the Golgi in cell04 was ~1.45× larger than in cell01 (see Figure 5.22), in spite of both cell03
and cell04 containing what seemed to represent a full complement of MG. However, taken together
with more detailed analysis of the Golgi’s volume and SA among the four cells, the findings suggested
that there are other important factors to consider with respect to drawing functional conclusions rather
than predicting relative changes in Golgi structure based upon simplistic assessments of its overall
dimensions.

5.3.5 The architecture of the Golgi ribbon and TGN in non-stimulated versus
stimulated beta cells indicate that the regulated biosynthetic/secretory
pathway is inactive under ‘resting’ conditions
Although crude assessment of the total size of the Golgi alone was uninformative when comparing
stimulated versus non-stimulated cells, a more thorough breakdown of Golgi volume versus the TGN
revealed striking differences (Figure 5.8). In non-stimulated cells, trans-most cisternae were
reproducibly very narrow (~15-30 nm) in width, and displayed the morphological hallmarks observed
for the architecture of TGN in cells not having a regulated secretory pathway. While on average, the
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volume of TGN in these two non-stimulated cells comprised only ~8% of the total Golgi volume, the
TGN in the stimulated cells comprised on average ~24% (3× more) of the total Golgi volume, and the
extremely distended nature of the trans-most cisternae in these stimulated cells (particularly in cell01)
was evidenced by the lower SA-to-volume ratios for the trans-most cisternae/TGN. Compared to the
stimulated cells, the much simpler architecture and significantly reduced dimensions of the TGN in the
non-stimulated cells strongly suggested that regulated insulin production and/or packaging at the
trans-Golgi was essentially dormant, in contrast to conventional wisdom which argues that beta cells
exhibit a highly graded insulin response that is up- or down-regulated in a more controlled fashion
with varying levels of extracellular glucose (but always underpinned by basal levels of regulated
insulin production and granule formation), as opposed to what appears to reflect an "all or nothing"
response to secretagogue stimulation (Klumperman et al. 1998b, Orci 1976b, Orci 1986). Unlike the
TGN, however, the earlier cisternae that constitute the ‘backbone’ or foundation of the Golgi ribbon
(i.e. cis- and medial-cisternae) appeared similar in all cells, and were, if anything, narrower in terms of
individual cisternal cross-section in the stimulated cells.
Another significant finding during analysis of the TGN was the presence of multiple budding profiles
containing dense cores in the non-stimulated cells, which were morphologically distinct from
distensions of the trans-Golgi in the stimulated cells (see Section 5.2.5). Although many of these
regions were similar to MG in size, the uniformity of their spherical profiles as well as condensed
appearance of protein cargo in the granule lumen was not evident in the stimulated cells (see Figure
5.9). One tentative hypothesis is that due to the relative constriction of the TGN in the absence of a
stimulated secretory pathway, the rate of transit of insulin through the Golgi may be slowed to such an
extent that proinsulin cleavage and insulin hexamer assembly/condensation has initiated within the
TGN, in contrast to the lumen of IG as predicted and demonstrated previously (Arvan and Halban
2004, Arvan et al. 1991, Orci 1976b, Orci 1986). In this scenario, the TGN may act like “a cork in the
bottle” by inhibiting the budding and scission of immature granules at the high rates normally
observed under stimulated conditions, which would possibly result in a backlog of other proteins in the
cis- and medial-cisternae. If true, this would represent an interesting cellular mechanism to retard
insulin synthesis under basal conditions and may give rise to MG at the functional rather than
structural level, rather than proinsulin-containing IG. An alternative explanation is that the cargo in
these dense core budding regions represents the dense accumulation of some other protein product
such as amylin, gamma-aminobutyric acid (GABA) and/or serotonin - all of which are co-expressed/secreted by beta cells (Braun et al. 2007, Moore and Cooper 1991).

5.3.6 Changes in mitochondrial number, branching and distribution accompany
increased proinsulin production and transport
Another notable finding was that mitochondrial length, volume and distribution differed significantly
between cell01 and cell02. Compared to cell02, the mitochondria in cell01 were not only more
branched, ~1.3× longer and 1.5× more numerous (225 in cell01 versus 168 in cell02), but were
clustered in close proximity to the Golgi (see Section 5.2.7.1). This supported the hypothesis that
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cell01 had upregulated insulin production relative to cell02, presumably in line with other evidence
which suggested that it had responded to glucose-stimulation faster than its sibling. These data provide
the first convincing evidence for mitochondrial recruitment to the Golgi ribbon in response to
increased demands for ATP and/or calcium to meet the elevated energetic requirements associated
with rapidly replenishing its depleted granule pools. Once again, however, the two non-stimulated
cells provided confounding results. At a glance, mitochondria occupied 8.9%, 4.3%, 7.6% and 5.4% of
the cell volume in cell01, cell02, cell03 and cell04, respectively. Thus, although the two nonstimulated cells contained a lower percentage mitochondrial volume than (stimulated) cell01 in line
with the initial hypothesis, both of them (especially cell03) revealed a higher percentage mitochondrial
volume than (stimulated) cell02. However, as discussed below, a number of key factors can likely
explain the higher apparent level of mitochondrial activity in cell03 and cell04 (relative to cell02),
including mitochondrial regulation of calcium in the beta cell under physiological conditions.

5.3.7 Direct structural and spatial evidence that mitochondria physically act as
calcium buffers: priming a cell for release
In addition to its relatively large mitochondrial volume, the mitochondria in cell03 were clustered
proximal to the Golgi to approximately the same extent as mitochondria in cell01 (see Table 5.3), in
spite of cell03 representing a beta cell in an unstimulated state under normoglycemic conditions.
Intriguingly, cell03 was unique among the four cells in that it contained twelve mitochondria that
demonstrated a novel morphology as well as distribution (see Section 5.2.6.1). Each of these exhibited
a highly flattened ‘pancake-shaped’ architecture, which appeared to afford the mitochondria increased
opportunity to intimately associate themselves in close apposition to either the Golgi and/or nucleus.
The shape of these mitochondria, together with their juxtaposition with the nucleus and/or Golgi
ribbon support the hypothesis that they are strategically placed to act as calcium buffers for/between
these organelles to prevent premature insulin release via calcium regulation. Although known to play a
key role in calcium buffering in cells, it is well known that mitochondria facilitate the long term
storage and/or redistribution of calcium (see Section 1.3.1.11). Thus, we propose that the
unexpectedly large number and distribution of mitochondria in the non-stimulated cells serve as a
mechanism to prime these cells for rapid calcium release/transfer that is a hallmark of regulated
insulin secretion at almost every level of the pathway (Rutter and Rizzuto 2000, Wollheim 2000,
Wollheim and Maechler 2002). This idea is supported by the qualitative increase observed in the
incidence of close apposition of ER and mitochondrial membranes observed in the beta cell under
steady-state conditions (Marsh et al. 2001a, Tiffin et al. 2006) (see Section 5.2.8.4), now recognized
as a fundamental structure-function relationship in all mammalian cells (see Section 1.3.1.12), and
believed to play an important role in rapid Ca2+ distribution. Additional evidence supporting this
notion comes from detailed analysis of MG size across all four cells. Based on previous reports that
MG size decreases with age (Hutton 1989, Hutton 1994), the relative number and activity of
mitochondria in each cell directly correlates with MG diameter (Figure 5.3). Using this criteria to
assess the relative energetic demands of each cell, it can be determined that in contrast to cell01 which
appears to have actively upregulated insulin production to refill granule stores, cell02 houses the
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‘oldest’ granule population, accompanied by the least evidence of activity overall. In comparison, the
granule pools in cell03 and cell04, respectively, appear to constitute the next ‘youngest’ granule
populations and have presumably only recently been replenished, accompanied by evidence of
increased mitochondrial activity and number. Taken together, the average size of the MG pools for
each cell (i.e. larger diameter indicating granule ‘youth’) appear to be accurately reflected by the state
of mitochondrial population within each of the cells.

5.4 Stereology results
Using the point-counting stereology techniques described in Section 2.3, whereby ~1620 points were
counted per islet/section, the percentage of non-nuclear mitochondrial and MG volume was
determined over a total of 22 non-stimulated islets and for a single glucose-stimulated islet. Among
the 22 thin sections examined, one of these was cut from the same non-stimulated islet from which
semi-thick sections had been cut and images collected for cell03 and cell04. By way of example,
stereology of this section yielded non-nuclear volumes of 14.5% and 9.5% occupied by MG and
mitochondria, respectively. Over all 22 non-stimulated islets, the mean non-nuclear volume was 18.7
± 2.9% for MG and 8.5 ± 1.7% for mitochondria. These results suggest that of the two non-stimulated
cells, cell03 was slightly more representative (MG=20.8%; mitochondria=7.6%) than cell04
(MG=17.6%, mitochondria=5.4%) for the islet in which the two cells resided, and over all islets due to
its higher relative volume of mitochondria.
Although it was intended to analyze sections cut from an equivalent number (i.e. 22) of glucosestimulated islets, the thin sections prepared for these stereology studies were damaged during
processing such that only a single section from the islet containing cell01 and cell02 remained
available for analysis. Stereology on this section suggested a non-nuclear volume of 15.6% occupied
by MG and 9.0% occupied by mitochondria. These counts suggest cell01 was more representative
(MG=10.7%, mitochondria=8.9%) than cell02 (MG=16.2%, mitochondria=4.3%) within this islet, due
to its higher relative volume of mitochondria. However, as a result of compromised sections, it was
not possible to draw any definitive conclusions based upon stereological analysis alone for stimulated
versus non-simulated islets. Furthermore, as beta cells at the periphery of the islet exhibit both
functional and morphological differences from cells in the core of the islet, the current pointstereology method would have been unlikely to yield reliable information in terms of a ‘most
representative’ phenotype for beta cells following glucose-stimulation, since the technique does not
take into account information such as the functional consequence of location of cells within the tissue
(Figure 2.5). Consequently it was not determined which of the whole cells in this project were more
representative in terms of an average beta cell situated at the islet periphery.
There are relatively few published stereological studies of beta cells in situ against which to compare
these results, with the notable exceptions of a comprehensive study of rabbit islets by (Sato and
167

CHAPTER 5-SPATIAL ANALYSIS OF WHOLE CELLS
Herman 1981) and a smaller study of 10 islets from 10 normal Albino laboratory mice (similar to the
BALB/c strain used in this PhD project) by (Dean 1973). In the latter study, MG occupied 13.0% of
non-nuclear cell volume; ~1.4× less than our findings of 18.7%, and mitochondria occupied just 4.4%
of non-nuclear volume - ~1.9× less than our finding of 8.5%. As (Dean 1973) used a similar pointcounting technique, these discrepancies are unlikely to be due to methodological differences, but may
reflect either the high level of natural variation between individual mice/islets, differences at the level
of culture/experimental conditions or inter-species/-strain differences. Evidence in favor of natural
variation was reflected by the relatively high standard deviations obtained for measurements
determined from the 22 non-stimulated islets examined.
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6.1 Overview
The work presented in this thesis can be broadly separated into two main components: the
development of novel imaging/analytical techniques required to effectively carry out whole cell
tomographic studies, and the detailed biological analysis of datasets obtained for the four whole cell
tomograms acquired and analyzed within the study to ascertain key differences between the nonstimulated versus stimulated states. In this chapter, both the biological and technical aspects of this
project are discussed together and reviewed in a wider context which includes a summary of biological
insights and suggestions for the future directions of whole cell tomography as a research tool in basic
molecular cell biology studies aimed at providing accurate comparative insights in a precise
quantitative manner.

