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Materials and Methods 

Description of the datasets 

Biopsies were collected from patients at Dana Farber Cancer Institute and originally described 

in  (Alon et al. 2021). Prior to any study procedures, the patients provide written informed 

consent for a research biopsy and subsequent analysis of tumor and normal samples, as 

approved by the Dana-Farber/Harvard Cancer Center Institutional Review Board (DF/HCC 

Protocol 05-246). The sample utilized in this study was an 18-gauge core needle biopsy (~6x0.8 

mm) of a liver metastasis obtained from a 66-year-old woman with a known diagnosis of 

hormone receptor positive metastatic breast cancer. The region sequenced in situ with ExSeq 

was 1347 x 621 x 8 microns in size (before expansion). After 3.3x physical expansion of the 

tissue, it was imaged using 76 fields of view (FOV) of 40x objective, with a resolution of 0.17 

microns in X&Y and 0.4 microns in Z (post expansion). In this biopsy, 297 genes were 

interrogated. These genes were chosen to represent various aspects of breast cancer biology, 

metastasis, and the tumor-immune-microenvironment, as well as cell types and programs 

discovered from the single cell and single nucleus RNAseq data (Alon et al. 2021). The list of 

genes included: non-tumor marker genes (including T cells and Macrophage marker genes)- 

CD3G, CD68, FOXP3, CD4, CD8A, CD3D, CD3E, HLA-DRA; tumor marker genes- EGFR, 

GRB7, ERBB2, PGR, CD44, CD24, ALDH1A3, EPCAM, KRT19, KRT18, CDH1; B cells 

marker genes- IGHG1, IGHG4, IGKC, IGHM; Fibroblast marker genes- HSPG2, SULF1. 

Segmentation of cell bodies 

We developed a new segmentation pipeline, termed InSituSeg, that takes advantage of the 

dense mapping of genes in situ for segmentation of cell bodies in 3D, using staining of cell 

nuclei and RNA locations (Fig. 2A). The steps of the segmentation pipeline are as follows (Fig. 

2B): 

A. Illumination correction. The input for the segmentation code is the 3D image of DAPI 

nuclear staining, in addition to the spatial locations of the mRNA molecules in that 

image which was utilized only at the end of the code. Each field of view (FOV) of the 

DAPI image was divided into 3x3 sub-fields to account for unequal illumination inside 

a given FOV. While this step accounts for different illumination, it can create gaps in 

the homogeneity of the segmentation at the sub-fields borders. Therefore, this step is 
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not mandatory in the pipeline and should be avoided when the illumination is even in a 

given FOV. 

B. Detection of nuclei pixels. The first step is to find the locations of the nuclei pixels, 

using the observation that the strongest pixels in a DAPI-stained image are in the 

nucleus. This is done with simple pixel thresholding, collecting the strongest pixels, 

sorted by intensities. This parameter is initially set to 5%, and can be manually adjusted. 

Using visual inspection, we determined that setting this parameter to 2-5% for the 

nucleus is suitable for almost all FOVs (Table S2). 

C. Refine nuclei voxels. Next, the code corrects and refines the nuclei voxels. This 

procedure starts with a pre-processing denoising step using a median filter, by 

replacing, for each pixel, its intensity value with the median value of the surrounding 

pixels, taking a voxel of 9 pixels by 9 pixels by 9 pixels. Then the pictures are converted 

into binary images, and the holes were filled via morphological operations performed 

on each z-plane separately, using the ‘imclose’ function (Matlab) followed by the hole 

filling function ‘imfill’ (Matlab), and then some isolated pixels were removed using the 

‘imopen’ function (Matlab). Then, objects which are smaller than the size of the nucleus 

but are bigger than pixel-size (i.e. large scale noise), were removed by connected 

component analysis (He et al. 2014). The connected components were sorted by the 

number of voxels, and the bottom 50% were removed using the Matlab functions 

‘bwconncomp’, ‘regionprops’ and ‘bwareaopen’. Again, the threshold was adjusted 

manually and visual inspection determined that 40-60% is suitable for almost all FOVs 

(Table S2). 

D. Split large nuclei. Next, the code detects large nuclei objects, which might in fact be 

two or more individual nuclei combined, and makes an attempt to split them. This is 

done by first sorting the nuclei objects by voxel size and detecting the top 20% of 

objects. This size threshold was manually adjusted to a value of 10-25% and was found 

fitting for most FOVs (Table S2). Focusing on the large objects, the code makes an 

attempt to split them using the following assumption – if the large object indeed consists 

of several nuclei, then it should be possible to detect borders, within the large object, 

that divide the large object into smaller ones. These border regions are expected to have 

low intensity (‘drop off’) compared to the rest of the object pixels. Thus, by iteratively 

increasing the threshold for nuclei pixel detection in step (B), and repeating the nuclei 

refinement procedure in step (C), the nuclei can be split; Specifically, instead of picking 

the top 5% of all pixels as belonging to nuclei in step (B), we increase the detection 
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threshold (thus selecting fewer pixels as belonging to the nuclei) to 4.5% of all pixels, 

and then 4% and so on, until a cutoff threshold value of 0.5% was reached, and for each 

threshold step (C) was repeated (Table S2). When a nucleus was split into two smaller 

nuclei in one of the iterative steps, the resulting nuclei were examined again to 

determine if their size is above the size threshold. If their size was below the size 

threshold, the iterative procedure was terminated for these nuclei. Otherwise, the 

iterative procedure continued for all large nuclei until a cutoff threshold value was 

reached. 

E. Detect cell body voxels using watershed segmentation. Here, the cell nuclei, detected 

in the previous steps, serve as seeds for watershed segmentation (Kowal et al. 2020). 

The ‘watershed’ function (Matlab) receives two inputs: the first is the nuclei objects as 

described above, and the second is all the cell body pixels. The cell body pixels are 

calculated in a similar manner to that of the nuclei pixels (step (B) above), i.e. with a 

simple pixel thresholding that allows collecting strong pixels, sorted by intensities. We 

used an initial cutoff of the top 15% of the pixels, again sorted by intensities, and visual 

inspection determined that setting this parameter to 10-20% is suitable for detecting cell 

body pixels for almost all FOVs (Table S2). For adjacent cells, we validated that the 

cell boundaries, after the watershed segmentation, indeed correspond to a clear drop off 

in the DAPI signal between the cells (Fig. S2).  

F. Assign mRNA molecules into cell bodies. In this step, the spatial locations of the 

mRNA molecules in that image are overlaid on the cell bodies detected in the previous 

step. For each cell, the mRNA molecules that are within the given cell body object are 

assigned to that cell. Next, for mRNA molecules that are outside all the cell body 

objects, an attempt is made to assign them to nearby cells. This is done in the following 

way: (i) for each mRNA molecule location, its distance to the surface of each 

neighboring cell body is calculated using the function ‘dsearchn’ (Matlab). To be 

considered further, the mRNA molecule has to be within 0.6 microns of the surface of 

the nearest cell body (this distance is termed ‘R1’). (ii) To avoid wrong assignments, 

we mark the distance of the mRNA molecule to the surface of the second nearest cell 

body (this distance is termed ‘R2’). Only if the difference between these distances (R2-

R1) was larger than 1.2 microns, the mRNA molecule was assigned to the closest cell 

body. The cutoff numbers were calculated via visual inspection (Fig. S3). We directly 

tested the effect of the RNA reassignment step (step F), and by-and-large the identity 

of proximity-induced genes is the same with and without the RNA which are outside 
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cell bodies (Fig. S4). For example, for T cells which are proximal to tumor cells, 15 

proximity-induced genes are detected without these RNA molecules, out of 17 genes 

overall. This is consistent with the fact that 95.3% (895,510 out of 939,764) of the 

sequenced RNA molecules in this sample are inside the cell bodies as detected via 

InSituSeg, and therefore the effect of the RNA reassignment step is minor.  

Finally, we note that in some cases, a z-position shift can occur between the mRNA 

molecule's location file and the raw DAPI images. This is a result of the ExSeq image 

processing that generated the original mRNA molecule's location file. In cases when 

the shift occurs, it is corrected by adding a fixed z-value to the mRNA molecule's 

location. 

Sensitivity to human variability in choosing InSituSeg parameters 

To examine how significant is the human variability factor in the fine tuning procedure of 

InSituSeg, we compared the segmentation results when ExSeq was run by two individuals 

using the same two randomly chosen fields of view (Fig. S6). To quantitatively measure the 

agreement between the segmentation of the two individuals, we measured the overlap between 

the segmented cell bodies as described in Methods section ‘Comparison between InSituSeg 

segmentation and cytosolic with membrane stain segmentation’ (Fig. S9), but note that here 

the calculation was performed in 3D, due to the thickness of the ExSeq samples. In addition, 

we also measured the differences in the parameter set that the two individuals used (Fig. S6). 

