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Cryo-imaging has been effectively used to study the biodistribution of fluorescent cells or
microspheres in animal models. Sequential slice-by-slice fluorescent imaging enables detection

of fluorescent cells or microspheres for corresponding quantification of their distribution in tissue.
However, if slices are too thin, there will be data overload and excessive scan times. If slices are too
thick, then cells can be missed. In this study, we developed a model for detection of fluorescent cells
or microspheres to aid optimal slice thickness determination. Key factors include: section thickness
(X), fluorescent cell intensity (/5,,), effective tissue attenuation coefficient (u;), and a detection
threshold (7). The model suggests an optimal slice thickness value that provides near-ideal sensitivity
while minimizing scan time. The model also suggests a correction method to compensate for missed
cells in the case that image data were acquired with overly large slice thickness. This approach allows
cryo-imaging operators to use larger slice thickness to expedite the scan time without significant
loss of cell count. We validated the model using real data from two independent studies: fluorescent
microspheres in a pig heart and fluorescently labeled stem cells in a mouse model. Results show that
slice thickness and detection sensitivity relationships from simulations and real data were well-
matched with 99% correlation and 2% root-mean-square (RMS) error. We also discussed the detection
characteristics in situations where key assumptions of the model were not met such as fluorescence
intensity variation and spatial distribution. Finally, we show that with proper settings, cryo-imaging
can provide accurate quantification of the fluorescent cell biodistribution with remarkably high
recovery ratios (number of detections/delivery). As cryo-imaging technology has been used in many
biological applications, our optimal slice thickness determination and data correction methods can
play a crucial role in further advancing its usability and reliability.

Cryo-imaging is a 3D microscopic imaging technology that enables localization of fluorescent cells everywhere
in a whole mouse or rat with single cell sensitivity!~. The system consists of a motorized microtome cryostat, a
microscope with brightfield and fluorescent capacities, a robotic positioner, and control software. To perform
cryo-imaging, the tissues of interest are flash-frozen using liquid nitrogen and fixed to a sectioning stage and
alternating sectioning-and-imaging is employed. The system acquires tiled, large field of view, high resolution
(~ 10 pm), color brightfield and fluorescent images of the tissue. By stacking image slices, 3D image volumes can
be generated for biodistribution visualization and analysis. These exceptional features make cryo-imaging unique
as compared to other 3D in vivo modalities such as magnetic resonance imaging (MRI) or bioluminescence
imaging (BLI). While such in vivo imaging modalities can image a whole animal, they lack adequate resolution
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and can produce only grayscale images. With the aforementioned features, cryo-imaging addresses a critical gap
in other biological research imaging modalities.

Cryo-imaging has been used to study biodistributions of fluorescent cells or microspheres in various animal
models, including small rodents?*%°-%, dogs”?!, pigs>*>?*, and other animal models?*. Burden-Gulley et al."*-!*
used cryo-imaging to visualize migratory and invasive behaviors of glioblastoma cells in a mouse model. Recently,
we developed a cryo-imaging based platform to quantify and evaluate fluorescent metastases throughout the
whole mouse body*!”~'°. The platform was found to be suitable for the evaluation and optimization of pipelines
of technologies (imaging agents, imaging methods, therapeutics, tumor models, etc.) which are essential for
detecting, understanding, and treating metastatic cancer. Many groups”3**?* including our own®>?¢, employed
the technology to spatially resolve quantitative, high-resolution 3D myocardial perfusion via the fluorescent
microsphere entrapment method. Van Horssen at el. also used the technology to visualize biodistribution of
both fluorescent microspheres”?'~2**” and fluorescently labeled monocytes® to investigate properties of coronary
neovascularization progression in animal hearts. Moreover, we have previously used cryo-imaging technology
to study a whole body biodistribution of intravenously injected stem cells and disease-inducing immune cells in
a graft-versus-host disease (GVHD) mouse model>**-122%282° Examples of the fluorescent images showing the
microsphere signals and the stem cell signals are shown in the Supplemental Document. Given the high utility
of cryo-imaging in biomedical imaging research, there have been increasingly numerous applications utilizing
this technology.

Although cryo-imaging has been widely used, the optimal value of the slice thickness has not been identi-
fied before. In some experiments that require imaging of a thick tissue (e.g., pig heart), a large value of section
thickness (e.g., X>100 pum) is often chosen. The benefits of a larger section thickness include faster imaging and
computing times, less memory usage, and longer life for the sectioning knife. However, signals of dimly fluores-
cent cells embedded in a thick tissue may not reach the surface and may not be detected by the imaging system.
The physics of signal loss can be described by the principles of light absorption and scattering in the biological
tissue®®*. In general, by setting a slice thickness that is too large, a significant rate of false negatives can be
expected. This would render the results unreliable, particularly in applications that demand accurate absolute
quantification. On the other hand, if one sets the slice thickness to be too small, although accurate quantification
can be obtained, it would not be computationally or economically efficient. For example, a tissue which can be
imaged overnight (12 h) at 120 um slice thickness will take 3 days (72 h) to scan at 20 um. There is expected to be
an optimal value for slice thickness that will give accurate cell/microsphere counting at a reasonable scan time.

In this study, we propose a model for estimating the optimal slice thickness, which is the thickest slice that
maintains accurate cell counts. We validate the model on data and determine for the first time the relationship
between slice thickness and detectability. We then compare the results between simulated data and real data to
determine their degree of correlation.

Theor

The Op);imal slice thickness model. The model is developed principally based on a previous study on
removal of out-of-plane fluorescent signals*. Fluorescent cells are assumed to be embedded in a homogene-
ous tissue volume (Fig. 1). By performing the cryo-imaging, the top thin layer of the volume is sectioned away.
Images of the remaining block-face are then acquired via epifluorescence imaging, with the detected signal
intensity determined according to optical properties of the tissue. The model aims to determine whether or not
the imaging system can detect signals of the fluorescent cells below the exposed surface (block-face).

Let us assume that photons from a fluorescent light source, with an intensity I, are incident on the specimen
block-face (Fig. 1). At the air-specimen interface, a fraction of incident light is transmitted into the tissue, T,
dependent upon the block-face index of refraction. Excitation photons that enter the specimen are absorbed and
scattered into the tissue with an effective tissue attenuation coefficient y,, (cm™). Transmitted photons continue
through the tissue until incident on a fluorophore at depth x below the surface. A fraction, F, of these incident
photons is absorbed by the fluorophore and results in fluorescent emission of photons at a lower energy (Stokes
shift) in the direction of the imaging system. The emitted photons are scattered and absorbed within the tissue
with another effective tissue attenuation coefficient y,,, (cm™), and a percentage are transmitted at the tissue-air
interface, T},. The fluorescent signal detected at the detector has intensity I(x). Therefore, the fluorescent intensity
I(x) which is emitted from a fluorophore at a tissue depth x is described by:

