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1  |  INTRODUCTION

One of the overarching goals of modern cell biology is to 
ascertain the position of molecules with respect to cell 
structures as well as any relocations of those molecules 
during physiological processes. To some extent, this is the 
conceptual equivalent of having a real- time updated GPS 

map for each component of a cell. Such maps, analogous 
to those on smartphones that make it possible to under-
stand traffic conditions in real time, would enable the 
prediction of outcomes of extracellular manipulations or 
details of any cellular function. Achieving this goal will 
require input from many different technologies, for exam-
ple, structural imaging tools to visualize and categorize 
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Abstract
Developing in silico models that accurately reflect a whole, functional cell is an 
ongoing challenge in biology. Current efforts bring together mathematical mod-
els, probabilistic models, visual representations, and data to create a multi- scale 
description of cellular processes. A realistic whole- cell model requires imaging 
data since it provides spatial constraints and other critical cellular characteristics 
that are still impossible to obtain by calculation alone. This review introduces 
Soft X- ray Tomography (SXT) as a powerful imaging technique to visualize and 
quantify the mesoscopic (~25 nm spatial scale) organelle landscape in whole cells. 
SXT generates three- dimensional reconstructions of cellular ultrastructure and 
provides a measured structural framework for whole- cell modeling. Combining 
SXT with data from disparate technologies at varying spatial resolutions provides 
further biochemical details and constraints for modeling cellular mechanisms. 
We conclude, based on the results discussed here, that SXT provides a founda-
tional dataset for a broad spectrum of whole- cell modeling experiments.
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cells and their subcellular organization combined with 
functional tools to characterize the molecules and track 
their positions over time. This combination of structural 
and dynamical techniques provides the framework for ac-
curate whole- cell modeling and facilitates a deeper under-
standing of cellular behavior, enabling the prediction of 
modifications associated with disease states.

To build the maps required for whole- cell modeling, we 
need information at multiple scales, from atomic to tens of 
microns. Significant amounts of information at the atomic 
scale have been generated using techniques such as X- ray 
macromolecular crystallography, cryo- electron microscopy, 
and free- electron laser (FEL)- based serial diffraction.1– 7 
While the information from these molecular- level data 
streams is of immense value across the entire spectrum of 
biology and medicine, it is important to consider the follow-
ing statement: “Understanding the structure and dynamics 
of a particular molecular interaction in isolation (i.e., with-
out cellular context) does not necessarily give us information 
on how the molecule impacts cell phenotype or behavior.” To 
determine this, we need a quantitative description of mo-
lecular location and behavior in the context of the three- 
dimensional (3D) organization of cells. This description 
could be obtained using a spatio- temporal model, which 
could be generated in silico using generalized parame-
ters for a cell.8– 10 However, the accuracy and precision of 
such models can be greatly increased when the computer- 
generated models are based on and calibrated to experi-
mental data obtained from the cells under investigation.

Vast amounts of information about cell structure and 
dynamics have been, and continue to be, generated using 
established imaging modalities such as electron and light mi-
croscopies.11– 16 In this manuscript, we focus on soft X- ray to-
mography (SXT) and how it can play an important role in cell 
modeling efforts. SXT is a relatively new imaging tool that 
generates 3D structural information of whole cells at meso-
scale resolution (~25 nm).17– 20 In addition to structural data, 
SXT provides quantitative information about the density 
and composition of organic molecules in subcellular com-
partments.21– 24 The unique capabilities of SXT were recently 
used to generate 3D cell models depicting the subcellular ar-
chitecture of a wide range of different cell types in the near- 
native state.19,21,25 In this manuscript, we will first discuss the 
principles and capabilities of imaging with soft X- rays and 
then describe recent examples in which SXT has provided 
pivotal data for modeling a variety of whole- cell processes.

