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Spatial subcellular organelle
networks in single cells
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Organelles play important roles in human health and disease, such as maintaining homeostasis,
regulating growth and aging, and generating energy. Organelle diversity in cells not only exists
between cell types but also between individual cells. Therefore, studying the distribution of
organelles at the single-cell level is important to understand cellular function. Mesenchymal stem
cells are multipotent cells that have been explored as a therapeutic method for treating a variety

of diseases. Studying how organelles are structured in these cells can answer questions about their
characteristics and potential. Herein, rapid multiplexed immunofluorescence (RapMIF) was performed
to understand the spatial organization of 10 organelle proteins and the interactions between them in
the bone marrow (BM) and umbilical cord (UC) mesenchymal stem cells (MSCs). Spatial correlations,
colocalization, clustering, statistical tests, texture, and morphological analyses were conducted at
the single cell level, shedding light onto the interrelations between the organelles and comparisons
of the two MSC subtypes. Such analytics toolsets indicated that UC MSCs exhibited higher organelle
expression and spatially spread distribution of mitochondria accompanied by several other organelles
compared to BM MSCs. This data-driven single-cell approach provided by rapid subcellular proteomic
imaging enables personalized stem cell therapeutics.

Cells perform different functions like providing structure and support, facilitating growth, producing energy,
etc. to support and sustain life. These activities are handled by various subcellular structures termed organelles
such as the nucleus, mitochondria, endoplasmic reticulum, and Golgi apparatus'. Organelles cooperate to form
a network of interactions that enable different cellular activities®. Therefore, studying organelle interactions is
key to understanding how cells function more comprehensively. Cell-to-cell variability is observed not only
between cell types but also between cells of the same type, resulting in molecularly and functionally distinct
cells®. Such differences may contribute to the health and function of the entire organism. Multiple factors, such
as microenvironment variability, differences in the cellular stages, genetics or epigenetics, or fluctuations in gene
expression levels, can cause this heterogeneity. Single-cell analysis approaches are thus useful in investigating
aspects of cellular mechanisms that are not revealed in bulk-level studies*”.

The use of mesenchymal stem cells (MSCs) has become a promising therapeutic method for treating a variety
of diseases, as they can repair damaged cells by differentiating into replacement cells and modulating immune
responses® 1. Therefore, analyzing the spatial organelle networks within MSCs can lead to a better understanding
of cell functions to design appropriate treatment methods'?'¢. Although there have been recent studies focusing
on spatial organelle analysis, these studies have used spatial data of each organelle from different cells, which
reduces the accuracy of the resulting spatial information'’. As such, a highly multiplexed protein imaging and
analysis method is needed to obtain spatial information on organelles within the same cell, which can then be
used to compare and understand differences in spatial organization between different cell types. In addition to
intra-population variability, the most commonly used'®, readily available stem cells sourced from bone marrow
(BM) and postnatal umbilical cord (UC) introduce additional variables for the study. These cells display differ-
ent molecular profiles, differentiation potential, and therapeutic efficacy', and there is little consensus on how
much, if any, the effect that MSC source has on outcome®.
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Highly multiplexed imaging technologies enable the detection of multiple proteins in a single cell. Imaging
mass cytometry (IMC)?' and multiplexed ion beam imaging (MIBI)* can image up to 36 proteins using isotope-
labeled antibody libraries and specialized equipment. However, these measurements are limited by their low
resolution of about 0.5 to 1-um. High-dimensional fluorescence imaging methods can map up to 50 proteins
and include DNA-barcoded co-detection by indexing (CODEX) imaging®, multiplexed immunofluorescence
microscopy (MxIF)?, and cyclic and sequential IF techniques®*-2%. While conventional immunofluorescence
(IF) is time-consuming, rapid multiplexed immunofluorescence (RapMIF) provides multiplicity through quick
multiple rounds of immunostaining and fluorophore inactivation. RapMIF enables high-throughput in situ
proteomic analysis using conventional microscopes.

Herein, we established a rapid protein analysis pipeline for deciphering spatial organelle networks within a
single cell. To achieve this, proteins in key organelles in mesenchymal stem cells (MSCs) such as the nucleus,
mitochondria, Golgi, and endoplasmic reticulum (ER) have been targeted using antibodies. Multiplexed protein
imaging was performed to examine the spatial organization of organelles and the interactions between orga-
nelles in MSCs. The analysis of organelle interactions on a single-cell level can eventually aid the stem-cell field
in better understanding cell functions and exploring treatment methods using MSCs. Differences in organelle
localization, interactions, and associated energy highlight the MSC heterogeneity from donor sources that will
better inform therapeutic cell designs.

Results
Multiplexed protein labeling reveals spatially resolved subcellular organelle maps in tis-
sue-specific MSCs. To measure single-cell organelle distributions, we profiled subcellular localization of
organelle proteins in the bone marrow and umbilical cord MSCs using RapMIF (Fig. 1a, Supplementary Fig. 1a).
Multiple markers colocalized in different cellular regions, including mitochondria (TOM20 and HSP60), the
Golgi (Sortilin, GOLPH4, and Wheat Germ Agglutinin: WGA), endoplasmic reticulum (ATF6 and Concanava-
lin A), nucleolus (Nucleolin), microtubules (3-Tubulin), and actin filaments (Phalloidin) (Fig. 1b, Supplemen-
tary Figs. 1b and 2). These colocalizations were quantified using scatter plots, correlation coeflicients, clustering,
and texture analysis to understand the spatial organization of these markers and the interactions between them.
From the 10-plex data, up to 25 cells (BM and UC MSCs combined) were selected for each marker. The
scatter plots of intensity were calculated by random sampling of 50,000 pixel intensity values from all the cells
for each marker pair targeting the same organelle. The scatter plots showed similar distribution for BM and UC
MSCs for mitochondria targeting markers, implying similar interactions between the mitochondria markers in
the two cell types (Fig. 2). However, the point distribution difference in scatter plots for Golgi and ER markers
between BM and UC MSCs can be attributed to differences in interactions and the subcellular targets of the
markers in the two cell types.

UC MSC organelles exhibit higher protein expression over a larger spatial area. To quantify
organelle interrelation patterns, pairwise Pearsons correlation and pixel overlap colocalization values were
obtained for each unique marker pair and plotted as boxplots with the Mann-Whitney test to observe sig-
nificance (p<0.05) (Fig. 3a, b, Supplementary Tables 1, 2, 3, and 4). Some marker pairs consistently showed
significance in both the plots (ATF6_DAPI, p-Tubulin_ GOLPH4, and p-Tubulin_TOM20) indicating a differ-
ence in colocalization between BM and UC MSCs. In general, marker pairs containing ATF6, f-Tubulin, DAPI,
GOLPH4, and HSP60 expressed significant differences in distribution between the two cell types. Overall, UC
MSCs showed more colocalization between ER (ATF6, Concanavalin A) and mitochondria (HSP60 TOM20)
pairs, suggesting more crosstalk between their organelles. Other than the pairwise plots, the area and average
intensity values of each marker were obtained per cell and compared between BM and UC MSCs (Fig. 3¢, d,
Supplementary Tables 5 and 6). While the distribution of area and intensity exhibited weak significant p values
for any marker, UC MSC organelles, in general, exhibited higher protein expression for organelle markers and
larger mean area per marker. The median area of UC MSCs was higher than the median area of BM MSCs except
for Concanavalin A. The range of average intensity values for UC MSCs was higher than the range for BM MSCs.
This could be due to higher cell-to-cell variability in intensity values for UC MSCs compared to BM MSCs.

Organelles share distinct pixel overlap colocalizations within single BMand UCMSCs.  Because
BM and UC MSCs expressed different spatial organelle patterns, we reasoned these differences could be reca-
pitulated in their single-cell distributions. Single-cell analysis and comparisons were performed by selecting 4
organelle protein markers (ATF6, GOLPH4, Nucleolin, and TOM20) for 7 BM and UC MSCs. DAPI was used
as an additional marker to locate the nucleus. These markers were selected based on their specificity to the target
organelle (Supplementary Table 1). Phalloidin, Concanavalin A, and WGA, while highlighting organelles and
cellular components, also work as cell segmentation markers, and are therefore less specific®. While TOM20
and HSP60 both colocalize in mitochondria, HSP60 can also be found in extramitochondrial regions such as
the cytosol, vesicles, and the cell membrane®*-*2. Similarly, Sortilin can be found in regions other than the Golgi,
such as endosomes and lysosomes, whereas GOLPH4 is predominantly localized in the Golgi****.