Cell segmentation using mRNA locations alone (Fig. S7C) 

To obtain a ‘cell’-like segmentation using mRNA locations alone, the locations of the mRNA 

molecules were clustered in space utilizing a normal mixture modeling algorithm using the 

‘mclust’ R package with the EEV (Ellipsoidal, Equal Volume and shape) model. The number 

of clusters for each FOV was chosen according to the Bayesian Information Criterion (BIC) 

score. Clusters with a number of mRNA molecules below the median, computed using all of 

the clusters, were considered background, i.e., non-cells, and therefore were removed. 

Comparison between InSituSeg segmentation and cytosolic with membrane stain 

segmentation 

To directly quantify the ability of InSituSeg to identify cell bodies, we compared the 

segmentation obtained with InSituSeg to segmentation based on cytosolic and membrane 
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staining. For this, we downloaded publicly available MERFISH data from VIZGEN website of 

‘mouse liver map data set’, and specifically ‘Mouse Liver 1 Slice 1’: 

https://info.vizgen.com/mouse-liver-data?submissionGuid=d4ca3624-04dd-4865-b72f-

f4b0b41cec71. This data contained the locations of 347 genes inside a mouse liver tissue 

section, in addition to both cytosolic and membrane stains, as well as DAPI stain. The data was 

downloaded after selecting channels ‘Cellbound2’, ‘Cellbound3’ and ‘DAPI’. After 

downloading the MERFISH data, two FOVs were randomly selected with a size of 100x100 

microns, to match the FOV size of the ExSeq datasets (before expansion). Next, the 

segmentation tool Cellpose (Stringer et al. 2021) was utilized to segment the cells in two ways: 

given the DAPI signal alone, and the DAPI signal with the cytosolic and membrane staining. 

Cellpose was used with default settings and the ‘cyto2’ option. Next, the same cells were 

segmented using InSituSeg given the DAPI signal alone as input. Then we performed two 

comparisons: 1) between the segmentation of the cells using Cellpose given the DAPI signal 

and the cytosolic and membrane staining, to the segmentation of the cells using InSituSeg given 

the DAPI signal alone (Fig. S9, top row). 2) between the segmentation of the cells using 

Cellpose given the DAPI signal and the cytosolic and membrane staining to the segmentation 

of the cells using Cellpose given the DAPI signal alone (Fig. S9, bottom row). The comparisons 

between the segmentation schemes were done in 2D (i.e., one z section) since the MERFISH 

data was 2D in nature; only 7 z sections were present in the MERFISH data, from which only 

one main z section contained more than a few localized transcripts. We compared the area of 

the ‘matching’ cells, i.e., cells that were identified using both segmentations (Fig. S9, same 

color palette in left and middle plots). Note that the definition of matching cells depends on an 

overlap area cutoff (Fig. S9, right plot). Accordingly, the average overlap area between cells 

in the two segmentations depends on the overlap area cutoff (Fig. S9, right plot, red line). A 

tradeoff exists between the number of matching cells and the overlap area cutoff (Fig. S9, right 

plot, blue line). We choose a working point (Fig. S9, right plot, green circle, and pink dashed 

line) to maximize the number of matching cells. These comparisons allow us to directly 

quantify the ability of InSituSeg to identify cell bodies. 

Clustering segmented cells  

In order to identify and cluster the segmented cells according to their expression pattern, we 

utilized the R toolkit Seurat (Hao et al. 2021), and followed the analysis in (Alon et al. 2021). 

Briefly, we used a supervised approach of using selected genes for dimension reduction (Becht 

https://info.vizgen.com/mouse-liver-data?submissionGuid=d4ca3624-04dd-4865-b72f-f4b0b41cec71
https://info.vizgen.com/mouse-liver-data?submissionGuid=d4ca3624-04dd-4865-b72f-f4b0b41cec71
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et al. 2018). These genes were described in the Methods section ‘Description of the datasets’. 

Then, Seurat’s principal component analysis (PCA)-based expression clustering was 

performed. Genes with an expression level that is higher in a given cluster compared to the 

other clusters were used to mark a given cluster. The Seurat ‘FindAllMarkers’ function was 

utilized to detect putative gene markers for each cluster; for putative gene markers with p-

values less than 1e-10 (as determined by ‘FindAllMarkers’), we assigned the cluster with the 

known cell type annotation of the marker gene, otherwise, we marked the cluster as 

“unknown”. The cell’s clustering was displayed using the Uniform manifold approximation 

and projection (UMAP) representation (Becht et al. 2018) (Fig. S10C). 

Detecting differentially expressed genes 

For any pair of cell clusters X and Y, cluster X was partitioned into two subsets: a subset of X 

cells that are proximal to Y cells, and a subset of X cells that are not proximal to Y cells. 

Physical proximity was measured using the smallest Euclidean distance between the mRNA 

molecules (sequencing reads) in two adjacent cells, using the python function ‘cdist’. 

Computing distances between mRNA molecules is possible because of the improved cell body 

segmentation, and adds stringency compared to computing the smallest distances between the 

voxels of two adjacent cell bodies. We set a threshold of 3 microns (before expansion) for that 

distance. Here we make the simple assumption that if the cells are far apart then physical 

interaction did not occur between them. The cutoff distance between two adjacent cells, i.e., 

the minimal distance between the two cells’ boundaries that below it the cells are considered 

adjacent, is an important parameter in the analysis of proximity-induced genes. Importantly, 

we confirmed that the results obtained are robust to the threshold value (Fig. S11-12), by 

examining the sensitivity to threshold values 4, 2, 1, and 0.5 microns (before expansion). The 

small distance cutoff of 1 and 0.5 microns increases the likelihood that the adjacent immune 

and tumor cells are physically touching. The super-resolution of ExSeq made it possible to 

measure these distances. To detect differentially expressed genes that are triggered by 

proximity between immune and tumor cells with the different distance cutoffs, we calculated 

gene expression change (fold change) and p-value per gene using DESeq2 with permutation 

analysis (as detailed below). We compared the proximity-induced genes detected via 

differential expression analysis when using either 3 microns or 4, 2, 1 and 0.5 microns as the 

distance cutoff between a non-tumor cell and a tumor cell (Fig. S11-12, Table S3). 

Furthermore, we compared the number of non-tumor cells detected as adjacent to tumor cells 
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when using either 3 microns or 1 and 0.5 microns (Fig. S12). Note that the 3 microns distance 

cutoff for cell-cell proximity is utilized throughout the paper unless otherwise mentioned, since 

it captures more adjacent cells and therefore improves statistical power. 

We tested each one of the 7 non-tumor cell clusters that correspond to B cells (2 subtypes), T 

cells (3 subtypes), macrophage (1 subtype) and fibroblast (1 subtype), against each one of the 

5 cell clusters that correspond to tumor cell types (Fig. S10C). In addition, merged non-tumor 

subtypes, i.e., the two B cell, and T cell subtypes combined, were tested against each one of 

the 5 tumor subtypes and against the tumor subtypes combined. Each of the 7 non-tumor cell 

clusters was also tested against the combined tumor subtypes. In total, this amounts to 54 

comparisons performed to observe gene expression differences in non-tumor cell types when 

in proximity to tumor cell types. In a similar manner, 54 reciprocal comparisons were 

performed to observe differences in tumor cell types when in proximity to non-tumor cell types. 

So overall 108 comparisons were performed. 

Gene expression change (fold change) and p-value per gene in each comparison were 

calculated using DESeq2 (Love, Huber, and Anders 2014), and we proceeded with genes that 

had Benjamini-Hochberg false discovery rate (FDR) of 0.1. To further assess the statistical 

significance of the results, the X cells were randomly partitioned into two subsets, of the same 

size as the two original subsets, and the fold changes and the p-values of all genes between the 

two random subsets were recalculated using DESeq2. The random partition procedure was 

repeated 1000 times. From these random realizations, bootstrap p-values were calculated for 

each gene in each comparison as (1+x)/1000 where x is the number of realizations in which the 

p-value was below that of the original detected gene. For each comparison, only genes that had 

both FDR less than 0.1 (using the DESeq2 p-values) and whose bootstrap p-value was less than 

0.05 were considered differentially expressed genes. The genes were divided into upregulated 

genes with positive fold change, i.e. genes with expression levels increase as a result of 

proximity between two cell types, and downregulated genes with negative fold change, i.e. 

genes whose expression levels decrease as a result of this proximity (Fig. S14). To avoid errors 

that result from inaccurate boundaries detection of two adjacent cells, we filtered genes in two 

different ways (Table S6): 1) We filtered upregulated genes detected in X cells if they are 

known cell markers for the Y cells (the known marker genes are listed in the Methods section 

‘Description of the datasets’). 2) We filtered genes detected in X cells (i.e., induced in the 

subset of X cells that are proximal to Y cells compared to the subset of X cells which are not 
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proximal) if they are highly differentially expressed in the Y cells (i.e., induced in the subset 

of Y cells that are proximal to X cells compared to the subset of Y cells which are not proximal). 