I(x) =1Io [Tat exp (—fexX)F exp (—phemX) Tta} (1)
By assuming that pr= gt + p,, and Iy, = I,T,,FT,,, we can further simplify the model to:
I(x) = Iﬂuo exp (—prx) (2)

where I(x) is the intensity detected by the camera, Iy, is the intensity of the fluorescent photon transmitting
from the fluorophores without attenuation, and yr is the total tissue attenuation coefficient (Fig. 1B). Unlike
some previous reports”**2, we do not explicitly separate the scattering contribution, in the form of the point
spread function, from the attenuation term in this simplified model of light propagation. Rather we combine
the effects of light scattering and tissue attenuation into a single exponential term. This assumption is consistent
with the Lambert-Beer’s law and other 1D light propagation models in tissue®"***, Since we consider only the
intensity change along a straight line between the camera system to the center of the fluorophore embedded in
the tissue, there is only one spatial parameter in our model (x), which represents a distance from the surface
(x=0) to the fluorophore.
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Figure 1. Epifluorescence imaging model. Figure (A) shows that a fluorescent labeled cell (yellow circle)

is embedded in a homogeneous tissue (green box). Excitation/incident light from a fluorescent light source
travels from a microscope above (orange trapezoid) and then interacts with the fluorophore of the cells. The
emitted light travels back to the camera where the cell signal is determined to be detected or not by a detection
threshold. The model can further be simplified to figure (B).

Next, for the fluorescent cell signal to be detected, the emitted photon intensity that reaches the camera, I(x),
must be greater than or equal to a detection threshold, T, giving:

Detect ifI(x) > T (3)
In cryo-imaging, the tissue sample is alternatively sliced and imaged with a fixed section thickness">*!%!>18,
Diagrams in Fig. 2 illustrate how cryo-images are acquired. The tissue sample, containing a fluorescent cell, can
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Figure 2. Slice-and-image operation in cryo-imaging. The diagram illustrates how the cryo-imaging acquires
block-face images. a tissue sample (green box), containing a fluorescent cell (yellow circle), is fixed on a cutting
stage (blue structures) that can move back and forth between the imaging position and the cutting position.
After the first block-face image is taken by the camera above (A), the tissue sample is elevated by a fixed length
of X, and then moved toward a sharp knife to cut off the top thin layer (with the thickness of X) (B). After the
cut, the sample is moved back to the imaging position so that the second block-face image can be taken (C). The
whole process of slice-and-image is repeated (D-E) until the whole sample is gone. Please note that this diagram
is not to scale.
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move back and forth between the imaging position and the cutting position. The tissue sample can be elevated
by a fixed length of X, and then moved toward a sharp knife to cut off the top thin layer. After the cut, the sample
is moved back to the imaging position so that the block-face image can be taken. The whole process of slice-and-
image is repeated until the whole sample is gone. Note that the fluorescent signal from a fluorescent cell deep
within the sample can be dim at the block-face (Fig. 2A). However, as the sample is repetitively elevated, cut, and
imaged, the cell intensity at the same location will be increasingly brighter in the output images (Fig. 2C). The
cell signal will abruptly disappear when a tissue layer that contains the cell is cut (Fig. 2E). Therefore, signals of
a single cell can be observed in multiple slices which results in a sub-surface fluorescence.

We introduce in the model a section thickness, X, which can vary from 1 to 300 um. (For reference, in many
experiments, we have set X between 20 and 40 pm for small animal imaging.) By considering Egs. (2)-(3), there
are four factors that contribute to the fluorophore signal detectability: the fluorophore signal Iy, (gray level),
the depth of the cell relative to the block-face surface x (um), the tissue attenuation coefficient y (cm™), and the
detection threshold T (gray level) (Fig. 1). Now consider the case that the fluorophores are evenly distributed
throughout the tissue starting from the depth x=0 (at the top edge) to x=X (at the edge of the section). According
to Eq. (2), the fluorophores that give the least intensity are the ones residing at the bottom of the slice or at the
depth x=X. Therefore, to be able to detect every fluorophore in the slice, the fluorophore intensity at the depth
x=X must be at least the detection threshold. Hence, Eq. (3) becomes:

Iﬂua exp (—urX) =T (4)

In this study, we define the optimal slice thickness X,puq (m) as the largest slice thickness that guarantees
that the system can still detect the dimmest signals from fluorophores residing in the tissue slice. At depth
x=X,ptima» the fluorophores have a detected intensity equal to the detection threshold of the imaging system
Eq. (4). By sectioning the tissue thicker than this value, the fluorophores at the lower edge of the slice will not
be detected. By sectioning the tissue thinner than this value, all fluorophores can still be detected, but at the
expenses of mechanical deteriorations, longer imaging time, and other costs. We can determine the optimal slice

thickness by rearranging Eq. (4):
Xoptimal =—In (T/Iﬂuo) /MT (5)

Interestingly, the model also suggests the optimal fluorescent intensity I,,;,,q (gray level) that guarantees the
perfect detection of the fluorescent signals in the case that the slice thickness must be fixed. The optimal fluores-
cent intensity is the minimum intensity of the fluorescent cells that reside at the bottom of the slice (x=X) which
can still be detected by the imaging system. At this intensity or greater, all fluorescent cells in the tissue slice are
guaranteed to be detected. With the cells being dimmer than this value, the fluorescent signals at the bottom of
the slice will be lost. With these definitions, Eq. (4) becomes:

Ioptimal = Texp (urX) (6)

Illustration of the effect of different section thicknesses on cell detectability. Figure 3 illustrates
the interaction of slice thickness, fluorescence intensity, and cell counting. From the illustration, let us suppose
that N fluorescent cells are evenly distributed in a homogeneous tissue volume with a total depth of S um. Each
cell is embedded in a non-overlapping fashion at a fixed tissue depth with an interval of t um where t=S/N. Each
cell has a subsurface fluorescence that can extend to multiple slices above with a length of e pm. During cryo-
imaging, the tissue volume is alternately sectioned and imaged, with a section thickness of X um. The process is
repeated until the whole sample is gone. Approximately S/X fluorescent images are produced at the end of the
process. To count the number of cells in the acquired volume, the connected component analysis (CCA) algo-
rithm is applied to prevent multiple counting of the same cell due to subsurface fluorescence.

By slicing and imaging through the volume, the cell signals as well as the subsurface fluorescent signals can
be used to resolve the number of cells in the volume. Figure 3 illustrates the situation where S=70 um, N=7
cells, t=10 pm, and e=20 pm. With X=20 um, all cells in the tissue can be resolved and quantified correctly.
Although, the distance between adjacent cells (=10 pum) is less than the slice thickness (X=20 um), the sub-
surface fluorescence of the skipped cell can still appear in the output image. By assuming that the signals of the
adjacent cells do not overlap along the z-axis, the true number of cells can always be resolved. In the case of
oversampling or using X <20 pm, signals from the same cell can be detected multiple times, but with the help
of CCA, numbers of cells can be resolved correctly. But in the range of under sampling or when X >20 pm, the
number of detected cells will be less than the true number of cells in the tissue as shown in Fig. 3. This situation
leads to false negatives. Next, we will propose a mathematical model of the relationship between the fluorescent
cell detectability and the slice thickness especially in the sub-optimal range (X > X,sina)-

Mathematical relationship between detection sensitivity and slice thickness. In the sub-opti-
mal range (X > X, a1 the number of detected cells decreases as the slice thickness increases. By formulating the
mathematical relationship, one can predict the cell loss and even estimate a correction factor to compensate for
the under-sampling. In this section, we aim to construct the relationship under some simplifications.