To explore how organelles colocalized in subcellular regions, we used two metrics, including Pearson’s cor-
relation and pixel overlap colocalization. Pearson’s correlation coefficients between the selected markers for each
cell were calculated, and the average values for BM and UC MSCs were plotted as a heatmap with dendrograms
(Fig. 4a, Supplementary Figs. 3 and 4, Supplementary Table 7). The elements of the correlation heatmaps denote
the location concordance between the nuclear and cytosolic markers'”**. ATF6 has a higher correlation with
nuclear markers in UC MSCs than in BM MSCs. On the other hand, GOLPH4 has a slightly lower correlation
with ATF6 and TOM20 in UC cells compared to the BM cells. In general, UC MSCs exhibit higher spatial
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Figure 1. Ten-plex organelle mapping in mesenchymal stem cells using rapid multiplexed
immunofluorescence (RapMIF). (a) Schematic of RapMIF for organelle analysis in MSCs. Each cycle contains

3 conjugated antibodies plus 4',6-diamidino-2-phenylindole (DAPI) followed by bleaching of the signal before
the next cycle consisting of 3 new antibodies. Imaging of the 3 antibodies before and after bleaching confirms
the presence of signal and then signal removal. Multiplex imaging consists of multiple cycles (n) of antibody
labeling and bleaching. BM MSCs (brown) and UC MSCs (cyan) are labeled with the same multiplex antibodies
that target the same set of organelles. All images are acquired on Nikon widefield and registered across cycles

to produce a final set of multiplex-labeled images. Example images show Beta Tubulin (magenta, left) and
TOM20 (red, right) overlaid with the nucleus in DAPI (blue). Created with BioRender.com. (b) Visualization
of organelle markers in single cells from BM MSCs and UC MSCs. Each row corresponds to a distinct single
cell. The top 2 rows show BM MSCs and the bottom 2 rows show UC MSCs. Multiplexed markers for the same
cell are displayed across 4 columns (Column 1: ATF6 & Concanavalin A, Column 2: Beta Tubulin & Phalloidin,
Column 3: GOLPH4 & Sortilin, Column 4: HSP60 & TOM20, Column 5: Nucleolin & WGA). Each image
displays DAPI with a pair of organelle markers in magenta and green. DAPI is used to register the signals across
cycles. Signal removal is confirmed with a widefield microscope after bleaching each cycle. All scale bars 10 um.
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Figure 2. Comparison of protein markers targeting the same organelles in BM MSCs and UC MSCs. (a) Single BM
MSC example with various organelles across the columns. Each organelle is shown by a marker pair: HSP60 & TOM20
(mitochondria, left), GOLPH4 & Sortilin (Golgi, middle), ATF6 & Concanavalin A (ER, right). All scale bars 10 pm.
The bottom row shows intensity scatter plots with 50,000 pixels for each marker pair colocalized within the same
organelle. The x and y-axis indicate the min-max scaled intensity values of the markers. More colocalized pixels appear
closer to the y=x diagonal while less colocalized pixels appear closer to either axis, belonging more to that particular
marker. In BM MSCs, mitochondria antibodies are more colocalized than either Golgi or ER. (b) Single UC MSC
example with various organelles across the columns. Each organelle is shown by a marker pair: HSP60 & TOM20
(mitochondria, left), GOLPH4 & Sortilin (Golgi, middle), ATF6 & Concanavalin A (ER, right). All scale bars 10 pm.
The bottom row shows intensity scatter plots with 50,000 pixels for each marker pair colocalized within the same
organelle. The x and y-axis indicate the min-max scaled intensity values of the markers. More colocalized pixels appear
closer to the y=x diagonal while less colocalized pixels appear closer to either axis, belonging more to that particular
marker. In UC MSCs, ER antibodies are more colocalized than either mitochondria or Golgi.
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correlation than BM MSCs between nucleus and cytosol, suggesting that UC MSC organelles are spread over a
larger area, agreeing well with Fig. 3¢, and are thus considered as energetically more active cells in their func-
tion. To study the single-cell variation in correlation coefficients in the cells, the pairwise correlation coefficients
were plotted as a heatmap across all cells (Fig. 4a, right). The heatmap shows the cell-to-cell variation in the
correlation coefficients between marker pairs and also indicates the differences between BM and UC cells. Some
markers exhibit higher cell-to-cell variability. The correlation coeflicients between marker pairs Nucleolin_DAPI,
GOLPH4_ATF6, TOM20_GOLPH4, and TOM20_ATF6 are higher than other marker pairs for most of the cells.
These pairs also have a higher correlation in BM than UC MSCs, revealing that nuclear pairs and cytosol pairs
are more separated in BM than in UC MSCs. Likewise, the pairwise correlation coeflicients for Nucleolin_ATF6
and DAPI_ATF6 are higher in UC MSCs compared to BM MSCs, indicating a higher interaction between the
nucleus and ER in UC MSCs. Interestingly, the same trend is less prominent for interaction between the nucleus
and mitochondria (e.g. DAPI_TOM20, Nucleolin_TOM20). These differences in correlation values suggest that
the UC MSCs possess more prevalent proteomic activity in their organelles than BM MSCs.

Pixel overlap colocalization, i.e., the metric that counts the number of overlapping pixels after thresholding
normalized to the cell area, was another method to measure colocalization between the markers for each cell.
These average values were then plotted as a heatmap (Fig. 4b, Supplementary Figs. 5 and 6, Supplementary
Table 8). This parameter is similar to Mander’s coefficients, except that it gives an absolute number of pixels that
are overlapping between the two images®. Similar to Pearson’s correlation, UC MSCs show higher pixel overlaps
than BM MSCs, especially between DAPI and ATF6, again suggesting more crosstalk between the nucleus and
ER in UC MSCs. The colocalization for BM MSCs and UC MSCs was combined and plotted as another heatmap
to compare the cell-to-cell differences (Fig. 4b, right). A few UC MSCs express marker pairs differently than the
rest of the cells, suggesting more single-cell variability in that population. Among the organelle markers, there is
higher pixel overlap colocalization in Nucleolin_DAPI, GOLPH4_ATF6, TOM20_GOLPH4, and TOM20_ATFé6,
implying fewer interactions between nucleus and cytosol except for a few UC MSCs: 10, 12, 13, and 14. The higher
single cell variability in UC MSCs is consistent with the observation from Pearson’s correlation coefficient. The
pixel overlap colocalization between cytosolic markers and nuclear markers was expectedly low, which was also
observed in Pearson’s correlation coeflicient.

Spatial spread over major and minor axes of organelles distinguishes UC and BM MSCs better
than areaonly. Inaddition to colocalization differences, we hypothesized that there are considerable differ-
ences in morphology and size between UC and BM MSCs. The heatmaps of different markers’ areas indicate that
UC MSCs and BM MSCs show more differences along major and minor axes than area (Fig. 4c, Supplementary
Table 9), suggesting that organelles are expressed in different morphology and shapes rather than varying in
area. This is especially crucial with TOM20, which suggests a stark difference in mitochondrial energetic activity.
ATF6 and TOM20 have similar areas, while GOLPH4 has a smaller area by comparison. The nuclear markers are
smaller in comparison to the cytosolic markers. The major and minor axis heatmaps show a better distinction
between BM MSCs and UC MSCs (Fig. 4c, Supplementary Tables 10 and 11). As expected, the markers found
in the nucleus, DAPI, and Nucleolin have smaller major and minor axis values across all cells. TOM20 has the
largest major and minor axis values, followed by ATF6 and then GOLPH4. Differences in spatial spreading in
TOM20 and ATF6 expression are attributable to more UC than BM MSCs. The mitochondria being larger than
the ER also suggests a more energetically active state for these UC MSCs.

UC-MSCs display consistently higher mitochondrial expression than BM-MSCs.  To statistically
benchmark how differently single cells express the same organelle, we implemented the Kolmogorov-Smirnov
(K-S) hypothesis test to highlight significant differences between the spatial distribution of organelle marker
pairs, including GOLPH4/Sortilin and TOM20/HSP60 (Fig. 4d, Supplementary Table 12). Concerning their spa-
tial distributions around the cell’s center of mass, GOLPH4 and Sortilin, which both target the Golgi apparatus,
express similar patterns within most BM and UC MSCs. On the other hand, spatial distributions concerning the
cell’s center of mass for HSP60 and TOM20, which both target the mitochondria, exhibit different spatial pat-
terns within more BM MSCs than UC MSCs (Fig. 4d). A few cells exhibit moderate or no levels of significance
between HSP60 and TOM?20 spatial expression. Between the two cell types, BM MSCs show a higher amount of
significant differences between the spatial distributions of the markers compared to UC MSCs, indicating higher
single-cell variability in the expression of markers. Since UC MSCs exhibit larger HSP60 and TOM20 areas
(Fig. 3c) with more variable intensities (Fig. 3d), we conclude that UC MSCs are more uniformly expressing
higher mitochondrial activity, and, thus, UC MSCs are more energetic than BM MSCs.