2  |  IMAGING CELLS USING SOFT 
X- RAY TOMOGRAPHY

SXT generates data- rich 3D images of whole, hydrated 
cells up to 18 μm thick26 with isotropic resolution20,27– 29 

approaching 10 nm in some circumstances.18,20 Cells are 
in the near- native state in that they are cryo- fixed rather 
than chemically fixed, which reduces the potential for 
fixation- induced artifacts.30– 33 In addition, cell structures 
are visualized based on their inherent contrast rather than 
preferential binding of chemical stains, ruling out staining 
artifacts and providing a reproducible natural contrast for 
whole- cell modeling research.25,33,34 Unique to SXT, the 
contrast of structures is quantitative, reflecting informa-
tion about the molecular composition of each region of 
the cell. SXT imaging is also fast in that a tomographic re-
construction of a large eukaryotic cell can be generated in 
5– 10 min from mounting the specimen on the microscope, 
enabling analysis of statistically significant numbers of 
cells.28,29,35 SXT data are useful for the development of cell 
models. It provides a subcellular organizational frame-
work for developing models that explain and predict cell 
function by incorporating other molecular and dynamical 
data into this framework. In the following sections, we 
will briefly discuss the principles of imaging with soft X- 
rays that make it possible to examine fully hydrated whole 
cells and how 3D information about the organic composi-
tion of cell structures is obtained.

2.1 | Image formation using soft X- rays

Soft X- rays are most effective for imaging hydrated cells 
when used in an absorption contrast microscope.36 The 
specimen is illuminated with X- ray photons at energies 
that fall within the so- called “water window” (i.e., be-
tween the K- shell absorption edges of carbon at 282 eV 
and oxygen at 543 eV)21 (Figure  1A). As photons in this 
energy range pass through the specimen, they are ab-
sorbed an order of magnitude more strongly by carbon-  
and nitrogen- containing compounds than by water. For 
this reason, cell structures dense in carbon— for exam-
ple, membranes or lipid bodies39— absorb the X- rays 
more than highly solvated regions, such as vacuoles.40 
Consequently, subtle differences in the biochemical com-
position of structures produce measurable contrast in 
soft X- ray images. Since the absorption adheres to Beer– 
Lambert's law, image contrast is linear with respect to the 
species and density of biomolecules in each voxel. As a 
result, each voxel has an associated Linear Absorption 
Coefficient (LAC).41 The greater the concentration of 
biomolecules in a voxel, the higher the LAC value; con-
versely, voxels with fewer organic molecules have lower 
LAC values. The high- contrast images of unstained cell 
structures generated with soft X- ray imaging provide fun-
damental structural information for creating cell models.

In addition to visualizing cell structures based on their 
inherent contrast, soft X- rays have sufficient energy to 
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penetrate whole cells up to ~18 μm in diameter.26,42,43 This 
eliminates the need for sectioning and places soft X- ray 
imaging in a unique position as a structural imaging tech-
nology. Traditional plastic section transmission electron 
microscopy (TEM) is restricted to imaging stained speci-
mens that have been embedded in plastic and sectioned 
(typically 80– 100 nm thick).44,45 Cryo- electron microscopy 

images native- state cells, but is limited to specimens in 
the range of 100– 200 nm thick because of the scattering 
of electrons in thick specimens.11– 13,46 In contrast, soft X- 
ray microscopy can image an entire cell in the absence of 
chemical fixatives and stains.27,32,36 This is highly advan-
tageous but, for the case of a single image, is accompanied 
by the complexity of interpreting the data. Each image 
collected with soft X- ray microscopy is a two- dimensional 
(2D) projection of a large 3D object, and each projection 
image contains numerous superimposed structures in a 
complex, difficult to interpret image. To fully retrieve the 
information obtainable from soft X- ray imaging, tomo-
graphic procedures must be used.

2.2 | Soft X- ray tomography: From 2D 
to 3D

Tomographic methods have long been used by the medi-
cal community to non- invasively examine human inter-
nal anatomy. A series of 2D projection images is collected 
from multiple angles around the patient, with each image 
containing numerous superimposed structures seen 
from a slightly different angle.47 Using a mathematical 
algorithm, such as filtered back projection48 or iterative 
reconstruction,49 these 2- D images are converted into a 
tomogram— a 3- D volumetric representation of the inter-
nal human anatomy. We use a very similar approach in 
SXT, with notable differences being that we use lower en-
ergy X- rays and rotate the specimen around a single axis 
rather than rotate the X- ray source and camera,29,36,37,50 
the preferred method for collecting a series of 2- D images 
in medical tomography (Figure 1C).

