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Visualizing subcellular rearrangements in intact  cells 
using soft x-ray tomography
Kate L. White1,2*, Jitin Singla1,3, Valentina Loconte4, Jian-Hua Chen2,5, Axel Ekman5, Liping Sun4, 
Xianjun Zhang1, John Paul Francis6, Angdi Li4, Wen Lin7, Kaylee Tseng1, Gerry McDermott2,5, 
Frank Alber1,3, Andrej Sali8*, Carolyn Larabell2,5*, Raymond C. Stevens1,4,7*

Characterizing relationships between cell structures and functions requires mesoscale mapping of intact cells 
showing subcellular rearrangements following stimulation; however, current approaches are limited in this regard. 
Here, we report a unique application of soft x-ray tomography to generate three-dimensional reconstructions of 
whole pancreatic  cells at different time points following glucose-stimulated insulin secretion. Reconstructions 
following stimulation showed distinct insulin vesicle distribution patterns reflective of altered vesicle pool sizes 
as they travel through the secretory pathway. Our results show that glucose stimulation caused rapid changes in 
biochemical composition and/or density of insulin packing, increased mitochondrial volume, and closer proximity of 
insulin vesicles to mitochondria. Costimulation with exendin-4 (a glucagon-like peptide-1 receptor agonist) prolonged 
these effects and increased insulin packaging efficiency and vesicle maturation. This study provides unique per-
spectives on the coordinated structural reorganization and interactions of organelles that dictate cell responses.

INTRODUCTION
The mesoscale architecture of a cell encompasses the organization 
of all materials ranging in scale from the whole single cell (~10 m 
diameter) to objects just larger than molecular machines (~50 nm) 
(1). To more accurately characterize relationships between the sub-
structures and functions of a cell, we must consider how its organelles 
interact, traffic, and recycle, as well as the related topological rearrange-
ments that occur during the life span of the cell. At the mesoscale, 
these processes include changes in chromatin organization, organelle 
volumes and distributions, and locations and structural features of 
different cellular neighborhoods that retain specific functions. Thus, 
to characterize the role of subcellular structure in specific neighbor-
hood functions, we need a comprehensive three-dimensional (3D) 
view of the entire cell under multiple stimulus conditions.

Over the last several decades, cryo–electron microscopy (EM), 
tomography, and fluorescence imaging have unveiled features of 
cellular structure at ever increasing resolution. However, current 
methodological limitations present challenges for quantifying sub-
cellular topology rearrangements in whole, intact native cells. EM 
approaches require sample sectioning and often plastic embedding 
or chemical fixation, thereby limiting the number of cells and con-
ditions that can be investigated in practice (2, 3). Powerful advances 

in cryo–electron tomography have enabled near-native 3D structural 
investigation of specific cellular neighborhoods, providing valuable 
insight into sections of a cell, but not whole-cell quantification (4–6). 
New applications and approaches of fluorescence imaging have opened 
up possibilities for examining 3D cellular organization at higher 
resolution, including details on organelle and protein localization 
(7–10). However, these fluorescent microscopy approaches require 
the use of fluorescent probes, which limit the number and type of 
molecules that can be imaged at one time. These constraints hinder 
the ability to image specific organelles while still capturing the iden-
tities, locations, and structures of neighboring organelles or cellular 
components, thus limiting unbiased discovery. Therefore, with tradi-
tional methods alone, it is challenging to reconstruct 3D volumes of 
multiple cells under a variety of conditions, as is required for map-
ping the dynamic processes involved in subcellular reorganization.

Secretory cell research would benefit from the ability to map the 
dynamic processes of subcellular reorganization in 3D. For example, 
pancreatic  cells are responsible for secreting insulin in response to 
glucose. Glucose stimulates an initial pool of insulin secretory vesicles 
to fuse with the cell’s plasma membrane (PM) causing an initial phase 
of secretion, followed by a second phase as more vesicles move into 
position near the membrane (11). However, many of the subcellular 
rearrangements corresponding to glucose-stimulated insulin secretion 
remain unclear. The 3D topology of pancreatic  cells, i.e., the number 
and distributions of organelles, along with cell ultrastructure, has 
been characterized by EM (3). However, these studies were limited 
by laborious sample preparation, making the analysis of multiple 
cells under several conditions unfeasible. In a complementary effort, 
live cell total internal reflection fluorescence (TIRF) microscopy has 
been used to measure insulin vesicle fusion rates at the cell’s PM 
(11). The minimal penetration depth of TIRF limited these investi-
gations to vesicle fusion at the membrane. While these approaches 
have provided critical insight into the number of organelles packed 
inside a single cell, as well as the timing and numbers of insulin 
vesicles fusing to the PM, they do not allow mapping of the 3D 
topology rearrangements inside whole cells during stimulation. Thus, 
many unanswered questions remain regarding how  cells respond 
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to various insulinotropic stimuli, including the timing of insulin 
vesicle biogenesis and the path of vesicle maturation, secretion, re-
cycling, and degradation.

To map the mesoscale topology rearrangements in a whole cell 
under multiple conditions, here, we present an approach using soft 
x-ray tomography (SXT). An advantage of SXT is that it allows 
observation of the near-native (i.e., cryo-fixed instead of chemically 
fixed), fully hydrated cellular architecture of intact whole cells (1). 
In addition, SXT datasets can be collected rapidly (<10 min per cell), 
thereby enabling the analysis of an increased number of samples and 
conditions compared to other imaging methods. Because SXT uses 
the inherent contrast of organic material within a sample, fluores-
cent probes or x-ray contrast agents are not required. Rather, cells 
are imaged within the water window (284 to 543 eV), where carbon-
rich material has a higher linear absorption coefficient (LAC) than 
the surrounding background. This allows accurate and simultaneous 
identification of intracellular structures, such as membranes, the 
nucleus, nucleolus, mitochondria, endoplasmic reticulum (ER), and 
lipid droplets in the same cell (1, 12). Our unique approach allows 
subcellular mapping of topological rearrangements and molecular den-
sities of organelles (measured by LAC values) that correspond to changes 
in cell functions upon drug treatment (figs. S1 and S2). Acquiring 
this information was not possible with previously applied approaches. 
Our results provide insights into the 3D topological rearrangements, 
physical associations, and molecular densities of organelles within 
whole cells during glucose-stimulated insulin secretion and are ex-
pected to be invaluable for whole-cell modeling of  cells (13).

RESULTS
Mapping reorganization of organelles during insulin secretion
We used SXT to image INS-1E rat insulinoma cells, which are known 
to have a glucose dose response similar to rat islets, suggesting that 
their insulin secretion pathways are comparable (14, 15). The imaging 
was undertaken for four experimental conditions: no stimulation, 
stimulation with high glucose (25 mM), stimulation with high glucose 
in combination with 10 nM of the drug exendin-4 [Ex-4; a glucagon-
like peptide-1 receptor (GLP-1R) agonist that potentiates glucose-
stimulated insulin secretion], and stimulation with high KCl (50 mM). 
SXT provides a unique opportunity to use molecular densities (LAC 
values) to identify cellular structures in the same cell under near-native 
conditions (Fig. 1A; fig. S3, A to C; and table S1). For individual 
cells in each experimental condition, we used a combination of 
morphology and LAC values to segment the PM, nucleus, mito-
chondria, lipid droplets, and insulin vesicles (Fig. 1B; Materials and 
Methods). We validated the criteria for insulin vesicle segmentation 
using three negative controls, including cell lines that do not express 
insulin (Materials and Methods). This paradigm allowed us to investi-
gate changes in the number, size, and distribution of insulin vesicles and 
other organelles caused by increased secretory demand after glucose-
induced stimulation. We focused on two poststimulation time 
points that represent the different phases of insulin secretion: the 
5-min time point captured the first phase of insulin secretion, and 
the 30-min time point captured the more prolonged second phase 
of insulin secretion (16).

Impact of stimuli on general cellular topology
We first focused on the second and more prolonged phase of insulin 
secretion by investigating cellular structure after 30 min of glucose 

stimulation. To ensure that the stimulation treatments had the ex-
pected effects on insulin secretion, after 30 min of stimulation, the 
buffer was extracted to measure the levels of secreted insulin using an 
enzyme-linked immunosorbent assay (ELISA). As expected, we found 
that both the glucose-stimulated and glucose + Ex-4–stimulated 
cells secreted more insulin than unstimulated cells. In addition, 
cells stimulated with glucose alone secreted less insulin than cells 
costimulated with glucose + Ex-4 (Fig. 1C and table S2). After stimu-
lation, we prepared cells for SXT imaging and organelle segmentation 
(see Materials and Methods). An orthoslice from the tomogram of 
each cell used in this study is shown in fig. S2, and the volumes of 
cells, numbers of insulin vesicles and lipids, and mean LAC values 
are reported in table S1.