6.2 Biological insights
6.2.1 Relationships between compartments
The data collected in this project lent support to the primary hypothesis: that stimulated beta cells
undergo a significant internal reorganization of the organelles involved in making and transporting
insulin in order to meet the mechanistic needs that accompany a glucose-stimulated upregulation of
insulin production and exocytosis. The structure-function relationships observed in the stimulated cells
compared with the non-stimulated cells included significant changes in the number, dimensions and
distribution of insulin granules, remodeling of Golgi cisternae, increased mitochondrial number as
well as activity (i.e. branching) together with their rearrangement closer to the Golgi, and decreased
degradative activity reflected by reduced numbers of MGB involved in lytic digestion of aged insulin
stores. Collectively, the relative differences between the cells suggested inverse relationships among
these organelles that varied depending on the level of biosynthetic activity within the cell. The
comparative data provide structure-function evidence that cell01 represented a beta cell that had
discharged the bulk of its insulin granule stores in response to stimulation with elevated extracellular
glucose, and was in the throes of preparing for subsequent rounds of new insulin granule production at
the time the islet was frozen. In contrast, cell02 appeared not to have responded strongly to the initial
glucose stimulus prior to islet freezing, with its Golgi ribbon and mitochondrial population apparently
reflecting a steady-state condition more similar to those observed for the two non-stimulated beta
cells.

6.2.2 Insulin release: granules constituting the readily-releasable and reserve
pools
Collectively, my findings contradict the widely held belief that islet beta cells release insulin
homogeneously and - based on studies of primary beta cells and/or methods of measurement which
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average data over many cells/islets (e.g. stereology, ELISA for insulin content/secretion, patch-clamp
analysis) - secrete <2% of their insulin granule content per hour under glucose-stimulated conditions
(Bosco and Meda 1997, Rorsman and Renstrom 2003). One of the two stimulated beta cells (cell01)
appeared to have released >50% of its insulin content. Supporting this finding is evidence that
electrically coupled cells, such as pancreatic beta cells, release their contents in discrete subsets.
Although evidence that this happens in beta cells is currently limited (see Section 1.3.1.8), two-photon
light microscopy has shown that only small clusters of (electrically coupled) pancreatic acinar cells
release at any given time when stimulated by secretagogues (Takahashi et al. 2002). This thesis thus
proposes that pancreatic beta cells in tissue behave in a similar way, and that the four cells captured in
this project include: one stimulated beta cell (cell01) captured in the later stage of responding which
had discharged the bulk of its insulin content; another stimulated cell (cell02) captured in the early
stage of responding, having only released granules constituting the RRP; and two non-stimulated cells
(cell03 and cell04) which contained their full complement of mature granules (MG) and were likely to
be primed for release upon stimulation. If correct, this implies that a minority of cells, perhaps <4%
(4% cells discharge × 50% insulin released/discharged cell = 2% of total insulin released) of the total
beta cell population within an islet, may discharge most of their insulin upon the initial stimulation,
with the other beta cells essentially waiting in reserve. Although several differences between beta cells
in vitro have been observed (see Section 1.3.1.8), it is not known precisely what factors within the
beta cells of an islet differentiate the cells from one another in terms of their functional capacity and/or
dictate how each cell reacts upon stimulation by glucose. However, it is well recognized that at least in
rodents, the beta cell population undergoes constant turnover; thus, other than location, the age of an
individual cell may influence its viability in terms of secretagogue stimulation.

6.2.3 The importance of beta cell heterogeneity for insulin release in vivo
Although impossible to prove conclusively in a proof-of-concept study of this kind examining just
four cells, it is believed differences in the arrangement and relative proportions of organelles play a
key role in differentiating a cell’s capacity for insulin release. In particular, this thesis proposes that
sites of intimate association reflecting mitochondrial-associated ER membrane, or MAM, (see Section
1.3.1.12) may be critical for the localized Ca2+ increases which drive the mechanisms underlying first
and second phase insulin release (see Section 1.3.1.6). Other factors which may contribute to this
differentiation include the cell’s age, size, shape and its position relative to surrounding cells;
especially with regard to the extent of intercellular communication via gap junctions (see Section
1.3.1.7). One of the prime reasons that cells on the periphery of islets behave differently to cells in the
core is that beta cells in this outer few layers tend to have a predominance of non-beta cell neighbors.
In addition, islets are known to vary significantly in size; smaller islets are presumed to respond
differently to larger islets due to different proportions of cell types. Although it was not possible to
segment gap junctions at the resolutions used in this study (10-20 nm), complementary approaches
currently being undertaken at higher resolutions (<5 nm) in our group’s laboratory are aimed at
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mapping gap junctions with a view to better understanding the mechanisms governing variations
dictated by an individual beta cell’s nearest neighbors.

6.3 Multi-scale imaging of mammalian cells
6.3.1 Improved techniques for imaging large 3D volumes
Although cellular ET has almost reached the status of a ‘mainstream’ research tool, much remains to
be learned about how best to utilize this powerful technique to answer significant research questions in
mammalian cell and molecular biology. Most ET studies have previously avoided imaging insulinsecreting beta cells at lower magnifications in order to accommodate larger cellular areas for 3D
image reconstruction/analysis, because they have relied heavily on working toward developing the
capacity to simultaneously visualize organelles and large macromolecular protein complexes together
in situ in 3D within the same high-resolution tomograms, to bridge the resolution gap in 3D imaging
that has historically existed between molecular microscopy and X-ray crystallography (Marsh 2006,
Medalia et al. 2002, Nickell et al. 2006). However, single-axis tomography of serial thick (1-2 um)
sections cut from mammalian cells and tissue has in the past proved useful for bridging the resolution
gap in the other direction: from cell-to-tissue (Soto et al. 1994, Wilson et al. 1992). Moreover, efforts
to directly correlate EM data in 2D and/or 3D over a range of resolutions against image data from the
LM (live cell imaging and indirect immunofluorescence data) emerge as increasingly important, as
science moves towards a more ‘holistic’ understanding of how changes at the molecular level manifest
at the level of cell and/or tissue (Biel et al. 2003, Gaietta et al. 2006, Kurner et al. 2005, Martone et al.
2000, Medalia et al. 2007, Sosinsky et al. 2007).
Another promising advance for imaging cells in 3D has been the refinement of soft X-ray tomography
to achieve a resolution of ~40-50 nm (Larabell and Le Gros 2004, Larabell et al. 2007, Le Gros et al.
2005). Although unsuitable for the study of beta cells in tissue, as biological specimens must be less
than 10 µm thick for effective X-ray penetration and imaging, soft X-ray beam lines on synchrotrons
now allow smaller cells, such as yeast, to be rapidly imaged in toto without sectioning (Larabell et al.
2007, Le Gros et al. 2005). Furthermore, relatively new techniques that use either ion beam milling or
serial block-face sectioning combined with scanning electron microscopy (SEM) now enable imaging
of even larger regions of cellular material and even tissues at either ~5 nm or ~40 nm, respectively, by
progressively milling away material from a block face (Denk and Horstmann 2004, Knott et al. 2008).
These blocks can be prepared using the same basic fast-freezing/freeze-substitution methods as
employed in this ET study (see Section 2.1), and these SEM-based techniques promise to allow almost
entirely automated collection of large regions of tissue, including islets of Langerhans. While the
advantage of these two techniques stems from the relative speed and automation of the approaches,
they currently suffer from disadvantages at the level of true 3D resolution and complete
destruction/vaporization of the specimen during imaging, removing the option of further imaging.
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6.3.2 Imaging mammalian cells at multiple scales in 3D by EM/ET
One of the appeals of ET is the ability to image the same areas of a given cell/tissue section multiple
times over at different resolutions, depending on the scale of the structures under investigation. In the
past, it has been common practice within our group to take low resolution overview images and 4700×
montages of entire islets in cross-section in order to precisely identify regions of interest for
subsequent analysis and 3D imaging. For example, some of the sections used for whole cell
tomography studies in this PhD project have been re-imaged at higher resolutions by other members of
our group pursuing different biological questions that require more detailed image information.