Recall that fluorescent signals of the same cell can be observed in multiple slices as a subsurface fluorescence
(Figs. 3 and 5). The out-of-plane fluorescence gives a subsurface haze in 2D images and an elongation artifact
along the z-axis that appears as a “comet tail” in 3D7>**, The length of the signal from a single fluorescent cell is
governed by Egs. (2) and (3). If the imaging system slices through any part of the subsurface fluorescence, the cell
signal should appear in the output image. Therefore, this subsurface fluorescent length (e) is indeed the optimal
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Figure 3. Illustration of the effect of different section thicknesses on number of cell counts. This example
assumes 7 non-overlapping cells (yellow ovals) residing in each fixed depth interval of a tissue volume (green
box). In this example, the depth interval (¢) is 10 um. We further assume that the cell signal can extend to
the slice above, as the subsurface fluorescence, at most 10 um before its signal becomes undetectable (red
droplets). Thus, the subsurface fluorescent depth (e) is 20 pm. By sectioning this volume through the subsurface
fluorescence signals, the corresponding cells are marked as detected in the output image slices. Multiple
detections of the same cell can be grouped as one using the CCA algorithm. Therefore, by sectioning the volume
with the section thickness (X) of 20 um or less, one can resolve all cells inside the tissue. By sectioning it with
larger section thicknesses, such as X =30, 40, and 70 um (above, right), one will miss the cells, which results in
reduced detection sensitivity.
slice thickness (X,pyma) as illustrated previously. By considering X > X,,,y;,u (Which implies e/X <1.0), the number
of observed cells (1) is reduced from the total cells in the sample (N) according to the relative distribution, d(x),
of cells lying in a given slice. The distribution of cells is therefore also related to the probability of a cell being at
a given distance, p(x). This can be formulated as
X X
n= / d(x)dx = N/p(x)dx (7)
0 0
X Xoptimal Xaptimul
n= [ dox = X = [ doode =5 [ poods ®)
0 0 0
Note that the probability distribution, p(x), for the slice thickness X is determined from the distribution
within each of those slices, d;(x). If we consider that there could be varying distributions across slices, then the
average p(x) would be determined as below.
M M M
7 di(x) 2 Nipi(x)
p(x) = i Nz _ i NzP: = zi:wipi(x) )
where M is the number of slices, i is the slice index, w;= N;/N.
The detection sensitivity (Sens) is given by the ratio of n/N, which is dependent only on the probability dis-
tribution of fluorescent cells,
Xoptima Xoptima
n  N/[™ ' p(x)dx Jo ' p(x)dx
Sens = — = e = e (10)
N N [, p(x)dx Iy p(x)dx
Assuming a uniform probability density function that would correspond to randomly distributed cells in a
large tissue region, the sensitivity can be formulated as follows:
i
n=|—
X (11)
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As such, the sensitivity is linearly proportional to the reciprocal of X, and the length of the subsurface fluo-
rescence (e):

Sens o % (12)

By taking the logarithm on both sides and replacing e with X, ,;,,q» it reveals a perfect -45° linear relationship
that can be formed between log(Sens) vs. log(X):

log (Sens) = —log (X) 4 log (Xoptimat ) (13)

Recall that beyond the optimal slice thickness (X > X, ;ma), the detection sensitivity decrease as the slice
thickness increases. Also, remind that for all X values that are less than or equal to X, the Sens value will be
100%. By combining X values from both ideal range (X < X)) and sub-optimal range (X > X,ina1), We obtain:

100%, X < X,p
Sens — { ° optimal

Xuptimul (14)

—x X > Xoptimal

Relationships derived in Eq. (14) can be used to estimate the missing fluorescent cells in the image data if

one performs cryo-imaging with a slice thickness larger than the optimal value. By definition of sensitivity, the

true number of cells, Count(X,;q), can be estimated by dividing the number of observed cells in the volume,
Count(X), with the sensitivity, Sens(X):

Count(X)

Count(xoptimal) = Sens(X)

(15)
To this end, the previous relationship is established under the following key assumptions:

e All cells are embedded in a homogeneous tissue: Variance(yr) = 0.
o The cells in the tissue have the same intensity: Variance(I,,) = 0.
® The cells are regionally well-distributed in the tissue with no overlap.

In the case that there is some distribution, D(Iy,,), that pertains to the N cells, then overall sensitivity is given
by:

Jo Sens(Ipuo) Do) o [y~ Sens(Ifiuo) DIfuo) dluo
f()oo D(Iﬂuo)dlﬂuo B N

which, when considering that the cells have at most K different intensity values, can be simplified to a discretized
summation

Sens = (16)

ZK Sens(I ua,')l\lj K N;

Sens = % = ; ﬁJSens(Iﬂuo,j) (17)
where j is an index corresponding to the single intensity Iy, ; pertaining to N; cells and K is the number of unique
Iy, values. Note that X, is non-negative only for values of Iy, > T, but Sens(Iy,,) =0 for any I,, values below T.
In a case where cells have Iy, < T, those cells will not be detected independently of slice thickness, and therefore
the excitation intensity I, needs to be increased or other components along the fluorescence imaging chain need
to be improved beyond the consideration of this work.

Next, we will show that the above equations conform with real data by performing in silico experiments
and comparing the results with real data. Later, we will discuss additional in silico experiments in the situations
where the key assumptions are not met.

Experiments

Digital sectioning simulation of model cells. We programmatically implemented digital sectioning
simulations to validate the relationship in Eqs. (13)-(14). These in silico experiments were built upon the model
illustrated in Figs. 1, 2, 3 to validate the relationship between slice thickness and detection sensitivity derived
earlier. The digital sectioning simulation algorithm is summarized as follows: (1) Create a virtual homogeneous
volume of whole sample (thickness=S pm) and an effective attenuation coefficient (47, cm™), (2) Distribute
model cells at every 1 um of the volume. Since there is one cell per 1 um depth, there will be N=S§ cells in the
whole volume. Each cell has a grayscale intensity of Iy, (3) For each cell residing in the volume, we measure
I(x) at the surface of the block-face where x is the depth of the cell relative to the block-face. The value of I(x) is
determined by a governing equation in Eq. (2), (4) If I(x) is greater than or equal to the detection threshold, T,
then the testing cell will be marked as detected [Eq. (3)]. (5) Section away the top layer of the volume by X um,
(6) Repeat step (3)-(5) until the whole sample volume is completely removed, (7) Output the number of detected
cells. Details of the algorithm are described in Pseudocode 1.
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## Pseudocode for putting model cells in a virtual tissue

Define the number of model cells S

Define the cell intensity Ifiuwo
# Estimate heuristically from the cell signals in the image (preferably dim cells)

Define the effective tissue attenuation coefficient u; (in pm? or cm?!)
# Estimate using an exponential fitting method proposed by [34]

Define the tissue thickness TissueThickness (in pixel or pm)