Multiplexed pixel clustering indicates cell-type specific organelle interactions. We asked
whether there are more organelle interactions beyond colocalized nucleus and cytosol or not. To uncover this
puzzling question about organelle interactions, unsupervised, pixel-level clustering was performed on the data-
set consisting of intensity values of all the markers®. The goal of performing pixel-level clustering is to identify a
subset of pixels that share a unique multiplexed intensity profile. These clusters could indicate an organelle pat-
tern or regions of similar functionality, and their hierarchical relationship reveals communication among them.
The K-Means clustering algorithm was used to group the pixels into 10 clusters. The two cell types were clustered
independently, and the resultant clusters were colored back on the images of the single cells. The spatial mapping
of a single cell’s clustered regions was compared with the organelle colocalization calculated as the product of
markers targeting that organelle (Fig. 5, left). The pixel-level clustering algorithm highlighted certain organelle
patterns, notably showing a distinction between the nucleus and cytosol. The organelle marker distributions of
each cluster were plotted as cluster maps (Fig. 5, right). The dendrograms show different hierarchical clustering
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«Figure 3. Spatial analysis of organelle colocalization in BM MSCs and UC MSCs. (a) Boxplots of Pearson’s
correlation of marker pairs per cell between all BM MSCs (blue) and UC MSCs (orange) categorized by
nuclear, cytoskeleton, and organelle markers. Box plots show the median, first and third quartile, minimum,
and maximum (excluding outliers). The outliers are marked as individual points. Stars denote the statistical
significance for pairwise comparison. p value was calculated using the Mann-Whitney test (ns: p> =0.05,
< =0.0001). BM MSCs and UC MSCs exhibit the greatest differences in colocalized expression among
pairs that include mitochondria (TOM20, HSP60), cytoskeleton (Beta Tubulin, Phalloidin), and endoplasmic
reticulum (Concanavalin A). (b) Boxplots of pixel overlap colocalization values of marker pairs per cell between
all BM MSCs (blue) and UC MSCs (orange) categorized by nuclear, cytoskeleton, and organelle markers. Box
plots show the median, first and third quartile, minimum, and maximum (excluding outliers). The outliers
are marked as individual points. Stars denote the statistical significance for pairwise comparison. p value
was calculated using the Mann-Whitney test (ns: p> =0.05, ***p < =0.0001). UC MSC markers express a
higher fraction of colocalized pixels in ER (ATF6, Concanavalin A) and mitochondria (HSP60) than those
of BM MSCs, suggesting more active crosstalk of organelles in UC MSCs. (¢) Comparison of the total area
of 11 markers per cell between all BM MSCs (blue) and UC MSCs (orange) using boxplots. Box plots show
the median, first and third quartile, minimum, and maximum (excluding outliers). The outliers are marked
as individual points. Stars denote the statistical significance for pairwise comparison. p value was calculated
using the Mann-Whitney test (ns: p > =0.05, ***p < =0.0001). UC MSC markers generally express larger and
more variable areas than those of BM MSCs, suggesting that these organelles serve a higher energetic role in
UC MSCs. (d) Comparison of the total intensity of 11 markers per cell between all BM MSCs (blue) and UC
MSCs (orange) using boxplots. Box plots show the median, first and third quartile, minimum, and maximum
(excluding outliers). The outliers are marked as individual points. Stars denote the statistical significance for
pairwise comparison. p value was calculated using the Mann-Whitney test (ns: p> =0.05, ****p < =0.0001.
Markers in UC MSCs express a larger range of intensities than in BM MSCs and thus these UC MSC organelles
are in a more active state.

patterns and cluster intensities across markers for BM and UC cells. TOM20 is directly associated with ATF6
or GOLPH4 in both UC and BM MSCs, suggesting crosstalk between mitochondria and ER (Fig. 5a,b, right).
DAPI and Nucleoli are also directly linked in both of these cell types, implying segregation of nuclear interaction
before reaching the cytosol. The clustering results also indicate a stronger association of GOLPH4 and TOM20
in BM than in UC MSCs (Fig. 5, right bottom), which suggests more crosstalk between ER and mitochondria in
BM MSCs. Given the potential higher energetic activity of UC MSCs observed in previous sections, the organelle
energy is directed elsewhere than the ER in UC MSCs.

Superpixel segmentation informs content-aware spatially distinct features of each organelle
inUCand BM MSCs. Finally, to evaluate the spatially distinct features of our area and colocalization results
(Fig. 4c), we analyzed several organelles with a superpixel segmentation approach using K-Means*. In this
technique, the content-aware texture features were calculated to observe the spatial patterns of each marker. The
various texture features used pixel intensity, energy Laplacian, modified Laplacian, diagonal Laplacian, variance
Laplacian, and gray level variance. The images were segmented into superpixels by grouping the pixels around
dense organelle regions across several subcellular partitions (n=250), and the different texture features were
calculated for each marker (Fig. 6a). The texture feature plots highlight the variations in the spatial organization
of the marker. The superpixels containing the highest texture features indicate the region of maximum colocali-
zation for each marker. Heatmaps of the texture features were obtained for each marker to compare the spatial
patterns between BM and UC MSCs (Fig. 6b). The heatmaps indicate some similarities in texture features within
BM and UC MSC superpixels. ATF6, DAPI, GOLPH4, and TOM?20 in particular show higher similarity within
each cell type, based on the number of superpixels clustered together. For nuclear markers, pixel intensity, gray
level variance, and variance Laplacian illustrated clearer regions than the other methods (Fig. 6a). Modified
and diagonal Laplacian features produced more spread results for all the markers, and are thus less informative.
Interestingly, GOLPH4 and ATF6 were shown to localize in different hotspots around the cytosol as seen with
energy Laplacian and variance Laplacian. This spread explains its colocalization with mitochondria seen in pre-
vious figures because a more discontinuous, spread organelle has a higher likelihood of colocalizing with other
organelles in the cytosol. Quantification of texture features demonstrated that modified and diagonal Lapla-
cians yield higher superpixel values, especially in UC MSCs (Fig. 6b), yielding additional content-aware spatial
features to complement the previously discussed higher energetic activity of UC MSCs compared to BM MSCs.

Virtual reality enables interactive visualization and quantification of spatial organelle maps
of MSCs. In addition to the open-source and user-based analysis of organelle data, the multiplexed prot-
eomic images were interactively visualized in Virtual Reality (VR)*® platform using the software Confocal VR
and Genuage to visually explore our quantitative findings in an immersive experiential learning environment.
In Confocal VR, organelle markers targeting the same organelle (Column 1: ATF6 & Concanavalin A, Col-
umn 2: Beta Tubulin & Nucleolin, Column 3: GOLPH4 & Sortilin, Column 4: Phalloidin & WGA, Column 5:
TOM20 & HSP60) were visualized together to observe regions of colocalization (Fig. 7a, Supplementary Fig. 7).
Histograms of the count of pixels in bin widths of 12.5 pixels (108 nm/pixel, bin width 1.354 um) were plotted
for each marker in a single BM USC using VR headset and Genuage (Fig. 7b) to examine the difference in the
spatial distribution of the markers within a cell. In VR-based explorations, TOM20, HSP60, ATF6, GOLPH4,
and Beta Tubulin demonstrated non-overlapping regions of the cytosol and overlapping hotspots, yielding spa-
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«Figure 4. Multiplexed protein analysis of organelle markers in BM MSCs and UC MSCs. (a) Average Pearson’s
correlation of the total intensity of 5 markers in BM MSCs and UC MSCs per marker per cell plotted as a
heatmap. BM MSCs are shown on the left, UC MSCs are shown in the middle, and combined Pearson’s for
each cell is shown on the right. The comparison of the correlation of 5 markers between BM MSCs (n=7)
and UC MSCs (n="7) was provided as a heatmap using the average linkage method based on the correlation
distance. Larger correlation values are shown in red and smaller correlation values are shown in blue. BM
MSCs possess more separation between nuclear and cytosolic organelles while UC MSCs are less separated,
which illustrates that UC MSC organelles are more spread across the cell. The right side shows the single-
cell heatmap for all marker pairs. UC MSCs exhibit higher correlations in DAPI_ATF6, TOM20_ATF6, and
Nucleolin_ATF6, suggesting more crosstalk between nuclear and cytosolic organelles. Single BM MSCs exhibit
stronger correlations within nuclear or cytosol pairs e.g. Nucleolin_ DAPI, GOLPH4_ATF6, TOM20_GOLPH4,
implying that nucleus and cytosol organelles are more segregated in BM MSCs, which agrees with the left
heatmap. (b) Average pixel overlap colocalization between 5 markers in BM MSCs and UC MSCs per marker
per cell plotted as a heatmap. The comparison of pixel overlap between BM MSCs (left) and UC MSCs (middle)
was provided as a heatmap using the average linkage method based on the contact frequency distance. The
combined pixel overlap on a single cell level is shown on the right. Large pixel overlap values are shown in red
and small pixel overlap values are shown in blue. UC MSCs possess slightly higher pixel overlap values among
organelles in different compartments (nuclear vs cytoskeleton) but this difference is less pronounced than in (a).
A few UC MSCs (10, 12, 13, 14) show distinct patterns from other UC MSCs in terms of weaker pixel overlap in
Nucleolin_ DAPI, GOLPH4_ATF6, TOM20_GOLPH4, Nucleolin_ ATF6, TOM20_Nucleolin. UC MSCs exhibit
higher variability in pixel overlap. (c) Heatmaps were generated to compare the morphological features and to
determine any close relationships or associations between markers and between BM MSCs (red) and UC MSCs
(teal). Morphology is defined as area (left), minor axis (middle), and major axis (right). Both cell types exhibit
more differences in minor and major axes and fewer differences in terms of area, implying that organelles differ
more in shape and less in expression area. The most notable difference is TOM20, suggesting a difference in
mitochondrial energetic activity. Most differences, such as TOM20 and ATF6, are attributable to UC MSCs,
suggesting more single-cell variability among UC MSCs. (d) Kolmogorov-Smirnov (K-S) hypothesis test was
conducted between organelle marker pairs targeting the mitochondria (TOM20 and HSP60; left) and Golgi
(GOLPH4 and Sortilin; right) to study if similar proteins express different spatial distributions within each cell.
Single BM MSC:s are shown in red while single UC MSCs are shown in teal. In terms of spatial mitochondrial
expression, BM MSCs have more single-cell variability while UC MSCs express more uniformly. BM MSCs
possess more single-cell variability than UC MSCs concerning spatial ER expression.