6.4 More accurate modeling of cellular organization in 3D
6.4.1 Faster and more accurate segmentation using interactive interpolation
methods
In contrast to the few hours it now takes to collect tilt-series and reconstruct a tomogram, the manual
segmentation of a typical tomogram using a conventional approach, whereby every membrane is
traced on every slice, takes weeks to months. Thus, one of the most important contributions of this
project was the development, testing and integration of several “smart” interpolation methods and
drawing tools into the IMOD software package (see Figure 3.2B). Used together, these tools not only
assisted the segmentation of four cells in toto within the limited timeframe of this PhD project, but
have allowed the segmentation of high-resolution tomograms within our group (and many others) in
days instead of weeks (see Section 3.2). By periodically predicting the shape of surfaces between user
drawn key contours and showing the fit of computer-generated interpolated contours on each image
slice, the iterative interpolation algorithms allow users to accurately define surfaces yet require them
to draw just a fraction of the total number of contours (6-8% for most organelles in the ET data tested).
Furthermore, since the image analysis tools in IMOD are designed to work with any 3D image data,
regardless of how the data is acquired (e.g. ET, SEM of serial slices, EM of serial sections, 3D
confocal light microscopy, soft X-ray or any other method of serial sectioning and/or computed
tomography), these tools will have broad impact across a wide range of 3D imaging studies at a
variety of scales.
As well as facilitating substantial improvements in the efficiency of analysis, this project also
demonstrated the ability of interpolation methods to produce more accurate 3D surface models.
Models generated by (smooth) interpolation lacked the jagged edges along Z and aberrations at the top
and bottom of models referred to as the ‘ruffling effect’ and ‘nipple effect’, respectively. It was thus
unfortunate cell01 and cell02 were segmented (and published) before the implementation of
interpolation tools. Since it was necessary to use the same methods to directly compare all cells and
seemed illogical to redo all organelles in the first two cells using the interpolation methods, most
compartment types in cell03 and cell04 were segmented using the same abridged methods (see
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Section 2.2.5) that were used in analysis of the first two cells. Thus, with the appropriate tools now in
hand, future studies requiring whole cell tomograms to be accurately and efficiently segmented will
benefit enormously from use of the interpolation approaches to segment all compartments and
organelles, especially roughly spherical compartments such as MG. Since MG are often closely
apposed and some are less spherical than others (see Figure 4.1) the disadvantage of delimiting MG in
an expedited manner using spheres is that these spheres often overlap and thus detract from the final
accuracy of the quantitative analysis (Figure 6.1B). Although the spheres allow rapid determination of
radius and volume, segmentation using spherical interpolation is only slightly slower than the use of
spheres and, if necessary, the resulting surface meshes can be automatically resolved to ‘spheres of
best fit’. Moreover, spherical interpolation also avoids the problem of overlapping spheres (Figure
6.1C) and provides significantly more information and higher accuracy, including the ability to
analyze shape and calculate the SA to volume ratio for each MG. Indeed, these approaches should be
ideal for separate research projects within our laboratory aimed at quantifying different granule
subsets, accurately mapping the proximity of MG to microtubules (especially those connected via
molecular motors and/or related microtubule-associated proteins) and using thresholding and
interpolation techniques in combination to assess the different stages in insulin crystal nucleation and
formation in each maturing granule.

Figure 6.1 Spheres versus spherical interpolation
(A) A region of cytoplasm on slice 200 of cell03 centered on an ovoid-shaped granule. (B) The same image segmented using
spheres, as described in Section 2.2.5. Although in reality in this instance the membranes of the granules do not touch, using
spheres to approximate MG to expedite segmentation often results in overlap (red arrows). (C) The same image segmented
using spherical interpolation, where this problem of contour overlap is avoided. Scale bar: 100 nm.

6.4.2 The importance of calculating and correcting for zScale
In many respects, one of the most important findings of this project was the discovery that section
collapse is significantly less than 40% in modern ET studies using sections prepared from Eponembedded cells/tissue. For decades, it has been dogma in the ET community that Epon-embedded
sections imaged in either intermediate- or high-voltage microscopes collapse by ~40% in the direction
of the beam, and 3D models are thus scaled in Z by a zScale factor of 1.7 (see Equation 4.1) to
compensate for this collapse. In contrast, analysis of roughly spherical MG and the height of sections
after reconstruction in this project, showed ~25% section collapse for the high-resolution datasets
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generated by our group, yet only ~17% for the relatively low magnification ET datasets used in these
whole cell studies (see Section 4.2). Such a finding suggests that modern equipment and methods,
and/or changes in Epon formulation, have led to significantly reduced section collapse for Epon
sections; our results also indicate that this degree of section collapse may vary depending on the time
and intensity of beam exposure. These results highlight the pressing importance for research groups
heavily reliant on 3D imaging data to develop and apply such novel techniques as those presented in
Section 4.2.2, to strive for the highest level of accuracy in the final 3D models representing cellular
organization.

Figure 6.2 Final zScale of models
Side views (XZ) of whole cell tomograms and their corresponding (non-deformation-corrected) 3D models re-scaled in Z by
different amounts for (A) cell01, (B) cell02, (C) cell03 and (D) cell04. In each panel, the images on the left show the result of
applying a zScale factor of 1.7 to compensate for 40% section collapse, while the images on the right show the result of using
a zScale of 1.2 to compensate for 17% section collapse (see Section 4.2). Scale bars: 1 µm.

By way of example, application of an incorrect zScale leads to incorrect calculations for all SA and
volumes determined for compartments/organelles by a factor directly proportional to the difference
between the correct and incorrect zScales. In the whole cell analysis for this project, the correct zScale
was 1.2 (corresponding to 17% section collapse); thus, using a zScale factor of 1.7 (corresponding to
40% section collapse) would have produced substantial overestimates of all volume and SA by ~41%
(1.7÷1.2), i.e. almost 2-fold larger. To emphasize the significance of this error, Figure 6.2 shows a
side view of each model before deformation in XY stretched by 1.7 and 1.2. When stretched by 1.2,
the nuclei appear more spherical and the height of the tomogram better matches the height implied by
the 300 nm thickness to which its constitutive sections were cut. It is believed further improvements in
Z scaling could be yielded by analysis of spherical compartments (in particular MG) straddling section
boundaries (see Section 4.2.5.9), with a view to estimating overlapping or missing volume between
serially joined data volumes and by either removing image slices or adding ‘dummy’ slices to correct
for this difference. This technique, however, is likely to work better on serially joined high-resolution
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datasets, and was not attempted for the whole cell models in this project since MG were segmented as
spheres only.

6.4.3 Better 3D model accuracy by more accurate alignment of section
tomograms in XY
In addition to highlighting the importance of correctly scaling all final 3D models in Z, this project
also demonstrated the necessity to correct for deformation of whole cell sections in the XY plane.
Although uniform alignment of serial section tomograms has sufficed for high-resolution
reconstructions, the problem of anisotropic specimen thinning was exacerbated by the large areas
imaged in these whole cell studies. Analysis of section boundaries of the four whole cell tomograms
using ~3500 roughly evenly spaced ‘reference point pairs’ revealed significant misalignment (>100
nm for >25% of the reference point pairs) between corresponding points/organelles on adjacent
section volumes (see Section 4.3). To compensate for this misalignment, a non-uniform grid generated
using the reference point pairs, was used to deform all final whole cell models so they more accurately
depicted the spatial organization of the cell prior to sectioning and imaging. It is noteworthy, however,
that a better solution would involve the development of an interactive and sophisticated GUI which
allows the use of reference point pairs and cross-correlation to generate a ‘best-fit’ non-uniform
deformation grid during the basic process of aligning/joining/assembly of a whole cell tomogram (i.e.
prior to detailed segmentation of the model). While such a program would represent a sizeable
software development effort, it would be a worthwhile project as the creation of more accurate largearea/whole cell tomograms would eliminate any need for post-segmentation deformation correction
and also facilitate faster segmentation using tools such as interpolation, as the user would no longer
have to deal with issues related to organelles not aligning correctly across section boundaries.

6.4.4 The quality and resolution of whole cell tomograms can be improved using
new techniques for image alignment, tomogram reconstruction and
registration/assembly of serial section volumes
During this project, techniques used to acquire whole cell tomograms (see Chapter 2.2) were refined
and several practical methods devised to improve the accuracy of tomograms without drastically
increasing total acquisition/reconstruction time. The use of fiducial tracking - even if only a small
number of fiducials (~40) - was found to be a pre-requisite to produce tomograms free from the broad
deformations that result when fiducial-less tracking approaches are employed (still the mainstay of the
majority of ET reconstructions globally), but the ability to see and track gold fiducial particles at these
relatively low magnifications (3900-4700× magnification) represented a substantial challenge. Among
the biggest factors which contributed to the improved quality of cell03 and cell04 (compared to cell01
and cell02) stemmed from the use of larger (i.e. 15 nm instead of 10 nm) diameter gold particles (see
Section 4.4.1). Moreover, the development of interactive semi-automated tracking tools which were
aggregated in the BeadHelper window (see Section 4.4.2), facilitated the tracking of fiducials with
greater accuracy and speed, allowing triple the number of fiducials to be tracked per tilt-series (from
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40 to 120) in roughly the same time required without these tools. Finally, this project showed the use
of a ‘reduced second-axis’ approach can reduce the missing wedge to a missing pyramid with
negligible reduction in quality compared to regular dual-axis tomography for tilt-series data acquired
at these lower magnifications, despite requiring the acquisition of ~25% fewer images in total (see
Section 4.4.3). Collectively, these improved technical methods resulted in drastic improvements in
quality for the latter two reconstructions (cell03 and cell04) which afforded the possibility to reliably
resolve finer structures such as microtubules and membranes of the ER for segmentation (such
features were impossible to clearly distinguish in the more poorly defined image slices for cell01 and
cell02). Thus, even at comparatively low (4700×) resolution, it became possible to see and delimit
almost every organelle in the cell, with the exception of very small structures such as actin filaments,
very small vesicles and macromolecular assemblies.

6.5 Future directions
6.5.1 Automating data acquisition on the EM
Although the process of acquiring tilt-series and montages is now mostly automated 12, the tasks of
manually loading grids, rotating the specimen, finding regions (or cells) of interest and periodically
adjusting/calibrating key parameters (such as beam intensity, magnification, eucentric height focus,
defocus, etc.) on the EM still require the presence of a skilled operator and represent a slow and
arduous process. The whole cell studies presented here required a particularly large component of this
human-microscope interaction, estimated as about half of the total time on the EM (with the other half
spent monitoring each brief, 15-30 minute, tilt-series), and were vulnerable to human error due to the
sheer number of (sequential) sections acquired during imaging. The damage of any single grid due to
user mishandling may have resulted in the loss of multiple sections of the cell which perceivably could
have represented a catastrophic setback to the project; hence, extreme care was taken not to
overexpose any region of section in the electron beam, and great care was taken handling the tiny and
delicate formvar grids with forceps. Although no grid was irretrievably damaged or lost during this
project, such incidents are commonplace in EM studies. Considering that each cell spanned 27-57
sections spread over ~20-40 grids, and each grid was handled ~5 times during the processes of
microtomy, carbon coating and depositing gold fiducials and another 6-8 times during the
loading/unloading of the tilt-rotate holder for tilt-series acquisition, pre-irradiation, surveying and
montaging, it is clear that more reliable automated approaches will be required for extensive whole
cell imaging studies by ET.

12

Once one or more areas have been identified and defined for imaging, tilt-series acquisition (including 2D

montages at each tilt view) generally requires only a few interactive steps during set-up using a microscope
control program such as SerialEM before executing to completion.
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Over the last fifteen years, the availability of computerized EMs has led to investigation into methods
to automate data collection. While early automation attempts involved automated tilt-series acquisition
for ET (Koster et al. 1992, Mastronarde 2005, Nickell et al. 2005), more recent investigation has
focused on navigating the specimen to map and identify regions of interest. Moreover, robots used to
load grids into the EM (Lefman et al. 2007, Potter et al. 2004), coupled with software that enables
automated data collection (Carragher et al. 2000, Lei & Frank 2005, Suloway et al. 2005, Zhang et al.
2001), now facilitate the imaging of up to 100 serial sections within 18 h. Unlike humans, these robots
have the potential to eliminate accidental damage through mis-handling of grids and to batch process
multiple whole cells by automatically mapping large regions 24/7. Whilst such automated attempts are
still in the early stages of development and grid-loading robots are not yet commercially available,
they represent an exciting prospect for future efforts aimed at genuine high-throughput ET, especially
at the whole cell level.