Define the tissue width TissueWidth (in pixel or um)

Create a tissue matrix Tissue, with a size of TissueThickness x TissueWidth

For each cell 1 = 1 to S:
Assign cell location loci in TissueWidth # Non-overlap manner or Randomly
Assign cell depth x; in TissueThickness # Non-overlap manner or Randomly
(Optionally) Add a cell intensity variation to Ifuo # © or Randomly
(Optionally) Add a tissue attenuation coefficient variation to ur # © or Randomly

Create a depth vector Dx; with running numbers from @ to x; with a step of 1 um
Compute the intensity vector I; based on Dxi, Ifiw, Mr using Equation 2
Put I; in Tissue at the corresponding column loci, i.e., Tissue(®:xi, loci) = I;

## Pseudocode for digital sectioning of model cells
Define a detectability threshold T
# Estimate heuristically using the cell signal to noise ratios
Define a range of slice thicknesses X, e.g. [1, 2, 3, ..] (in um)
1 to length(X):
Slice/select rows along the depth axis of Tissue at a fixed interval of X(j)
Binarize the result with the threshold T
Count the number of connected components

For j =

Normalize the counts by the number of cells resulting in sensitivity for each slice thickness

Pseudocode 1: Digital sectioning for model cells

With the algorithm, we conducted two in silico experiments with parameter values in the range typically
observed in cryo-imaging applications. For the first experiment, we varied section thickness and measured the
corresponding sensitivity: Sens=n/N=TP/(TP +FN) where TP, FP, and FN are true positives, false positives,
and false negatives, respectively. We expect that sectioning the sample thicker than the optimal section thickness
(X> Xoptimar) would adversely affect the sensitivity. Three cell intensities were chosen for this simulation: Ij,, =30,
50 and 80 (grayscale intensity). The numbers were chosen from the intensity distribution of cells derived from
our stem cell imaging database. Parameters T and p were set to 10 (gray level) and 314 cm™, respectively. The
detection threshold value (T) was empirically estimated based on the signal-to-noise-ratio (SNR) in our image
data. The value of y was estimated from mouse tissues in our database using an exponential fitting method
proposed by Steyer et al.**. The programming platform used in this study was Matlab 2022a (MathWorks, USA).

In the second experiment, we fixed the slice thickness but varied the cell intensity and measured correspond-
ing sensitivity. By fixing slice thickness (X =20 pm), we expect that cells with intensity below the optimal intensity
(Lo < Lyptimar) could lead to lower detection sensitivity. Three different tissue attenuation coefficients were chosen,
yr=214, 314 and 414 cm”!, with an increment of 100 cm™'. These values were consistent with the literature>*.
Other used parameters were T=10 and X =20 pm. This experiment aimed to show the effect of different tissue
attenuations on detection sensitivity.

Section-and-image simulation of the real data. To further test the validity of our model, we compared
the simulated results to real data. We performed the section-and-image operation on the real data to generate
thicker sections. These new sections were taken from thinly sliced real images that contained fluorescent cells.
There were two datasets that we used in this study: (1) fluorescently labeled stem cells in a mouse model>*'"12,
and (2) fluorescent microspheres in a pig model>?. Details about the animal experiments are described in the
Supplemental Document. All animal experiments were performed in accordance with relevant guidelines and
regulations. They were approved by the Institutional Animal Care and Use Committee (IACUC) at Case Western
Reserve University. We also confirm that the study is reported in accordance with ARRIVE guidelines. Next,
we describe steps to simulate thick sections taken from thinly sliced real data to determine the effect of the
slice thickness on the detection sensitivity. We hypothesize that results predicted by the theory [Eqgs. (13)-(14)]
should correlate with real data.

In the first dataset, we used the stem cell dataset for simulation. A raw image zooming to the fluorescent cell
signals is shown in Suppl. Fig. 1A. The images were then stacked, registered, and visualized in 3D in Fig. 4B. To
perform section-and-image simulations, we created a new volume of a thicker slice data by choosing images
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Yellow beads = MAPCs Orange = lung lobe, Blue = Airways, Magenta = MSCs

Figure 4. Cryo-imaging enabled visualization and quantification of stem cells anywhere in mice with very high
recovery rate. A mouse was intravenously injected with 5x 10° stem cells. Approximately 290,000 cells were
detected and visualized (yellow beads in A). The recovery rate (number detected cells/delivery) was 58%. In
another experiment, 1x 10° stem cells were directly injected into a lung lobe of a mouse. About 94,269 cells were
detected (magenta beads in B). This yielded 94% recovery rate.

from the original volume but skipping every 2 slices. Since the section thickness was originally set to 20 pum, the
new volume, which consisted of half of the original images, would have a slice thickness of 40 um. To obtain vol-
umes of different slice thicknesses, we repeated the experiment by skipping every 3,4, 5 ..., 50 slices to resemble
cryo-imaging with the slice thickness of 60, 80, 100, ..., 300 um, respectively. For each volume, the number of
stem cells were detected and quantified using the algorithm previously published, which includes 3D CCA!. We
summarize the process in Pseudocode 2. To compare the results with our model, we ran an in silico simulation
(Pseudocode 1) with parameters estimated from the real data. Briefly, I was estimated using the mean intensity
of detected cells. T was heuristically estimated by optimizing the number cell detections while minimizing the
false positives, and finally y; was estimated using an exponential regression method proposed by Steyer et al.**.
To test the validity of the simulation, we performed a correlation testing on the simulation results with the results
from real data. We employed Pearson product-moment correlation coefficient and root-mean-squared error
(RMS error) as the metrics.

## Pseudocode for slice-and-image simulation of real cells
Obtain a stack of cryo-images that are acquired with a small slice thickness X (in pm)

Define the MaxSkip number so that the maximum simulated slice thickness is MaxSkip x X (in pm)
For each skipping number k = 1 to MaxSkip:
Slice/select images from the cryo-imaging stack by skipping every k indexes.
# This new stack of images simulates a new tissue volume with a slice thickness of k x X (in pm)
Perform cell detection on the new volume using a method proposed by [10]
Count the number of connected components.

Normalize the counts by the number of cells resulting in sensitivity for each slice thickness.

Pseudocode 2: Slice-and-image simulation for real cells

In the second dataset, we used images of a pig heart, containing fluorescent microspheres, to perform the
simulation. Red and green microspheres were injected into the pig’s right ventricle under different physiological
conditions (see Supplemental Document). Since the pig heart was quite large, we used only a small portion of
the tissue. The section thickness was set to 10 um. Because red microspheres and green microspheres had differ-
ent brightness under our standard imaging filter>*°, we processed them separately. The red microspheres were
of much brighter intensity than the green microspheres. Examples of the fluorescent microsphere signals and
the 3D visualization are shown in Suppl. Fig. 1B and Fig. 5, respectively. We performed the section-and-image
simulation to create new volumes using the same process as that applied to stem cell data. The parameters Iy,
T, and py for the microspheres were also estimated using the same method described previously. Again, the in
silico results were compared against real data.