tially variant and distinct histogram shape following organelle interactions and individual marker expressions
(Fig. 7b). On the other hand, DAPI, Nucleolin, Sortilin, Concanavalin A, and Phalloidin exhibited more spatially
continuous regional expression in the VR-based histograms. Thereby, as illustrated in the VR-based organelle
visualizations and interactive quantifications, the incorporation of virtual reality into spatial omics datasets will
enable the interactive discovery of spatially modulated patterns in multiplexed molecular datasets from health
and disease settings.

Discussion

Image analysis technology for investigating cell features in biological research has advanced significantly over the
past several decades. Finding protein associations within cells through spatial image analysis has the potential
to deepen our understanding of their microenvironment and how their structural organization changes as cells
transition from normal to abnormal cell behaviors. This work focused on observing spatial organelle distribution
in two types of MSCs-BM and UC—and studying their differences. RapMIF was performed using antibodies that
target the organelles to understand colocalization across the proteins. Multiplex analysis of organelle markers
indicated differences in the spatial organization of different organelle proteins in BM and UC MSCs. Interactions
between the proteins were compared using Pearson’s correlation coefficients and colocalization, which revealed
differences between BM and UC cells. Pixel-level clustering, morphology, and texture analysis methods also
showed a considerable organelle networking difference between the two cell types. Organelle phenotypes and
their energy changes have been linked to stem cell fate, signaling, and therefore function®**. For example, the
ER-mitochondria linkage has been implicated in lipid and energy metabolism as well as apoptosis signaling®'.
Since organelle phenotypes indicate changes in cell energy that affect cell function, it is important to study these
phenotypes to improve future therapeutics.

This study demonstrated a RapMIF protocol to perform spatial profiling of organelles in single cells using 10
protein markers. The targets of these proteins were limited to key organelles, namely mitochondria, the Golgi,
ER, the nucleus, and the nucleolus. To obtain a comprehensive understanding of cell behavior, proteins targeting
other organelles, such as the peroxisomes, need to be included in the study. An important point that needs to
be considered while selecting these proteins is the target organelle. While some proteins colocalize in a single
organelle, some are chaperones and therefore move between different cellular components. These proteins can
be useful to understand communication between organelles, providing insights into the functionality of the cells.
However, it is important to consider multiple roles in the spatial and temporal coordination of such proteins to
answer questions about the structural organization of the organelles.

A limitation of this study is the number of cells considered for analysis. Imaging of the sample performed
manually at high magnification (60x) is time-consuming, and therefore the number of regions captured was lim-
ited. Discarding cells that had image quality issues resulted in a small dataset of 14 cells (7 BM and 7 UC MSCs).
Automated imaging is a potential way to overcome this limitation, as it can assist with capturing more regions,
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«Figure 5. Pixel level clustering of organelle markers in BM MSCs and UC MSCs. (a) K-Means clustering
of intensities of markers for a single BM MSC. 10 clusters were chosen and colored back on the original cell
(large left). Each cluster represents one distinct expression profile of the protein markers in the cells. A pair
of images are shown for each organelle (mitochondria, Golgi, Nucleus, ER): (1) an overlay of the two markers
that target the organelle (right) and (2) the colocalization of the two markers obtained by multiplying the two
marker images pixel-wise from the right to highlight areas of overlap (left). Example: ATF6 and Concanavalin
A forming the ER localization. Yellow values indicate areas of higher overlap while red values indicate areas
of lower overlap. The right side shows the heatmap of marker intensity with a dendrogram based on marker
intensities (right, top) and clustering results (right, bottom). From the dendrogram based on marker intensities,
GOLPH4 and TOM20 are directly linked, along with ATF6. This suggests moderate crosstalk between ER and
mitochondria, especially in cluster 8. Nuclear organelles DAPI and Nucleolin are associated in a separate cluster.
(b) K-Means clustering of intensities of markers for a single UC MSC. 10 clusters were chosen and colored back
on the original cell (large left). Each cluster represents one distinct expression profile of the protein markers
in the cells. A pair of images are shown for each organelle (mitochondria, Golgi, Nucleus, ER): (1) an overlay
of the two markers that target the organelle (right) and (2) the colocalization of the two markers obtained by
multiplying the two marker images pixel-wise from the right to highlight areas of overlap (left). Example: ATF6
and Concanavalin A forming the ER localization. Yellow values indicate areas of higher overlap while red values
indicate areas of lower overlap. The right side shows the heatmap of marker intensity with a dendrogram based
on marker intensities (right, top) and clustering results (right, bottom). From the dendrogram based on marker
intensities, ATF6 and TOM20 exhibit moderate crosstalk (clusters 3, 7, 8) but not as intensely as the BM MSC in
(a).

and therefore more cells. This study considered two-dimensional (2D) data, but using three-dimensional (3D)
high-resolution data could improve organelle network mapping and provide more insights into interactions and
colocalization. Additionally, organelle contacts and interdependency between the locations of different organelles
could be better understood by using 3D data.

The differences between BM and UC MSCs have been well characterized in terms of regenerative, prolifera-
tive, differentiation, and clinical outcomes'®*~**. Our study examines the organelle-specific activity differences
among single cells from each tissue source. The detected activity differences can be attributed to energetic
demand differences from their in situ origin. For example, since UC MSCs are typically derived from infants
and BM MSCs originate from older, more mature adults, the difference in each population’s energy needs can
be observed in the MSC population. UC MSCs were observed to exhibit higher organelle colocalization patterns
(Fig. 3a,b), more variable intensity and expression areas (Fig. 3¢,d), and less single-cell variability (Fig. 4d) than
BM MSCs, suggesting that UC MSCs may be more uniformly and energetically active to satisfy the high energy
demands of rapidly changing infant developmental processes and growth. On the other hand, BM MSCs should
be reflective of older, sedentary, less active adults. Thus, we observed more uniform, lower intensity, and lower
area expression patterns than UC MSCs (Fig. 3). The similar patterns between BM and UC MSCs verified with
superpixel segmentation suggest that these differences are less obvious to the eye and more minutely varying in
multiplexed organelle maps (Fig. 6).

Previous studies have investigated energetic differences between BM and UC MSCs***’. For example, by
measuring lactate from glycolysis, UC MSCs have been shown to produce less lactate than BM MSCs in hypoxic,
normoxic, and hyperoxic conditions. Additionally, UC MSCs can adapt more than BM MSCs to a wider range
of oxygen conditions as supported by oxygen consumption rates*. UC MSCs were able to alter energetic and
metabolic levels in response to oxygen-varying environments compared to other types of MSCs. Our study sup-
ports these findings at the single-cell level by illustrating more colocalized organelle patterns that possess more
variable intensity over larger spatial areas (Fig. 3). UC MSCs also show less cell-to-cell variability in organelle
expression (Fig. 4d). Overall, our findings support the energetically higher and adaptive nature of UC MSCs than
BM MSC:s that are attributable to energetic demands between the tissue sources of younger and older patients.