Highly differentially expressed was defined as having p-values lower than 1e-5. The genes 

filtered by each filtering method are given in Table S6. Overall, after the filtering based on 

canonical markers, 93% and 95% of the proximity-induced genes were retained, when non-

tumor cells are proximal to tumor cells and vice versa, respectively (Table S6). With the 

filtering of the most differentially expressed genes, 94% and 98% of the proximity-induced 

genes were retained, when non-tumor cells are proximal to tumor cells and vice versa, 

respectively (Table S6). Importantly, when comparing the lists of proximity-induced genes 

after the two filtering methods, 94% and 97% of the proximity-induced genes are the same, 

when non-tumor cells are proximal to tumor cells and vice versa, respectively (Table S6). Thus, 

a high degree of overlap exists between the two different filtering methods: based on gene 

markers and based on highly differentially expressed genes in the other direction of proximity. 

This increases our confidence that after the filtering steps only a small number of proximity-

induced genes are a result of mis-segmentation. 

Estimation of the effect of the physical expansion on the number of resolved transcripts 

and proximity-induced genes 

Detecting neighboring RNA molecules when exploring a large number of genes in a tissue is 

challenging. Physical expansion can address some of this challenge. We estimate that without 

expansion the signal from nearby transcripts is likely to overlap in space and therefore can’t be 

resolved (Fig. S13). This estimation was done by considering three factors: 1) The physical 

size of the rolonies (i.e., the padlocks which bind single molecule RNA, after amplification) 

which is 300nm in diameter (Alon et al., Science, 2021). 2) The point spread function (PSF) of 

the imaging setup utilized for in situ sequencing of the samples (Fig. S13A,B); beads with 

100nm diameter result with PSF that has full-width at half maximum (FWHM) of 270nm (Fig. 

S13A,B). 3) The physical expansion factor which is 3.3.  

The calculation was done as follows: The diameter of the rolonies (yellow circles in Fig 

S13C,D) multiplied by a factor of 2.7 (FWHM of 270nm divided by 100nm beads) gives a final 

diameter of 810nm. Therefore, the rolonies should be at least 0.81 microns apart from each 

other to avoid overlap. In contrast, without expansion the rolonies should be at least 2.7 microns 

apart from each other to avoid overlap. 
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An example of this benefit of expansion is shown in Fig. S13C,D. The physical locations of 

the identified transcripts (yellow circles) in a randomly selected region of a sample analyzed 

with ExSeq (Figure 4B) are shown in Fig. S13C, and the estimated physical locations of the 

identified transcripts in the same region, but without the physical expansion, are shown in Fig. 

S13D. The physical size of the rolonies (yellow circles) remains the same, but the number of 

pixels in X and Y was reduced by the expansion factor of 3.3, resulting in likely overlapping 

rolonies (overlapping yellow circles). This analysis reveals that when the expansion factor is 

artificially removed, the majority of rolonies will likely not be detected due to overlap: only 

77,906 out of 939,764 sequenced RNA remain. Next, we applied differentially expressed 

analysis as described in the Methods section ‘Detecting differentially expressed genes’, using 

the 77,906 non-overlapping transcripts, and revealed that this dramatic decrease in resolved 

trasncripts is also reflected in the number of proximity-induced genes detected (Fig. S13E). For 

example, only 2 genes are detected as proximity-induced genes for T cells close to tumor cells, 

instead of 17 in the original analysis (Fig. S13E). 

Pre-processing for the machine learning pipeline 

We applied machine learning tools to detect genes that their expressions separate, for cell type 

X, cells that are proximal to cell type Y versus non proximal cells. Specifically, we performed 

108 comparisons between non-tumor cell types and tumor cell types as described in the 

Methods section ‘Detecting differentially expressed genes’ above. In contrast to the detection 

of differentially expressed genes described above, machine learning tools can detect genes that 

change their expression in concert due to the proximity between cells. 

We applied a machine learning pipeline on each one of the 108 comparisons (Fig. S16). In 

every comparison, a boolean value was assigned to each cell of type X, representing whether 

or not it was in physical proximity with cells from type Y. Physical proximity was measured 

as in the Methods section ‘Detecting differentially expressed genes’. We set the Boolean value 

to ‘false’ if the distance between the cells is larger than the physical distance threshold, or to 

‘true’ otherwise. As in the Methods section ‘Detecting differentially expressed genes’, we 

confirmed that the results obtained are robust to the threshold value by examining the 

sensitivity to two other threshold values (Fig. S17). The Boolean value was the target class, i.e. 

the feature for which we wanted to gain a deeper understanding. Accordingly, we used 

supervised machine learning algorithms to uncover relationships between the gene expression 
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profile in each cell to the target class of the cell. The expression profile in each cell is the 

number of sequencing reads for each one of the 297 genes studied. 

Machine learning pipeline 

The dataset of each comparison was randomly split into training and testing sets with a ratio of 

8:2, respectively. The split was stratified so the class distribution was retained. The testing set 

was not used during the training phase and was only used at the end to evaluate how well the 

model is generalized to unseen data. 

In most of the comparisons, the majority of cells in the dataset were not in close proximity to 

cells from a different cell type. Therefore, the dataset was imbalanced, i.e., the ‘false’ class 

label had a high number of observations compared to the ‘true’ label. To adjust the class 

distribution, we utilized two over-sampling methods, Synthetic Minority Over-sampling 

Technique (SMOTE) (Chawla et al. 2002) and Random Over Sampler (ROS) (Batista et al. 

2004) (see below). On the training set, we applied the stratified k-fold cross validation strategy 

(Tan and Gilbert 2003). In k-fold cross validation, the training set is equally divided into k 

different subsets, such that k rounds of validation are performed each with k-1 subsets used as 

a training set, while each instance in the data set appears only once as part of the validation 

data. The use of a stratified k-fold ensured that the relative distributions of the target class were 

considered when generating the subsets. The value of k was between 3 to 6, depending on the 

number of cells with the minority label in each fold in a given comparison (as mentioned above, 

the minority label was in most cases ‘true’); the minimal number of k was set to 3, and in cases 

were the number of cells in each fold in the minority label was >20, we increased the k up to 

k=6. 

Overall four machine learning classifiers were applied on the dataset: Decision Trees (Quinlan 

1986), Random Forest (Ho 2002), XGBoost  (Chen and Guestrin 2016) and CatBoost 

(Dorogush, Ershov, and Gulin 2018) (Fig. S16). Decision Tree is a classifier with a high level 

of interpretability, which is important since our aim is to find genes that change their expression 

due to the proximity between cells. Random Forest, XGBoost and CatBoost are all based on 

Decision Trees models, however with a low level of interpretability. To find the best 

hyperparameters (‘best model’) for each classification algorithm, we used hyperparameter 

tuning, i.e., we ran multiple combinations of the classifiers' hyperparameters. The performance 

of a classifier with a specific set of parameter’s values was evaluated based on the results of 
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the k validation subsets using the k-fold cross validation; for each classifier this results with k 

values of area under curve (AUC). To choose the best set of parameters, we used Python’s 

scikit-learn (Pedregosa et al. 2012) methods GridSearchCV and RandomizedSearchCV, and 

maximized the AUC values described above (Fig. S16). For each one of the machine learning 

classifiers, this procedure was performed twice: with the over-sampling methods SMOTE and 

ROS. The over-sampling method that produced the highest AUC values for each classifier was 

utilized. 

To determine which one of the four classifiers used had the best performance (hence termed 

‘best’ classifier), we compared the k values of AUC for each classifier. Student’s t-test was 

used to determine if the difference between the classifiers was statistically significant. The best 

performing classifier was applied to the test dataset which was unused during the training 

phase. 

Machine learning evaluation 

To evaluate the performance of the best classifier, we first checked how sensitive the results 

are with respect to the initial (random) decision of which part of the dataset will serve as a train 

and which part will be the test. Then we compared the results obtained to the results of the 

same dataset, but with the class labels shuffled such that it should not contain biological 

meaning. 

Specifically, we followed these steps: 

A. We repeated the pipeline (Fig. S16, but only for the best classifier) 30 times for every 

comparison, but each time the data was split differently (and randomly) into training 

and testing sets with a ratio of 8:2. The AUC value of the test data was recorded each 

time (using the best model parameters as described above), resulting in 30 AUC values. 

B. We generated non-biological realizations of the dataset. These realizations were 

constructed by randomly shuffling the labels of proximal and non-proximal cells (the 

‘true’ and ‘false’ class labels), in each comparison, in a way that kept their relative 

proportions. This procedure was repeated 30 times, and each time we ran the complete 

pipeline (Fig. S16, but only for the best classifier). This resulted in 30 AUC values of 

non-biological datasets for each comparison. 

C. Finally, for each comparison, we checked whether the 30 AUC values of the best model, 

obtained using the original unshuffled dataset, are higher compared to the ones obtained 
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using shuffled datasets. A p-value for each comparison was generated using the 

Student’s t-test; note that the 30 AUC values, both from the biological and non-

biological data, were normally distributed. We kept only the machine learning results 

for every comparison that had a Benjamini-Hochberg false discovery rate (FDR) of 1e-

4. The stringent FDR value was chosen to further increase the confidence of the 

machine learning results, given the low number of cells used in the classification 

(Tables S4-5). 