We found no differences in the total volumes of the cell, nucleus, 
or cytosol between the three conditions (fig. S3, D to F). As a com-
parison to SXT, we also used fluorescence microscopy to determine 
that the treatment conditions did not affect the total number of lipid 
droplets (fig. S3G). There was a significant increase in mitochondria 
volume upon costimulation with glucose + Ex-4 relative to unstimu-
lated cells (Fig. 1D and table S2). To most accurately compare insulin 
vesicle numbers across multiple cells, we normalized vesicle numbers 
by cell volume. We found fewer insulin vesicles in the unstimulated 
INS-1E cells (319 ± 45) as compared to INS-1E cells stimulated with 
glucose and glucose + Ex-4 (788 ± 191 and 515 ± 155, respectively) 
(table S2). A significantly higher number of vesicles were found in 
cells stimulated with glucose compared to cells costimulated with 
glucose + Ex-4 (Fig. 1E and table S2). In addition, there was a ten-
dency for smaller vesicle sizes upon stimulation, but this difference 
was not statistically significant (fig. S3H).

To further characterize the effects of the stimulus conditions on 
cellular topology, we investigated the molecular densities (LAC values) 
of multiple organelles. There were no differences in LAC values be-
tween unstimulated cells and the 30-min stimulus conditions for the 
nucleus, cytosol, mitochondria, or lipid droplets (table S1). However, 
there was a significant increase in the mean LAC value of insulin 
vesicles in glucose + Ex-4 costimulated cells (0.43 ± 0.02 m−1) rel-
ative to unstimulated cells (0.39 ± 0.02 m−1) (Fig. 1F).

3D spatial organization of insulin vesicles
We investigated the spatial distribution of insulin vesicles, including 
their locations relative to each other and to other cellular substruc-
tures. Before segmentation, four classes of insulin vesicle organization 
within the cell were immediately identifiable: (i) docked at the PM—a 
prominent feature of unstimulated INS-1E cells (Fig. 2A) that has 
also been observed by transmission EM and biochemical methods 
(11, 17, 18); (ii) budding from the PM—observed in all conditions, 
but more noticeable in cells with higher average insulin vesicle di-
ameters (Fig. 2B); (iii) clustered in the interior of the cell—occurred 
prominently in cells stimulated with glucose alone (Fig. 2C); and 
(iv) elongated chains—vesicles in a state of active transport that were 
observed mostly in cells stimulated with glucose alone (Fig. 2D) 
(19). The functions of elongated chains and interior vesicle clusters 
may be similar but appear visually distinct, and the lack of chains in 
glucose + Ex-4 cells may be a result of altered trafficking timing rather 
than different mechanisms of trafficking. These classes appeared to 
be caused directly by the stimulus condition and the natural func-
tions of the  cell.

We calculated the shortest distance between each insulin vesicle 
and the PM (Fig. 2E) and found that cells stimulated with glucose ± 
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Ex-4 showed a more uniform vesicle distribution across the cell 
compared to unstimulated cells. In addition, for several of the stim-
ulated cells, a bimodal spatial distribution was observed. The first 
peak was associated with the insulin vesicles docked at the PM. The 
much smaller second peak farther away from the PM corresponds 
to vesicle clusters in the interior of the cell. For example, in unstim-
ulated cells, most insulin vesicles were within 350 to 525 nm of the 
PM, while in stimulated cells, the distribution peak is wider, mean-
ing that vesicles were distributed across a broader area extending 
700 to 1050 nm away from the PM (Fig. 2E).

We expect that differences in insulin vesicle distributions reflect archi-
tectural rearrangements in response to stimulation and are thus likely 
not random. To test this hypothesis, we measured the similarity between 
the observed insulin vesicle distributions and a random distribution of 
points inside the cell by calculating their Bhattacharyya distance (20). 
A low Bhattacharyya distance indicates that a tested distribution is similar 
to a random distribution. We generated three random distributions, 
where particles were randomly placed only in (i) a volume close to 
the PM, (ii) the entire cytoplasmic region, and (iii) a volume that ex-
cluded regions close to PM (Fig. 2F and Materials and Methods).

Fig. 1. Representative 3D reconstruction of INS-1E cells and the effect of stimulation. (A) Representative orthoslice through the 3D reconstruction of a cell, where 
indicated LAC values are from a representative voxel and (B) 3D volumetric images of segmentation. To illustrate the segmentation process, (B) depicts before (left) and 
after (right) organelle segmentation (scale bars, 350 nm). (C) Comparison of insulin secretion with cells in suspension measured in triplicate using enzyme-link immuno-
sorbent assay (ELISA; Mercodia). Statistical differences are shown, where **P = 0.0049 and ***P < 0.0001 (Tukey’s multiple comparison test). (D) Plot of mitochondria/cytosol 
volume ratios, where *P = 0.042 (Dunnett’s multiple comparison test). (E) Number of insulin vesicles normalized by cell volume and statistical differences, where 
***P < 0.0001, **P = 0.0062, and *P = 0.0436 (Tukey’s multiple comparison test). (F) Mean insulin vesicle LAC value for each condition with a difference between unstimu-
lated and glucose + Ex-4 conditions (*P = 0.0106; Dunnett’s multiple comparison test). Error bars in all panels represent SDs. n values in figure correspond to (D) to (F).
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The insulin vesicle distribution in unstimulated cells was most 
similar to the first class of random distributions and least similar to 
the third class (Fig. 2G, left panel) because these insulin vesicles 
were mostly found docked at the PM. There were two exceptions to 
this observation among all eight cells under the unstimulated con-
dition (cells 783_6 and 785_7), which unusually had more insulin 
vesicles in the interior of the cell (fig. S2). In contrast, insulin vesicle 
distributions for glucose and glucose + Ex-4–stimulated cells were 
more similar to the second class of random distributions, which is 
similar to a uniform vesicle distribution across the entire cytoplasm 
(Fig. 2G, middle and right).

It was not immediately clear whether the distance of insulin ves-
icles from the PM was affected by the deformation in the cell shape 

due to sample preparation. This is an important consideration for 
future modeling efforts that might use these data. To investigate, we 
compared the random distributions of points in the observed irreg-
ular cell shapes with the random distribution in a spherical cell of 
the same volume. A similar trend in the distribution of random 
points in both the observed and spherical cell shapes would suggest 
that potential deformation in cell shape caused by sample prepara-
tion does not affect the distribution of vesicles from the PM. Figure 
S4 shows three probability distributions for three cells (one repre-
sentative cell from each condition). The three distributions are (i) 
the observed distribution in the observed cell and nucleus shape, (ii) 
a random distribution in the observed cell and nucleus shape, and 
(iii) a random distribution in a spherical cell and nucleus shape. A 

Fig. 2. Organization and distributions of insulin vesicles by phenotype within multiple cellular neighborhoods. Four major phenotypes of insulin vesicle organiza-
tion were observed: (A) docking and (B) budding outward from the PM, (C) clustered, and (D) in chains in the cell interior. Four orthoslices are shown for each phenotype 
from representative cells. (E) Distance distribution plots of a representative cell from each stimulation condition. Insulin vesicles dock along the PM in unstimulated INS-1E 
cells (left) and in large clusters, causing a unique shape to the distribution pattern in those treated with glucose (center). The second smaller peak here (highlighted by 
the dotted line) corresponds to four insulin vesicle clusters within this cell. In contrast, cells treated with glucose + Ex-4 tended toward a diffuse insulin vesicle distribution 
(right). Scale bars, 2 m. (F) Three classes of random distribution. Yellow regions represent the allowed volume of random vesicle placement. (G) Bhattacharyya distance 
plots comparing random versus observed distribution of insulin vesicles. For each cell, the observed distribution of insulin vesicles was compared with 50 randomly dis-
tributed points shown here as scatter plots. Cell nomenclature refers to capillary number (first number) and cell position within that capillary (number after hyphen).
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clear difference was detected between observed and random distri-
butions, whereas the random distributions in observed and spherical 
cell shape were similar. Therefore, we concluded that the observed 
distributions were not an artifact of cell deformation during sample 
preparation. However, the position of the nucleus within the cell 
can influence distributions because of altered space availability for 
the insulin vesicles.