In silico simulations for non-compliant situations. To show the effects of non-compliances in the
key assumptions to the detectability, we performed 3 additional in silico simulations. The simulations aim to
study the effects of (1) tissue inhomogeneity, (2) cell brightness variations, and (3) cell signal overlapping on
the detectability as observed in the sensitivity-thickness curves. In the first simulation, the model cells were
placed in a virtual tissue in a non-overlapping fashion. All cells had the same brightness (I;,,=40) but expe-
rienced different tissue attenuations yr to simulate situations where the tissue of interest is a mix of different
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Figure 5. Red and green microspheres in the pig myocardium cryo-imaging data. Red microspheres were
injected into the left ventricle of a pig during a baseline condition while green microspheres were injected to
the same site during induced ischemia. Figures (A) (zoom out) and (B) (zoom in) show volume renderings
of the microspheres entrapped in the myocardium tissue from an apex segment of the heart. The fluorescent
signals were false-colored according to the microsphere emission spectra (red and green). Notice that the
red microspheres were brighter than the green microspheres under our imaging system. Figure (C) shows
subsurface fluorescence of a red microsphere which extended several slices above the slice that contains the
microsphere (slice 15). Once the slice was sectioned, the signal disappeared (slice 16). In this example, the
intensity in the slices beyond ‘slice 10" were below the detectability threshold. The slice thickness was 10 pum.

tissue types (inhomogeneous tissue). Four levels of variability were tested: (1) py=314 cm™ (no variation), (2)
pr=314+N(o~50) cm™, (3) pur=314+£ N(0o~100) cm™, and (4) p;=314+N(0o~150) cm™', where N(o) repre-
sents a normal random number generator with zero mean and a standard deviation of o. The digital sectioning
was performed to measure the sensitivity vs. the slice thickness according to the Pseudocode 1.

In the second simulation, the model cells were placed in a virtual homogeneous tissue but with variations of
the cell brightness. Four levels of variability were tested: (1) I,,=40 (no variation), (2) Iy, =40+ N(c~5) cm™,
(3) I3,o=40 £ N(0~10) cm™, and (4) I,, =40+ N(0~15) cm™". The effective tissue attenuation coefficient yi; was
fixed at 314 cm™. The variability may represent situations such as cells losing fluorescent dyes, cell dead, divid-
ing cells, photobleaching, poor labeling, etc. Then, we performed the digital sectioning on these simulations to
measure the sensitivity-thickness curve as described in the Pseudocode 1.

In the last simulation, we simulated the effect of different degrees of cell overlapping to the detectability.
Cell overlapping is defined as two different cells that reside closely to each other along the depth axis such that
their sub-surface fluorescent signals may merge and be ‘seen’ as a single signal. This may cause a decrease in
the detection sensitivity as two or more cells are only counted as one. To show the effect, the simulation was
performed by randomly placing the model cells on a fixed tissue area to allow the subsurface fluorescence’s of
multiple cells to overlap. The degree of overlapping is governed by Density which is calculated by the number of
model cells to tissue area (in the unit of cells/cm?). Four degrees of cell overlapping were tested: (1) No overlap,
(2) Density =400 cells/cm?, (3) Density =800 cells/cm?, and (4) Density=1600 cells/cm?. The values of yrand o
were fixed at 314 cm™ and 40, respectively. The different degrees of cell overlapping represent cases like immune
cell aggregation in the lymphoid/inflamed tissues, tumor masses, pulmonary emboli, etc. Again, the sensitivity-
thickness curve was measured and reported.

Results

Cryo-imaging enabled 3D visualization and quantification of fluorescently labeled cells throughout a mouse with
a very high recovery rate. As described in the Supplemental Document, the mouse was intravenously injected
with 5x 10° MAPCs. After running the stem cell detection algorithm'®, approximately 290,000 cells were detected
and visualized (yellow beads in Fig. 4A). In this dataset, the recovery rate (number detected cells/delivery) was
58%. In another experiment, 1 x 10° FAC-sorted MSCs were directly injected into a lung lobe of a mouse. After
applying the algorithm, 94,269 cells were detected (magenta beads in Fig. 4B). This yields a 94% recovery rate.
Number of detections in mice injected with unlabeled cells (false positives) were significantly small (p<0.01,
two tailed Student’s t-test). Examples of stem cell signals are shown in Suppl. Fig. 1A.

The in silico simulations revealed the relationships between slice thickness and detection sensitivity. We
performed two simulations—in the first one, we performed digital sectioning with different slice thicknesses and
measured the corresponding detection sensitivity. The slice thickness (X) ranged from 5 to 150 pm. We observed
that with small values of slice thickness, the sensitivity remained at 100% until the value reached a certain point
at which the sensitivity started to decrease (Fig. 6). This point was indeed the optimal slice thickness (X,pma)
for cryo-imaging. In this simulation, we examined three intensity values: I,,=30, 50, and 80 (gray level). The
parameters T and u were set to 10 (gray level) and 314 cm™, respectively. We illustrated the simulations in Fig. 7
to show how the model cell signals and their detectability appear in the virtual volume. Note that the cells were
placed in the tissue in line with the non-overlapping assumption. As a result, we found that X,;,, for I, = 30,
50 and 80 simulations were 35 pum, 51 pm and 66 pm, respectively. The results were consistent with the optimal
section thickness estimated by Eq. (5). We observed that for lower fluorescent intensity levels (Ig,,), the sensitivity
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Figure 6. The relationship between section thickness and detection sensitivity estimated by the simulation

was consistent with the theory. The simulation result in (A) reveals the optimal slice thickness (X,;,) which

is the largest slice thickness that yields 100% detection sensitivity. By sectioning the volume with a section
thickness larger than this value (toward the right of the graph), the sensitivity decreased significantly. In this
simulation, we simulated 3 levels of cell intensity: Iy,, =30, 50, and 80 (gray level). We observed that the brighter
the fluorescent cells were, the higher the value of the slice thickness. This was consistent with our derivation in
Eq. (14). Interestingly, when we plotted the relationship in a log-log scale (B), the graph showed perfect linearity
over the sub-optimal range (X > X, imap)-
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Figure 7. Illustration of the effect of different cell intensities on the detectability. We simulated situations with
3 cell intensities: I,,=30 in (A), 50 in (B), and 80 in (C). In the simulations, we placed synthetic cells in a non-
overlapping fashion in a virtual volume. Each cell extended its subsurface fluorescence upward as governed

by Eq. (2). Detectability visualization of the cells in (A-C), were shown in (D-F), respectively. These were
performed by binarizing the cell signals in (A-C) using Eq. (3). The results show that the cell detectability (the
sub-surface fluorescence length) is linearly proportional to the cell intensity.

decreased at a higher rate (different markers in Fig. 6A). In the sub-optimal range (X > X,ima1), the curve appeared
as the reciprocal function derived in Eq. (14). By showing the relationship on a log-log scale, the relationship
is shown to be perfectly linear (Fig. 6B), as predicted by the mathematical derivation described in Section “In
silico simulations for non-compliant situations”.