Generation of a high- quality tomographic reconstruc-
tion requires that the projection image dataset is collected 
at small, uniform, angular increments with the entire 
specimen in each field of view. Since each pixel of a pro-
jection image includes the information contained in a 
line integral of the X- ray absorption along the X- ray path 
through the specimen, rotation of the specimen through 
180° is necessary to collect a complete projection image 
dataset. Such a “full rotation” dataset results in an isotro-
pic resolution reconstructed volume, that is, the voxels of 
the reconstructed volume have the same size in all direc-
tions.51 Specimen rotation through 180°, often reported as 
±90° data collection, is the conventional approach used 
by the National Center for X- ray Tomography (NCXT; 
https://ncxt.org), where the soft X- ray microscope, XM- 
2, is equipped with a full- rotation cryo- stage designed to 
accommodate cells mounted in a thin- walled glass cap-
illary (Figure 1B).22,37 Microscopes at other synchrotrons 
are equipped with tilt stages that typically accommodate 
planar specimens.52– 54 With those stages, tomograms are 

F I G U R E  1  Overview of imaging cells with SXT. (A) “Water 
window” (light blue): region of the spectrum where the X- ray 
absorption is less attenuated by water,23 giving rise to natural 
contrast of cell structures in SXT. (B) Schematic representation 
of XM- 2, the soft X- ray microscope located at Advanced Light 
Source, Lawrence Berkeley National Laboratory. Details about 
the microscope can be found on the National Center for X- ray 
Tomography website (https://ncxt.org/) and in previous articles37; 
(C) Specimen acquisition: (Left) single projections at incremental 
degrees of rotation are collected, aligned around the rotation 
axis, and reconstructed; (Center) virtual sections, or orthoslices, 
of the reconstructed tomograms; (Right) 3D volume of the 
reconstructed cell with select organelles segmented and color- 
coded (reconstructed data adapted from White et al., 202038).

https://ncxt.org
https://ncxt.org/
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reconstructed from specimens that can only be imaged be-
tween ±60– 70° of tilt angle, due to physical limitations of 
the microscope as well as the nature of an extended speci-
men grown on a flat substrate.50 As these stages are tilted, 
the sample progressively increases in thickness, becoming 
~3x thicker at a 70° tilt.55 In other words, a specimen im-
aged at 0° must be ≤5 μm thick because it reaches the limit 
of soft X- ray penetration (~15 μm) at 70°. The limited ro-
tation range means that information contained in ~±20° 
of the specimen (angles between ±70° to ±90°) is miss-
ing from the reconstruction; this leads to what is known 
as a “missing wedge” artifact, as seen in data obtained 
using cryo- electron tomography (cryo- ET).11,29 These ar-
tifacts include distorted cell structures, which require 
added image processing and interpolation of information 

to restore their shapes. Full- rotation tomography, in con-
trast, avoids those distortions and uncertainties.

Production of a high- quality tomogram also requires 
collecting a large number of images of the same specimen 
and, consequently, significant exposure to potentially dam-
aging X- ray radiation. In order to prevent damaging the 
specimen during imaging, cells are first cryo- immobilized 
using well- known rapid freezing methods, such as 
gravity- driven plunge freezing or high- pressure freezing.28 
Freezing cells for imaging also immobilize molecules to 
prevent movement artifacts during data collection. At the 
NCXT, we use a custom- made freezing apparatus that 
allows setting the rate at which the cell is plunged into 
the liquid nitrogen- cooled propane (Figure 2A). This al-
lows us to freeze large cells faster than gravity- driven 