Dynamics of cell topology rearrangements during 
insulin secretion
After observing substantial structural rearrangements in cells stim-
ulated with glucose ± Ex-4 for 30 min, we investigated the evolution 
over time of these rearrangements by comparing cell topologies 
after stimulation with glucose ± Ex-4 for 5 min (Fig. 3 and fig. S5). 
We observed a significantly higher number of insulin vesicles after 

Fig. 3. Dynamics of cell topology rearrangements during insulin secretion. (A) The number of insulin vesicles normalized by cell volume showing statistical differences 
between conditions (*P = 0.0118 and **P = 0.0007; Sidak’s multiple comparison test). (B) Mean molecular density or LAC value of insulin vesicles in each condition showing 
statistical differences (*P = 0.0240 and **P = 0.0029; Sidak’s multiple comparison test). (C) Plots of the number of insulin vesicles distributed from the PM at both 5- and 
30-min time points. (D) Plot of the mitochondrial/cytosol volume ratio. Relative to the unstimulated condition, mitochondrial volume was larger for glucose-stimulated cells 
at 5 min (*P = 0.0252), and the glucose + Ex-4 at 5 and 30 min condition (***P = 0.0007 and *P = 0.0325) (Holm-Sidak’s multiple comparison test). (E) Mean mitochondria-insulin 
vesicle distance for each condition. Relative to the unstimulated condition, there is a smaller distance between insulin vesicles and mitochondria in the glucose-stimulated 
5- and 30-min time points (*P = 0.0099 and ****P = 0.0001) and the glucose + Ex-4–stimulated 30-min time point (**P = 0.0040; Dunnett’s multiple comparison test).
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30 min of glucose stimulation relative to their corresponding 5-min 
time point (Fig. 3A). We included a control to investigate insulin 
vesicle numbers after stimulation with 50 mM KCl for 5 and 30 min 
(fig. S5, A to F, and table S1). KCl is often used to mimic the mem-
brane depolarization that occurs during glucose-stimulated insulin 
secretion; however, KCl exposure is distinct from glucose stimulation 
because its molecular mechanism relies only on Ca2+ influx, while 
glucose stimulation also induces metabolic changes (21). Cells stimu-
lated with KCl for 5 and 30 min have slightly reduced insulin vesicle 
numbers compared to unstimulated cells (fig. S5B), consistent with 
the fact that KCl drives secretion but not insulin vesicle biogenesis.

Insulin vesicles showed significantly higher molecular densities 
(LAC values) in cells stimulated with glucose for 5 min (0.47 ± 
0.05 m−1) than for 30 min (0.41 ± 0.02 m−1) (Fig. 3B). Similarly, the 
mean LAC value of insulin vesicles in cell stimulated with glucose + 
Ex-4 differed significantly between the 5-min time point (0.51 ± 
0.05 m−1) and the 30-min time point (0.43 ± 0.02 m−1). For both 
stimulations, cells stimulated for 5 min had higher mean insulin 
vesicle LAC values than unstimulated cells (0.39 ± 0.02 m−1). In 
contrast, the average insulin vesicle LAC values in cells stimulated 
with KCl for 5 and 30 min (0.39 ± 0.02 and 0.39 ± 0.01 m−1, respec-
tively) were similar to unstimulated cells (0.39 ± 0.02 m−1) (fig. S5C). 
Apart from insulin vesicles, we also observed a significant difference 
in cytoplasmic and nucleic LAC values between unstimulated and 
cells stimulated with glucose + Ex-4 for 5 min (fig. S5, G to J, and 
table S1), indicating a rapid and transient alteration of the general 
cellular state.

Insulin vesicles showed similar distribution patterns between the 
5- and 30-min time points, except that the earlier time point had 
fewer insulin vesicles docked at the PM due to recent secretion 
without mobilization of new vesicles that is seen at the 30-min time 
point (Fig. 3C and fig. S6, A and B). We also compared the observed 
distributions of insulin vesicles after 5 min of glucose ± Ex-4 stimu-
lation with a random distribution of points in the cell as described 
above. For cells at the 5-min time point, the insulin vesicle distribu-
tions were most similar to the second class of random distributions, 
where vesicles were distributed throughout the cytoplasmic space 
rather than predominantly closer to or farther away from the PM 
(fig. S6C). Furthermore, the insulin vesicle distribution patterns for 
KCl-treated cells appeared similar between 5 and 30 min because 
we did not detect new vesicles in the interior of the cells (fig. S5D).

The average mitochondrial volume was smaller for unstimulated 
cells than for cells stimulated with glucose for 5 min, and cells stimu-
lated with glucose + Ex-4 for 5 and 30 min (Fig. 3D). We also analyzed 
the positions of insulin vesicles relative to the nearest mitochondria 
in a cell. The median vesicle-mitochondria distance was higher in 
unstimulated cells compared to those stimulated with glucose for 
5 min and glucose + Ex-4 for 5 and 30 min (Fig. 3E). The increase in 
mitochondria volume in stimulated cells may contribute to the ob-
served differences in mitochondria-vesicle distances compared to 
unstimulated cells. Thus, we investigated the distribution of the two 
organelles more closely. We report the fraction of vesicles distributed 
around the mitochondria within increasing distance increments of 
175 nm (fig. S7). Within 175 nm from the mitochondria, there was 
a higher proportion of vesicles in both the stimulation groups at 
5 min and the glucose + Ex-4 at 30 min compared to unstimulated 
and glucose-stimulated conditions at 30 min. Furthermore, at 
distances greater than 351 nm surrounding the mitochondria, the 
unstimulated cells and cells stimulated with glucose for 30 min had 

a higher proportion of vesicles compared to the other conditions. 
Therefore, the effect of glucose on the mitochondria-vesicle distance 
decreased during the second phase of insulin secretion as observed 
at the 30-min time point, while this effect was prolonged by the pres-
ence of Ex-4 (fig. S7). In contrast, there was an increase in mito-
chondrial volume for cells treated with KCl for 5 min, but no change 
in the mitochondria-vesicle distances compared to unstimulated cells 
(fig. S6, E and F).

To better characterize the effects of each treatment on cellular 
topology, we plotted the average insulin vesicle LAC value versus 
vesicle concentration for each cell. The different conditions cluster 
into distinct groups (Fig. 4). This analysis highlights cell-to-cell 
variability within each condition and illustrates the phenotypic re-
sponse across the examined treatment conditions.

DISCUSSION
We demonstrate that our SXT topology mapping pipeline can cap-
ture the cellular topology changes induced by both drug treatments 
and different stimulus time points. Our results are consistent with 
many previous studies on insulin vesicle diameter, observation of 
insulin vesicles docked to the PM (3, 11, 17), and close association 
of insulin vesicles and mitochondria (22). We detect fewer insulin 
vesicles than have been reported by other studies of primary cells 
(3, 23). It is known that INS-1E cells have a lower insulin content 
(15), but a recent report using 3D structured illumination micros-
copy on fixed cells with an indirect immunolabeling strategy (24) 
found more insulin vesicles in unstimulated INS-1E cells than we 
do with SXT. With the indirect immunolabeling approach, it is dif-
ficult to identify distinct or individual insulin vesicles and, therefore, 
this technique could overestimate the total numbers. In addition, it 
is possible that in using SXT, we do not identify all immature vesicles 
in the interior of the cell or some vesicles fused to the PM. In these 
cases, the lack of crystalline insulin would reduce the molecular den-
sity of individual vesicles, making these vesicles more difficult to 
detect with SXT. Future efforts combining correlative fluorescence 
microscopy with SXT (1) will be useful for monitoring both imma-
ture and mature vesicles in the context of all organelle structures.

Within 5 min of glucose stimulation, we observed an increase in 
the average molecular density of insulin vesicles, but not an increase 
in vesicle numbers relative to unstimulated cells. After 30 min of 
glucose stimulation, there is an increased number of vesicles rela-
tive to unstimulated cells, which could be caused by a rapid matura-
tion or acidification and subsequent crystallization of insulin within 
immature vesicles (11, 25), and/or the biosynthesis of new vesicles. 
We did not observe changes in insulin vesicle molecular densities or 
increased numbers of insulin vesicles in the KCl-stimulated cells, 
suggesting that the combined effect of calcium influx and glucose 
metabolism are responsible for these effects. Costimulation with 
Ex-4 prolongs the effects on insulin vesicle molecular densities, and 
we found fewer insulin vesicles in cells from the glucose + Ex-4 con-
dition than in those from the glucose alone condition after 30 min 
of stimulation (Fig. 3, A and B). These results suggest that Ex-4 is 
affecting the trafficking system to promote insulin secretion. It does 
so by altering the insulin vesicle maturation process via rapid acidi-
fication, increased packing of insulin within each vesicle, and/or 
altering the recycling of old vesicles that would normally be degraded. 
Molecules that affect insulin packing and promote the efficient use 
of all insulin vesicles have the potential to improve insulin output 
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without causing additional stress to  cells (26). An in-depth spatial pro-
teomics analysis corresponding to both conditions and time points 
will help to elucidate the effect of this increased molecular density (27).

We could gain further insights into the vesicle trafficking pathway 
by analyzing the physical positions of insulin vesicles and mito-
chondria in relation to the ER and Golgi. However, currently, we 
are limited in our ability to segment these organelles, both because 
there are challenges in distinguishing them from other organelles 
and because of the time-consuming nature of the semi-automatic 
segmentation process that limits the number of cells that can be an-
alyzed. Future studies could leverage correlative fluorescence micros-
copy and SXT (1) of the same cell by labeling live cells with ER and 

Golgi markers, which will enhance our ability to distinguish these 
features for segmentation and allow automated machine-learning 
segmentation approaches (28). These approaches will be useful as many 
questions remain on the process of vesicle maturation (11, 29).