For the second simulation, we studied the effect of cell intensity levels on the detection sensitivity (Fig. 8). In
this simulation, we fixed the section thickness (X =20 um) but varied the cell intensity ranging from 1 to 30 (gray
level). We also repeated the simulation with different tissue attenuation coefficients (u;) which were 214, 314, and
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Figure 8. The relationship between cell intensity and detection sensitivity estimated by the simulation was also
consistent with the theory. In this in silico simulation, the detection sensitivity was recorded for each change

in cell brightness. The result suggests that in order to maintain 100% detection sensitivity, the cell intensity
must at least the optimal cell intensity as predicted in Eq. (6). On the other hand, with the intensity being
smaller than this value (toward the left of the x-axis), the sensitivity decreased significantly. By increasing the
tissue attenuation coefficient (u), one would need higher cell intensity to maintain 100% detection sensitivity
(different markers).

414 cm™! (steps of 100 cm™). The result in Fig. 8 shows that the sensitivity could be maintained at 100% when the
cell intensity was greater than the optimal intensity as predicted in Eq. (6). We found that for y;=214, 314 and
414 (cm™), the estimated values of I, Were 15.34, 18.74 and 22.89 (gray level), respectively. The result shows
that the higher the values of i were, the higher the cell brightness required for maintaining 100% sensitivity. As
expected, cells with the intensity below the detectability threshold (T'=10) resulted in 100% loss (0% sensitivity).
We also illustrated the simulations in Fig. 9 to show how the model cell signals and their detectability appear in
the virtual volume. The results show that the cell detectability (the sub-surface fluorescence length) is inversely
correlated to the tissue attenuation coeflicient as described in Eq. (5).

We next discuss the correlation between our simulations and real data. For the pig myocardial tissue data,
we found about 4600 fluorescent microspheres (red and green) in the volume of interest (Fig. 5). We performed
section-and-image simulation with different slice thicknesses ranging from 10 to 300 um. After performing
microsphere quantification, the number of red and green microspheres are shown in Fig. 10A and B, respectively.
As expected, with small values of slice thickness (toward the left of the graph), all microspheres in the tissue
volume could be resolved correctly. By increasing the slice thickness value (towards the right of the graph), the
sensitivity could only be maintained at 100% until the value reached a certain point (X,;q) at which the false
negatives start to increase. This observation held true in both red and green microsphere datasets. We indepen-
dently ran in silico simulations creating the relationships based on estimated parameters. The parameter sets
were found to be (Iy,, = 300, 7= 332 cm™") for the red microsphere simulation, and (I, = 87, uy=372 cm™) for
the green microsphere simulation, respectively. The results in Fig. 10 show that the slice thickness/detectability
relationship from the simulation were nearly matched to the real data. The correlation coefficients between the
two relationships were 0.998 and 0.999 for the red and the green microspheres, respectively. After detecting
and quantifying the microspheres, the dataset contained about 2000 red microspheres and 2600 green micro-
spheres. The measured RMS errors were 36.54 (1.82%) and 42.87 (1.65%) for the red and the green microspheres,
respectively. The results also show that the estimated values of X,,;,,, were 102.45 um for the red microspheres
and 58.15 um for the green microspheres. These values indicate the best section thickness that guaranteed ideal
microsphere detection with the minimum number of cuts. We observed that the red microspheres were approxi-
mately 3 times brighter than the green microspheres in the raw data (Suppl. Figs. 1B and Fig. 5). As the result,
the red microspheres allowed larger slice thickness as compared to the green microspheres (Fig. 10A,B). This
was consistent with our derivation in Eq. (5). Again, by plotting the relationships on a log-log scale, the results
show near-perfect linear relationships in the sub-optimal range (X > X,py;a) (Fig. 10C,D).

The relationship obtained from the stem cell dataset was also consistent with the simulation. In this dataset,
about 1 x 10° fluorescently labeled stem cells were directly injected into a lobe of the mouse lung. Simulated
section-and-image and cell detection were repeatedly performed on the tissue volume with different slice thick-
ness ranging from 10 to 300 um. The results in Fig. 11 show that the “cell detection vs. slice thickness” relation-
ship was consistent with the theory. The relationship obtained from the simulation was also well-matched to
real data. The correlation coefficient was 0.999 and the RMS error was 1601 cells (or 1.6% of the injected cells).
The results in Fig. 11 suggest that the X,;,,,, was around 40 pm where the model predicted the X, to be
42.52 pm. The estimated parameters were T'=10, Iy,,=38 and yi7=314 cm™" for the red quantum dot labeled stem
cells. We observe that the range of the X,,,;,,, values for the cells was much narrower than that of the fluorescent
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Figure 9. Illustration of the effect of different tissue attenuation coefficients on the detectability. We simulated
situations with 3 tissue attenuation coefficients: =214 cm™ in (A), 314 cm™ in (B), and 414 cm™ in (C).
Detectability visualization of the cells in (A-C), were shown in (D-F), respectively. The results show that the cell
detectability (the sub-surface fluorescence length) is inversely correlated to the tissue attenuation coefficient as
described in Eq. (5).
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Figure 10. Microsphere detectability vs. slice thickness relationship obtained from real data were highly
correlated with that from the simulations. In this experiment, the tissue volume containing about 4600
fluorescent microspheres was sectioned with different slice thickness (from 10 to 300 pm). Number of
microsphere detections for each slice thickness is shown (black line with triangle markers) for red microspheres
in (A) and for green microspheres in (B). With carefully chosen parameters, our simulation could predict the
relationships that completely matched the real data (gray line with square markers). Interestingly, when we

plot the relationships on a log-log scale (C-D), the results show the perfect linear relationship between the
number of detections and the slice thickness. This could be used to estimate the true number of cells in the data,
especially when the chosen slice thickness is larger than optimal.
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Figure 11. The cell detectability vs. slice thickness relationship obtained from real data were also highly
correlated with that from the simulations. In this experiment, a mouse lung was injected with 1x 10°

fluorescently labeled stem cells. The tissue volume was sectioned with different slice thicknesses (from 20 to

512

300 pum). The numbers of cell detection for each slice thickness are reported (A). The relationship on a log-log
scale is also shown in (B). Again, the simulation could predict the relationship as it nearly overlapped (gray line
with square markers) with the real data (black line with triangle markers). The correlation coefficient between
real and simulated data was 0.999. X, Value was around 40 pum where the model predicted the X, value

to be 42.52 pm.

microspheres (~40 pum vs. ~60-100 um). This was because the cell brightness (~ 40) was much less than that of

the microspheres (~ 80-400).

Additionally, we conducted three in silico experiments to show the effects of key assumptions on the detect-
ability. First, the tissue inhomogeneity effect was tested by assigning the model cells with different y; values to
simulate situations where the tissue of interest is a mix of different tissue types. Figure 12 illustrates the cell signals
and their detectable signals in three virtual tissues, each with different levels of y; variability. Please note that the
cell intensity and their detectability in all results were governed by Egs. (2) and (3), respectively. The correspond-
ing sensitivity-thickness curves are shown in Fig. 13. As compared to the homogeneous tissue, the sensitivity
in the non-homogeneous tissue decreased earlier than the optimal point. The optimal points in these situations

piy=314 % N(c ~ 50) cm"!

7= 314+ N(c ~ 100) cm!