While these results could answer some questions about spatial differences, further experiments are needed
to answer specific questions about energy. Energy levels between UC MSCs and BM MSCs can be compared
by studying how organelles change when cultured in different oxygen conditions'®. Metabolic enzyme proteins
can also be used to study energy differences. Combining live imaging with multiplexing will provide spatial and
temporal resolution, thus enabling further understanding of organelle interactions*®. Comparing the difference
in organelle enrichment, such as between mitochondria to cytoplasm ratio and ER abundance, provides another
interesting point of research for future inquiry. These differences could also reveal details about the functioning
of stem cells before their use in therapies.

Another experimental consideration is phase separation, a spatiotemporal process in cells* and a mechanism
used in biomolecular assembly. Various membrane-less organelles are formed through liquid-liquid phase sepa-
ration; these organelles can be added to the multiplex profiling panel®. Combining spatial organelle network
analysis with studying phase separation will shed light on the biophysics of the biomolecular condensates®'.
Dynamic regulation of phase separation can also be used to understand how organelle interactions are affected
during phase transitions in cellular molecules®>.

To evaluate the mechanisms of how different protein/organelle phenotypes contribute to cell-specific func-
tions, the transcriptome and proteome levels of primary cells and cell lines could be compared. Cell line experi-
ments are a well-established approach because they are readily available and cost-effective. However, culturing
cells in the media makes them lack tissue architecture and heterogeneity. Cells in culture can have different
molecular phenotypes from cells in vivo®. Therefore, primary MSC cells and MSC cell lines can serve as mod-
els to compare cell-specific functions by quantifying the genetic and proteomic differences. Furthermore, the
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Figure 6. Superpixel segmentation and texture analysis of organelle markers in BM MSCs and UC MSCs. (a)
Superpixel segmentation and texture features using various cost functions (Pixel Intensity, Energy Laplacian,
Modified Laplacian, Diagonal Laplacian, Variance Laplacian, and Gray Level Variance) calculated on superpixels
for each marker of a single BM MSC. Each column represents a different superpixel method. Segmentation
identifies subcellular, regional hotspots of organelles. Modified Laplacian and diagonal Laplacian create a more
spread signal for all markers. Pixel intensity and variance Laplacian reveal discontinuous hotspots of GOLPH4,
ATF6, and TOM20. (b) Heatmap of texture feature values for each superpixel in 7 BM MSCs and 7 UC MSCs
for each marker. Each row denotes a single superpixel, and the column contains texture feature values for the
corresponding superpixel. The feature values range from 0 (blue) to 1 (red) in each heatmap. Modified Laplacian
and diagonal Laplacian yield the largest feature values. Each heatmap represents a different marker. UC and BM
MSCs show similar overall patterns across various superpixels, implying that earlier, quantified differences are
more minute and superpixel methods disguise these small differences when downsampling.
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Positions

Figure 7. Virtual reality-based visualization and analysis of organelle imaging data in MSCs. (a) Visualization of
organelle protein images (10 markers) for one BM MSC in Confocal VR®. For each cell, the top shows the RGB

image of the combined markers, while the bottom two show a single marker image in either red or green with DAPL
Different organelle markers are illustrated across the columns. Merged images are shown in the first row. Column 1:
ATF6 (middle row) & Concanavalin A (bottom row), Column 2: Beta Tubulin (middle row) & Nucleolin (bottom
row), Column 3: GOLPH4 (middle row) & Sortilin (bottom row), Column 4: Phalloidin (middle row) & WGA
(bottom row), Column 5: TOM20 (middle row) & HSP60 (bottom row). Handset toggle switches used to interact with
the image are shown on the left and right sides. (b) Visualization of organelle protein images (10 markers) for one BM
MSC in Genuage®. The histogram of pixel count in 10 cylindrical bins (shown in white) of width 12.5 pixels (108 nm/
pixel, bin width 1.354 um) was plotted in the software. The top left image is an illustration explaining how cells are
binned across the length to gauge spatial variability. In each box, red and blue colors illustrate the marker according to
the upper left label. Beta Tubulin, ATF6, TOM20, and GOLPH4 show discontinuous regions of signal, supported by
the uneven histograms, while the other signals are more continuous with more Gaussian histograms.
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functions of primary cells and cell lines could be examined by designing a staining panel of organelle markers
(ATF6, TOM20, B-Tubulin, GOLPH4, HSP60, Nucleolin, and Sortilin) and protein markers indicating prolif-
eration or apoptosis (Ki67, BIM, and Cyclin E). Also, to relate gene expression with the change at the proteome
level, RNA targets could be included in the staining panel. With the multiplexed experiments, the proteomic
and transcriptomic phenotyping of cell lines and primary cells could provide a complete relationship between
phenotypic differences and cellular function.

An accurate, reproducible, multiplexed protein imaging and analysis method could aid in better visualizing
and understanding various disease states and microenvironments in single cells, which could then be used to
find or design drugs and therapy methods that work best depending on patient needs>*. Subcellular organelle
analysis using proteomics is a useful method for obtaining spatial cellular maps that can reveal details about the
structure and functionality of organelles and the cell. The complex spatial organelle interaction is yet to be fully
understood in the context of organelle-related diseases®*® such as cancer”, aging, and regenerative medicine®®
to assess their potential in precision medicine and therapeutics.

Methods

Cells. Bone marrow-derived MSCs (BM MSCs) and umbilical cord-derived MSCs (UC MSCs) were obtained
from RoosterBio, Inc. The culture media was prepared using 89% a-MEM media (Cat # 12561-049) with L-glu-
tamine, 10% heat-inactivated fetal bovine serum (HI-FBS), and 1% penicillin-streptomycin (Cat # P4333). The
culture media was mixed and filtered before use. BM and UC MSCs were cultured in T-75 flasks with 10 mL of
culture media. Cell passages were performed when cells reached 75% confluency using Trypsin LE cell detach-
ment media (Cat # 12605-010) at 37 °C. The cells were resuspended in respective culture media after centrifu-
gation at 280 g for 6 min and then seeded on collagen-coated glass coverslips. The cells were then cultured on
coverslips for 24 h before fixation. Cells were then fixed in 1.6% paraformaldehyde in PBS for 10 min at room
temperature, followed by another PBS washing and multiplexed staining of organelle protein markers. Duplicate
experiments were used for each measurement. Cells were thawed at passage 2 and cultured until passage 20. BM
and UC cells were from similar passage numbers.

Antibodies. The primary antibodies considered for this study were ATF6 (ab263955, Abcam), -tubulin (sc-
5274, Santa Cruz Biotechnology), GOLPH4/GPP130 (ab197595, Abcam), HSP60 (ab224528, Abcam), Nucleo-
lin (ab226113, Abcam), Sortilin (ab263873, Abcam), Tom20 (sc-17764, Santa Cruz Biotechnology), Phalloidin
(A34055, Invitrogen), Wheat Germ Agglutinin (W32466, Invitrogen), and Concanavalin A (C11252, Invitro-
gen). They were used for cell segmentation and additional organelle markers (Supplementary Table 1). The ani-
mal source and dilution of unconjugated antibodies used are as follows: ATF6 (rabbit, 1:200), -tubulin (mouse,
1:200), GOLPH4 (rabbit, 1:500), HSP60 (rabbit, 1:200), Nucleolin (rabbit, 1:250), Sortilin (rabbit, 1:100) and
Tom20 (mouse, 1:200). The dilutions of the antibodies were optimized by performing multiple rounds of IF
assays to improve reproducibility.

Antibody conjugation. The primary antibodies were conjugated with fluorescent dyes using a rapid con-
jugation kit (ab269823, Abcam). For each 10uL of primary antibody, 1uL of modifier reagent was added and
mixed gently. The lyophilized powder was dissolved in 10uL PBS (D8537, Sigma-Aldrich), and 1L of this solu-
tion was added to each antibody and mixed gently. The mixture was incubated at room temperature for 15 min
in the dark. After incubation, 1pL of quencher reagent was added for each 10uL of antibody used and was then
gently mixed. In this experiment, the antibodies were conjugated to Alexa Fluor 647, which is a bright dye with
less background fluorescence®. While Alexa Fluor 488 is the brightest among the dyes, the channel has higher
background fluorescence. Alexa Fluor 555 is the weakest dye, suitable for staining proteins with high abundance
and high affinity.