F I G U R E  2  SXT sample preparation and data analysis. (A) Cells are dissociated either from tissues or culture, harvested, and loaded 
in thin- walled (100– 200 nm) glass capillaries. The diameter of the capillary is variable and based on cell size (scale bar, 8 μm).39 Each 
capillary is plunge- frozen in liquid nitrogen- cooled liquid propane using a custom- made freezing apparatus, then stored in liquid nitrogen 
until data collection.22,28 (B) Orthoslice of a human lymphoblastoid cell, with LAC values shown between 0.1– 0.6 μm−1; the average values 
for each organelle are reported in brackets. (C) 3D rendering of the segmented cell seen in (B), showing two major nuclear components 
(euchromatin- red, and heterochromatin- blue) seen at the nuclear surface, mitochondria (green), and endoplasmic reticulum (cyan). Scale 
bar 2 μm.
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instruments and assures that the entire cell is well frozen, 
and molecules remain in the same position. Although the 
increased pressure occasionally causes a slight distortion 
of cells due to the force of the cryogen stream pushing the 
cell upward, it does not interfere with data interpretation 
in most instances.38,56 Our ability to plunge freeze cells 
10– 20 μm thick enables us to obtain well- frozen thick cells 
while mitigating radiation damage of the specimen.22

2.3 | SXT instrumentation

Biological SXT is typically carried out using a full- field 
transmission X- ray microscope (TXM). The majority of 
such microscopes are located at synchrotrons around the 
world.30,57 Although the principles of soft X- ray imaging 
are the same, the design of each of these microscopes var-
ies slightly. We will focus on the design of the microscope 
located in the U.S.A. since it was used to collect the data 
shown in this manuscript and is the only instrument pro-
ducing full- rotation tomographic datasets. This X- ray mi-
croscope, known as XM- 2, was designed and constructed 
by the National Center for X- ray Tomography for the sole 
purpose of imaging biological specimens (Figure 1B). It 
is located at beamline 2.1.2 of the Advanced Light Source 
synchrotron (located at Lawrence Berkeley National 
Laboratory). The optical design is similar to that of a 
light microscope, except that it uses Fresnel zone plates 
as lenses.21,58 The condenser lens (traditionally called 
KZP, German for Condenser Zone Plate) focuses the 
beam onto the specimen and the objective lens (usu-
ally called the MZP for Micro Zone Plate) magnifies the 
image onto the CCD detector. The KZP also functions as 
an X- ray monochromator.37 The focal length of the KZP 
is inversely proportional to the focused wavelength; thus, 
moving the KZP will alter the energy used to illuminate 
the specimen. This allows us to select the desired “water 
window” X- rays, typically 520 eV. The microscope is also 
equipped with a device that makes it possible to read-
ily change the MZP.37,59 The resolution of an MZP is in-
versely proportional to its depth of field (DOF); in other 
words, the better the resolution of the MZP, the shallower 
the DOF, and the smaller the size of specimen that will be 
entirely in focus.37,59 Having the ability to rapidly change 
MZPs makes it possible to readily switch from imaging 
cells as small as bacteria to larger eukaryotic cells.59 As 
a result, XM- 2 typically collects data using MZPs rang-
ing from those achieving 35 nm to 80 nm resolution.56,59,60 
Algorithms and other technologies that will enable imag-
ing larger specimens with better resolution zone plates 
are under development.26,51 In the interim, the flexibility 
of rapidly switching optics assures that all cells imaged, 

no matter the size, are focused throughout and yield to-
mograms containing a wealth of quantitative information 
ripe for mining.

2.4 | Data interpretation and analyses

Soft X- ray tomograms contain a vast array of organelles, 
membraneless structures such as chromatin and nu-
cleoli, as well as inter- organelle cytoplasmic molecules 
(Figure  2B). There is no single approach to interpreting 
these complex datasets. One of the first things many in-
vestigators do is to “segment” structures, in other words, 
isolate a specific region from the other cell contents based 
on size, shape, and/or location in the cell (Figure 2C). The 
segmented data can then be used to determine numbers, 
sizes, shapes, and volumes of the organelles. With SXT 
data, there is another valuable measurement that aids in 
identification and analyses— the LAC values associated 
with each structure (Figure 2B). The LAC values can be 
used to assist segmentation approaches. They also can be 
extremely valuable for a variety of stand- alone projects 
that require knowledge about the molecular density of, 
and/or around, structures.