We expected differences in insulin vesicle distributions after glu-
cose stimulation, but did not anticipate the rapid (i.e., within 5 min) 
and significant increase in mitochondrial volume. Others have re-
ported a similar increase in mitochondrial volumes with GLP-1R 
stimulation (30), but the mechanism for this change remains un-
clear and may be different depending on the stimulation. This rapid 
increase in mitochondrial volume was accompanied by a trend of 
increased molecular densities inside mitochondria, indicating a 

Fig. 4. Condition clustering and cell-to-cell heterogeneity in topology. Mean insulin vesicle LAC value versus numbers of insulin vesicles normalized by cell volume 
for each cell. Each point represents one cell as indicated in the key. Representative orthoslices from the 3D reconstructions for the cells at the extremes of the plots are 
shown for reference. Diamonds in the box and whisker plots represent points outside the SD.
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biochemical change such as adenosine triphosphate (ATP) produc-
tion corresponding to glucose metabolism (31). We also observed 
a closer proximity of insulin vesicles to mitochondria in the cells 
stimulated with glucose + Ex-4 (Fig. 3E). Others have hypothesized 
that this close association may facilitate metabolism-secretion 
coupling (32), as ATP enables the movement of insulin vesicles 
for exocytosis (33–35).

Future efforts will involve mapping human primary  cells to 
investigate how disease alters subcellular structure and how phar-
macological interventions might rescue insulin deficiencies. Further-
more, this approach can be applied to other secretory cells, such as 
 cells, and can also be used to investigate subcellular changes that 
occur during stem cell differentiation. Because SXT allows high-
throughput quantification of intact near-native state cells, more 
conditions and time points can be screened for follow-up studies in 
islets. Recent availability of large-scale EM datasets of islets (36, 37) 
provides an opportunity for mapping cell heterogeneities in sub-
cellular structure to specific positions within the islet (interior versus 
exterior or nearby vasculature). Subcellular quantification of these 
3D datasets is still limited because of the lack of whole-cell organelle 
segmentations. As machine learning–driven autosegmentation con-
tinues to improve, there is potential to analyze the 3D reconstruc-
tions from these datasets with the analysis pipeline described here 
to quantify organelle distributions within the cell. Together with the 
assessment of molecular density changes from SXT data, these ap-
proaches have great promise for investigating subcellular structures 
in health and disease.

Many of our results would not have been detected with tradi-
tional imaging modalities, underlining the importance of unbiased 

mapping of subcellular organization at the mesoscale. The resulting 
3D maps represent a critical resource for integrating multiscale data 
for structural cell models (Fig. 5) that describe how all the cellular 
components fit together and interact in a crowded environment (38). 
To approach the challenge of mapping whole cells, we must inte-
grate multiscale data acquired from multiple imaging strategies. While 
SXT provides the mesoscale map, cryo–electron tomography pro-
vides molecular resolution windows into specific cellular neighborhoods 
(39). Corroborating these two methods, super-resolution microscopy 
provides dynamic live cell results, and together, these results should 
be integrated into a comprehensive spatial model. We expect that 
our SXT pipeline will contribute important data toward assembling 
an integrative model of an entire  cell (13). Such a model and its 
underlying datasets will provide a powerful avenue to guide efforts 
on probing the effects of drugs on insulin secretion.

MATERIALS AND METHODS
Experimental design
Experimental model and subject details
Human embryonic kidney (HEK) 293 cells (American Type Culture 
Collection, CRL-11268) were cultured in Dulbecco’s Modified Eagle’s 
medium high glucose (DMEM-HG), 10% fetal bovine serum (FBS), and 
1× penicillin-streptomycin and seeded in media at a density of 2.5 × 
104 cells/cm2. 1.1B4 cells (Sigma-Aldrich, 10012801) were cultured in 
RPMI media, 10% FBS, 2 mM glutamine, and 1× penicillin-streptomycin 
and seeded in media at a density of 2.0 × 104 cells/cm2. INS-1E cells 
[Addex Bio, C0018009; RRID (Research Resource Identifiers) acces-
sion number: CVCL_0351] were cultured in T75 flasks with Addex 

Fig. 5. SXT mesoscale maps will be a foundation for future of whole-cell modeling efforts. (A) Representative electron tomograms of INS-1E cells depict the different 
subcellular neighborhood environments in the periphery and center of the cell as indicated. (B) Representative SXT orthoslice depicting whole-cell architecture. (C) 3D 
molecular model of an INS-1E cell generated using cellPACK (38) from segmented SXT data. Nucleus is shown in green, insulin vesicles are shown in blue, and core of 
insulin vesicles is shown in yellow. The mesh of each structure is textured with lipids, and the zoom views depict the atomic details of protein packing. The black widow 
is a rendering of the segmented vesicle mask used to generate the model. Image courtesy of L. Autin and A. Olson.
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Bio Optimized RPMI media supplemented with 10% FBS, 1× penicillin-
streptomycin, and 0.05 mM -mercaptoethanol and seeded in 
media at a density of 8.0 × 104 cells/cm2. All cells were grown in either 
T25 or T75 flasks in 37°C incubators with 5% CO2. We used cells 
ranging from 45 to 55 passages. Before purchasing, all cell lines were 
authenticated by each supplier. INS-1E cells were analyzed using 
COI Assay by the supplier (Addex Bio) to ensure no interspecies 
contamination (40, 41). In addition, we performed RNA sequenc-
ing to confirm the presence of insulin, observed the cells under 
microscopy to identify changes in morphology and attachment 
properties, and maintained growth curves to monitor cell doubling 
time, growth trends, and passage number. We monitor glucose-
induced insulin secretion weekly to track the health of the cells 
over time. The most ideal source for INS-1E cells for future work 
is directly from the Pierre Maechler laboratory (University of 
Geneva), who originally developed the INS-1E cell line. However, 
we observe similar insulin secretion responses and morphology 
between INS-1E cells acquired from Addex Bio and the Maechler 
laboratory. There is an average of 2.51 ± 0.09 g/million cells in 
the Addex Bio cells, which is comparable to the 2.30 ± 0.11 g/
million cells reported in the founder cell line (15). In addition, we 
observe a 6.7-fold increase in insulin secretion with glucose at 
30 min, consistent with the 6-fold change observed in the founder 
paper (15).
Measurement of secreted insulin
Insulin assays were performed similarly to previous detailed reports 
(15, 42). Forty-eight hours before assay, cells were plated in a 24-well 
plate with 2-cm2 surface area in 1 ml of standard media and incu-
bated at 37°C in 5% CO2. The assay was performed at 60 to 80% con-
fluency, and before glucose treatment, the cells were incubated in 
Krebs-Ringer bicarbonate buffer (KREBs) (115 mM NaCl, 24 mM 
NaHCO3, 5 mM KCl, 1 mM MgCl2, and 1 mM CaCl2) supplemented 
with 10 mM Hepes (pH 7.4), 0.2% bovine serum albumin, and 1.1 mM 
glucose for 30 min at 37°C. The glucose starvation buffer was then 
removed via pipette and replaced with 500 l of buffer containing 
either no glucose, 25 mM glucose, or 25 mM glucose + 10 nM Ex-4 
and incubated for 30 min at 37°C. The supernatant was removed 
from cells and spun at 4°C for 10 min in a microcentrifuge to ensure 
that no detached cells were analyzed in the measurement. Secreted 
insulin was measured and analyzed according to kit instructions 
(Mercodia). This method was used for quickly investigating time 
courses and different drug treatments to generate the secreted insulin 
data in fig. S5A.
Glucose-stimulated insulin secretion with INS-1E cells before SXT
Glucose stimulation for samples prepared for SXT was done as de-
scribed above except samples were treated in solution in Eppendorf 
tubes after cells were removed from the T75 flasks. This allowed a 
gentle stimulation before inserting cells in glass capillaries. Insulin 
secretion was then measured as described above except the cells were 
in suspension instead of plated on tissues culture wells. We ob-
served similar trends and magnitudes for both methods of inducing 
insulin secretion (Fig. 1C).
Sample preparation for SXT
Cells were stimulated as indicated above. The unstimulated cells 
were placed on ice immediately following the 30-min starvation 
step, and either 5 or 30 min after stimulation, cells were placed on 
ice in Eppendorf tubes in preparation for cryo-fixation in glass cap-
illaries. Cells were loaded into thin-walled (200 nm) glass capillaries 
(in KREBs buffer as described above) and rapidly frozen by plung-

ing into liquid nitrogen–cooled propane and stored in liquid nitro-
gen until data collection (43).
SXT data collection
Data were collected as previously described (43, 44). Briefly, projection 
images were collected at 517 eV using XM-2, the National Center 
for X-ray Tomography soft x-ray microscope at the Advanced Light 
Source of Lawrence Berkeley National Laboratory; the microscope 
was equipped with a 60-nm resolution defining objective lens. During 
data collection, the cells were maintained in a stream of helium gas 
cooled to liquid nitrogen temperatures (45, 46), which allows col-
lection of projection images while reducing the effects of exposure 
to radiation. Projection images were collected sequentially around a 
rotation axis of 180° in 2° increments. Depending on the synchrotron 
ring current, an exposure time of 140 to 300 ms was used. Tomo-
graphic reconstructions were calculated using the iterative recon-
struction method as previously described (47–49). LAC values were 
determined as previously described (50). Each voxel represents 35 nm3. 
Representative cells were selected for each experimental condition 
(fig. S2) based on quality of the tomograms and of the health of the 
cell (i.e., intact cell). For negative controls, four cells were chosen 
with the same criteria (fig. S2).
LAC and segmentations
As mentioned in the main text, the absorption of x-rays by the spec-
imen adheres to the Beer-Lambert law and, therefore, is linear, 
quantitative, and a function of thickness and chemical composition 
(51). As previously described, highly solvated regions of the cell ap-
peared relatively transparent to x-rays compared with regions that 
were densely packed with carbon or biomolecules. After cells were 
reconstructed, they were segmented by bounding regions of similar 
x-ray attenuation characteristics, or molecular densities. The mo-
lecular densities were quantified for each voxel in the reconstruc-
tion, which is known as the LAC.