Finally, for comparisons that passed the aforementioned test, the best classifier was applied to 

the complete dataset, i.e. without splitting into train and test. The classifier model was rebuilt 

as discussed above. To avoid errors that result from inaccurate boundaries detection of two 

adjacent cells, we filtered upregulated genes detected in X cells if they are known cell markers 

for the Y cells (the known marker genes are listed in the Methods section ‘Description of the 

datasets’). The features (genes) that had the highest influence on the classification are presented 

in Fig. S18. The feature importance values were calculated using SHapley Additive 

exPlanations (SHAP) technique (Lundberg and Lee 2017). 

cNMF analysis 

We implemented cNMF (Kotliar et al. 2019) analysis with the aim of detecting a battery of 

genes that change their expression together as a result of proximity between immune and tumor 

cells. Using this analysis we discovered gene signatures, namely gene expression programs 

(‘GEP), which define cell types as well as cell states. Using the python package ‘cnmf’ (Kotliar 

et al. 2019), we created cNMF object and ran the command ‘run_nmf’. The input was the gene 

expression (counts) matrix, including 297 genes and 2400 cells (we dropped cells that belong 

to ‘unknown’ cell type). After applying the cNMF algorithm, a gene expression matrix 

decomposition yielded a pair of low rank matrices. One matrix, named ‘usage matrix’ (N cells 

x K GEP components), accounts for the probability of each cell expressing each GEP, and the 

second matrix, ‘components matrix’ (K GEP components x G genes), presents the 

combinations of genes that are expressed in each GEP. The package was run using default 

parameters, with 500 iterations per K, and without filtering any iterations. To decide how many 

components will fit our data, we ran cNMF for a range of Ks from 8 to 29. We continued with 

K=18 since its stability-error ratio is the greatest compared to other values of K (Fig. S19A). 

Detection of cell type GEPs 



 

14 

Based on the usage matrix obtained from the cNMF analysis, we extracted GEP usage values 

for the different cell types, after aggregating the cells into five main categories: T cell, B cell, 

Macrophage, Fibroblast and Tumor. To test whether a specific GEP is over-represented in a 

given cell type, we performed a permutation analysis. Specifically, we performed 100,000 

realizations of the original dataset, in each realization we randomly shuffled cell type labels 

between the individual cells, while preserving the original number of cells in each cell type. 

Then, for each cell in each cell type we compared the GEP usage in the shuffled dataset to the 

usage in the original dataset. For each realization this comparison was performed separately 

for each GEP in each cell type using a right-tailed nonparametric Wilcoxon Rank-Sum test, 

with the null hypothesis that the average usage in all the cells in the original dataset is the same 

as the average usage in the permuted dataset. Cases in which the null hypothesis was rejected, 

using a confidence of 0.005 (Benjamini-Hochberg FDR), indicated that the usage in the original 

dataset was higher than the usage in the shuffled data. Tso estimate the significance of these 

cases, we calculated a p-value, defined as the number of times the null hypothesis was not 

rejected (plus one), divided by the total number of realizations. For example, a permutation 

analysis p-value of 1e-5 means that the null hypothesis was rejected in all the realizations, 

suggesting that a specific GEP is over-represented in the original dataset. Finally, the 

permutation analysis p-value was corrected for multiple testing using the Benjamini-Hochberg 

procedure (Fig. S19B). 

Detection of proximity-related GEPs 

Next, we examined whether GEPs can be overexpressed or under expressed in a cell type as a 

result of physical distance from other cell types (‘proximity-related’ GEPs). First, we divided 

each non-tumor cell type (T cell, B cell, macrophage, fibroblast) into two subgroups - cells 

proximal to tumor cells versus cells that are not close to tumor cells. Proximity was defined as 

3 micrometer distance, before expansion, between the cell bodies boundaries. Similarly, we 

divided the tumor cells into two groups: cells that are proximal to non-tumor cells, and tumor 

cells distant from non-tumor cells. Then, for each GEP in each cell type, we performed a two-

tailed nonparametric Wilcoxon Rank-Sum test, comparing the usage of that GEP in the 

proximal cells subgroup to the usage in the non-proximal subgroup. In cases when the null 

hypothesis (equal means) was rejected with Benjamini-Hochberg FDR < 0.005, we further 

tested the detected GEPs using permutation analysis. 100,000 realizations of the original 

dataset were created, in each realization, the identity of the individual cell as belonging to the 
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proximal subgroup versus the non-proximal subgroup was shuffled in each cell type separately, 

while preserving the total number of cells in each subgroup. Next, we applied a two-tailed 

nonparametric Wilcoxon Rank-Sum test to compare the GEP usage of the shuffled subgroups 

(proximal versus non-proximal) in each cell type. For each realization, we counted the number 

of times the Wilcoxon p-value of the shuffled data was lower than the Wilcoxon p-value 

obtained using the original data, for the same cell type and GEP. The total counts (plus 1) 

divided by the number of realizations is the permutation analysis p-value of a specific GEP in 

an individual cell type. The GEPs permutation analysis p-values are presented in Fig. S19C. 

Only p-values that passed a Benjamini-Hochberg multiple test correction (FDR<0.05) are 

presented, and the corresponding GEPs are treated as proximity-related GEPs. 

Quantifying the statistical significance of overlapping genes 

We assessed the statistical significance of the overlapping genes between any two detection 

methods (differential expression, machine learning and matrix factorization) with a 

bootstrapping approach. For any pair of cell clusters X and Y, the X cells were randomly 

partitioned into two subsets, of the same size as the two original subsets (originally these 

subsets were the X cells that are proximal to Y cells, and the X cells that are not proximal to Y 

cells). The random partition procedure was repeated 100 times. To assess the statistical 

significance of the overlap between the differential expression approach and the other 

approaches, the p-values of all genes, when comparing the two random subsets, were calculated 

using DESeq2. To assess the statistical significance of the overlap between the machine 

learning and matrix factorization approach, the genes that have the highest influence on the 

classification of the two random subsets were detected using the machine learning pipeline. 

Next, in each random realization, we sorted the genes according to their p-values (from lowest 

to highest) or according to their influence on the classification (from highest to lowest) and 

took the same number of genes as obtained with the real data. Finally, in each random 

realization, we examined the number of overlapping genes when comparing two detection 

methods. Bootstrap p-values were calculated for each comparison as (1+x)/100 where x is the 

number of realizations in which the number of overlapping genes between the two detection 

methods was above the original number of the overlapping genes. 

Scale-down analysis 
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To explore the number of proximity-induced genes as a fraction of the data utilized, we 

performed a scale-down analysis (Fig. S20-21). Specifically, we have randomly sampled fields 

of view from the full sample size, and repeated the full analysis of the detection of proximity-

induced genes using differential expression analysis (Methods section ‘Detecting differentially 

expressed genes’). We randomly sampled 100 times each fraction of data going from 40% to 

95% in increments of 5%. Then we calculated for each data fraction the average and the 

standard error of the number of overlapping upregulated proximity-induced genes (i.e., the 

overlap between the genes detected with a specific fraction of data and the full dataset). We 

also calculated the average and the standard error of the number of adjacent cells for each 

fraction of data. Next, we examined if the results fit a linear or a quadratic curve (Fig. S20-21). 

This analysis revealed a linear trend between the fraction of the data utilized and the number 

of proximity-induced genes revealed in T cells (Fig. S20, left panel). Importantly, a linear trend 

is also observed between the number of proximity-induced genes in T cells and the number of 

adjacent T cells and tumor cells (Fig. S20, right panel). The linear trend is also evident in B 

cells, Fibroblasts, and Macrophages (Fig. S21). Thus, the number of adjacent non-tumor and 

tumor cells present in the studied biopsy might suggest the number of proximity-induced genes 

that can be detected. 

Moran’s I calculation 

We implemented Moran’s I calculation in the context of spatially-resolved transcriptomics 

(Hao et al. 2021; Hu et al. 2021). Moran’s I computes the correlation of an expression of a 

gene with itself through space, and produces a number between -1 and 1 (akin to a correlation 

coefficient), that measures the dependence of the expression of the gene on spatial location. 

The Moran’s I values are calculated by dividing the space into bins and then computing the 

spatial autocorrelation between these bins. 

Similarly to a recent implementation (Miller et al. 2021), we account for non-uniform cell 

distribution in the tissue. We compute a p-value for the spatial dependence of each gene by 

taking into account the locations of all the genes expressed in the tissue. To highlight the need 

for this, consider the following scenario: say that there is a high density of cells in a particular 

location in the tissue, and as a result many genes have high expression levels in that location. 

In this scenario the distribution of gene expression in space will not be uniform, and therefore 

the Moran’s I might be high for nearly all genes tested. This will result in the trivial solution 

that nearly all the genes are spatially-dependent, which is technically correct but simply a result 
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of the tissue topography. However, if the distribution of locations of all the genes in the tissue 

is considered, then we can pinpoint specific genes that have higher spatial dependence relative 

to other expressed genes. 