6.5.2 Reducing manual intervention for fiducial tracking during tomogram
processing
Although some of the fiducial tracking tools developed in this project represent a step in the right
direction, the pipeline for reconstructing tilt-series into tomograms by fiducial tracking is still a
lengthy and heavily user-dependent process. Depending on the number of tilt images and fiducials
tracked, the reconstruction of each single tilt-series (even those acquired in <15 min on the microscope
itself) subsequently requires many hours of labor to manually choose individual fiducial ‘seeds’ to
initiate semi-automated tracking approaches, and for closely checking the accuracy with which
fiducials have been tracked from one tilt-series view to the next. This excludes the computational time
required to project, track and re-position each fiducial along an accurate 3D trajectory to ensure the
most precise image alignment possible within each stack of tilt-series images, prior to computing the
final aligned image stacks and ultimately, the tomogram (see Section 1.3.2.10). Hence, the continued
development of advanced particle picking and tracking algorithms must be viewed as a priority (Amat
et al. 2008, Ress et al. 1999), with the goal of completely automating these processes to free the
researcher for primary analysis of the tomographic volumes from time-consuming data assembly.
Furthermore, such a method should now be readily achievable with the use of high performance
computer clusters for such compute-intensive tasks as tracking large numbers of automatically
selected fiducials to determine the best-tracked fiducials for use in iterative refinement of the tracking
model. Only by developing more intelligent algorithms and using the power of large-scale parallel
computing will it be possible to keep pace with increasing speed of tilt-series data acquisition now
afforded by next-generation dedicated ET microscopes.

6.5.3 Automatic and hybrid segmentation approaches for analyzing large image
volumes
Despite the speed improvements offered by interpolation, interactive/hybrid segmentation of an entire
mammalian cell volume at the resolutions achieved in this project still equates to months of manual
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labor due to the sheer number and complexity13 of membrane-bound organelles within each cell,
which of course underpin the complexity of the fundamental biological processes under study. With
the recent availability of wide area 8K×8K CCD cameras and more advanced electron microscopes,
many research groups are now routinely generating many GB of tomographic data on a day-to-day
basis - representing far more data than can be manually segmented, even with the use of interpolation
tools and/or abbreviated representation using geometric shapes, in the way that spheres were used here
to demark the size and position of individual vesicles/granules, and a combination of spheres and tubes
used to define the linear and/or branched morphology of mitochondria. To have any chance of
reconstructing these quantities of data in their entirety, efforts will need to be focused on developing
more sophisticated methods of automatic segmentation. To date, most methods of automatic
segmentation have failed due to the comparatively low SNR of cellular tomographic data, as discussed
in detail in Chapter 3 and Chapter 4. Arguably the most successful attempts at automatic
segmentation to date have been obtained using the 3D watershed algorithm on cellular tomograms preprocessed by iterative median filtering to increase the relative SNR prior to deployment of the
segmentation algorithm (Marsh et al. 2004, van der Heide et al. 2007, Volkmann 2002). However, as
demonstrated in Chapter 3 using high-resolution tomograms of beta cells, such algorithms produce
many false positives and heavily over-segment more complex structures such as highly fenestrated
Golgi cisternae. Thus, for the foreseeable future, the path to successful development of automatic
segmentation methods will rely on acceptance that there is no single silver bullet solution for reliably
segmenting all compartments within a cellular tomogram given their disparate visual heuristics, as
discussed below.
Pancreatic beta cells contain many different types of compartments, each varying in morphology,
membrane thickness, texture and electron density when viewed at the EM level (Marsh 2005, Mitra et
al. 2004). Thus, it follows that the most promising segmentation strategy must entail the intelligent
cohesion of multiple types of automatic segmentation. As an example, the electron dense core offset
within MG makes them almost impossible to segment with 3D watershed, and so a possible solution
involves the combined use of template matching and edge detection algorithms to specifically identify
regions of electron dense material which are surrounded by a ~200-400 nm wide and roughly spherical
membrane. By inputting and using the known properties of organelles, such as their approximate size
and shape, into a rule-based system, the accuracy of segmentation could be greatly improved. After
finding each ‘next-best’ match, the volume within each surface could then be marked as out-ofbounds, and, based on the fact that membranes from different compartments never overlap, these outof-bounds regions could be used to help refine the search space for subsequent algorithms which
would then proceed to search for each remaining organelle type in turn until the entire itinerary of
compartments was accounted for within the reconstructed cytoplasmic volume.
13

Whilst there are tens of thousands of relatively spherical membrane-bound organelles having relatively simple
shapes in each cell, extended membrane systems such as Golgi and ER tend to exhibit complex and convoluted
architectures that include significant holes or fenestrations in their membrane surfaces (despite equating to a
relatively small number of individual surfaces following segmentation), and thus require significantly more time
and effort to analyze.
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However, running sophisticated algorithms over such large datasets in this manner would not only
require enormous amounts of parallel processing on large computer clusters, but also several iterations
of human interaction to assess and re-direct the segmentation outcomes until satisfactory results - at
least comparable to conventional manual segmentation - were achieved and validated. One way to
improve the results of automatic segmentation would involve ‘seeding’ these algorithms by clicking a
point inside, a line across, or single closed contour around the boundary of an organelle, but even this
represents an arduous task when seeding tens of thousands of organelles. Instead, a better interaction
model would be for the computer to mark automatically segmented surfaces as semi-transparent
‘unchecked’ surfaces, allowing the user to rapidly iterate through these results - in descending order of
certainty - and mark each as ‘checked’, ‘rejected’ or ‘wrong type’ depending on whether or not the 3D
surface accurately fitted the membranes of the segmented organelle and was correctly identified
according to ‘organelle type’ 14. In addition, problematic surfaces could be seeded by a single contour
or fully segmented using interpolation and after each round of this human interaction, the computer
could use this information to refine its next round of automatic segmentation. Ultimately, properties
such as the shape, smoothness, eccentricity and texture of each user drawn key contour and checked
surface could be analyzed and accrued in order to match similar membranes and organelles in
subsequent rounds. Such ‘machine-based learning/artificial intelligence’ methods are likely to emerge
rapidly in future efforts at automatic segmentation.
Due to innately low SNR and large numbers of compartment types, automatic segmentation of cellular
tomograms opens the door to a plethora of problems and possible solutions. However as ET groups
continue to amass terabytes and in some cases petabytes of stored tomography data, it is critical to
develop novel methods to overcome these challenges by development of hybrid approaches. One of
the biggest problems in automatic segmentation is that, even if 90% of the length of each contour
produced by automatic segmentation lies on the membrane, iterating through each contour and
correcting the incorrect regions is comparable to the time required to draw all contours from scratch.
Thus, another avenue of research is the use of the drawing tools presented here (see Figure 3.2) to
help rapidly correct bad surfaces without examining every contour. If trends in data acquisition
continue, however, it is likely groups will either have to be more selective in the tomograms they
segment, or settle for some degree of false positives, false negatives and a range of artifacts caused by
automatic segmentation, as there will simply not be sufficient time to manually verify each and every
surface on a contour-by-contour basis for all datasets. Hybrid approaches must be seen as the future of
segmentation of (inherently noisy) ET data because they combine the necessary speed and nonbiased/reproducible nature of automatic segmentation with the best image analysis/pattern recognition

14

Although fundamentally similar to the interpolation scheme described in Chapter 3 (whereby computergenerated interpolated contours are marked as dotted lines until verified or corrected by the user), this approach
would be designed for collectively classifying all contours in the surface (instead of individual contours). Such a
scheme would also lend itself to iterative refinement through surface classification in descending order of
‘confidence’ (e.g. with the level of estimated certainty represented by different levels of transparency and/or
different colors).
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system currently available - the human brain, based on the fact that the human eye can perceive visual
data at ~150 MB per second.

6.5.4 Data management and processing for ET using databases
While many databases exist for protein structures and (text string) genome data, the Cell Centered
DataBase (CCDB) developed and curated at UCSD (Martone et al. 2002) is currently one of few
databases specifically designed for 3D cellular images, and remains unique in that it not only houses
both 2D and 3D image data from a wide range of imaging modalities, but also offers the genuine
capacity for detailed ontological annotation and cross-reference searches. Though most groups
currently rely on storing tilt-series, tomograms and models in a laboratory/group file structure,
migration of these datasets over to databases such as the CCDB will be critical for ongoing
management of meta-data and to facilitate scientific collaboration across disciplines, establish
standards, and compare/query enormous numbers of datasets in the same way that occurred for the xray crystallography community over a decade ago.

6.5.5 Improved analysis of whole cell models
In addition to the increasing volumes of ET data being accrued, other emerging methods, such as soft
X-ray and SEM-based methods (see Section 6.3.1) promise to lead the way to capturing larger
volumes of cells and tissues to a point where the resolution gap is bridged to 3D image datasets of
small animals acquired by a plethora of approaches, not to mention the library of 3D reconstructions
of humans (Spitzer and Whitlock 1992). With these ever increasing volumes of cellular data available
for segmentation and other groups now applying many of the methods presented in this project to
conduct their own whole cell tomography studies (Abu-Bakar et al. 2009, Hanssen et al. 2010),
another consideration for the near future will be how best to analyze, share and present such data to
the wider scientific community and public. For the whole cell models in this thesis, much of the raw
data, including the volume and number of organelles, have been presented in the form of tables.
However, even with just four cells, such methods of presentation have proved cumbersome to compare
and contrast the relative differences between cells. One novel method originally proposed several
years ago entails the use of simplified geometric abstractions derived from the 3D model datasets (see
Section 5.2.10) to quickly convey compartment number and size in a 3D visual representation that can
be easily interpreted, yet still reflects the seminal properties of each compartment in a quantitatively
accurate way (Marsh 2006). Originally these simplified representations of the 3D data were also
intended to communicate the differences in SA:V ratio of compartments by artificially ruffling their
outer surface and also plotting lines to show the (average) Euclidean distances between key organelles,
but it soon became clear that only so much detail can be added to such images before they become
overcrowded and lose the power afforded through their simplicity. Though such abstractions are
highly informative, it is still important to communicate precise primary information such as cell
volume (Figure 5.22), mitochondrial length (Figure 5.12), and MG radius (Figure 5.3) using simple
graphs. Another method to directly compare cells involves the use of cluster analysis, such as the
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dendrogram presented in Figure C.1. This preliminary effort to provide an example of an alternative
analysis approach should be taken cautiously, however, since the results of such analyzes are heavily
biased by the choice of parameters; while parameters such as cell volume are easily normalized, many
others, such as the results yielded by spatial proximity analysis presented in this thesis, have no
obvious method of normalization, due the large number of possible natural variations for cell shape,
etc.