Segmentation of the nucleus and PM was undertaken with Amira 
2019.1 (FEI) using the “paintbrush” tool, where the outer edge of 
the nucleus was manually traced orthoslice by orthoslice, and using 
the “interpolation” feature. Tracing accuracy was confirmed in three 
dimensions. Segmentation of the lipid droplets, insulin vesicles, and 
mitochondria was done using the semi-automatic “magic wand” tool, 
where voxels of specific LAC values could be selected for segmen-
tation (43).

The following criteria were used for segmentation for all cell 
types and treatment conditions used. The nucleus was easily identi-
fied by its large size and distinct nuclear membrane with noticeable 
euchromatin, heterochromatin, and nucleoli phases. For simplicity, 
we segmented the entire nucleus as a whole and observed an aver-
age nucleus LAC value of 0.26 ± 0.02 m−1 (Fig. 1A and table S1, 
unstimulated cells). The mitochondria were identified by their 
characteristic elongated morphology and size with an average LAC 
value of 0.34 ± 0.02 m−1 (Fig. 1A and table S1, unstimulated cells). 
The ER had classical thin layering of membranes as expected 
(Fig. 1A), and because of the thin morphology of this organelle, we 
did not segment the ER in this study. Lipid droplets were identified 
by their distinctly high LAC values corresponding to dense lipids 
(1), and spherical structures containing a maximum LAC value of 
≥0.68 m−1 were labeled as lipid droplets. The average LAC value 
for all voxels in the lipid droplets was 0.59 ± 0.01 m−1 (table S1, 
unstimulated cells). Insulin secretory vesicles were particularly easy 
to identify using SXT, because insulin is packed tightly in vesicles, 
often forming protein crystals in situ (52). There was average insulin 
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vesicle LAC of 0.39 ± 0.02 m−1 (table S1, unstimulated cells). Be-
cause insulin vesicles change in density as they mature, a larger 
range of LAC values (0.35 to 0.67 m−1) was used along with mor-
phology and size to identify insulin vesicles in all conditions. For 
identifying insulin vesicles, a 90-nm-diameter cutoff was used to 
exclude small synaptic-like microvesicles that contain -aminobutyric 
acid, which are not a focus of this study (53, 54). While similar in 
shape to lipid droplets, insulin vesicles are smaller than lipid drop-
lets with an average diameter of 243 ± 39 and 319 ± 45 nm, respectively 
(table S1), and the differences in LAC values of lipid droplets and 
insulin vesicles for each cell are easily distinguishable during seg-
mentation (table S1 and depicted in fig. S3, A to C). The strict criteria 
for distinguishing between lipid droplets and insulin vesicles were 
primarily used for the negative controls described below and provide 
clear protocol for multiple people to segment datasets. We found 
that one person could segment eight cells in a matter of 2 days, and 
quality control was performed by a second individual, which required 
an additional day.

There was no difference in the average glass capillary LAC values 
between different conditions (fig. S5G); however, there was small 
cell-to-cell variability between capillary LAC values in each cell 
measurement (table S1). We therefore normalized the SXT LAC 
values of each organelle with respect to the LAC value of the glass 
capillary for each cell to rescue any minor systematic errors. The 
raw and normalized data are shown in table S1.
Validation of insulin vesicle segmentation criteria
We used three negative control conditions of cells that do not have 
insulin vesicles: (i) the 1.1B4 human  cell line that does not express 
insulin transcripts (55), (ii) unstimulated HEK cells, and (iii) glucose-
stimulated HEK cells. We identified very few structures that matched 
our criteria for insulin vesicle segmentation in 1.1B4 (6% of unstim-
ulated cells), HEK (9% of unstimulated cells), and HEK glucose–
stimulated cells (5% of INS-1E glucose 30 min cells). All three INS-1E 
conditions had a significantly higher normalized number of insulin 
vesicles relative to the control 1.1B4, HEK, and glucose-stimulated 
HEK cells (fig. S8A and table S1).
Lipid droplet fluorescence microscopy
INS-1E cells for fluorescence imaging were treated similar to ones 
used for insulin secretion assay, as mentioned above. INS-1E cells 
were plated at 60,000 to 70,000 cm−2 on an eight-well glass-bottom 
plate with a surface area of 1.5 cm2 in 200 l of standard media each 
well, 72 hours before imaging. Before imaging, cells were starved in 
glucose starvation KREBs buffer for 30 min. The glucose starvation 
buffer was then replaced with 200 l of treatment KREBs buffer with 
no glucose, with 25 mM glucose, or with 25 mM glucose + 10 nM 
Ex-4 and incubated for 25 min at 37°C, 5% CO2. The treatment buffer 
was then replaced with the same treatment buffer containing 2 M 
BODIPY and incubated for 5 min. After incubation, the dyed cells 
were washed three times with treatment buffer and imaged live in 
treatment buffer and at 37°C with 5% CO2.

Cells were imaged in a Carl Zeiss 780 inverted confocal micro-
scope with a 40× water immersion objective. A monochrome laser 
at 488 nm was used for excitation, and the emission spectrum was 
collected at 500 to 550 nm. Images were captured at 1048 pixel × 
1048 pixel resolution with optimal field of view and with Z-stacks 
across the entire thickness of the cell monolayer at 0.56 m per slice. 
Image analysis was performed in Imaris (ver. 3.12; Oxford Instru-
ments) using the cell generation pipeline. All lipid droplets in an 
image were counted and divided by the number of cells in an image 

to yield the result. The imaging experiment was done within 15 min 
after the pigmentation process to avoid nonspecific tagging.

Statistical analysis
All statistical analyses were undertaken using Prism (version 7.0 for 
Windows, GraphPad Software, La Jolla, CA) unless otherwise stated. 
All analysis of variance (ANOVA) analyses were performed to de-
termine whether two or more means are equal between conditions, 
and the follow-up post hoc analysis was done to determine the spe-
cific condition means that differed from each other. Full statistical 
reports for ANOVA and corresponding post hoc analyses are in 
table S2. Descriptions of post hoc tests used are included below.
Insulin secretion
The mean amount of secreted insulin for conditions was plotted as 
a bar graph, with error bars representing SD (n = 3). A Tukey’s mul-
tiple comparison analysis was used to compare mean values of in-
sulin secretion for each condition and determine whether different 
stimulus conditions had a significant effect on insulin secretion 
(Fig. 1C).
Organelle volumes
The mean volume in voxels was plotted for each cell studied, with 
error bars representing SD for each condition (n = 8; except KCl con-
dition where n = 4). A Dunnett’s multiple comparison test was used 
to compare the mean mitochondrial/cytosol volume ratio of un-
stimulated cells versus the 30-min stimulation conditions (Fig. 1D) 
or versus KCl stimulation conditions (fig. S5E). A Holm-Sidak’s 
multiple comparison test was used to compare the mean mitochon-
dria volume of unstimulated cells compared to glucose ± Ex-4 5 and 
30 min conditions (Fig. 3D).
Number of insulin vesicles normalized by cell volume
The numbers of insulin vesicles were normalized by cell volume for 
all cells used in this study. The data are presented as means for each 
cell represented by one point and with error bars representing SD 
for each condition (n = 8; except for HEK, HEK glucose, 1.1B4, and 
KCl conditions, where n = 4). A Tukey’s multiple comparison analy-
sis was used to compare the means of each condition and determine 
whether different stimulus conditions had a significant effect on the 
number of insulin vesicles (Fig. 1E and fig. S8). A Sidak’s multiple 
comparison test was used to compare the mean number of insulin 
vesicles for the preselected groups: (i) unstimulated versus glucose 
5 min, (ii) unstimulated versus glucose + Ex-4 5 min, (iii) unstimulated 
versus glucose 30 min, (iv) unstimulated versus glucose + Ex-4 30 min, 
(v) glucose 5 min versus glucose 30 min, and (vi) glucose + Ex-4 
5 min versus glucose + Ex-4 30 min (Fig. 3A).
LAC value comparisons
The mean LAC value for specific organelles of each cell was plotted, 
with error bars representing SD for each condition. Means were ob-
tained for each cell by generating the mean of all voxels labeled as 
that organelle. A Dunnett’s multiple comparison test was performed 
to compare the mean insulin vesicle LAC value of the unstimulated 
condition to glucose 30 min and glucose + Ex-4 30 min (Fig. 1F). A 
Sidak’s multiple comparison test was performed to compare the 
mean insulin vesicle LAC value for the following preselected pairs: 
(i) glucose 5 min versus glucose 30 min, (ii) glucose + Ex-4 5 min 
versus glucose + Ex-4 30 min, (iii) unstimulated versus glucose 5 min, 
and (iv) unstimulated versus glucose + Ex-4 5 min (Fig. 3B). A 
Dunnett’s multiple comparison test was performed to compare the 
mean cytoplasm, nucleus, and mitochondria LAC value between 
unstimulated and all other conditions (fig. S5, G to J).
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Organelle distance calculations
Mitochondria-insulin vesicle distances. Each insulin vesicle-mitochondria 
distance was normalized by the cell volume to consider the difference 
in cell size and therefore insulin vesicle concentration within the 
cell. A Dunnett’s multiple comparison test was performed to com-
pare the mean distance between mitochondria and insulin vesicles 
of unstimulated versus the other conditions (Fig. 3E).