In our implementation the user does not need to decide in advance how to divide the sample 

into spatial bins. Instead of pre-defining the spatial bins, we iterate over many possible bin 

sizes and select the grid that produces the most robust results for the spatially-dependent genes 

(details below). 

Similar to other implementations, we process the image in 2D, by a max projection of the gene 

expression from 3D to 2D. It is possible to implement Moran’s I in 3D, but it is less useful for 

tumor tissues since typically the length in the Z axis is two (or more) orders of magnitude 

smaller compared to the X and Y axes; for the tissue processed here the numbers are 8 microns 

in Z axis compared to 1347 x 621 microns in the X and Y axes. 

To compute a p-value for the spatial dependence of each gene (Fig. S22-23-24), our 

implementation of the Moran’s I includes the following steps: 

A. The complete image, i.e. all FOVs combined, is binned using a rectangular grid in the 

X and Y axes. We start with a coarse grid, by dividing the smallest dimension by 10. 

The size in the other dimension is determined such that the resulting X&Y bin is as 

close as possible to a square, taking into account the size of the tissue. For example, for 

the studied tissue the X dimension is initially divided by 20 whereas the Y dimension 

is by 10. 

B. Moran’s I is computed for all the genes, for the specific grid. For each gene, the number 

of mRNA molecules (i.e. sequencing reads) in each grid bin is calculated. This data is 

the input for the ‘moransI’ Python function which computes Moran’s I. 

C. To account for the overall distribution of genes in the tissue, for each gene with N 

mRNA molecules localized in space, we randomly pick N locations from the locations 

of all mRNA molecules of all the genes. The Moran’s I is then computed using the 

randomly chosen locations as in step (B) above. 

D. To calculate the p-value for the spatial dependence of each gene, we repeat step (C) 100 

times for each gene and fit a normal distribution for the resulting Moran’s I values. The 

original Moran’s I value for each gene (step B), and the normal distribution, allow us 

to calculate the gene’s spatial dependence p-value. 
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E. Accounting for multiple testing on all the genes, only genes with FDR<0.01 are 

recorded. 

F. The grid is iteratively refined, by adding 5 more divisions to the smallest axis in each 

iteration; i.e. 10, 15, 20 divisions and so on, whereas the divisions in the other 

dimension are modified as described in step (A). For each resulting grid, we repeat steps 

(B)-(E) above. The last iteration is when the division creates bins which are roughly the 

size of an individual cell, which is ~10 microns in the studied tissue. This parameter, as 

well as the initial division and the step size for the divisions, can be modified by the 

user. 

G. At this point for each grid tested we have a list of spatially-dependent genes. To choose 

the ‘best’ grid, we compare the lists of genes between grids. Specifically, starting from 

the second iteration, for each grid we ask what fraction of its list of genes is shared with 

the grid from a previous iteration (coarser grid) and with the grid from the next iteration 

(finer grid). Say 50 genes are detected as spatially-dependent in iteration i, and 20 of 

these genes are also detected in both iteration i-1 and iteration i+1, then for iteration i 

we record the fraction 0.4 (20/50). 

H. The grid with the local highest maximal fraction is chosen and the genes that are 

detected as spatially-dependent in that grid are reported. 

We examined if the genes detected as spatially variable using Moran’s I are a consequence of 

the cell type spatial variability. Alternatively, these genes can be spatially variable in spite (or 

in excess) of the cell type spatial variability. To test these two possibilities, we did the 

following: for a given gene, in a given cell type, we computed the Moran’s I of the RNA 

molecules from that given gene. Importantly, we used only locations which are inside the cells 

of the given cell type. Next, the significance of this Moran’s I score was compared to the 

background of the given cell type distribution. This was done by realization analysis: the same 

number of RNA molecules (as that of the given gene) were randomly selected from all RNA 

locations inside cells of the given cell type, and the Moran’s I was calculated for this realization. 

From 100 realizations the p-value of the original Moran’s I score was calculated. This analysis 

clearly revealed that many genes are spatially variable in excess of cell type spatial variability. 

Examples of such genes are in Fig. S23 and a list of the most significant genes is in Table. S9. 

We also implemented Moran’s I on the level of cells from a given cell type. I.e. for each cell 

type we generate a p-value for the spatial dependence of the cells in the given type. The 
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implementation is identical to the implementation for genes discussed above, with the 

following modifications: For each cell type we recorded the locations of all the cells. The cell’s 

location was defined as the mean position of mRNA molecules assigned to a given cell. The 

calculation was performed after maximal projection, as discussed above. The locations of the 

cells for each cell type were utilized for the calculation of Moran’s I, with the grid search as 

discussed above. To calculate the p-value, for each cell type with N cells, we randomly picked 

the locations of N cells from all the cells, regardless of cell type. Although most of the cell 

types were found to be spatially-dependent in a statistically significant manner, a clear 

difference was evident between the non-tumor cell types and tumor cells. T cells, B cells and 

Fibroblasts have a clear spatial dependence and accordingly low p-values, whereas tumor cell 

types are distributed similarly to random cells and accordingly have higher p-values (Fig. S25-

26). For example, ALDH1A3-positive tumor cells are very distinct in their molecular content 

(Fig. S10C), but the cells are distributed in the tissue in a manner that lacks clear spatial 

dependence (Fig. S26I). On the other extreme, all the B cell types are highly spatially-

dependent (p-value<1e-15; Fig. S25A and Fig. S26A-B). 
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Supplementary Figures 

Figure S1. The importance of the z-axis for cell segmentation: cells can overlap in the x-y axes but 

the z-axis planes can allow 3D separation. InSituSeg considers the 3D volume of the cells in order to 

separate them and allow a 3D segmentation of the cell bodies, resulting in a better assignment of mRNA 

molecules to the cells. A) x-y plane of one FOV showing a max projection of the DAPI signal. B) x-y 

plane of the marked region (red square) in A (B1), and with cells segmented by InSituSeg in 3D, each 

color represents a different cell (B2). C) Side view, i.e., the z-y plane, of the marked region (yellow 

square) in B1 (C1), and with the cells segmented by InSituSeg in 3D, each color represents a different 

cell (C2). Note that when looking only at the x-y plane (B) there are several cells which seem as one. 

However, when looking at the z-axis as well, these cells are evidently different (C). 
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Figure S2. InSituSeg enables the detection of cell-cell contact boundaries due to a marked drop 

off in the DAPI intensity between cells. In each of the six zoomed-in examples, the left image is the 

DAPI signal of the cells, and the right image is the cell body masks generated by InSituSeg on top of 

the DAPI signal of the cells (each color represents a different cell). 
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Figure S3. Refinement of the assignment of mRNA molecules into cell bodies with InSituSeg. For 

mRNA molecules that are outside the cell body objects, InSituSeg attempts to assign them to nearby 

cells. Out of all the sequenced RNA that are outside the cell bodies, only RNA molecules that are close 

(<1 micron) to one cell body, but are not close to other cell bodies, are assigned to the closest cell body. 

Dark blue represents regions outside segmented cells, other colors represent segmented cells, and brown 

spots represent sequenced RNA molecules. Note that from all the brown spots (RNA molecules) located 

in the dark blue region (i.e., outside segmented cells) before this refinement step (left panel), only some 

were assigned to segmented cells with high certainty (right panel). The region presented was randomly 

chosen. 
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Figure S4. Comparison of the results of proximity-induced genes in cell types proximal to tumor 

cells, with and without the inclusion of mRNA molecules outside the cell bodies. Overall, 95.3% 

(895,510 out of 939,764) of the sequenced RNA molecules in this sample are inside the cell bodies as 

detected via InSituSeg. Differentially expressed analysis as described in the ‘Detecting differentially 

expressed genes’ section was performed to detect proximity-induced genes. This analysis reveals that 

the mRNA molecules outside the cell bodies have little influence on the number of proximity-induced 

genes detected. For example, 16 genes are detected as proximity-induced genes for T cells close to 

tumor cells, instead of 17 in the original analysis, and 15 of them overlap. 
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Figure S5. Dependency between the number of voxels outside the nucleus (as detected with 

InSituSeg), normalized by the total number of voxels in the cell, and cell type. We tested the effect 

of the cell type on the size of the cell body detected. Specifically, we used the DAPI cytoplasmic staining 

to segment individual cells via InSituSeg, and then asked what fraction of the voxels are outside the 

nucleus, as a function of the cell type. The number of voxels identified in the cytosol and the cell type 

were found to be dependent (One-way ANOVA, p-value=2e-19 with a null hypothesis of equal group 

means). 
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Figure S6. The sensitivity of the InSituSeg analysis to the choices made by the user running the 

segmentation. InSituSeg results between two individuals who performed the segmentation 

independently are compared (user 1 in the middle column and user 2 in the right column), using two 

random fields of view (A and B). We compared the volume of ‘matching’ cells, i.e., cells which were 

identified using both segmentations (the color palette in the middle and right columns is the same). High 

overlap is observed between the 3D segmented cell bodies of the two users (Methods): 94% in A and 

92% in B. 