20 30 40 50 60 70 80

20 10 20 30 40 50 60 70 80
In-plane Location (pm)

Figure 12. Illustration of the effect of the tissue inhomogeneity on the detectability. The g1 in simulations
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represents a normal random number generator with zero mean and a standard deviation of . Detectability
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visualization of the cells in (A-C), were shown in (D-F), respectively. The higher value of o reflects the higher

level of inhomogeneity in the tissue attenuation coefficient.
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Figure 13. The effect of the tissue inhomogeneity on the detection sensitivity. With no variation such asin a
homogeneous tissue [black line in (A)], the detection sensitivity starts to decrease exactly at the optimal slice
thickness point. With the variations such as in non-homogeneous tissues, the sensitivity decreased at much
earlier than the optimal point. The higher the variation is, the less steep of the sensitivity-thickness slope (lean
toward 0°) in the log-log scale (B).

are not well-defined and hard to determine in the sensitivity-thickness curve. We also observe that the higher
the variation is, the less steep of the sensitivity-thickness slope (lean toward 0°) in the log-log scale (Fig. 13B).
Second, the cell brightness variation effect was tested by assigning the model cells with different I, values.
Figure 14 illustrates the cell signals and their detectable signals in three virtual tissues, each with different levels
of Iy, variability. The corresponding sensitivity-thickness curves are shown in Fig. 15. As compared to the stable
cell brightness case, the sensitivity decreased at much earlier than the optimal point. Again, the optimal points
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Figure 14. Tllustration of the effect of the cell brightness variations on the detectability. The Iy,,, in simulations
(A-C) were set to 40+ N(0~5), 40+ N(0 ~ 10), 40+ N(0 ~ 15), respectively. N(o) represents a normal random
number generator with zero mean and a standard deviation of . The higher value of o reflects the higher level
of inhomogeneity in the cell brightness. Detectability visualization of the cells in (A-C), were shown in (D-F),
respectively.
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Figure 15. The effect of cell brightness variations on the detection sensitivity. With no variation in the cell
intensity (black line in (A)), the detection sensitivity starts to decrease exactly at the optimal slice thickness
point. With the variations, the sensitivity decreased at much earlier than the optimal point. The optimal points
in these situations are not well-defined and hard to determine in the sensitivity-thickness curve. We also observe
that all sensitivity-thickness curves maintained the same slope at — 45° in the log-log scale (B).

are not well-defined and hard to determine in the sensitivity-thickness curve. Additionally, we observe that all
sensitivity-thickness curves maintained the same slope at — 45° in the log-log scale (Fig. 15B).

Last, the cell overlapping effect was tested by randomly placing the model cells within a fixed area of the
virtual tissue to allow superpositions of their sub-surface fluorescence. The degree of overlapping is governed
by Density which is calculated by the number of model cells to tissue area. Figure 16 illustrates the cell signals
and their detectable signals in three virtual tissues, each with different Density values. We denoted some of
the overlapping points in Fig. 16 using yellow arrowheads. The corresponding sensitivity-thickness curves are
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Figure 16. Illustration of the effect of the cell overlapping on the detectability. Any two cells can overlap one
another if they are too closed along the vertical axis such that they were ‘seen’ as one object (yellow arrow
heads). The overlapping effect always results in false negative or missing of cells. We also experimented with
different cell density to exaggerate the cell overlapping effects. In simulations (A-C), the cell densities were set
to 400, 800, 1600 cells/cm?, respectively. Detectability visualization of the cells in (A-C), were shown in (D-F),
respectively.
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shown in Fig. 17. As compared to the no-overlap case, the sensitivity curves in the overlapping cases linearly
decreased from the beginning (X=1 pm) until reaching the optimal point (at X =44 um) where the curves started
to decrease hyperbolically. Interestingly, the optimal points were well-defined in all situations (X =44 um), but
the sensitivities could no longer guarantee at 100% at any point (except X=1 pm). With higher degrees of cell
overlapping (as determined by Density), the sensitivity curve decreased at a higher rate.

Discussion

We created a model suitable for guiding selection of slice thickness in section-and-image systems for applica-
tions of cell detection (e.g., stem cells and micro-metastases) and microspheres. The model explicitly describes
factors that contributed to the fluorescent cell detectability in cryo-imaging for the first time. The key factors
were the section thickness (X), the fluorescent cell intensity (Iy,,), the effective tissue attenuation coefficient (1),
and a detection threshold of the system (T). The model suggests the value of the optimal slice thickness [Xyima
in Eq. (5)] which is the largest slice thickness that guarantees 100% cell detection. This optimal slice thickness
does not only enable the cryo-imaging system to acquire and detect all fluorescent cells in tissue sample, but it
also allows users to expedite the imaging process as well as to extend the service life of the sectioning knife and
other mechanical parts. The model was built upon the data derived from cryo-imaging technique under some
key assumptions. We speculate that the model could be applicable to other block-face imaging technique such
as serial block-face scanning electron microscopy (SBEM), Microscopy with UV Surface Excitation (MUSE)
imaging, etc.

In this work, we presented the relationship between the slice thickness (X) and the detection sensitivity
(Sens) for the first time. This relationship was established under the key assumptions stating that all intensity
stable cells were evenly distributed with no overlap in a homogeneous tissue. With these assumptions, we could
derive mathematical models predicting the number of cell detections Eq. (11) and the Sens values Egs. (13)-(14)
for each sub-optimal choice of the slice thickness (X > X,,q). After running in silico simulations based on the
assumptions, we made the following observations. When X <X, the Sens value was constant at 100%, but
when X> X, ;qp it decreased as a non-linear function of X (Fig. 6A). The relationship in the sub-optimal range
was shown to be a reciprocal function of X Eq. (14). When plotted on a log-log scale, the relationship was linear
with a slope of -1 (Fig. 6B). We speculate that this relationship would hold true for real data if the fluorescent cells
behaved in a manner that was consistent with our key assumptions. Please note that we also developed a proba-
bilistic model to predict the sensitivity profile in cases where the cell distribution is not uniform Eqs. (7)-(10)
and with varying intensity Egs. (16)-(17).