Insulin vesicle random distribution in observed cell shape. First, 
we defined the cytoplasmic volume by excluding the nuclear and 
mitochondrial volume from the segmented cell in the tomographic 
image. To generate random insulin vesicle placements in each cell, 
selected points were randomly placed only in the cytoplasmic vol-
ume. For each cell, the same number of vesicles was chosen as ob-
served in the corresponding cell. Selected points were at least four 
voxels apart to consider their excluded volume. To define class 1 
and class 3 random distance distributions, we imposed additional 
constraints in the point selection procedure. First, a distance thresh-
old was set equal to 20% of the maximum possible distance between 
a chosen point and the PM. For class 1 distributions, random point 
positions were only selected if their distance to the PM was smaller 
than the distance threshold. For class 3 distance distributions, ran-
dom point positions were only selected if their distance to the PM 
was larger than the distance threshold.

Creating a random distribution in the spherical cell shape. To 
characterize the effect of cellular and nuclear shape on insulin vesicle 
distributions, new simulated random distributions were created for 
cells with spherical shapes and spherical nuclei, using volumes ob-
tained from tomograms. The analysis was performed for three samples: 
783_12 with no stimulation, 766_2 with glucose stimulation, and 
822_4 with glucose + Ex-4 stimulation. For each cell, 1000 s of 
Brownian dynamics simulations was performed with random starting 
configurations and free diffusion using the Integrative Modeling 
Platform (IMP) (56). Subsequently, the distribution was analyzed 
every 50 s for simulations that were at least 900 s in duration. As 
can be seen in fig. S4, the fraction of insulin vesicles is, as expected, 
proportional to the volumes of spherical slices along the distances 
to PM normalized by cell radius.

Probability of vesicle distance from PM. The distance of each vesicle 
center from the PM was calculated using Euclidean distance transform. 
Because cells vary in size and shape, we normalized the observed 
distance in the tomogram, dobs, between an insulin vesicle and the 
PM by the maximum distance possible in the respective cell. The 
normalized distance d is defined as d = dobs/DC, where DC is the maxi-
mum possible distance from the PM in this particular cell. Therefore, 
the binned range of normalized distances is [0,1]. Distances were 
binned to generate the distance distribution histograms. Probability 
distributions were generated by dividing the value of each histogram 
bin by the total number of insulin vesicles to give the probability.

Bhattacharyya distance.  To quantify the dissimilarity between 
two probability distribution functions, the Bhattacharyya distance 
was calculated (20). We compared the probability distance distribu-
tion of insulin vesicles observed experimentally with those generat-
ed by randomly placing insulin vesicles into the same cell volume. 
Specifically, we compared the probability of finding an insulin vesi-
cle at the observed distance, d, in cell, c, with the probability of find-
ing an insulin vesicle at distance d using a random distribution of 
insulin vesicles. For each cell, we computed random distribution 
50 times within each class. Measurements of these distances are 
shown in Fig. 2G and fig. S6C.

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/6/50/eabc8262/DC1
View/request a protocol for this paper from Bio-protocol.

REFERENCES AND NOTES
	 1.	 A. A. Ekman, J.-H. Chen, J. Guo, G. McDermott, M. A. Le Gros, C. A. Larabell, Mesoscale 

imaging with cryo-light and X-rays: Larger than molecular machines, smaller than a cell. 
Biol. Cell 109, 24–38 (2017).

	 2.	 K. Lemaire, M. A. Ravier, A. Schraenen, J. W. Creemers, R. Van de Plas, M. Granvik, 
L. Van Lommel, E. Waelkens, F. Chimienti, G. A. Rutter, P. Gilon, P. A. in’t Veld, F. C. Schuit, 
Insulin crystallization depends on zinc transporter ZnT8 expression, but is not required 
for normal glucose homeostasis in mice. Proc. Natl. Acad. Sci. U.S.A. 106, 14872–14877 
(2009).

	 3.	 A. B. Noske, A. J. Costin, G. P. Morgan, B. J. Marsh, Expedited approaches to whole cell 
electron tomography and organelle mark-up in situ in high-pressure frozen pancreatic 
islets. J. Struct. Biol. 161, 298–313 (2008).

	 4.	 J. Mahamid, S. Pfeffer, M. Schaffer, E. Villa, R. Danev, L. K. Cuellar, F. Forster, A. A. Hyman, 
J. M. Plitzko, W. Baumeister, Visualizing the molecular sociology at the HeLa cell nuclear 
periphery. Science 351, 969–972 (2016).

	 5.	 M. Picard, K. White, D. M. Turnbull, Mitochondrial morphology, topology, and membrane 
interactions in skeletal muscle: A quantitative three-dimensional electron microscopy 
study. J. Appl. Physiol. 114, 161–171 (2013).

	 6.	 H.-M. Han, C. Bouchet-Marquis, J. Huebinger, M. Grabenbauer, Golgi apparatus analyzed 
by cryo-electron microscopy. Histochem. Cell Biol. 140, 369–381 (2013).

	 7.	 B. G. Wilhelm, S. Mandad, S. Truckenbrodt, K. Kröhnert, C. Schafer, B. Rammner, S. J. Koo, 
G. A. Claßen, M. Krauss, V. Haucke, H. Urlaub, S. O. Rizzoli, Composition of isolated synaptic 
boutons reveals the amounts of vesicle trafficking proteins. Science 344, 1023–1028 (2014).

	 8.	 P. J. Thul, L. Åkesson, M. Wiking, D. Mahdessian, A. Geladaki, H. A. Blal, T. Alm, A. Asplund, 
L. Björk, L. M. Breckels, A. Backstrom, F. Danielsson, L. Fagerberg, J. Fall, L. Gatto, 
C. Gnann, S. Hober, M. Hjelmare, F. Johansson, S. Lee, C. Lindskog, J. Mulder, C. M. Mulvey, 
P. Nilsson, P. Oksvold, J. Rockberg, R. Schutten, J. M. Schwenk, Å. Sivertsson, E. Sjöstedt, 
M. Skogs, C. Stadler, D. P. Sullivan, H. Tegel, C. Winsnes, C. Zhang, M. Zwahlen, 
A. Mardinoglu, F. Pontén, K. von Feilitzen, K. S. Lilley, M. Uhlén, E. Lundberg, A subcellular 
map of the human proteome. Science 356, eaal3321 (2017).

	 9.	 C. Ounkomol, S. Seshamani, M. M. Maleckar, F. Collman, G. R. Johnson, Label-free 
prediction of three-dimensional fluorescence images from transmitted-light microscopy. 
Nat. Methods 15, 917–920 (2018).

	 10.	 Y. Guo, D. Li, S. Zhang, Y. Yang, J. J. Liu, X. Wang, C. Liu, D. E. Milkie, R. P. Moore, U. S. Tulu, 
D. P. Kiehart, J. Hu, J. Lippincott-Schwartz, E. Betzig, D. Li, Visualizing intracellular 
organelle and cytoskeletal interactions at nanoscale resolution on millisecond timescales. 
Cell 175, 1430–1442.e17 (2018).

	 11.	 J. C. Hou, L. Min, J. E. Pessin, Insulin granule biogenesis, trafficking and exocytosis.  
Vitam. Horm. 80, 473–506 (2009).