The table above compares the segmentation parameters using InSituSeg of two individuals (User 1 and 

User 2). The segmentation was done twice using two randomly-selected fields of view (A and B), and 

the chosen parameters are clearly similar. The differences in the parameter set were less than 3% on 

average. The supplementary text in the Methods: ‘Guidelines on how to choose parameters for 

InSituSeg and fine tune them’ gives detailed guidelines about each parameter and how to fine tune their 

values. 
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Figure S7. Comparing InSituSeg to manual segmentation and to other available segmentation 

methods. A) Two examples (A1 top row and A2 bottom row) of comparison between the results of 

manual segmentation (left) to InSituSeg (right). InSituSeg enables the detection of cell bodies, whereas 

manual segmentation detects mostly the cell nuclei. B) Two examples (B1 top row and B2 bottom row) 

of applying InSituSeg on a different core biopsy that was analyzed by expansion sequencing. C) Two 
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examples (C1 left and C2 right) of a comparison between the results of the segmentation tools ilastik 

(Berg et al. 2019) and Mesmer (Greenwald et al. 2022), to InSituSeg, given the same raw DAPI signal 

(top). The results of clustering using RNA locations alone are also presented (‘Normal Mixture 

Modeling’, see Methods). The regions presented were randomly chosen. Note that these images are 2D 

projections (via maximal projection) of 3D images and therefore some cells seem truncated. 
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Figure S8. InSituSeg can be applied to MERFISH data for cell body segmentation in 3D. Four 

FOVs are shown, in each one the left image shows the DAPI signal of the cells in the MERFISH dataset, 

and the right image shows the segmented cell bodies generated by InSituSeg on the same FOV, with 

each color represents a different cell. In the right images, the locations of the mRNA molecules (red 

spots) are overlaid on the InSituSeg segmentation. The white squares highlight a few examples in which 

InSituSeg allows the detection of cell bodies and not only cell nuclei. Of note, in these cases the 

segmented cell bodies overlap with the locations of the RNA molecules. The MERFISH data is of 

coronal, 10μm thick, slices of the mouse primary motor cortex (Zhang et al. 2021). The DAPI data and 

the locations of the mRNA molecules (‘spot locations’) were downloaded from 

https://download.brainimagelibrary.org/cf/1c/cf1c1a431ef8d021/, and specifically we processed the 

sample ‘mouse1_sample1_raw’. 

 

https://download.brainimagelibrary.org/cf/1c/cf1c1a431ef8d021/
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Figure S9. Comparison between segmentation based on cytosolic and membrane staining to 

segmentation obtained with InSituSeg. A) one field of view, 100x100 microns in size, randomly 

chosen from the MERFISH data (Methods). The MERFISH data contained the location of 347 genes 

inside a mouse liver tissue section, in addition to both cytosolic and membrane stains, as well as DAPI 
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stain. Top row: Cellpose was utilized to segment the cell bodies (left plot), using both cytosolic and 

membrane stains, and the results are compared to InSituSeg (middle plot), which uses only DAPI data. 

We compared the area of ‘matching’ cells, i.e., cells which were identified using both segmentations 

(same color palette in left and middle plots). Note that the definition of matching cells depends on an 

overlap area cutoff (right plot). Accordingly, the overlap percentage between the two segmentations 

depends on the overlap area cutoff (right plot, red line). There is a tradeoff between the number of 

matching cells and the overlap area cutoff (right plot, blue line). We choose a working point (right plot, 

green circle, and pink dashed line) to maximize the number of matching cells. Overall 129 matching 

cells were analyzed, and the average area overlap was 71%. Bottom row: same as the top row, but using 

segmentation of nuclei instead of InSituSeg segmentation. Overall 128 matching cells were analyzed, 

and the average area overlap was 50%. B) Same as (A), but using a second field of view, 100x100 

microns in size, randomly chosen from the MERFISH data. Top row: Overall 143 matching cells were 

analyzed, and the average area overlap was 65%. Bottom row: Overall 135 matching cells were 

analyzed, and the average area overlap was 45%. 
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Figure S10. The biopsy cell statistics after InSituSeg. A) For each FOV, the percent improvement in 

the number of RNA assigned to the cells using InSituSeg compared to manual segmentation is 

presented. Overall, manual segmentation of the nuclei using the tool VAST (Berger, Seung, and 

Lichtman 2018) resulted in 2,395 cells, and 771,904 reads were assigned to them. Using InSituSeg, 

2,748 cells were detected, and 939,764 reads were assigned to them. (B-C) Agreement between the 

Uniform Manifold Approximation and Projection (UMAP) representation of PCA-based expression 

clustering using manual segmentation (B), and InSituSeg segmented cells (C). The major cell types are 

represented by different colors: green for T cells and B cells; red for tumor cells; blue for macrophage; 

magenta for fibroblast; and gray/yellow for unannotated clusters. (D-E) After InsituSeg, the spatial 

locations of the major cell types in the analyzed tissue biopsy (D), and the number of cells in each 

clustered cell type (E). 
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Figure S11. The differential expression analysis is robust to changes in the distance that defines 

proximity between cells. The differential expression analysis was performed with a distance of 3 

microns (before expansion) as the cutoff for proximal cells. To check the robustness of the results, we 

recalculated all the differentially expressed genes using 2 and 4 microns. A) Venn diagram showing the 

overlap between the differentially expressed genes detected using 2, 3 and 4 microns as the distance 

cutoff. The number of genes detected is presented inside the Venn diagram: genes detected only using 

3 microns (red); genes detected only using 4 microns (green); genes detected only using 2 microns 

(purple); genes detected using 3 and 4 microns (brown); genes detected using 2 and 4 microns (light 

blue); genes detected using 2 and 3 microns (pink); genes detected using 2, 3 and 4 microns (yellow). 

B) Comparison of the p-values of the genes detected using either 2 microns or 3 microns as a distance 

cutoff. Pearson's correlation is 0.97 and the correlation p-value is <1e-100. (C) Comparison of the p-

value of the genes detected using either 3 microns or 4 microns as a distance cutoff. Pearson’s 

correlation is 0.97 and the correlation p-value is <1e-100. 
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Figure S12. Most of the proximity-induced genes are detected with half a micron threshold of 

proximity. With 0.5 micron threshold, the adjacent immune and tumor cells are likely to be physically 

touching. A) The number of non-tumor cells detected as adjacent to tumor cells when using either 3 

microns or 1 micron for the proximity cutoff between a non-tumor cell and a tumor cell. For example, 

out of the 258 T cells that were considered proximal to tumor cells with a distance cutoff of 3 microns, 

177 were detected with a distance cutoff of 1 micron. B) Comparison of the proximity-induced genes 

detected via differential expression analysis when using either 3 microns or 1 micron for the proximity 

cutoff between a non-tumor cell and a tumor cell. For example, 17 genes were detected as proximity-

induced in T cells close to tumor cells when using a 3 microns distance cutoff, and 16 out of them were 

detected using 1 micron distance cutoff. (C-D), same as (A-B) but using 0.5 microns proximity cutoff 

instead of 1 micron. For example, out of the 258 T cells that were considered proximal to tumor cells 

with a distance cutoff of 3 microns, 86 were detected with a distance cutoff of 0.5 microns. In addition, 

17 genes were detected as proximity-induced in T cells close to tumor cells when using a 3 microns 

distance cutoff, and 12 out of them were detected using 0.5 microns distance cutoff. 
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Figure S13. Expansion allows resolving more transcripts and significantly improves detection of 

proximity-induced genes. A-B) Point spread function (PSF) of the imaging setup utilized for in situ 

sequencing of the samples. Beads with 100nm diameter were used, and the full-width at half maximum 

(FWHM) is 270nm. C) The physical location of the identified transcripts in a randomly selected region 

of a sample analyzed with expansion sequencing (Figure 4B). The diameter of the transcripts (yellow 
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circles) was set to be 300nm, which is the average diameter of the rolonies (Alon et al. 2021), multiplied 

by a factor of 2.7 (FWHM of 270nm divided by 100nm beads). D) Estimated physical location of the 

identified transcripts in the same randomly selected region as (C), but without the physical expansion. 

The physical size of the rolonies (yellow circles) remains the same as (C), but the number of pixels in 

X and Y was reduced by the expansion factor of 3.3, resulting in likely overlapping rolonies 

(overlapping yellow circles). Overall, only 77,906 out of 939,764 sequenced RNA molecules in this 

sample are estimated to be non-overlapping when the expansion factor is artificially removed. (D) 

Applying differentially expressed analysis to the 77,906 non-overlapping transcripts reveals that the 

number of proximity-induced genes (super resolution) is expected to decrease dramatically without 

expansion (low resolution). 
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Upregulated genes when comparing non-tumor cell types to tumor cell types 
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Downregulated genes when comparing non-tumor cell types to tumor cell types 
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Upregulated genes when comparing tumor cell types to non-tumor cell types 
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Downregulated genes when comparing tumor cell types to non-tumor cell types 
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Figure S14. Heatmap showing the p-values of all the statistically significant differentially 

expressed genes (FDR<0.1) detected in 108 combinations of non-tumor and tumor cell types. 