6.5.6 The importance of scientific community access to 3D spatial models for
whole cells
While the use of the analysis methods presented in this thesis are valuable for comparing cells, it
should be emphasized that the only way to truly appreciate and understand these rich 3D datasets is by
exploring the final whole cell tomogram and model data via interactive and immersive 3D. Indeed,
this thesis includes many 3D images taken from different angles in an attempt to provide a more
‘complete’ picture of the whole cell models; but these static images are no substitute for the use of 3D
videos and interactive exploration, to discover and elucidate shape, crowding and the spatial
relationships between organelles. Consequently, there remains a need within the ET community to
investigate easier methods for viewing and navigating within such large 3D image volumes to make
the data accessible to the wider population.
Although there are currently many tools which allow segmentation, visualization and/or analysis of
tomographic data (see Section 1.3.2.12), most of these tools are designed specifically for ET experts
and/or professional animators; thus, most are unsuitable for easy use by non-experts in the wider cell
biology community. For example, the IMOD software suite used throughout this project may be
powerful and popular among practioners of ET, but does have a very steep learning curve, is nontrivial to install and much of its functionality, including data analysis, must be done via involved
command line programs. In order to make ET models available to the wider academic community, it is
paramount to design simple programs which can be easily installed and facilitate the loading,
navigation and exploration of models and tomograms in an intuitive way. In addition to allowing users
from a range of backgrounds to readily navigate through a crowded 3D subcellular environment, such
a program would ideally allow the user to dynamically group various organelles to help illustrate and
grasp key spatial relationships. Although some of this functionality has been realized in the program
Illuora™ (McComb et al. 2009), it remains a work in progress. Ultimately, the long term goal of this
work would entail generating high-fidelity ‘cellular atlases’ of beta cells in different states, similar in
design principles to Google Earth, including the ability to, if requested, stream parts of tomograms
and/or models from a central repository piece by piece, at appropriate resolution. By using template
docking algorithms, such an atlas would contain not only membrane-bound organelles, but also many
large template-docked proteins such as ribosomes, and compartments would link externally to
metadata such that they would be available for further query. If such a program eventuates, perhaps
eventually it would interface with an extensive database of tomography data, and allow the averaging
of parameters and structural comparisons between many cell types across a wide range of different
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physiological conditions, in order to gain much deeper insights into the basic principles that underpin
mammalian cell heterogeneity and design, and to permit key differences to be identified that lead to
the onset of various diseases.

6.6 Conclusion
In line with the original thesis objectives, two stimulated and two non-stimulated pancreatic beta cells,
located at the periphery of two islets of Langerhans isolated intact from mouse pancreas, were
reconstructed in their entirety in 3D using a novel ET approach for detailed comparative analysis.
Together, these four functionally-equivalent islet beta cells representing the first whole mammalian
cells reconstructed at ~10-20 nm resolution were able to provide crucial quantitative insights into beta
cell heterogeneity at both the structural and functional levels in a manner that could not be afforded by
any other method. On a biological level, my results supported the hypothesis that a significant
reorganization of the key organelles of the insulin pathway occurs in beta cells in response to glucosestimulation. While the two non-stimulated cells exhibited a full complement of over ten thousand
mature secretory granules, the stimulated cells contained significantly fewer mature granules (although
this differed between the two beta cells examined from the same islet) and the number of MGB - lytic
compartments historically associated with insulin degradation - was proportional to the insulin granule
content for all four cells, reinforcing the notion that the balance between insulin production, release
and degradation is tightly regulated at the level of individual cells. Moreover, my finding that the
ratios of immature versus mature granules in the two glucose-stimulated cells, together with evidence
of significantly higher activity at the TGN (visualized as extensive distension of trans-Golgi
membranes; reflected by quantitative increases in TGN volume relative to the total Golgi volume)
compared to the non-stimulated cells, indicated an upregulation of insulin synthesis and granule
production to replenish granules lost due to exocytosis. A surprise finding, however, was the striking
difference in terms of mature granule content between the two stimulated cells, which indicated that
they had responded differently to the same stimulus in terms of insulin granule exocytosis and release.
In contrast to previous studies which have suggested the uniform release (~1-2% of total content) of
insulin from all beta cells within an islet following glucose-stimulation, these data argue directly for
the concept of beta cell heterogeneity, in that while all (electrically coupled) beta cells within an islet
have the capacity to release the bulk of their insulin upon stimulation, only a minority of cells actually
do so at any given time in response to a given stimulus.
This notion was further supported by the significant differences between the two stimulated cells at the
level of their mitochondrial populations (with respect to number, extent of branching and distribution
relative to the Golgi), which indicated increased levels of mitochondrial activity in cell01 to replenish
its depleted granule stores by upregulating insulin production and granule formation as noted above.
Comparisons of mitochondria across all four cells, however, were largely inconclusive, since in
contrast to the hypothesis that mitochondrial activity would be noticeably higher in both stimulated
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cells relative to both non-stimulated cells, mitochondria also appeared to be highly active in the nonstimulated cells. This may be explained by the fact that current models for the energetic requirements
of cells that exhibit regulated secretion tend to be based on the concept of ‘active’ versus ‘resting’
states, with the primary consideration given to the demands of the regulated secretory pathway.
However, in the absence of a stimulus for regulated protein synthesis and secretion, these cells still
exhibit high levels of constitutive activity and conventional membrane trafficking. More detailed
studies will be required to determine if there are specific structure-function relationships unique to
different cycles of mitochondrial activity that can be used to distinguish between mitochondria in these
fundamentally different states. In support of this idea, the identification of a novel subset of
mitochondria that displayed a unique flattened or ‘pancake-like’ structure (which to the best of our
knowledge has not been previously documented) in one of the two non-stimulated cells appeared
related to the way in which they were juxtaposed between the nucleus and Golgi ribbon. Since the size
of mature granules in this cell indicated that it had recently replenished its insulin granule pool, it is
quite conceivable that the unique structural and spatial organization of these mitochondria in particular
suggested their potential role in calcium buffering to prime this cell for granule release upon
subsequent glucose-stimulation. Indeed, the fact that these mitochondria exhibited a peri-nuclear
distribution strikingly similar to that typically observed for the Golgi ribbon in cell culture models
imaged by LM - and which was observed in this study for the beta cells only under steady-state/nonstimulated conditions - might further suggest that the integral relationship between these two
organelles is related to calcium flux under different states.
On a technical level, this project required the development of several new approaches to enable the
timely and accurate 3D reconstruction and segmentation of multiple mammalian cells in their entirety
at ~10-20 nm resolution. The segmentation of these cells in months rather than years was achieved by
the development of abridged segmentation methods, including the implementation of several new
drawing tools together with novel methods for semi-automated/interactive and iterative contour
interpolation. When tested on the key compartments of the insulin secretory pathway in highresolution (~6 nm) datasets, the combined use of drawing tools and interpolation facilitated the
complete segmentation of tomograms in days instead of weeks. In addition to this significant (~7 fold)
increase in efficiency of data analysis, using an iterative interpolation approach also significantly
improved the accuracy of results by eliminating a number of artifacts that occur by manually
segmenting compartments across every image slice. Overall, the combination of these new methods
for more efficiently and accurately reconstructing and analyzing entire mammalian cells in 3D offered
a level of insight into the complex 3D organization of mammalian cells not currently afforded by other
techniques.
In addition to these methods facilitating much faster modeling of whole cell tomograms for
quantitative analysis, this project also led to the development of several new computational techniques
that significantly improved the accuracy of the final 3D models. Most notably, a novel idea involving
the analysis of approximately spherical mature granules to estimate section collapse was implemented
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and verified using synthetic datasets. In contrast to the widely accepted belief that plastic (Epon)
sections imaged using either intermediate- or high-voltage microscopes collapse by 40%, analysis
indicated that section collapse was actually on the order of ~25% for high-resolution tomograms of
large cellular volumes and ~17% for the whole cell tomograms imaged/reconstructed at intermediateresolution. Consequently, the whole cell models produced in this study were adjusted to account for
the correct extent of collapse in Z, and thus more accurately reflect the spatial and structural
organization of the cell in 3D prior to imaging. Likewise, improved methods developed to correct for
anisotropic deformation in XY caused by section thinning (accounted for by using reference point
pairs and a non-uniform deformation grid approach), interactive tools for improved fiducial
tracking/tilt-series image alignment and incorporation of a limited set of tilt images from a second axis
(reduced second-axis approach) collectively contributed to obtaining significantly more accurate
measurements for key structure-function relationships in the beta cell than ever before possible.
However, with the increasing rate at which such large 3D datasets can be obtained, this project has
also elucidated the fact that much more work remains in exploring the numerous ways such data can
be more efficiently reconstructed, segmented, spatially analyzed and compared between cells.
In contrast to stereology and other techniques which rely on averaging measurements obtained from
large numbers of cells, whole cell tomography uniquely allows for the unambiguous visualization of
the 3D complexity of spatial/structural organization at the level of individual mammalian cells (and in
this case, in the context of their native tissue setting). Only through detailed quantitative analysis on a
cell by cell basis is it possible to assess and characterize the extent of heterogeneity that exists among
populations of cells. Moreover, whereas high-resolution tomography of subvolumes within cells
permits much more detailed information to be obtained regarding the finer structural features
characteristically associated with subcellular compartments, such as protein coats or cytoskeletal
filaments, only by analyzing the mammalian cell in toto at the nanometer scale will it become possible
to map its complex functions as a unitary system onto a precise spatial framework in 3D for emerging
global efforts aimed at simulating fundamental structure-function relationships in silico at the cellular
scale.
At both a basic and theoretical level, the development and implementation of a combination of original
3D imaging and computational approaches in the context of this project have allowed me to obtain
unique and precise quantitative insights regarding how structure-function relationships change among
key organelles of the insulin pathway that will significantly advance ‘conventional wisdom’ in the
fields of islet/beta cell biology and diabetes.
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Appendix A

Tomogram size

A summary of the final tomogram properties has been provided in Table A.1.
Specimen