	 12.	 M. A. Le Gros, G. McDermott, B. P. Cinquin, E. A. Smith, M. Do, W. L. Chao, P. P. Naulleau, 
C. A. Larabell, Biological soft X-ray tomography on beamline 2.1 at the advanced light 
source. J. Synchrotron Radiat. 21, 1370–1377 (2014).

	 13.	 J. Singla, K. M. McClary, K. L. White, F. Alber, A. Sali, R. C. Stevens, Opportunities 
and challenges in building a spatiotemporal multi-scale model of the human pancreatic  
 cell. Cell 173, 11–19 (2018).

	 14.	 M. Skelin, M. Rupnik, A. Cencic, Pancreatic beta cell lines and their applications 
in diabetes mellitus research. ALTEX 27, 105–113 (2010).

	 15.	 A. Merglen, S. Theander, B. Rubi, G. Chaffard, C. B. Wollheim, P. Maechler, Glucose 
sensitivity and metabolism-secretion coupling studied during two-year continuous 
culture in INS-1E insulinoma cells. Endocrinology 145, 667–678 (2004).

	 16.	 T. Laedtke, L. Kjems, N. Pørksen, O. Schmitz, J. Veldhuis, P. C. Kao, P. C. Butler, Overnight 
inhibition of insulin secretion restores pulsatility and proinsulin/insulin ratio in type 2 
diabetes. Am. J. Physiol. Endocrinol. Metab. 279, E520–E528 (2000).

	 17.	 P. Rorsman, E. Renström, Insulin granule dynamics in pancreatic beta cells. Diabetologia 
46, 1029–1045 (2003).

	 18.	 S. Daniel, M. Noda, S. G. Straub, G. W. Sharp, Identification of the docked granule pool 
responsible for the first phase of glucose-stimulated insulin secretion. Diabetes 48, 
1686–1690 (1999).

	 19.	 J. Dehghany, P. Hoboth, A. Ivanova, H. Mziaut, A. Müller, Y. Kalaidzidis, M. Solimena, 
M. Meyer-Hermann, A spatial model of insulin-granule dynamics in pancreatic -cells. 
Traffic 16, 797–813 (2015).

	 20.	 A. Bhattacharyya, On a measure of divergence between two statistical populations 
defined by their probability distributions. Bull. Calcutta Math. Soc. 35, 99–109 (1943).

	 21.	 D. Brüning, K. Reckers, P. Drain, I. Rustenbeck, Glucose but not KCl diminishes submembrane 
granule turnover in mouse beta-cells. J. Mol. Endocrinol. 59, 311–324 (2017).

 on D
ecem

ber 10, 2020
http://advances.sciencem

ag.org/
D

ow
nloaded from

 

http://advances.sciencemag.org/cgi/content/full/6/50/eabc8262/DC1
http://advances.sciencemag.org/cgi/content/full/6/50/eabc8262/DC1
https://en.bio-protocol.org/cjrap.aspx?eid=10.1126/sciadv.abc8262
http://advances.sciencemag.org/


White et al., Sci. Adv. 2020; 6 : eabc8262     9 December 2020

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

12 of 12

	 22.	 C. B. Wollheim, Beta-cell mitochondria in the regulation of insulin secretion: A new culprit 
in type II diabetes. Diabetologia 43, 265–277 (2000).

	 23.	 E. Fava, J. Dehghany, J. Ouwendijk, A. Muller, A. Niederlein, P. Verkade, M. Meyer-Hermann, 
M. Solimena, Novel standards in the measurement of rat insulin granules combining 
electron microscopy, high-content image analysis and in silico modelling. Diabetologia 
55, 1013–1023 (2012).

	 24.	 A. Kahancová, F. Sklenář, P. Ježek, A. Dlasková, Overexpression of native IF1 
downregulates glucose-stimulated insulin secretion by pancreatic INS-1E cells. Sci. Rep. 
10, 1551 (2020).

	 25.	 P. Stiernet, Y. Guiot, P. Gilon, J.-C. Henquin, Glucose acutely decreases pH of secretory 
granules in mouse pancreatic islets. Mechanisms and influence on insulin secretion. 
J. Biol. Chem. 281, 22142–22151 (2006).

	 26.	 D. H. van Raalte, C. B. Verchere, Glucagon-like peptide-1 receptor agonists: Beta-cell 
protection or exhaustion? Trends Endocrinol. Metab. 27, 442–445 (2016).

	 27.	 D. N. Itzhak, S. Tyanova, J. Cox, G. H. Borner, Global, quantitative and dynamic mapping 
of protein subcellular localization. eLife 5, e16950 (2016).

	 28.	 J. P. Francis, H. Wang, K. L. White, T. Syeda-Mahmood, R. C. Stevens, Paper presented at 
the International Symposium on Biomedical Imaging, 2020.

	 29.	 I. Topalidou, J. Cattin-Ortolá, B. Hummer, C. S. Asensio, M. Ailion, EIPR1 controls 
dense-core vesicle cargo retention and EARP complex localization in insulin-secreting 
cells. Mol. Biol. Cell 31, 59–79 (2020).

	 30.	 M. Y. Kang, T. J. Oh, Y. M. Cho, Glucagon-like peptide-1 increases mitochondrial 
biogenesis and function in INS-1 rat insulinoma cells. Endocrinol. Metab. 30, 216–220 
(2015).

	 31.	 T. Miki, K. Nagashima, S. Seino, The structure and function of the ATP-sensitive K+ 
channel in insulin-secreting pancreatic beta-cells. J. Mol. Endocrinol. 22, 113–123 (1999).

	 32.	 P. Maechler, C. B. Wollheim, Mitochondrial function in normal and diabetic -cells. Nature 
414, 807–812 (2001).

	 33.	 A. Varadi, E. K. Ainscow, V. J. Allan, G. A. Rutter, Involvement of conventional kinesin 
in glucose-stimulated secretory granule movements and exocytosis in clonal pancreatic 
-cells. J. Cell Sci. 115, 4177–4189 (2002).

	 34.	 L. Eliasson, E. Renstrom, W. G. Ding, P. Proks, P. Rorsman, Rapid ATP-dependent priming 
of secretory granules precedes Ca2+-induced exocytosis in mouse pancreatic B-cells. 
J. Physiol. 503, 399–412 (1997).

	 35.	 P. Rorsman, L. Eliasson, E. Renström, J. Gromada, S. Barg, S. Göpel, The cell physiology 
of biphasic insulin secretion. News Physiol. Sci. 15, 72–77 (2000).

	 36.	 A. Rao, E. L. McBride, G. Zhang, H. Xu, T. Cai, A. L. Notkins, M. A. Aronova, R. D. Leapman, 
Determination of secretory granule maturation times in pancreatic islet -cells by serial 
block face scanning electron microscopy. J. Struct. Biol. 212, 107584 (2020).

	 37.	 P. de Boer, N. M. Pirozzi, A. H. G. Wolters, J. Kuipers, I. Kusmartseva, M. A. Atkinson, 
M. Campbell-Thompson, B. N. G. Giepmans, Large-scale electron microscopy database 
for human type 1 diabetes. Nat. Commun. 11, 2475 (2020).

	 38.	 G. T. Johnson, L. Autin, M. Al-Alusi, D. S. Goodsell, M. F. Sanner, A. J. Olson, cellPACK: A virtual 
mesoscope to model and visualize structural systems biology. Nat. Methods 12, 85–91 
(2015).

	 39.	 X. Zhang, S. D. Carter, J. Singla, K. L. White, P. C. Butler, R. C. Stevens, G. J. Jensen, Visualizing 
insulin vesicle neighborhoods in -cells by cryo-electron tomography. Sci. Adv. 6, 
eabc8258 (2020).

	 40.	 Q. Huang, C. Merriman, H. Zhang, D. Fu, Coupling of insulin secretion and display 
of a granule-resident zinc transporter ZnT8 on the surface of pancreatic beta cells.  
J. Biol. Chem. 292, 4034–4043 (2017).

	 41.	 D. Andrzejewski, M. L. Brown, N. Ungerleider, A. Burnside, A. L. Schneyer, Activins A and B 
regulate fate-determining gene expression in islet cell lines and islet cells from male 
mice. Endocrinology 156, 2440–2450 (2015).

	 42.	 M. A. Lorenz, M. A. El Azzouny, R. T. Kennedy, C. F. Burant, Metabolome response 
to glucose in the -cell line INS-1 832/13. J. Biol. Chem. 288, 10923–10935 (2013).

	 43.	 M. A. Le Gros, E. J. Clowney, A. Magklara, A. Yen, E. Markenscoff-Papadimitriou, 
B. Colquitt, M. Myllys, M. Kellis, S. Lomvardas, C. A. Larabell, Soft X-ray tomography 
reveals gradual chromatin compaction and reorganization during neurogenesis in vivo. 
Cell Rep. 17, 2125–2136 (2016).