Rapid multiplexed immunofluorescence. BM-MSCs and UC-MSCs were stained with 10 markers
using a total of 8 cycles (Supplementary Table 2). The cells were permeabilized using 0.5% Triton X-100 for
10 min at room temperature and washed three times with PBS. At the start of each cycle, blocking was per-
formed with Cell Staining Media (CSM containing 0.5% BSA, 0.02% sodium azide in PBS), 0.5% BSA, and 0.02%
Sodium Azide (contains PBS 1x) for 1 h at RT. After blocking, the coverslip with the cells was incubated at RT
for 1 h with diluted primary or conjugated antibody (250-500uL per coverslip), followed by four washes with
1 xPBS for 5 min. All primary antibodies (conjugated and unconjugated) were diluted in CSM. Since the experi-
ment consisted of both conjugated and unconjugated antibodies, indirect immunofluorescence was performed
in the first cycle using the unconjugated antibodies. For indirect immunofluorescence, after incubating with the
primary antibodies, the coverslip was incubated in secondary antibodies diluted in PBS for 1 h at RT, followed
by four washes with 1 x PBS for 5 min. The coverslip was then incubated with DAPI (D1306, Invitrogen) diluted
in PBS for 10 min at RT, followed by four washes using 1 x PBS for 5 min each. 1 x PBS was used as the imaging
buffer on the coverslip. After imaging, bleaching was performed using a freshly prepared bleaching buffer con-
sisting of 4.5% (wt/vol) H,0, and 20 mM NaOH in PBS for 1 h at RT with white light. The sample was imaged to
ensure that the fluorescence signal had fallen to background levels (Supplementary Figs. 8 and 9). The coverslip
was washed with 1 x PBS three times before starting the next cycle.

Imaging. A wide-field microscope, Nikon Eclipse TE2000-U, was used for fluorescence imaging. For each
cycle of imaging, 2-3 channels were captured: Channel 1 detects DAPI/Hoechst at 360 nm, while Channels 2-4
detect fluorophores at Alexa Fluor 488 nm (FITC), 555 nm (TRITC), and 647 nm (Cy5), respectively. The expo-
sure time varied between the markers and the cells. The sample was imaged with a 60X oil lens, resulting in a
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high-resolution acquisition at 0.1083 um/pixel. Each imaging region was imaged across 16 z-stacks with 0.5 pm/
stack. The best focus z slices of each image were used for analysis. The images were stored as 16-bit multichannel
images in ND2 format. They were converted to TIFF format using Image] and saved as single or multi-channel
grayscale images. Each marker was thresholded with the Otsu method for all analyses*.

Quality control. Registration was performed on sequential images from multiple cycles of immunofluo-
rescence to adjust differences in alignment using the RNAscope HiPlex Image Registration Software®. DAPI
channel images of each cycle were aligned using the DAPI channel image of the first cycle as a reference to obtain
the registration transforms, which were then applied to the remaining channels of each cycle. After registration,
the best cells were manually selected through visual inspection based on image quality. For example, unreli-
able regions with intensity values too close to the local background (insufficient contrast) or saturated intensity
values (making it hard to distinguish features due to high intensity) were filtered out. Cells that had overlapping
cytosol and cells which were touching the image borders were also discarded. This quality control step resulted in
7 BM MSCs and 7 UC MSCs for analysis. Background subtraction was performed using a rolling ball algorithm
in Image] to remove the background signal from the images. Finally, the pixel intensities were thresholded by
calculating the lower 20 percentile (background pixels) and the upper 99.9 percentile (saturated pixels), rescal-
ing the intensities using the two percentiles between 0 and 1 and clipping the values that were lower than 0 and
greater than 1. The cells were segmented in Image]J using cell masks obtained from the Phalloidin marker outline
(Supplementary Fig. 10).

Scatterplot. Scatter plots of intensity were obtained by random sampling of 50,000 pixels for each marker
pair colocalized in the same organelle in BM-MSCs and UC-MSCs. The intensity values were min-max normal-
ized. The plots were colored using kernel density estimates obtained from Gaussian kernels.

Pearson'’s correlation. Pearson’s correlation coefficient was calculated for each cell between the markers to
evaluate the extent of colocalization between the organelle proteins in the cell. The results were averaged across
the cells, and the variance of the values was calculated. The average and variance of correlation coefficient values
were visualized as a heatmap with dendrograms for BM and UC cells. A clustered heatmap of Pearson’s correla-
tion was displayed with each pair of markers on the x-axis and each cell type on the y-axis. This result is useful
to compare the organelle colocalization between BM and UC cells.

Pixel overlap colocalization. The pixel overlap colocalization between two given markers was calculated
by counting the number of nonzero pixels that occupy the same coordinate. This value was normalized by divid-
ing by the total area of both markers to obtain a final fraction of the common area covered by two markers.

Statistical analysis. The Kolmogorov-Smirnov (KS) hypothesis test was conducted between organelle
marker pairs targeting the Golgi (GOLPH4 and Sortilin) and mitochondria (TOM20 and HSP60). For each cell,
the center of mass was computed from the segmented mask. Then, each marker’s pixel distance to the center of
mass was calculated to convert 2D spatial image coordinates to 1D spatial distributions (Supplementary Fig. 11).
To determine if these spatial distributions differed from one another, the KS test is performed on the 1D spatial
distribution (histogram). Since cell morphology is roughly symmetrical, the test examines differences in orga-
nelle spatial expression patterns between the nucleus and membrane. The null hypothesis considered was that
similar proteins express similar spatial distribution within each cell.

Pairwise analysis. For each marker, multiple, Otsu-thresholded single-cell images were selected and the
intensity values were converted into a column. The intensity values were min-max normalized. Pearson’s cor-
relation was calculated using intensity values of all marker pairs for each cell in the marker pair and the result
was plotted as boxplots. Similarly, to verify Pearson values, pixel overlap colocalization between the markers was
also calculated and the values were plotted as boxplots.

Cell area and intensity. For each marker, multiple single-cell images were selected and the average inten-
sity values per cell were plotted as boxplots. Similarly, the area of each marker per cell was calculated by sum-
ming the number of non-zero pixels after morphological opening and closing. The area values were also plotted
as boxplots.

Pixel clustering. Pixel phenotypes were clustered in a two-step clustering pipeline. From each pixel loca-
tion within the cell-segmented region, the intensity value of each marker expression was extracted. The resulting
feature matrix consisted of n rows of a total number of pixels and p columns of marker expression. Each column
of the feature matrix was min-max normalized. To determine the optimal number of clusters, the elbow method
was implemented on the cluster scores for various numbers of clusters. The elbow point was determined to be
10. Thus, the K-Means clustering algorithm was used to cluster the pixels of the 5 markers into 10 clusters. The
resultant clusters were then uniquely colored on the original cellular image. To look for any organelle pattern in
the clusters, the K-Means clustering results were compared with images of markers grouped according to their
organelle affinity and multiplied together pixel-wise.

Super-pixel segmentation and texture analysis. The images were segmented into superpixels using
scikit-image®! (a Python library for scientific image processing) and K-Means clustering into superpixels®’. Tex-
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ture features were calculated on the superpixels: pixel intensity, energy Laplacian, modified Laplacian, diago-
nal Laplacian, variance Laplacian, and gray level variance. Pixel intensity computes the mean of the intensities
within each superpixel. Energy Laplacian computes the square of the Laplacian of the image from skimage®'.
Modified Laplacian also uses a Laplace function but with two kernels in which one is the transpose of the
other; then, the resulting images are summed. Diagonal Laplacian uses convolution with 4 kernels to produce
the resulting images that are then summed. Variance Laplacian consists of the square of the difference between
the image Laplace and the mean of the image Laplace. Gray level variance involves the square of the difference
between the image and the mean of the image. The Python code that contains all the texture functions is labeled
“texture_analysis_functions.py” and is available on the Github. The superpixels and texture features were plotted
as images and heatmaps were obtained for each marker to compare BM and UC MSCs.

Virtual reality visualization. The images of organelle markers in BM and UC cells stored as TIF files were
converted into Neuroimaging Informatics Technology Initiative file format (NIfTT or .nii) using Image]*. These
files were opened in Confocal VR software to visualize them in an immersive 3D format®. The pixel data was also
visualized in another VR software, Genuage, and histograms of the pixel counts were obtained using histogram
bins drawn using controllers®.

CellProfiler. Morphological features, such as area, major axis, and minor axis, were obtained for each cell
using a CellProfiler pipeline®, and were then plotted as heatmaps with hierarchical clustering. To first identify
and segment the nuclei of cells, “IdentifyPrimaryObject” was used on the DAPI marker with the global two-class
Otsu thresholding method. Using the segmented nuclei, the “IdentifySecondaryObject” module was then used
to segment the general shapes of the organelles marked by each marker using the same thresholding method.
After images of every marker were segmented, all the size/shape features were measured using the “Measure-
ObjectSizeShape” module for each of the markers and exported into an excel file. The data stored in an excel
spreadsheet was manually sorted to extract and analyze only the features of interest, which were the area, major
axis, and minor axis of each marker. The measurements of interest were converted into CSV files for visualiza-
tion. Heatmaps were generated using Python with dendrograms to compare the biophysical measurements and
to determine any close relationships or associations between markers and between the two cell types (UC and
BM). The z-score was calculated to normalize the output data.