Segmentation is typically carried out using commonly 
available image- processing software packages. However, 
even with aids such as built- in segmentation tools, the task 
of segmenting remains the rate- limiting step in SXT data 
analysis. The reconstruction of a large mammalian cell 
can take anywhere from days or even weeks of effort by an 
experienced researcher. Consequently, significant efforts 
are being put toward the application of advanced image 
processing techniques for automating and de- skilling this 
process.61– 67

2.5 | Examples of cells imaged using SXT

SXT is capable of imaging a wide variety of cells of vary-
ing sizes and shapes. The one qualification, as previously 
discussed, is that soft X- ray tomography is typically used 
to analyze single cells since soft X- rays are unable to pen-
etrate cells thicker than 15 μm in diameter. This includes 
specimens in which one dimension alone exceeds that 
thickness, such as spindle- shaped cells or tubular cells 
50 μm or more in length. There are many examples dem-
onstrating the power of imaging single cells with SXT to 
address a broad spectrum of research questions, includ-
ing studies of chromatin compaction, organelle- organelle 
interactions, and studies of regional LAC values to model 
molecular movements.56,68– 70 In this manuscript, we high-
light five different cell types, as seen in Figure 3. The top 
panel (Figure  3A) shows an example of nuclei obtained 
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from mouse olfactory epithelial cells (multipotent stem 
cell, neuronal progenitor, and mature olfactory sensory 
neuron).70 In this study, the investigators quantified the 
reorganization of chromatin during neurogenesis and 
showed that there is an increase in the percent hetero-
chromatin during differentiation. A similar study con-
ducted during hematopoiesis in cells obtained from mice 
also showed increased chromatin compaction during 

blood cell differentiation (not shown).74 To demonstrate 
the power of SXT in studies testing drug efficacy, investi-
gators examined the stages of red blood cell sickling over 
time (Figure 3B) and determined the point at which the 
drug was no longer capable of reversing the sickling pro-
cess.75 SXT is also a powerful tool for monitoring changes 
in response to a variety of exogenous treatments. This 
was powerfully demonstrated in algae (Figure 3C), where 

F I G U R E  3  Different cell types visualized by SXT. (A) Changes in nuclear organization of mouse olfactory epithelial cells (multi- potent 
stem cell, neuronal progenitor, mature olfactory sensory neuron).70 (B) Morphological changes in sickled blood cells at different stages of the 
disease.57 (C) Changes in the ultrastructure and organization of the green alga, Chromochloris zofingiensis, after different timepoints after 
glucose stimulation and reversal71; (D) organization of Saccharomyces cerevisiae72; and (E) alterations in nucleoid compaction in Escherichia 
coli73 at different stages of cell growth (lag, exponential, and stationary). Scale bar 1 μm.

(A)

(B)

(C)

(D)

(E)
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there was a dramatic increase in both the volume and lo-
cation of lipids in response to the addition of glucose, fol-
lowed by a complete reversal of that organization upon 
the removal of glucose.71 Smaller cells such as the yeast, S. 
cerevisea, were characterized at different stages of the cell 
cycle, showing the reorganization and duplication of cell 
organelles (Figure 3D)72 and chromatin compaction and 
DNA- protein interactions were quantified during both 
bacterial growth and environmental adaptation in E. coli 
(Figure 3E).73,76 Other manuscripts, not highlighted here, 
show the power of SXT to quantify and metric cell phe-
notypes, to determine statistically significant differences 
between healthy and diseased cells, to quantify subcel-
lular differences between wild- type cells and genetically 
modified cells and between cells exposed to different 
environments.29,77– 79 Thus, SXT data can be used as the 
framework for cell models that represent experimental or 
environmental conditions, bringing reality (in terms of 
experimental observations) and phenotypic accuracy to 
whole- cell models.

3  |  WHOLE-  CELL 
COMPUTATIONAL MODELS

Our goal in this article is to demonstrate that SXT can 
provide a measured structural framework for a whole- cell 
computational model— a 3D map upon which the activi-
ties of genes and gene products can be assessed during the 
complex biological processes of an entire cell. Although 
there is a significant body of literature that provides a 
comprehensive overview of whole- cell modeling (e.g., see 
review by Singla et al., 2018 for overview80), it is more ex-
tensive than we can discuss in this manuscript. However, 
given our goals of establishing how SXT data can func-
tion as a valuable contribution to this endeavor, we will 
briefly summarize a wide range of different modeling ap-
proaches and the type of predictive understanding they 
aim to enable.