Magnification

Sections

Pixel size
(nm)

Tomogram Size
(pixels)

Specimen Size
(nm)

cell01
cell02
cell03
cell04

4700×
3900×
4700×
4700×

45
27
57
51

5.156
6.066
5.058
5.058

2048 × 2048 × 2217
2100 × 2100 × 1153
2300 × 2660 × 2803
2299 × 2401 × 2425

10559 × 10559 × 13717
12739 × 12739 × 8393
11633 × 13454 × 17013
11628 × 12144 × 14719

Table A.1 Summary of whole cell tomogram parameters
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Specimen
Volume
(um3)
1,529
1,362
2,663
2,079

Appendix B
dataset: cell01
BounLower
dary #
slice
1
46
2
93
3
145
4
192
5
236
6
286
7
332
8
390
9
436
10
481
11
533
12
583
13
632
14
683
15
737
16
795
17
843
18
867
19
923
20
971
21
1012
22
1054
23
1107
24
1155
25
1199
26
1252
27
1295
28
1336
29
1381
30
1423
31
1474
32
1523
33
1569
34
1610
35
1659
36
1702
37
1748
38
1808
39
1861
40
1909
TOTAL:
AVERAGE:
STDEV:

Reference point displacement and deformation grid
results
Reference point pairs

Upper
slice
47
94
146
193
237
287
333
391
437
482
534
584
633
684
738
796
844
868
924
972
1013
1055
1108
1156
1200
1253
1296
1337
1382
1424
1475
1524
1570
1611
1660
1703
1749
1809
1862
1910

# pairs
10
1
21
19
20
15
11
23
17
21
23
21
19
19
20
19
16
17
17
16
22
17
16
22
17
14
13
25
21
17
22
15
17
16
14
13
2
1
7
5
641
16.025
5.989

Average
displacement
96.27 ± 50.73
104.63 ± 0
88.28 ± 53.75
34.61 ± 17.5
97.35 ± 35.58
78.52 ± 53.67
128.73 ± 68.78
108.09 ± 59.4
52.48 ± 35.57
80.84 ± 49.08
112.97 ± 61.83
86.39 ± 58.22
100.67 ± 34.53
76.66 ± 48.8
59.77 ± 28.8
46.62 ± 24.16
140 ± 70.62
87.26 ± 52.53
97.81 ± 43.92
102.9 ± 65.99
134.12 ± 95.24
74.58 ± 44.27
185.75 ± 123.61
79.06 ± 42.07
136.91 ± 108.43
91.39 ± 38.68
243.37 ± 175.26
72.9 ± 46.93
156.03 ± 104.33
86.52 ± 58.25
65.36 ± 38.94
43.97 ± 24.49
48.81 ± 17.29
120.83 ± 70.75
65.3 ± 28.14
89.71 ± 55.57
152.27 ± 95.64
99.58 ± 0
153.56 ± 65.56
65.16 ± 24.68
61107.2249
98.650
57.147

Calculated transform from lower to upper
section
rotate
transla transla scale
scale
te X
te Y
X
Y
-1.256 -18.868 -16.699
1.022
1.014
0.000
19.667
5.000
1.000
1.000
-0.824
-0.705
-6.238
1.001
1.012
0.300
2.897
-0.286
1.003
1.001
-0.532 -14.985
9.550
0.982
0.996
-0.865 -16.505
7.916
0.997
1.004
0.288
-2.991
1.801
1.010
0.998
0.418
9.143
0.225
0.978
1.003
-0.726 -10.112
-0.659
0.992
0.995
-0.373 -16.819
0.146
0.978
0.985
-1.196
2.317
3.974
0.995
0.984
-0.318
3.850 -14.332
1.026
1.007
1.219
7.638
3.056
0.987
0.985
0.103
-3.598
-4.158
1.012
1.020
-0.640
-2.448
4.916
0.990
1.008
0.001
-1.018
2.634
1.003
0.991
0.631
3.375
3.442
0.993
1.012
-0.676
-7.303
5.513
0.986
0.988
0.529
14.581 -13.047
0.998
1.019
0.673
2.540
2.558
1.008
0.989
1.697
4.561
12.054
0.984
0.975
-0.159
-4.140
-3.066
0.983
1.001
-1.935
-4.344
6.754
1.013
0.979
0.699
3.719
7.189
1.013
1.006
1.524 -24.901
-2.630
1.035
0.963
0.240 -10.401
8.017
0.962
1.003
2.586
31.976
30.190
1.036
0.959
-0.882
0.573
-1.009
0.989
1.004
1.808
13.111
16.559
1.031
1.010
0.135
12.606 -20.609
1.016
0.973
0.260 -16.065
-1.277
1.002
0.986
0.605
0.393
-5.152
1.000
0.999
0.518
-2.992
2.459
1.007
1.002
0.394 -12.193
16.258
1.030
1.037
0.738
3.825
11.256
1.007
0.994
-0.529 -20.054
4.513
1.011
1.030
0.740
14.502 -21.438
1.056
1.056
0.000
18.000
-7.000
1.000
1.000
1.509
-5.265
-7.231
0.962
1.000
-1.794
18.830
3.141
1.011
0.990
4.907
-7.602
44.288
40
40.0
0.123
-0.190
1.107
1.003
0.999
0.970
12.413
10.000
0.020
0.018

Table B.1 Reference point displacement for cell01
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Cumulative transform
rotate
0.000
-0.824
0.300
-0.532
-0.865
0.288
0.418
-0.726
-0.373
-1.196
-0.318
1.219
0.103
-0.640
0.001
0.631
-0.676
0.529
0.673
0.000
-0.159
-1.935
0.699
1.524
0.240
2.586
-0.882
1.808
0.135
0.260
0.605
0.518
0.394
0.738
-0.529
0.740
0.000
1.509
-1.794
0.000
4.47
0.112
0.911

translate
X
-18.868
0.799
0.094
2.991
-11.994
-28.499
-31.490
-22.347
-32.459
-49.279
-46.962
-43.112
-35.474
-39.072
-41.521
-42.538
-39.163
-46.466
-31.884
-29.345
-37.784
-41.924
-46.268
-42.548
-67.449
-77.850
-45.873
-45.300
-32.189
-19.583
-35.648
-35.255
-38.247
-50.440
-46.615
-66.669
-52.167
-34.167
-39.432
-20.602
-1463
-36.565
16.868

translate
Y
-16.699
-11.699
-17.937
-18.224
-8.674
-0.757
1.043
1.268
0.610
0.755
4.729
-9.603
-6.547
-10.705
-5.788
-3.155
0.287
5.800
-7.247
-4.689
9.698
6.631
13.386
20.574
17.945
25.962
56.151
55.142
71.701
51.092
49.814
44.662
47.121
63.379
74.635
79.148
57.711
50.711
43.480
46.621
778
19.458
29.796

dataset: cell02
BounLower
dary #
slice
1
46
2
83
3
120
4
146
5
194
6
244
7
286
8
320
9
369
10
409
11
450
12
491
13
529
14
568
15
608
16
648
17
696
18
747
19
788
20
837
21
876
22
916
23
955
24
995
25
1045
26
1094
TOTAL:
AVERAGE:
STDEV:

Reference point pairs
Upper
slice
47
84
121
147
195
245
287
321
370
410
451
492
530
569
609
649
697
748
789
838
877
917
956
996
1046
1095

# pairs
10
16
16
18
1
1
27
25
21
20
22
19
19
23
20
15
19
22
19
20
18
16
19
14
16
9
445
17.115
6.186

Average
displacement
49.31 ± 29.32
48.42 ± 25.35
42.58 ± 27.36
18.69 ± 13.03
0±0
0±0
57.74 ± 28.39
61.66 ± 23.53
27.79 ± 25.03
38.14 ± 21.67
19.56 ± 17.39
19.73 ± 13.89
18.49 ± 12.38
22.42 ± 12.37
34.67 ± 19.08
54.01 ± 42.5
61.35 ± 28.62
47.26 ± 22.47
33.05 ± 26.02
60.54 ± 27.43
47.82 ± 26.65
49.04 ± 28.49
78.92 ± 41.45
49.29 ± 37.59
51.07 ± 30.87
34.27 ± 26.07
18912.925
39.455
25.290

Calculated transform from lower to upper
section
rotate
transla transla scale
scale
te X
te Y
X
Y
-0.242
-0.881
-4.740
1.000
0.991
-0.227
2.334
3.067
0.996
1.005
0.194
-5.283
-4.078
1.003
0.998
-0.089
-0.871
0.225
1.001
1.006
0.000
0.000
0.000
1.000
1.000
0.000
0.000
0.000
1.000
1.000
-0.041
3.591
-4.069
1.006
0.993
-0.210
-8.225
6.709
1.002
0.997
-0.064
-2.771
0.640
0.995
0.999
0.275
-0.211
0.605
0.999
0.998
0.049
-1.357
0.132
0.994
1.001
0.035
-3.240
2.068
0.999
1.002
0.136
-0.677
1.429
1.000
1.003
0.131
-2.814
-2.151
1.005
1.003
-0.038
-2.495
3.279
1.003
1.002
0.347 -11.236
1.160
1.014
1.011
-0.176
-1.722
2.781
1.013
1.011
0.110
1.068
3.488
1.007
1.002
0.134
-1.799
1.907
1.001
1.007
-0.300
-2.157
2.640
1.004
0.999
-0.326
-1.501
4.810
0.999
1.013
0.060
3.780
-0.804
1.007
1.005
0.129
4.657
10.265
0.996
1.004
-0.379
2.248
-6.454
1.006
0.991
0.110
-8.571
1.400
0.992
0.996
-0.006
3.944
1.946
1.005
0.999
-0.387 -34.186
26.255
26
26.0
-0.015
-1.315
1.010
1.002
1.002
0.187
3.877
3.547
0.005
0.006