Software and algorithms

Cellprofiler https://cellprofiler.org/

Numpy https://numpy.org/

Scipy https://scipy.org/

Dask https://ml.dask.org/clustering html

https://github.com/trevismd/statannota

Statsannotations R
tions

Pandas https://github.com/pandas-dev/pandas

Seaborn https://github.com/mwaskom/seaborn

https://github.com/coskunlab/Spatial-

Code related to this study organelle-networks

Data availability
Relevant data and analysis results are available at https://doi.org/10.5281/zenodo.6468563 and https://github.
com/coskunlab/Spatial-organelle-networks.

Code availability

The codes are available at https://github.com/coskunlab/Spatial-organelle-networks.

Received: 27 April 2022; Accepted: 28 March 2023
Published online: 01 April 2023

References
1. Cohen, S., Valm, A. M. & Lippincott-Schwartz, J. Interacting organelles. Curr. Opin. Cell Biol. 53, 84-91 (2018).
2. Kurz, E T. et al. Network dynamics: Quantitative analysis of complex behavior in metabolism, organelles, and cells, from experi-
ments to models and back. WIREs Syst. Biol. Med. 9, e1352 (2017).
3. Mondal, M., Liao, R. & Guo, J. Highly multiplexed single-cell protein analysis. Chem. A Eur. J. 24, 7083-7091 (2018).
4. Gatto, L., Vizcaino, J. A., Hermjakob, H., Huber, W. & Lilley, K. S. Organelle proteomics experimental designs and analysis. Prot-
eomics 10, 3957-3969 (2010).
5. Allam, M. et al. Spatially visualized single-cell pathology of highly multiplexed protein profiles in health and disease. Commun.
Biol. 4, 1-16 (2021).
6. Fan, X.-L,, Zhang, Y., Li, X. & Fu, Q.-L. Mechanisms underlying the protective effects of mesenchymal stem cell-based therapy.
Cell. Mol. Life Sci. 77, 2771-2794 (2020).
7. Miao, C., Lei, M., Hu, W,, Han, S. & Wang, Q. A brief review: The therapeutic potential of bone marrow mesenchymal stem cells
in myocardial infarction. Stem Cell Res. Ther. 8, 242 (2017).
. Uccelli, A., Moretta, L. & Pistoia, V. Mesenchymal stem cells in health and disease. Nat. Rev. Immunol. 8, 726-736 (2008).
9. Wei, X. et al. Mesenchymal stem cells: A new trend for cell therapy. Acta Pharmacol. Sin. 34, 747-754 (2013).

el

Scientific Reports|  (2023) 13:5374 https://doi.org/10.1038/s41598-023-32474-y nature portfolio


https://cellprofiler.org/
https://numpy.org/
https://scipy.org/
https://ml.dask.org/clustering.html
https://github.com/trevismd/statannotations
https://github.com/trevismd/statannotations
https://github.com/pandas-dev/pandas
https://github.com/mwaskom/seaborn
https://github.com/coskunlab/Spatial-organelle-networks
https://github.com/coskunlab/Spatial-organelle-networks
https://doi.org/10.5281/zenodo.6468563
https://github.com/coskunlab/Spatial-organelle-networks
https://github.com/coskunlab/Spatial-organelle-networks
https://github.com/coskunlab/Spatial-organelle-networks

www.nature.com/scientificreports/

10.

11.

12.

13.

14.

15.

16.

17.
18.

19.

20.

21.

22.

23.
24.

25.

26.

27.

28.

29.

30.

32.

33.

34,

35.

36.

37.

39.

40.
41.

42.

43.

44.

45.

46.

47.
48.

49.
50.

51.

52.
53.

54.

Salazar-Noratto, G. E. et al. Understanding and leveraging cell metabolism to enhance mesenchymal stem cell transplantation
survival in tissue engineering and regenerative medicine applications. Stem Cells 38, 22-33 (2020).

Saeedi, P., Halabian, R. & Imani Fooladi, A. A. A revealing review of mesenchymal stem cells therapy, clinical perspectives and
modification strategies. Stem Cell Investig. 6, 34 (2019).

Wang, S. et al. ATF6 safeguards organelle homeostasis and cellular aging in human mesenchymal stem cells. Cell Discov. 4, 1-19
(2018).

Rodriguez, A.-M., Nakhle, J., Griessinger, E. & Vignais, M.-L. Intercellular mitochondria trafficking highlighting the dual role of
mesenchymal stem cells as both sensors and rescuers of tissue injury. Cell Cycle 17, 712-721 (2018).

Mabhrouf-Yorgov, M. et al. Mesenchymal stem cells sense mitochondria released from damaged cells as danger signals to activate
their rescue properties. Cell Death Differ. 24, 1224-1238 (2017).

Mokarizadeh, A. et al. Microvesicles derived from mesenchymal stem cells: Potent organelles for induction of tolerogenic signaling.
Immunol. Lett. 147, 47-54 (2012).

Paliwal, S., Chaudhuri, R., Agrawal, A. & Mohanty, S. Regenerative abilities of mesenchymal stem cells through mitochondrial
transfer. J. Biomed. Sci. 25, 31 (2018).

Viana, M. P. et al. Integrated intracellular organization and its variations in human iPS cells. Nature 613, 345-354 (2023).

Kabat, M., Bobkov, I., Kumar, S. & Grumet, M. Trends in mesenchymal stem cell clinical trials 2004-2018: Is efficacy optimal in
a narrow dose range?. Stem Cells Transl. Med. 9, 17-27 (2019).

Du, W. J. et al. Heterogeneity of proangiogenic features in mesenchymal stem cells derived from bone marrow, adipose tissue,
umbilical cord, and placenta. Stem Cell Res. Ther. 7,163 (2016).

Yousefifard, M. et al. Human bone marrow-derived and umbilical cord-derived mesenchymal stem cells for alleviating neuropathic
pain in a spinal cord injury model. Stem Cell Res. Ther. 7, 36 (2016).

Giesen, C. et al. Highly multiplexed imaging of tumor tissues with subcellular resolution by mass cytometry. Nat. Methods 11,
417-422 (2014).

Keren, L. et al. MIBI-TOF: A multiplexed imaging platform relates cellular phenotypes and tissue structure. Sci. Adv. 5, eaax5851
(2019).

Goltsev, Y. et al. Deep profiling of mouse splenic architecture with CODEX multiplexed imaging. Cell 174, 968-981.e15 (2018).
Gerdes, M. J. et al. Highly multiplexed single-cell analysis of formalin-fixed, paraffin-embedded cancer tissue. PNAS 110, 11982—
11987 (2013).

Lin, J.-R., Fallahi-Sichani, M. & Sorger, P. K. Highly multiplexed imaging of single cells using a high-throughput cyclic immuno-
fluorescence method. Nat. Commun. 6, 8390 (2015).

Gut, G., Herrmann, M. D. & Pelkmans, L. Multiplexed protein maps link subcellular organization to cellular states. Science 361,
eaar7042 (2018).

Cappi, G., Dupouy, D. G., Comino, M. A. & Ciftlik, A. T. Ultra-fast and automated immunohistofluorescent multistaining using
a microfluidic tissue processor. Sci. Rep. 9, 4489 (2019).

Ko, J., Oh, J., Ahmed, M. S., Carlson, J. C. T. & Weissleder, R. Ultra-fast cycling for multiplexed cellular fluorescence imaging.
Angew. Chem. 132, 6906-6913 (2020).

Bray, M.-A. et al. Cell Painting, a high-content image-based assay for morphological profiling using multiplexed fluorescent dyes.
Nat. Protoc. 11, 1757-1774 (2016).

Merendino, A. M. et al. Hsp60 is actively secreted by human tumor cells. PLoS ONE 5, €9247 (2010).

. Cappello, E,, Conway de Macario, E., Marasa, L., Zummo, G. & Macario, A. J. L. Hsp60 expression, new locations, functions, and

perspectives for cancer diagnosis and therapy. Cancer Biol. Ther. 7, 801-809 (2008).

Bhagawati, M. et al. The receptor subunit Tom20 is dynamically associated with the TOM complex in mitochondria of human
cells. MBoC 32, brl (2021).

Lujan, P. & Campelo, F. Should I stay or should I go? Golgi membrane spatial organization for protein sorting and retention. Arch.
Biochem. Biophys. 707, 108921 (2021).