Models based on mathematical formalisms, such as or-
dinary differential equations (ODEs), partial differential 
equations (PDEs), Boolean networks, and flux balance 
analysis (FBA), have been used to model cell functions.81– 83 
Constraint- based methods have been used to integrate 
biochemical, genetic, and genomic data into a mathemat-
ical framework that enables a mechanistic description of 
metabolic physiology.82 There are many other tools cur-
rently available for the integration of different cell data, 
for example: (1) E- cell, a modeling tool for genetic and 
biochemical processes84; (2) V- cell, a platform based on a 
set of ordinary or partial equations that simulates molec-
ular mechanisms based on restraints derived by imaging 
the cellular localization of molecules in the cell (https://

vcell.org)85; and (3) M- cell, a 3D reaction– diffusion model 
using Monte Carlo methods (https://mcell.org).86 Both 
V- cell and M- cell combine information about molecu-
lar spatial distributions with mathematical descriptions 
of the interaction of different molecular species, provid-
ing details about molecular dynamics in the cell. A good 
overview of general approaches to whole- cell modeling 
can be found at the Human Whole- Cell Modeling Project 
(https://www.whole cell.org).87

Another effort that combines atomic data with the 
cell's 3D landscape derived from experimental data is the 
models produced by using the software cellPack (http://
cellP ACK.org/). This software combines biological build-
ing blocks, such as molecules, at atomic resolution with 
cellular structural components at the mesoscale (e.g., or-
ganelles), using an algorithm that optimizes the molecu-
lar packing in restraint compartments.10,88

3.1 | Examples of SXT data used for 
whole- cell modeling

Modeling methods can define the most likely path taken 
by a targeted biochemical component. An elegant exam-
ple of this principle was reported by Isaacson and col-
leagues.89,90 The authors used LAC values of chromatin 
obtained from SXT tomograms to model the time re-
quired for proteins to find specific DNA- binding sites in 
the nucleus. Simulating the motion of the protein using 
a Markovian continuous- time random walk revealed that 
proteins could find their DNA target faster than would be 
possible by diffusion alone.

The Alber Lab used probabilistic modeling approaches 
to show that large centromere clusters play a key role in 
overall chromosome positioning in the nucleus and in sta-
bilizing specific chromatin interactions.69 They first used 
Hi- C data analyses of human B- cell nuclei to identify pos-
sible packing patterns of chromosomes and the location 
of their centromeres. They then matched and confirmed 
the predicted centromere positions from Hi- C with the lo-
cations previously identified in X- ray tomograms based on 
their high LAC values.

Soft X- ray tomograms were also used to model molec-
ular diffusion, evaluating the contribution of cytoplas-
mic organelles as barriers to the molecular motion.91 The 
investigators modeled the time required for a protein to 
diffuse from the plasma membrane to the nucleus in the 
presence or absence of specific organelles and compared 
the results with diffusion through an “empty” cytosol.91 
The study suggests that strong intracellular signal inac-
tivation will produce sharper and more robust signaling 
from cell membrane to the nucleus. Mathematical models 
were then used to describe and quantify basic chemical 

https://vcell.org
https://vcell.org
https://mcell.org
https://www.wholecell.org
http://cellpack.org/
http://cellpack.org/
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signals, and to estimate the arrival times at the nuclear 
membrane of proteins that are activated at the cell mem-
brane and diffuse throughout the crowded cytosol. The 
evaluation of an organelle barrier in the calculations was 
enabled using the reconstructed volumes obtained by SXT.

Single- cell parasites such as Toxoplasma gondii can un-
dergo several motile motifs, including exotic helical glid-
ing. The Dunn lab used a theoretical approach to evaluate 
the role of self- organized F- actin in motion generation 
and used X- ray tomograms to understand how the impact 
of several F- actin patterns at the molecular level would 
be reflected at the cellular scale.92 They adapted an initial 
theoretical model of actin self- reorganization to the phys-
ical shape of the parasite acquired using SXT. Depending 
on the directional properties of the actin filaments, they 
justified complex motion motifs, inducing helical gliding 
of the parasite. This example presents an elegant applica-
tion of SXT to a multiscale model, depicting the role of 

volumetric imaging techniques in informing theoretical 
models based on molecular features.