	 44.	 E. J. Clowney, M. A. LeGros, C. P. Mosley, F. G. Clowney, E. C. Markenskoff-Papadimitriou, 
M. Myllys, G. Barnea, C. A. Larabell, S. Lomvardas, Nuclear aggregation of olfactory 
receptor genes governs their monogenic expression. Cell 151, 724–737 (2012).

	 45.	 M. A. Le Gros, G. McDermott, C. A. Larabell, X-ray tomography of whole cells. Curr. Opin. 
Struct. Biol. 15, 593–600 (2005).

	 46.	 G. McDermott, M. A. Le Gros, C. G. Knoechel, M. Uchida, C. A. Larabell, Soft X-ray 
tomography and cryogenic light microscopy: The cool combination in cellular imaging. 
Trends Cell Biol. 19, 587–595 (2009).

	 47.	 A. Ekman, V. Weinhardt, J.-H. Chen, G. McDermott, M. A. Le Gros, C. Larabell, PSF 
correction in soft X-ray tomography. J. Struct. Biol. 204, 9–18 (2018).

	 48.	 J. W. Stayman, J. A. Fessler, Compensation for nonuniform resolution using penalized-
likelihood reconstruction in space-variant imaging systems. IEEE Trans. Med. Imaging 23, 
269–284 (2004).

	 49.	 D. Y. Parkinson, C. Knoechel, C. Yang, C. A. Larabell, M. A. Le Gros, Automatic alignment 
and reconstruction of images for soft X-ray tomography. J. Struct. Biol. 177, 259–266 
(2012).

	 50.	 D. Weiß, G. Schneider, S. Vogt, P. Guttmann, B. Niemann, D. Rudolph, G. Schmahl, 
Tomographic imaging of biological specimens with the cryo transmission X-ray 
microscope. Nucl. Instrum. Meth. A 467, 1308–1311 (2001).

	 51.	 A. Beer, P. Beer, Determination of the aabsorption of red light in colored liquids.  
Ann. Phys. Chem. 86, 78–88 (1852).

	 52.	 M. H. Greider, S. L. Howell, P. E. Lacy, Isolation and properties of secretory granules from 
rat islets of Langerhans. II. Ultrastructure of the beta granule. J. Cell Biol. 41, 162–166 
(1969).

	 53.	 I. Llona, Synaptic like microvesicles: Do they participate in regulated exocytosis? 
Neurochem. Int. 27, 219–226 (1995).

	 54.	 A. Reetz, M. Solimena, M. Matteoli, F. Folli, K. Takei, P. De Camilli, GABA and pancreatic 
beta-cells: Colocalization of glutamic acid decarboxylase (GAD) and GABA with synaptic-
like microvesicles suggests their role in GABA storage and secretion. EMBO J. 10, 
1275–1284 (1991).

	 55.	 D. N. Manahan, thesis, The consequences of immortalization and culturing on pancreatic 
Beta cells: a study of gene expression. University of Southern California (2018).

	 56.	 D. Russel, K. Lasker, B. Webb, J. Velázquez-Muriel, E. Tjioe, D. Schneidman-Duhovny, 
B. Peterson, A. Sali, Putting the pieces together: Integrative modeling platform software 
for structure determination of macromolecular assemblies. PLOS Biol. 10, e1001244 
(2012).

Acknowledgments: We thank P. C. Butler, B. Raveh, C. Cato, and A. Walker for their feedback 
on this manuscript; the Bridge Institute Cell Culture team: K. Villers and C. Hanson; and the 
manual segmentation hackathon participants: K. Bharath Pilla, K. McClary, and Y. Li. We thank 
the members of the Pancreatic Beta Cell Consortium for their inspiring discussions and 
feedback, specifically, G. Jensen, A. Olson, D. Goodsell, and L. Autin for their contributions to 
Fig. 5, and C. Kesselman for his assistance in data management. K.L.W. also thanks S. Fraser for 
giving her an ergonomic mouse to help with manual segmentations. R.C.S. acknowledges that 
USC is his primary affiliation. Funding: This work was supported by the USC Bridge Institute 
(R.C.S.). The National Center for X-ray Tomography is supported by the NIH (P41GM103445), 
DOE’s Office of Biological and Environmental Research (DE-AC02-5CH11231), the Gordon and 
Betty Moore Foundation, and the Chan Zuckerberg Initiative. A.S. was supported by NIH/
NIGMS R01GM083960 and P41GM109824. The contributions from coauthors at iHuman are 
supported by NSFC (31950410543). K.L.W.’s travel to the NCXT was supported by a Burroughs 
Wellcome Fund Travel Award. Author contributions: K.L.W. and R.C.S. designed the project. 
K.L.W. and V.L. performed cell culture and stimulations. K.L.W. and J.-H.C. froze specimens in 
capillaries. J.-H.C. and V.L. collected data. A.E. designed the reconstruction algorithm. K.L.W., 
J.-H.C., J.P.F., and V.L. segmented cells using Amira. J.P.F. assisted with data archiving and 
management. K.L.W. and K.T. performed the insulin secretion ELISA assays. J.S. provided the 
code and computational analysis pipeline including insulin distribution extraction, 
comparison to random distributions, and extraction of mitochondria-vesicle distances. A.L. 
contributed to the design of our approach to quantify organelle positions within the cell. W.L. 
performed fluorescence imaging experiments. L.S. performed simulations to generate 
random distributions of insulin vesicles in spherical shapes. K.L.W. performed quality control 
for insulin vesicle segmentations, and V.L. performed quality control of mitochondria 
segmentations. G.M. provided guidance for segmentation and tomogram analysis. F.A. and 
A.S. provided guidance for analysis of data. C.L. and R.C.S. provided guidance in experimental 
setup for whole-cell mapping. K.L.W., J.S., V.L., X.Z., A.S., C.L., and R.C.S. contributed to data 
interpretation and discussions. K.L.W., J.S., V.L., A.S., C.L., and R.C.S. contributed to writing the 
manuscript, with feedback from all coauthors. Competing interests: R.C.S. is a founder of 
ShouTi, a biotech company focused on G protein–coupled receptor small-molecule drug 
discovery including diabetes research. The other authors declare no competing interests. 
Data and materials availability: All data needed to evaluate the conclusions in the paper are 
present in the paper and/or the Supplementary Materials. Additional data related to this 
paper may be requested from the authors.

Submitted 15 May 2020
Accepted 21 October 2020
Published 9 December 2020
10.1126/sciadv.abc8262

Citation: K. L. White, J. Singla, V. Loconte, J.-H. Chen, A. Ekman, L. Sun, X. Zhang, J. P. Francis, A. Li, 
W. Lin, K. Tseng, G. McDermott, F. Alber, A. Sali, C. Larabell, R. C. Stevens, Visualizing subcellular 
rearrangements in intact  cells using soft x-ray tomography. Sci. Adv. 6, eabc8262 (2020).

 on D
ecem

ber 10, 2020
http://advances.sciencem

ag.org/
D

ow
nloaded from

 

http://advances.sciencemag.org/


 cells using soft x-ray tomographyβVisualizing subcellular rearrangements in intact 

Angdi Li, Wen Lin, Kaylee Tseng, Gerry McDermott, Frank Alber, Andrej Sali, Carolyn Larabell and Raymond C. Stevens
Kate L. White, Jitin Singla, Valentina Loconte, Jian-Hua Chen, Axel Ekman, Liping Sun, Xianjun Zhang, John Paul Francis,

DOI: 10.1126/sciadv.abc8262
 (50), eabc8262.6Sci Adv 

ARTICLE TOOLS http://advances.sciencemag.org/content/6/50/eabc8262

MATERIALS
SUPPLEMENTARY http://advances.sciencemag.org/content/suppl/2020/12/07/6.50.eabc8262.DC1

REFERENCES

http://advances.sciencemag.org/content/6/50/eabc8262#BIBL
This article cites 54 articles, 13 of which you can access for free

PERMISSIONS http://www.sciencemag.org/help/reprints-and-permissions

Terms of ServiceUse of this article is subject to the 

 is a registered trademark of AAAS.Science AdvancesYork Avenue NW, Washington, DC 20005. The title 
(ISSN 2375-2548) is published by the American Association for the Advancement of Science, 1200 NewScience Advances 

BY).
Science. No claim to original U.S. Government Works. Distributed under a Creative Commons Attribution License 4.0 (CC 
Copyright © 2020 The Authors, some rights reserved; exclusive licensee American Association for the Advancement of

 on D
ecem

ber 10, 2020
http://advances.sciencem

ag.org/
D

ow
nloaded from

 

http://advances.sciencemag.org/content/6/50/eabc8262
http://advances.sciencemag.org/content/suppl/2020/12/07/6.50.eabc8262.DC1
http://advances.sciencemag.org/content/6/50/eabc8262#BIBL
http://www.sciencemag.org/help/reprints-and-permissions
http://www.sciencemag.org/about/terms-service
http://advances.sciencemag.org/