Table B.2 Reference point displacement for cell02
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Cumulative transform
rotate
-0.227
0.194
-0.089
0.000
0.000
-0.041
-0.210
-0.064
0.275
0.049
0.035
0.136
0.131
-0.038
0.347
-0.176
0.110
0.134
-0.300
-0.326
0.060
0.129
-0.379
0.110
-0.006
0.000
-0.14
-0.006
0.181

translate
X
-0.881
1.453
-3.830
-4.700
-4.700
-4.700
-1.110
-9.335
-12.106
-12.316
-13.673
-16.913
-17.590
-20.403
-22.898
-34.134
-35.856
-34.788
-36.587
-38.744
-40.245
-36.465
-31.808
-29.560
-38.130
-34.186
-534
-20.546
14.388

translate
Y
-4.740
-1.674
-5.751
-5.526
-5.526
-5.526
-9.595
-2.886
-2.246
-1.641
-1.510
0.558
1.988
-0.163
3.115
4.275
7.056
10.544
12.452
15.092
19.902
19.098
29.363
22.910
24.309
26.255
150
5.774
11.658

dataset: cell03
BounLower
dary #
slice
1
46
2
96
3
142
4
189
5
237
6
288
7
333
8
382
9
428
10
475
11
526
12
581
13
634
14
686
15
735
16
786
17
837
18
883
19
932
20
986
21
1037
22
1084
23
1137
24
1188
25
1238
26
1290
27
1340
28
1392
29
1435
30
1478
31
1524
32
1571
33
1620
34
1668
35
1717
36
1765
37
1814
38
1867
39
1918
40
1968
41
2017
42
2076
43
2127
44
2175
45
2218
46
2245
47
2297
48
2348
49
2396
50
2447
51
2498
52
2544
53
2593
54
2643
55
2691
56
2740
TOTAL:
AVERAGE:
STDEV:

Reference point pairs
Upper
slice
47
97
143
190
238
289
334
383
429
476
527
582
635
687
736
787
838
884
933
987
1038
1085
1138
1189
1239
1291
1341
1393
1436
1479
1525
1572
1621
1669
1718
1766
1815
1868
1919
1969
2018
2077
2128
2176
2219
2246
2298
2349
2397
2448
2499
2545
2594
2644
2692
2741

# pairs
11
15
18
19
18
19
20
18
18
18
19
18
18
16
19
17
19
18
20
18
18
16
12
16
14
14
17
14
16
14
15
19
15
16
15
15
14
13
14
17
15
13
15
19
17
16
19
16
18
14
11
9
11
8
6
6
873
15.589
3.302

Average
displacement
38.08 ± 23.27
45.22 ± 41.8
60.1 ± 33.58
33 ± 17.89
18.66 ± 14.43
68.12 ± 45.75
59.73 ± 38.93
24.96 ± 11.43
38.79 ± 31.76
62.91 ± 42.62
59.71 ± 33.86
54.21 ± 34.63
39.63 ± 22.54
44.17 ± 32.37
63.7 ± 40.81
96.78 ± 55.88
87.09 ± 38.35
68.64 ± 54.35
76.9 ± 42.28
70.74 ± 44.19
112.14 ± 66.16
63.03 ± 37.92
64.77 ± 36.52
54.49 ± 27.89
57.17 ± 37.84
73.99 ± 33.44
52.45 ± 28.26
107.06 ± 69.32
108.82 ± 63.77
53.45 ± 35.55
64.57 ± 38.33
126.57 ± 57.43
95.58 ± 83.09
75.15 ± 19.6
94.01 ± 48.29
56.85 ± 18.12
70.55 ± 32.91
100.55 ± 51.05
73.53 ± 50.59
82.58 ± 56.35
65.43 ± 42.28
67.06 ± 30.47
61.08 ± 27.24
43.73 ± 25.82
51.16 ± 17.76
179.49 ± 103.45
46.24 ± 30.89
63.1 ± 33.79
43.69 ± 22.58
48.19 ± 33.27
78.57 ± 57.54
43.59 ± 22.55
57.71 ± 34.89
32.75 ± 11.62
77.45 ± 54.17
64.87 ± 30.88
58089.451
66.475
38.793

Calculated transform from lower to upper
section
rotate
transla
transla scale
scale
te X
te Y
X
Y
0.267
-2.310
3.191
0.993
1.001
-0.379
-2.058
2.291
1.024
0.989
0.658
4.809
-4.767
0.980
1.000
0.498
4.751
-6.652
1.007
1.005
-0.149
-1.026
-3.177
0.998
0.996
0.026
1.979
6.435
0.979
1.015
0.596 -13.097
6.037
1.013
1.000
0.222
-1.288
5.055
1.000
1.001
-0.396
-0.041
7.689
1.006
0.999
-0.740
1.285
0.861
0.998
0.992
0.963
0.349
2.542
0.985
0.993
-0.598
-5.674
2.321
0.992
0.993
-0.261
-0.972
-1.244
0.999
0.993
0.473
-7.062
-3.884
0.997
0.998
-0.085
10.513
-7.690
1.007
0.995
-0.445 -10.768
5.773
0.977
1.009
0.649
2.675
11.238
1.008
1.005
0.469 -17.524
0.583
1.017
0.989
0.236
-0.763
-0.819
0.988
0.995
0.561 -12.664
7.016
0.987
1.008
-1.370
1.105
5.357
1.022
0.995
0.392
10.959
0.978
1.001
1.001
-0.460
-6.830
0.920
0.994
0.994
0.050 -12.092
-1.053
0.993
1.003
0.465
4.787
2.306
1.003
1.002
-0.023 -16.524
0.629
0.991
1.006
-0.396
-2.453
0.977
1.014
1.009
-1.057
2.949
-3.082
0.991
1.022
0.124
-7.017
-7.021
1.027
0.988
0.154
-1.135
0.815
0.999
0.994
0.241 -11.733
7.275
0.990
1.010
-0.884
7.061
-3.080
1.015
1.004
0.844
14.180
-2.075
0.981
1.007
-0.598
9.285 -10.235
0.993
1.004
1.026
0.059
10.633
1.017
0.991
-0.105
-6.088
-4.923
1.001
1.007
-0.103
-6.319
-2.329
0.991
1.004
-0.752
-4.292
4.223
1.000
1.004
1.561
6.140
4.189
0.990
1.004
-1.342 -10.498 -23.408
0.992
1.009
0.210
25.653
11.642
1.025
1.007
0.083 -18.832
5.597
0.988
0.998
0.482
-1.996
-3.972
1.016
0.991
0.444
3.200
0.761
1.001
0.990
-0.254
-0.953 -10.957
1.009
1.004
-4.054 -16.690 -46.024
0.962
1.029
0.778
7.120
9.373
1.015
0.994
0.786
-5.761
8.240
0.996
0.991
0.304
0.672
-1.392
1.013
1.003
-0.374
-8.155
-7.000
0.989
0.998
0.104 -22.740
-9.712
0.972
0.975
-0.467
0.820 -12.837
1.000
1.014
-0.597
4.300
-7.198
1.023
0.987
-0.277 -10.244
0.588
0.982
0.999
1.216
2.245
30.700
1.006
0.931
1.607 -16.820
37.143
0.978
0.992
0.324 -135.52
18.848
56
55.9
0.006
-2.420
0.337
0.999
0.999
0.848
9.017
11.122
0.014
0.013

Table B.3 Reference point displacement for cell03
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Cumulative transform
rotate
0.267
-0.112
0.546
1.044
0.896
0.922
1.517
1.739
1.343
0.603
1.566
0.968
0.708
1.181
1.097
0.652
1.301
1.770
2.006
2.567
1.196
1.589
1.128
1.179
1.644
1.621
1.225
0.169
0.293
0.446
0.687
-0.197
0.647
0.049
1.075
0.970
0.867
0.115
1.676
0.335
0.545
0.628
1.110
1.554
1.299
-2.754
-1.977
-1.191
-0.887
-1.262
-1.158
-1.625
-2.221
-2.498
-1.282
0.324
27.9
0.498
1.189

translate
X
-2.310
-4.368
0.441
5.192
4.166
6.145
-6.951
-8.240
-8.281
-6.995
-6.646
-12.320
-13.292
-20.354
-9.841
-20.609
-17.933
-35.457
-36.221
-48.885
-47.779
-36.821
-43.650
-55.742
-50.955
-67.480
-69.933
-66.984
-74.001
-75.136
-86.869
-79.808
-65.628
-56.343
-56.284
-62.372
-68.691
-72.982
-66.843
-77.341
-51.688
-70.520
-72.516
-69.316
-70.269
-86.959
-79.839
-85.600
-84.928
-93.083
-115.823
-115.003
-110.703
-120.947
-118.701
-135.521
-3006
-53.675
37.321

translate
Y
3.191
5.482
0.715
-5.937
-9.114
-2.678
3.359
8.414
16.103
16.963
19.506
21.827
20.583
16.699
9.008
14.781
26.019
26.602
25.783
32.798
38.156
39.133
40.054
39.000
41.307
41.936
42.912
39.830
32.810
33.625
40.900
37.820
35.745
25.511
36.143
31.220
28.891
33.114
37.303
13.895
25.537
31.135
27.163
27.924
16.966
-29.058
-19.685
-11.444
-12.836
-19.836
-29.548
-42.384
-49.582
-48.995
-18.295
18.848
825
14.738
24.578

dataset: cell04
BounLower
dary #
slice
1
52
2
103
3
150
4
196
5
243
6
290
7
336
8
380
9
427
10
470
11
518
12
566
13
610
14
662
15
709
16
763
17
807
18
854
19
902
20
947
21
995
22
1043
23
1093
24
1144
25
1198
26
1257
27
1310
28
1361
29
1410
30
1458
31
1509
32
1557
33
1607
34
1654
35
1704
36
1753
37
1800
38
1850
39
1901
40
1952
41
2002
42
2049
43
2093
44
2137
45
2184
46
2231
47
2277
48
2321
49
2335
50
2374
TOTAL:
AVERAGE:
STDEV:

Reference point pairs
Upper
slice
53
104
151
197
244
291
337
381
428
471
519
567
611
663
710
764
808
855
903
948
996
1044
1094
1145
1199
1258
1311
1362
1411
1459
1510
1558
1608
1655
1705
1754
1801
1851
1902
1953
2003
2050
2094
2138
2185
2232
2278
2322
2336
2375

# pairs
18
24
32
28
25
35
26
33
28
28
29
33
33
31
31
32
27
36
39
32
36
37
26
35
29
27
32
36
30
30
35
29
24
30
36
34
33
29
35
37
30
39
33
33
34
30
30
24
14
22
1529
30.580
5.059