Genes with FDR≥0.1 were given a value of 0 (black squares). Each row gives the name of a cell type 

X and a cell type Y, and we detected the genes upregulated or downregulated when comparing the cells 

in X that are proximal to Y, versus cells in X not proximal to Y. For example, in the row marked as 

Tumor_PGR_Tcell_CD8A, we detected genes that are upregulated or downregulated when PGR-

positive tumor cells are in proximity to CD8A-positive T cells, versus PGR-positive tumor cells which 

are not proximal to CD8A-positive T cells. In that example, the genes detected as upregulated were 

HSPB1, MT2A, POU2AF1, and the genes detected as downregulated were FAT1 and FN1. 



 

45 

 

Figure S15. Additional examples of genes identified as induced by proximity between different 

cell types. The detected genes were upregulated in the subset of X cells which are proximal to Y cells, 

compared to X cells which are not proximal to the Y cells. Sequencing reads locations (red spots) of 

four induced genes are overlaid on the DAPI staining of the nuclei, as well as the segmentation of the 

X cell type (blue) and the Y cell type (yellow). In each example, only the X cell type and the Y cell type 

segmentations are presented. The cell bodies were detected using InSituSeg, and the cell types were 

identified using clustering of the gene expression profiles. Genes upregulated in X cells due to proximity 

to Y cells have more red spots when proximal to Y cells (exemplars in full red arrows) versus X cells 

which are not proximal (exemplars in hollow red arrows). A) The gene APOE was detected by 

differential expression (DE), when examining all tumor cells that are proximal to fibroblast cells. B) 

The gene FOXP3 was detected by DE, when examining all tumor cells that are proximal to fibroblast 
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cells. C) the gene TFF1 was detected by DE, by machine learning (ML) and by matrix factorization 

(MF), when examining all macrophage cells that are proximal to all tumor cells. D) the gene TFF1 was 

detected by DE and by MF, when examining all T cells that are proximal to all tumor cells. Each panel 

shows a max projection of a subset region from the biopsy, acquired with a 40X objective, 100 x 100 

microns in size (before expansion). DE was performed with DeSeq2 (Love, Huber, and Anders 2014), 

ML with CatBoost(Dorogush, Ershov, and Gulin 2018) (Dorogush, Ershov, and Gulin 2018), and MF 

with cNMF (Kotliar et al. 2019). Permutation analysis was performed on all methods to assess statistical 

significance. 
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Figure S16. General scheme of the machine learning analysis process. 
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Figure S17. Comparing the features (genes) detected using machine learning classification as a 

function of the distance that defines proximity between cells. We detected the genes with the highest 

influence on the classification between: (a) tumor cells (from all types) that are in proximity to B cells 

(from all types), and (b) tumor cells (from all types) which are not proximal to B cells (from all types). 

This classification (middle panel) was performed with a distance of 3 microns (before expansion) as the 

cutoff for proximal cells. To check the robustness of the results, we recalculated the machine learning 

classification using 2 microns (left panel) and 4 microns (right panel). The majority of the genes 

detected using 3 microns as the proximity cutoff are robust to changes in this cutoff. Note that some of 

these genes are increased (green bars) when the cells are in proximity and some are decreased (red bars). 
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Genes detected using machine learning when comparing non-tumor cell types to tumor 

cell types 
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Genes detected using machine learning when comparing tumor cell types to non-tumor 

cell types 
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Figure S18. The 10 features (genes) that had the highest influence on the machine learning 

classification in all the combinations of non-tumor and tumor cell types. To avoid errors that result 

from inaccurate segmentation of two adjacent cells, we filtered differentially expressed genes detected 

in X cells if they are known cell markers for the Y cells. Only combinations with FDR<1e-4 are shown. 

For example, in the panel marked as ‘Tumor EPCAM – T-cell CD8A’, we detected the genes with the 

highest influence on the classification between: (a) EPCAM-positive tumor cells that are in proximity 
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to CD8A-positive T cells, and (b) EPCAM-positive tumor cells which are not proximal to CD8A-

positive T cells. Note that some of these genes are increased (green bars) when the cells are in proximity, 

and some are decreased (red bars). 
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Figure S19. Cell type GEPs and proximity-related GEPs resulting from the cNMF analysis. A) 

The stability and error of the cNMF analysis as a function of K, the number of GEP components. B) 

Over-represented GEPs in specific cell types (‘cell type’ GEPs), and their corresponding p-values. C) 

Proximity-related GEPs, i.e., GEPs which are overexpressed or under expressed as a result of physical 

distance between cell types, and their corresponding p-values. In (B-C), the p-values were computed 

using permutation analysis, and only p-values with Benjamini-Hochberg FDR<0.05 are presented. 

 

A 

B 
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Figure S20. Scale-down analysis reveals the number of proximity-induced genes detected as a 

function of tissue size and number of adjacent cells. For each fraction of data, fields of view were 

randomly sampled 100 times from the full dataset (Methods section 'Scale-down analysis'). The average 

(blue line) and the standard error (vertical line) of the number of overlapping upregulated proximity-

induced genes (i.e., overlap with the genes detected using the full dataset) detected is presented as a 

function of the fraction of data (left panel), and as a function of the number of adjacent cells (right 

panel). Adjacent cells are defined as the number of T cells which are in close proximity to tumor cells. 

Note that the number of adjacent cells can be different in each random realization, and therefore the 

average and the standard error of this value are shown (horizontal lines in the right panel). A linear 

trend between the number of proximity-induced genes and the fraction of the data utilized is evident 

(left panel, pink line; p-value 8e-14). A linear trend is also evident between the number of proximity-

induced genes and the number of adjacent T cells and tumor cells (right panel, pink line; p-value 7e-

14). 
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Figure S21. Scale-down analysis reveals the number of proximity-induced genes detected as a 

function of tissue size and number of adjacent cells. For each fraction of data, fields of view were 

randomly sampled 100 times from the full dataset (Methods section ‘Scale-down analysis’). The 

average (blue line) and the standard error (vertical line) of the number of overlapping upregulated 

proximity-induced genes (i.e., overlap with the genes detected using the full dataset) detected is 

presented as a function of the fraction of data (left panels), and as a function of the number of adjacent 

cells (right panels). Adjacent cells are defined as the number of non-tumor cells from a given cell type 

which are in close proximity to tumor cells. Note that the number of adjacent cells can be different in 

each random realization, and therefore the average and the standard error of this value are shown 

(horizontal lines in the right panels). A linear trend between the number of proximity-induced genes 

and the fraction of the data utilized is evident (left panels, pink line; p-values: B cells 7e-12, Macrophage 

3e-10, Fibroblast 6e-09). A linear trend is also evident between the number of proximity-induced genes 

and the number of adjacent non-tumor and tumor cells (right panel, pink line; p-values: B cells 8e-13, 

Macrophage 1e-10, Fibroblast 2e-09). 
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Figure S22. Detection of spatially-dependent genes using Moran's I calculation and permutation 

analysis. The top detected genes, sorted by p-value from the lowest to the highest, are presented. For 

each gene, two images are shown: the left shows the true locations of the gene reads, and the right is 

one non-biological realization. Below four values for each gene are shown: 1) Moran’s I value of the 

true spatial distribution, marked as ‘original’ in the figure, (2) an average of 100 Moran’s I values of 

non-biological spatial distribution, (3) Moran’s I value of one specific non-biological spatial 

distribution, which is marked as ‘random’ in the figure, and (4) the resulting p-value. 

A) (1) 0.39, (2) 0.18, (3) 0.18, (4) <1e-15. B) (1) 0.46, (2) 0.35, (3) 0.36, (4) 3.33e-13. 

C) (1) 0.26, (2) 0.05, (3) 0.04, (4) <1e-15. D) (1) 0.2, (2) 0.07, (3) 0.04, (4) 4.12e-15. 

E) (1) 0.54, (2) 0.45, (3) 0.46, (4) 2.51e-14. F) (1) 0.6, (2) 0.41, (3) 0.42, (4) <1e-15. 
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Figure S23. Example of three genes TTC6, ISG20 and AURKA which are spatially-dependent in 

spite of cell type spatial variability. (A1) all genes detected in T cells (blue), (A2) the locations of the 

gene TTC6 in T cells (blue), and (A3) the realization of gene locations inside T cells (blue), with the 

total sum of spots equal to (B). (B1-3), same as (A1-3), respectively, but for the gene ISG20 in B cells. 