We propose that the relationship could be used to estimate the true number of cells when one chooses a slice
thickness that is too large (X> X,,ia)- In many applications, it is necessary for cryo-imaging users to choose a
larger slice thickness in order to analyze a large piece of tissues such as pig hearts>*>**%, dog hearts”', or rabbit
tissues®®. As the sample volume is prohibitively large, a much larger slice thickness should be selected in order to
efficiently optimize the imaging time, the memory space, and other costs. However, the larger the slice thickness
beyond the X,,;,,, value was, the higher the number of false negatives. In order to mitigate this issue, we propose
that the relationship derived in Eqs. (14)-(15) can be used to estimate the true number of cells/microspheres. For
example, if researchers conducted a microsphere biodistribution study in a large animal and needed to set a large
slice thickness, say X=100 pm while X,,;;,, =58 pm. By doing so, the cell signals acquired in their image data
could be obtained with the sensitivity of only 58% (42% lost) as suggested by Eqs. (14)-(15). For correcting this,
one may consider multiplying the number of found microspheres by a factor of 1/Sens (1/0.58 in our example)

(B) Detection sensitivity (log scale)
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Figure 17. The effect of the cell overlapping on the detection sensitivity. With no overlap in the cell signals
(black line), the detection sensitivity starts to decrease exactly at the optimal slice thickness point. With the
overlap, the sensitivity linearly decreased started from the beginning (X=1 um) until reaching the optimal
slice thickness (X=44 um) where the sensitivity started to decrease hyperbolically. With higher degree of cell
overlapping (as determined by Density), the sensitivity decreased at a higher rate. Although the optimal points
are well-defined in all situations (at X =44 pm), the perfect sensitivity could not be maintained in all situations
(Sens<100%).
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for estimating the true number of fluorescent microspheres in the tissue. This knowledge allows cryo-imaging
operators to use larger slice thickness (much larger than X,,,;,..;)) without significant loss of the microspheres. Such
corrections could enable reduced scanning time of a large tissue such as a pig heart, going from days or weeks to
hours or days. This finding makes that analyses feasible that may not previously be otherwise.

We successfully validated the model using real data from two independent studies. The model describes well
the observations from the real data. The first dataset was from an experiment studying fluorescently labeled stem
cells in a mouse model>>!12, The second dataset was from another experiment studying fluorescent microsphere
biodistribution in a pig heart>?¢. By performing section-and-image simulation on these datasets, the measured
slice thickness and cell detection relationships were found to be well correlated with those from in silico simula-
tion results (Figs. 10 and 11). The correlations between the curves were more than 99%. We believe that this high
degree of matching was largely due to the fact that the fluorescent cell/microsphere distribution in the datasets
conformed with our assumptions (Figs. 4B and 5). Currently, we are working on cases where the cell distribution
in the sample is not consistent with the assumptions due to overlap or varied intensity. Examples of these are
pulmonary emboli in a lung tissue after intravenous injection of the cells (Fig. 4A), a tumor mass or metastasis
in a mouse model*'*1°, an aggregation of activated immune cells in secondary lymphoid organs>*!"12, etc.

By having a brighter fluorescent intensity, the slice thickness could be set to a larger value. Under the current
cryo-imaging protocol»>>'%, the datasets show that the fluorescent intensity values (Ij,,) of red microsphere, green
microsphere, and the quantum dot labeled stem cells were about 300, 87, and 38, respectively. The estimated
optimal slice thicknesses for these fluorescent microspheres and cells were 102, 58, and 43 um, respectively. If
slice thickness must be fixed, high cell brightness must be maintained so that signal presence in the output images
could be guaranteed. Our model suggests the cell intensity should not be lower than the minimum cell bright-
ness Iyyimq as described in Eq. (6). Since the fluorescently labeled cells were much dimmer than the fluorescent
microspheres, researchers need to ensure that the cells are fluorescently labeled with the intensity greater than the
recommended value. This could be done by several means. One example is to select only the bright cells through
the fluorescence-activated cell sorting (FACS) machine before the in vivo delivery. One should consider that cell
division, cell death, photobleaching of the fluorophores, and other factors could contribute to the cell brightness
variation. If a rapid loss in the cell brightness is expected, one might use a smaller slice thickness to compensate
for it. Another approach to increase the cell brightness is to increase the exposure time of the camera. Because
of high signal to noise ratio of the fluorophores, longer exposure time usually increases contrast of the cells of
interest. Again, brighter cells allow the operators to use larger slice thickness as described in Eq. (5). However,
by increasing the exposure time, it will lead to longer overall scan time. For scanning a pig heart (10 cm sample
thickness with 20 pum slice thickness, 5% 5 tiles per slice), it can take up to 3 days with a 1 s exposure time. By
increasing the exposure time to 2 s, the sample would need about a week to image. One would need to optimize
the exposure time and the slice thickness to balance the machine workload.

We recommend researchers to perform calibration experiments for generating “the sensitivity vs. slice thick-
ness” relationship prior to real experiments as described in Pseudocode 2. The relationship would reveal the
optimal slice thickness values as shown in Fig. 10. The calibration experiment can be performed by sectioning
the test tissue with a small slice thickness. Section-and-image simulation is then applied to the data to generate
the relationship between different values of slice thickness and detectability. The calibration experiments ensure
that the slice thickness is optimized for different experiments where the cell brightness is varying.

Moreover, we reported the detectability characteristics of situations where the key assumptions did not hold
(Figs. 12, 13, 14, 15, 16, 17). The simulations were to study the effects of (1) tissue inhomogeneity, (2) cell bright-
ness variations, and (3) cell signal overlapping on the detectability as observed in the sensitivity-thickness curves
(Figs. 13, 15, 17). Different situations resulted in different unique patterns in the sensitivity-thickness curves as
explained in the Results section. We believe that these characteristics of the curves can be used to assess if the
key assumptions hold in any experiment. In all simulations, the detection sensitivities were not at 100% even if
the operator cut the sample with the optimal slice thickness [as determined by Eq. (5)]. The optimal points tend
to retrace back further (toward smaller values) depending on the degree of the key assumption violation. Thus,
we recommend the operator to use a smaller slice thickness to minimize the sensitivity reduction if the violation
is expected. Oftentimes, researchers analyze one organ at a time instead of analyzing a sample of mixed different
tissues. For example, cell/microsphere distribution in a single organ as presented in this paper. In such a case,
the effect of the y; variability can be minimal because the parameter value can be estimated separately for each
tissue type. Some problems, such as cell signal overlap or irregular distribution, can be solved digitally using
image processing techniques. Our group®>* as well as others’ proposed algorithms that can effectively separate
two (or more) overlapping sub-surface fluorescent signals in the cryo-imaging data.

Finally, we showed that cryo-imaging technology could be used to track fluorescent cells and microspheres
anywhere in the entire animal with microscopic sensitivity. In this study, datasets from two different experiments
were used. These included fluorescently labeled cells in a mouse model (Fig. 4) and fluorescent microspheres in
a pig heart (Fig. 5). With carefully chosen imaging parameters, cryo-imaging could yield a recovery rate (num-
ber of detections/delivery) as high as 94%. We believe that cryo-imaging could provide image data with similar
recovery rates in other biological applications such as drug delivery, blood perfusion, cancer metastasis, etc.

In conclusion, we presented a model describing the relationship between the fluorescent cell detection and
the slice thickness for a section-and-image cryo-imaging system. The model could be used to suggest the optimal
slice thickness value that guarantees ideal detection of fluorescent cells while minimizing scan time. We also
successfully validated the model using fluorescent microsphere data and fluorescently labeled stem cell data.
The model also provides a correction factor to account for degraded sensitivity at suboptimal slice thickness.
We recommend acquiring a thin slice calibration dataset for every scan that involves absolute quantification
of fluorophore spatial distribution, thus serving as quality assurance in the case that a correction is needed. As
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cryo-imaging technology has been used in many biological applications, this work plays a role in increasing both
experimental throughput and quality assurance, thus further advancing its usability and reliability.

Data availability
The datasets and the source codes, that are used/generated/analyzed during the current study, are available from
the corresponding author on reasonable request.
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