The combination of probabilistic models, visual rep-
resentations, mathematical models, and experimental 
data models is being used by the Pancreatic Beta Cell 
Consortium (https://www.pbcco nsort ium.org/) with the 
goal of designing a comprehensive whole- cell model of a 
pancreatic β cell (PBC).80 SXT is contributing to this model 
by providing the structural organization of statistically 
significant populations of cells before stimulation (con-
trol) and after manipulation. The Bayesian metamodeling 
by Raveh et al.93 integrates several multiscale and tempo-
ral models and serves as a tool to contextualize the origi-
nal input models. The metamodel augments accuracy and 
also improves precision and completeness by resolving 
conflicts among the original input models. The Goodsell 
lab24 contributed to the knowledge of the multiscale sys-
tem by integrating proteomic and structural data at the 
molecular and cellular scale to provide a direct description 

F I G U R E  4  Data integration for a comprehensive whole- cell model of pancreatic beta cells (from White et al., 202038 ©, some rights 
reserved; exclusive licensee AAAS; distributed under a CC BY- NC 4.0 License (http://creat iveco mmons.org/licen ses/by- nc/4.0/). (A) 
Imaging data from SXT38 and cryo- ET94 of INS- 1 E rat insulinoma pancreatic beta cells showing details of information at different spatial 
scales. (B) Structural features of the insulin crystal of cells (insulin structural model95; PDB ID: 2OM0). (C) Model of the cell produced in 
CellPack (http://cellP ACK.org/), based on information from (A) and (B).

Zn2+

A chain
B chain

(A)

(B)

(C)

https://www.pbcconsortium.org/
http://creativecommons.org/licenses/by-nc/4.0/
http://cellpack.org/
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of insulin secretory granules at different stages of matura-
tion. These investigators took advantage of the different 
LAC values of insulin granules in the X- ray tomograms to 
quantify the concentration of proteins and lipids in the ex-
perimental data of an insulin granule. Thus, based on the 
LAC values, they were able to simulate the composition of 
three different pools of insulin granules at different stages 
of maturation and identify their location in the cell. In ad-
dition, the SXT data enabled them to determine which of 
three proposed proteomes were responsible for the matu-
ration process.

SXT data contribute to the design of models. These 
data can provide mesoscale details of multiple landscapes 
of organelle interactions and connectivity,56 determine 
morphological alterations of the overall ultrastructure of 
cells38 and integrate - omic (proteomic, metabolic, lipid-
omic) data by providing information about the spatial en-
richment of metabolites under specific stimuli (Figure 4).

4  |  CONCLUSIONS

A comprehensive model of a whole cell must be based on 
both theoretical and experimental input obtained from a 
broad range of methods and technologies. Mapping this 
diverse body of information onto cellular structures re-
quires 3D images of cells at multiple different time points 
and under a variety of physiological conditions. We have 
shown here that SXT can provide the structural frame-
work for such models. Each voxel in an X- ray tomogram 
contains information such as the chemical composition 
and molecular density, which allows it to be classified as 
part of a specific organelle or other subcellular feature. 
Since the absorption of X- rays by cell structures is quan-
tifiable, SXT can also detect changes in the biochemical 
composition of that structure. It is also possible to incor-
porate molecular information into the model by overlay-
ing data from fluorescence microscopy onto the X- ray 
data from the same cell.39,68 Additional details of specific 
structures seen in SXT can be discerned by correlating 
images of those structures with cryoET data (Figure  4). 
Incorporating these data into the whole- cell model will 
generate a much more precise framework for analyzing 
and predicting cell function.

Currently, SXT requires the use of a soft X- ray micro-
scope located at a synchrotron light source. This limits ac-
cess to the technique, with demand outstripping available 
hours of experimental access. However, tremendous ad-
vances are being made in developing “tabletop” soft X- ray 
sources96,97 (such as the SiriusXT source98; https://siriu 
sxt.com), slated to become commercially available soon. 
As their name suggests, these new sources are sized to fit 
in a typical academic or industrial laboratory. Widening 

the availability of SXT will almost certainly lead to an ex-
plosion in applying the technique, particularly as major 
experimental input for whole- cell modeling.
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