Kjolby, M., Nielsen, M. S. & Petersen, C. M. Sortilin, encoded by the cardiovascular risk gene SORT1, and its suggested functions
in cardiovascular disease. Curr. Atheroscler. Rep. 17, 18 (2015).

Adler, J. & Parmryd, I. Quantifying colocalization by correlation: The Pearson correlation coefficient is superior to the Mander’s
overlap coefficient. Cytometry A 77, 733-742 (2010).

Dunn, K. W,, Kamocka, M. M. & McDonald, J. H. A practical guide to evaluating colocalization in biological microscopy. Am. J.
Physiol. Cell Physiol. 300, C723-C742 (2011).

Zhou, B. Image segmentation using SLIC superpixels and affinity propagation clustering. Int. J. Sci. Res. 4, 1525-1529 (2015).

. Venkatesan, M. et al. Virtual and augmented reality for biomedical applications. CR Med. 2, 100348 (2021).

Schwarz, N. & Leube, R. E. Intermediate filaments as organizers of cellular space: How they affect mitochondrial structure and
function. Cells 5, 30 (2016).

Kaasik, A. et al. Energetic crosstalk between organelles. Circ. Res. 89, 153-159 (2001).

de Brito, O. M. & Scorrano, L. An intimate liaison: Spatial organization of the endoplasmic reticulum-mitochondria relationship.
EMBO J. 29, 2715-2723 (2010).

Del Fattore, A. et al. Differential effects of extracellular vesicles secreted by mesenchymal stem cells from different sources on
glioblastoma cells. Expert Opin. Biol. Ther. 15, 495-504 (2015).

Mazini, L., Rochette, L., Amine, M. & Malka, G. regenerative capacity of adipose derived stem cells (ADSCs), comparison with
mesenchymal stem cells (MSCs). Int. J. Mol. Sci. 20, 2523 (2019).

Contentin, R. et al. Comparison of the chondrogenic potential of mesenchymal stem cells derived from bone marrow and umbilical
cord blood intended for cartilage tissue engineering. Stem Cell Rev. Rep. 16, 126-143 (2020).

Heo, J. S., Choi, Y., Kim, H.-S. & Kim, H. O. Comparison of molecular profiles of human mesenchymal stem cells derived from
bone marrow, umbilical cord blood, placenta and adipose tissue. Int. . Mol. Med. 37, 115-125 (2016).

Lavrentieva, A., Majore, L., Kasper, C. & Hass, R. Effects of hypoxic culture conditions on umbilical cord-derived human mesen-
chymal stem cells. Cell Commun. Signal. 8,18 (2010).

Schop, D. et al. Growth, metabolism, and growth inhibitors of mesenchymal stem cells. Tissue Eng. Part A 15, 1877-1886 (2009).
Wang, W. et al. Live-cell imaging and analysis reveal cell phenotypic transition dynamics inherently missing in snapshot data. Sci.
Adv. 6, eaba9319 (2020).

Boeynaems, S. et al. Protein phase separation: A new phase in cell biology. Trends Cell Biol. 28, 420-435 (2018).

Berchtold, D., Battich, N. & Pelkmans, L. A systems-level study reveals regulators of membrane-less organelles in human cells.
Mol. Cell 72, 1035-1049.e5 (2018).

Banani, S. E, Lee, H. O., Hyman, A. A. & Rosen, M. K. Biomolecular condensates: Organizers of cellular biochemistry. Nat. Rev.
Mol. Cell Biol. 18, 285-298 (2017).

Shin, Y. & Brangwynne, C. P. Liquid phase condensation in cell physiology and disease. Science 357, eaaf4382 (2017).

Pan, C., Kumar, C., Bohl, S., Klingmueller, U. & Mann, M. Comparative proteomic phenotyping of cell lines and primary cells to
assess preservation of cell type-specific functions. Mol. Cell Proteom. 8, 443-450 (2009).

Cai, S., Allam, M. & Coskun, A. F. Multiplex spatial bioimaging for combination therapy design. Trends Cancer 6, 813-818 (2020).

. ShamekhiAmiri, F. Intracellular organelles in health and kidney disease. Nephrol. Ther. 15, 9-21 (2019).

Scientific Reports|  (2023) 13:5374

https://doi.org/10.1038/s41598-023-32474-y nature portfolio



www.nature.com/scientificreports/

56. Redhai, S. & Boutros, M. The role of organelles in intestinal function, physiology, and disease. Trends Cell Biol. 31, 485-499 (2021).

57. C Ubah, O. & M Wallace, H. Cancer therapy: Targeting mitochondria and other sub-cellular organelles. Curr. Pharm. Design 20,
201-222 (2014).

58. Levin, M. The wisdom of the body: Future techniques and approaches to morphogenetic fields in regenerative medicine, devel-
opmental biology and cancer. Regen. Med. 6, 667-673 (2011).

59. Otsu, N. A threshold selection method from gray level histograms. IEEE Trans.systems. Man. and Cybernetics. 9, 62-66 (1979).

60. Ali Marandi Ghoddousi, R., Magalong, V. M., Kamitakahara, A. K. & Levitt, . SCAMPR, a single-cell automated multiplex pipeline
for RNA quantification and spatial mapping. Cell Rep. Methods 2, 100316 (2022).

61. van der Walt, S. et al. scikit-image: Image processing in Python. Peer] 2, e453 (2014).

62. Stefani, C., Lacy-Hulbert, A. & Skillman, T. ConfocalVR: Immersive visualization for confocal microscopy. J. Mol. Biol. 430,
4028-4035 (2018).

63. Blanc, T., El Beheiry, M., Caporal, C., Masson, J.-B. & Hajj, B. Genuage: Visualize and analyze multidimensional single-molecule
point cloud data in virtual reality. Nat. Methods 17, 1100-1102 (2020).

64. McQuin, C. et al. CellProfiler 3.0: Next-generation image processing for biology. PLOS Biol. 211, 2005970 (2018).

Author contributions

AEC., M.V, and S.C. conceived and planned the experiments. M.V. carried out the experiments. S.C. and Z.E
contributed to sample preparation. M.V,,N.Z., Z.F,, TH., S.C.,, B.M,, Y.Y,, T.H., A.E, H.O., and A.B. contributed
to the writing, analysis, and interpretation of the results. N.O. worked on the Virtual Reality visualization. M.V,
N.Z,,Z.F,T.H,,S.C.,B.M,,N.O,, and Y.Y,, wrote the manuscript and prepared figures. All authors reviewed the
manuscript.

Fundin

AEC. holgds a Career Award at the Scientific Interface from Burroughs Wellcome Fund and a Bernie-Marcus
Early-Career Professorship. A.F.C. was supported by start-up funds from the Georgia Institute of Technology and
Emory University. Research reported in this study was supported by the National Institute of General Medical
Sciences of the National Institutes of Health under award number T32GM142616. A.E. is supported by National
Science Foundation Center for Cell Manufacturing Technologies Research Experience for Undergraduates (REU)
program. This material is partially based upon work supported by the National Science Foundation under Grant
No. EEC-1648035.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-023-32474-y.

Correspondence and requests for materials should be addressed to A.E.C.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

Scientific Reports |

(2023) 13:5374 | https://doi.org/10.1038/s41598-023-32474-y nature portfolio


https://doi.org/10.1038/s41598-023-32474-y
https://doi.org/10.1038/s41598-023-32474-y
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Spatial subcellular organelle networks in single cells
	Results
	Multiplexed protein labeling reveals spatially resolved subcellular organelle maps in tissue-specific MSCs. 
	UC MSC organelles exhibit higher protein expression over a larger spatial area. 
	Organelles share distinct pixel overlap colocalizations within single BM and UC MSCs. 
	Spatial spread over major and minor axes of organelles distinguishes UC and BM MSCs better than area only. 
	UC-MSCs display consistently higher mitochondrial expression than BM-MSCs. 
	Multiplexed pixel clustering indicates cell-type specific organelle interactions. 
	Superpixel segmentation informs content-aware spatially distinct features of each organelle in UC and BM MSCs. 
	Virtual reality enables interactive visualization and quantification of spatial organelle maps of MSCs. 

	Discussion
	Methods
	Cells. 
	Antibodies. 
	Antibody conjugation. 
	Rapid multiplexed immunofluorescence. 
	Imaging. 
	Quality control. 
	Scatterplot. 
	Pearson’s correlation. 
	Pixel overlap colocalization. 
	Statistical analysis. 
	Pairwise analysis. 
	Cell area and intensity. 
	Pixel clustering. 
	Super-pixel segmentation and texture analysis. 
	Virtual reality visualization. 
	CellProfiler. 

	References