Average
displacement
42.62 ± 12.33
37.32 ± 25.04
56.37 ± 38.47
81.05 ± 36.31
64.8 ± 35.11
56.45 ± 48.81
53.61 ± 21.41
53.97 ± 38.81
60.36 ± 34.66
22.54 ± 12.75
162.05 ± 128.44
141.95 ± 98.14
82.21 ± 44.39
101.04 ± 51.77
169.7 ± 89.35
120.61 ± 61.85
149.09 ± 113.61
60.4 ± 41.21
64.82 ± 71.13
89.55 ± 60.72
63.98 ± 31.77
57.93 ± 51.87
73.01 ± 60.55
113.35 ± 63.4
94.65 ± 51.6
105.34 ± 69.56
122.85 ± 81.61
156.8 ± 67.6
93.13 ± 50.05
39.36 ± 37.6
101.06 ± 65.63
44.4 ± 38.09
43.07 ± 17.3
108.01 ± 91.56
32.07 ± 22.18
69.02 ± 41.79
44.18 ± 26.94
64.25 ± 60.68
72.9 ± 39.66
178.14 ± 108.78
96.77 ± 44.82
47.07 ± 32.36
107.84 ± 63.77
57.67 ± 46.71
37.34 ± 25.45
68.22 ± 54.78
63.94 ± 44.17
103.21 ± 56.68
190.47 ± 137.75
126.42 ± 94.15
128646.185
84.939
54.864

Calculated transform from lower to upper
section
rotate
transla transla scale
scale
te X
te Y
X
Y
0.007
-7.357
2.589
0.995
1.004
0.460
-2.137
-0.665
1.008
0.998
0.606
-9.226
1.981
0.998
1.005
-0.070
5.101 -11.021
0.971
0.982
-0.077 -16.695
2.995
1.017
1.006
0.012
10.976
-5.754
0.980
0.994
0.063
-8.221
8.936
1.011
1.007
-0.204
-8.847
7.437
1.008
0.981
0.138
6.998
9.838
1.000
1.012
-0.133
-0.409
2.713
0.998
1.005
-0.056 -13.644
9.549
0.956
0.986
-0.229
-9.477
13.662
1.032
1.019
-0.270 -15.679
10.166
1.015
0.996
0.772
-2.077
-8.770
0.993
1.006
0.553
0.789 -16.452
0.985
0.983
-0.055 -10.131 -11.658
0.993
0.995
-0.040
5.048 -28.585
1.024
1.004
0.095
9.893
-3.921
1.004
0.995
0.202
17.870
-3.078
1.003
1.007
-0.861 -12.782
11.238
1.002
1.003
-0.304
-6.331
-0.372
0.990
1.004
0.484
-8.656
-0.191
1.012
1.002
-0.354
-5.728
1.854
0.981
0.998
-0.258
2.658
-3.903
1.022
0.997
-0.129 -20.548
9.469
0.981
0.998
0.700
1.636
9.728
0.990
0.995
0.505
18.105
-5.910
1.014
1.000
0.885
-8.106
5.113
0.962
0.970
-0.407
5.570
-8.821
1.021
1.025
0.215
12.173
-7.329
1.013
0.997
1.030
-0.565
8.169
0.979
1.009
0.010
2.445
0.110
0.986
1.003
0.017
-0.813
7.965
0.998
0.996
0.022 -10.810
2.509
1.026
0.997
0.304
2.957
4.613
1.008
0.997
0.514
3.932
-6.409
1.017
1.000
0.280
-8.614
1.495
0.993
1.004
-0.014
9.666
0.025
0.984
0.978
0.334 -13.519
2.450
0.974
0.990
-2.040
5.783
-0.243
1.050
0.997
-0.380
2.484
6.487
1.017
1.032
0.131
-6.853
-2.710
1.008
1.009
0.152
1.784
-0.496
0.975
0.966
-0.603
6.686
2.213
0.977
0.997
-0.098
8.274
5.204
1.013
1.009
-0.264
1.166
-8.162
0.975
0.993
0.189
-6.839
0.333
1.012
0.997
0.273
4.809
4.230
1.037
1.024
0.003 -43.993
13.363
0.916
1.015
-0.750
22.673
7.657
1.032
0.972
1.362 -88.579
39.640
50
50.0
0.027
-1.772
0.793
0.999
0.999
0.491
11.264
8.109
0.023
0.013

Table B.4 Reference point displacement for cell04
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Cumulative transform
rotate
0.007
0.467
1.073
1.003
0.926
0.937
1.001
0.796
0.934
0.801
0.745
0.517
0.247
1.019
1.572
1.517
1.478
1.573
1.775
0.914
0.610
1.094
0.740
0.481
0.353
1.053
1.558
2.443
2.035
2.250
3.281
3.290
3.307
3.329
3.634
4.147
4.428
4.414
4.748
2.708
2.328
2.459
2.611
2.008
1.910
1.646
1.836
2.109
2.112
1.362
89.6
1.792
1.187

translate
X
-7.357
-9.495
-18.721
-13.620
-30.315
-19.339
-27.559
-36.406
-29.408
-29.817
-43.460
-52.937
-68.616
-70.693
-69.904
-80.036
-74.987
-65.094
-47.224
-60.006
-66.337
-74.993
-80.720
-78.062
-98.611
-96.975
-78.869
-86.975
-81.406
-69.232
-69.798
-67.353
-68.165
-78.975
-76.018
-72.086
-80.700
-71.034
-84.553
-78.770
-76.285
-83.138
-81.354
-74.667
-66.393
-65.227
-72.067
-67.258
-111.251
-88.579
-3201
-64.017
24.310

translate
Y
2.589
1.924
3.905
-7.116
-4.121
-9.875
-0.939
6.498
16.336
19.049
28.598
42.260
52.425
43.655
27.203
15.546
-13.040
-16.961
-20.039
-8.801
-9.173
-9.364
-7.510
-11.412
-1.943
7.785
1.874
6.987
-1.833
-9.162
-0.994
-0.884
7.082
9.591
14.204
7.795
9.290
9.315
11.765
11.522
18.009
15.299
14.803
17.016
22.219
14.057
14.390
18.620
31.983
39.640
430
8.601
16.074

Appendix C

Additional insights provided by whole cell data

Figure C.1 Cluster analysis of cells
(A) Cluster analysis of organelle data from each cell using 8 parameters, showing the two non-stimulated cells clustered
together and were the most similar. In this analysis cell01 and cell02 did not cluster into a group, and cell01 was most
dissimilar to all others cell. As the program (Primer) employed for this analysis is used for ecological and environmental data
this only provides a crude measure of similarity between the four cells, but it does lend support to the cellular comparisons
discussed in Chapter 5, and highlights the need for more appropriate and sophisticated analysis to better assess cell
similarities at the 3D intraorganellar level. The parameters used were: the percentage non-nuclear volume of the (1) mature
granules, (2) immature granules, (3) MGB, (4) mitochondria, (5) Golgi and (6) other; and the percentage of Golgi volume
which was occupied by (7) TGN and (8) the main stack. (B) A graph showing these parameters, notice it is difficult to
compare and consider all these parameters at once, without the use of cluster analysis.

Figure C.2 Illustrative example of a presumed instance of mitochondria fission
Five slices from cell03, each spaced 5 slices apart, showing what is believed to be a constrictive ring of Drp1 proteins around
an active fission site. Several such sites were noticed across all four cells; however this one exhibited the most clarity.
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Figure C.3 Student’s t-tests: p values for mature granule and mitochondria populations
The p values resulting from the pairwise comparison of all cells using a t-test for (A) the length of all mitochondria, (B) the
length of non-branched mitochondria, (C) the length of branched mitochondria (see Figure 5.10D), (D) the mean diameter of
all mitochondria and (E) the diameter of mature granules.
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Appendix D

Further works from candidature

Primary Research Articles (Pending):
AB Noske, GP Morgan, O Cairncross, G Johnson, MA Ragan, BJ Marsh. Quantitative analysis of the
insulin biosynthetic/secretory pathway at the nanoscale using a comparative whole cell mapping
approach in 3D. Science OR Nature Cell Biology.
G Johnson, AB Noske, L Autin, BJ Marsh. Rapid quantitative visualization of cellular tomograms.
Nature Communications.
AJ Costin*, AB Noske*, GP Morgan, JM Galea, B Bergman, JC Hutton, DN Mastronarde, JR
McIntosh, KE Howell, BJ Marsh. Tomographic studies of structure-function variation along the Golgi
ribbon in insulin-secreting cells. Cell, Cell Metabolism OR PLoS Biology (*first authors).
AJ Costin, O Cairncross, JM Galea, AB Noske, GP Morgan, DN Mastronarde, BJ Marsh. Quantitative
3D analysis of microtubule-mediated insulin trafficking in vivo under resting versus glucosestimulated states in mouse pancreatic beta cells. Journal of Cell Biology.
O Cairncross, AB Noske, Tim McComb, MA Ragan, BJ Marsh. New computational tools for the
quantitative visualization and semantic query of 3D volumetric image data derived from mammalian
cell tomograms. Nature Communications.

Invited Perspectives (Pending):
AB Noske, O Cairncross, G Johnson, MA Ragan, BJ Marsh. New structural and computational
approaches for quantitatively mapping the regulated secretory pathway in 3D at the nanoscale in
mammalian cells. Traffic.

Invited Talks (Competitively Selected):
2007, Winter School in Mathematical & Computational Biology, ARC Centre in Bioinformatics &
The University of Queensland, Brisbane, Australia
2007, Boulder Laboratory for 3D Electron Microscopy of Cells, Dept. of Molecular, Cellular &
Developmental Biology, University of Colorado, Boulder, CO, USA (Invited by facility co-director:
A/Prof. David Mastronarde)
2008, ‘Systems Biology’ symposium, Queenstown Molecular Biology meeting, Queenstown, New
Zealand (Invited by symposium chair: Dr Edmund Crampin)
2008, ‘Mitochondrial Imaging and Dynamics’ symposium, AussieMit workshop, Monash University,
Melbourne, Australia (Invited by conference chair: A/Prof. Michael Ryan)
2009, ‘Pre- and post-processing methods for segmentation, denoising and feature detection of ET
datasets’ session, Asia-Pacific Congress on Electron Tomography, The University of Queensland,
Brisbane, Australia* (Invited by session chair: A/Prof. Niels Volkmann)
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Conference Posters:
2007, AB Noske, GP Morgan and BJ Marsh. Methods for more accurate/efficient 3D reconstruction of
mammalian cells by electron tomography (ET). American Society for Cell Biology (ASCB) annual
meeting, Washington, DC, USA
2009, BJ Marsh, AB Noske, GP Morgan, O Cairncross, MA Ragan, G Johnson. Structure-function
complexity of the insulin secretory pathway revealed from comparative whole cell maps of insulinsecreting beta cells reconstructed in 3D at 10-15nm resolution using cellular electron tomography.
American Society for Cell Biology (ASCB) annual meeting, San Diego, CA, USA
2009, G Johnson, AB Noske, M Al-Alusi, GP Morgan, BJ Marsh, D Goodsell, A Olson. Automated
visualization of subcellular environments: electron tomography in the proteomics era. American
Society for Cell Biology (ASCB) annual meeting, Washington, DC, USA
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