(C1-3), same as (A1-3), respectively, but for the gene AURKA in Fibroblast. Moran’s I of TTC6: 0.37, 

compared to 0.17±0.02 (all realizations), and 0.16 (realization shown in A3). Moran’s I of ISG20: 0.38, 

compared to 0.17±0.03 (all realizations), and 0.15 (realization shown in B3). Moran’s I of AURKA: 

0.54, compared to 0.34±0.03 (all realizations), and 0.30 (realization shown in C3). 
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Figure S24A. The gene AHR is spatially-dependent, but without a visually clear correlation to the 

locations of tumor cells. (A) all genes detected in B cells (blue), (B) the locations of the gene AHR in 

B cells (blue), and (C) the realization of gene locations inside B cells (blue), with the total sum of spots 

equal to (B). (D-F), same as (A-C), respectively, but overlaid with the locations of tumor cell types: 

ALDH1A3-positive (orange), EGFR-positive (green), EPCAM-positive (red), CD44-positive (purple) 

and PGR-positive (brown). Moran’s I of AHR: 0.44, compared to 0.27±0.03 (all realizations), and 0.28 

(realization shown in (C)). 
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Figure S24B. The gene XBP1 is spatially-dependent, but without a visually clear correlation to 

the locations of tumor cells. (A) all genes detected in fibroblasts (blue), (B) the locations of the gene 

XBP1 in fibroblasts (blue), and (C) the realization of gene locations inside fibroblasts (blue), with the 

total sum of spots equal to (B). (D-F), same as (A-C), respectively, but overlaid with the locations of 

tumor cell types: ALDH1A3-positive (orange), EGFR-positive (green), EPCAM-positive (red), CD44-

positive (purple) and PGR-positive (brown). Moran’s I of XBP1: 0.63, compared to 0.51±0.02 (all 

realizations), and 0.51 (realization shown in (C)). 



 

66 

 

Figure S24C. The gene ICAM1 is spatially-dependent, but without a visually clear correlation to 

the locations of tumor cells. (A) all genes detected in T cells (blue), (B) the locations of the gene 

ICAM1 in T cells (blue), and (C) the realization of gene locations inside T cells (blue), with the total 

sum of spots equal to (B). (D-F), same as (A-C), respectively, but overlaid with the locations of tumor 

cell types: ALDH1A3-positive (orange), EGFR-positive (green), EPCAM-positive (red), CD44-

positive (purple) and PGR-positive (brown). Moran’s I of ICAM1: 0.24, compared to 0.11±0.03 (all 

realizations), and 0.14 (realization shown in (C)).  
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Figure S24D. The gene LGMN is spatially-dependent, but without a visually clear correlation to 

the locations of tumor cells. (A) all genes detected in T cells (blue), (B) the locations of the gene 

LGMN in T cells (blue), and (C) the realization of gene locations inside T cells (blue), with the total 

sum of spots equal to (B). (D-F), same as (A-C), respectively, but overlaid with the locations of tumor 

cell types: ALDH1A3-positive (orange), EGFR-positive (green), EPCAM-positive (red), CD44-

positive (purple) and PGR-positive (brown). Moran’s I of LGMN: 0.18, compared to 0.08±0.03 (all 

realizations), and 0.05 (realization shown in (C)). 
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Figure S25. Detection of spatially-dependent cell types using Moran's I calculation and 

permutation analysis. For each cell type, two images are shown: the left shows the true locations of 

the cells, and the right is one non-biological realization. Below four values for each cell type are shown: 

1) Moran’s I value of the true spatial distribution, marked as ‘original’ in the figure, (2) an average of 

100 Moran’s I values of non-biological spatial distribution, (3) Moran’s I value of one specific non-

biological spatial distribution, which is marked as ‘random’ in the figure, and (4) the resulting p-value. 

A) (1) 0.38, (2) 0.08, (3) 0.07, (4) <1e-15. B) (1) 0.17, (2) 0.06, (3) 0.04, (4) <1e-15. 

C) (1) 0.29, (2) 0.08, (3) 0.1, (4) <1e-15.  D) (1) 0.14, (2) 0.1, (3) 0.13, (4) 3.84e-3. 
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Figure S26. Detection of spatially-dependent cell subtypes using Moran's I calculation and 

permutation analysis. A-H) For each cell subtype, two images are shown: the left shows the true 

locations of the cells, and the right is one non-biological realization. Below four values for each cell 

subtype are shown: 1) Moran’s I value of the true spatial distribution, marked as ‘original’ in the figure, 

(2) an average of 100 Moran’s I values of non-biological spatial distribution, (3) Moran’s I value of one 

specific non-biological spatial distribution, which is marked as ‘random’ in the figure, and (4) the 

resulting p-value. (I) similar representation for ALDH1A3-positive tumor cell type, but note that this 

cell type was not detected as spatially-dependent with statistical significance. Excluding (I), only cell 
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subtypes with FDR<0.01 are shown.  

A) (1) 0.24, (2) 0.02, (3) 0.03, (4) <1e-15. B) (1) 0.29, (2) 0.07, (3) 0.07, (4) <1e-15. 

C) (1) 0.1, (2) 0.02, (3) 0.02, (4) 1.41e-12. D) (1) 0.17, (2) 0.03, (3) 0.04, (4) <1e-15. 

E) (1) 0.29, (2) 0.08, (3) 0.08, (4) <1e-15. F) (1) 0.05, (2) 0.01, (3) 0.03, (4) 1.65e-3. 

G) (1) 0.07, (2) 0.03, (3) 0.03, (4) 3.33e-4. H) (1) 0.09, (2) 0.03, (3) 0.02, (4) 2.36e-7. 

I) (1) 0.04, (2) 0.02, (3) 0.03, (4) 0.05. 
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Supplementary Tables 

 

Table S1. The names of 297 genes in the expansion sequencing panel utilized in this study. The 

table is attached as a separate spreadsheet file. 
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Table S2. The parameters used in the segmentation in each field of view. 

FOV = the field of view analyzed.  

min_nuc = the minimum percentile of pixel intensity for the representation of nuclei. 

min_som = the minimum percentile of pixel intensity for representation of the cell bodies. 

max_som = the maximum percentile of pixel intensity for representation of the cell bodies. 

area_remove_quant = the maximum percentile of area for removing objects that are suspected of 
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being noise. 

area_big_quant = the minimum percentile of area for splitting objects that are suspected to be 

combined. 

In addition to the parameters presented in the table, several constant parameters were used (explained 

below): medfiltmask=9, max_nuc=1, closingmask=3, openingmask=3, max_val_quant=0.9999, 

patch_num_x=3, patch_num_y=3. 

medfiltmask = the size of the median filter. 

max_nuc = the maximum percentile of pixel intensity for the representation of nuclei. 

closingmask = the size of the closing mask. 

openingmask = the size of the opening mask. 

max_val_quant = the minimum percentile of pixel intensity for representation of noise. 

patch_num_x = the number of divisions of FOV to sub-fields in the x-axis. 

patch_num_y = the number of divisions of FOV to sub-fields in the y-axis. 
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Table S3. Comparison of the genes detected by differential expression analysis between 0.5, 1 and 

3 microns as the distance cutoff between proximal cells. The table is attached as a separate 

spreadsheet file. 
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Table S4. Summary statistics of the machine learning classifications (ML) for each one of the 

comparisons between non-tumor cells and tumor cells. Only comparisons with FDR<1e-4 in the 

machine learning classification are presented. 

1The comparisons were performed between: (a) the cells from type X that are in proximity (true label) 

to cell type Y, and (b) the cells from type X that are not in proximity (false label) to cell type Y. 
2The false discovery rate (FDR) of the machine learning classification, which takes into account 54 

multiple tests, as 54 comparisons between non-tumor cells and tumor cells were performed. 
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Table S5. Summary statistics of the machine learning classifications (ML) for each one of the 

comparisons between tumor cells and non-tumor cells. Only comparisons with FDR<1e-4 in the 

machine learning classification are presented. 
1The comparisons were performed between: (a) the cells from type X that are in proximity (true label) 

to cell type Y, and (b) the cells from type X that are not in proximity (false label) to cell type Y. 
2The false discovery rate (FDR) of the machine learning classification, which takes into account 54 

multiple tests, as 54 comparisons between tumor cells and non-tumor cells were performed. 
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Table S6. Summary of the results of the three detection methods: differential expression, machine 

learning, and matrix factorization. The table includes, for each comparison between two cell types, 

the significant genes in each method (names and number of genes) and the overlapping genes between 

the methods (names, number of genes, percent overlap, and p-value of the overlap). The table is attached 

as a separate spreadsheet file. 
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 K=18 
K=18 - including cells in 

types marked as 
‘unknown’ 

K=16 K=20 

GEP cell type- 
related 

Proximity- 
related 

cell type- 
related 

Proximity- 
related 

cell type- 
related 

Proximity- 
related 

cell type- 
related 

Proximity
- related 

1 T cell  T cell  T cell  T cell  

2 B cell,  
Mac 

 B cell Tumor B cell,  
Mac Tumor B cell  

3 Fib  Fib    Fib  

4 B cell,  
Fib 

 B cell    B cell, 
Fib 

 

5 
B cell 

[IGHG1]8,  
Tumor 

 
B cell 

[IGHG1]8,  
Tumor 

	
B cell 

[IGHG1]8, 
Tumor 

 
B cell 

[IGHG1]8, 
Tumor 

	

6 
B cell 

[IGHM,  
IGKC]8 

 
B cell 

[IGHM, 
IGKC]8 

 
B cell 

[IGHM, 
IGKC]8, 
Tumor 

 

B cell 
[IGHM, 
IGKC]8, 
Tumor 

 

7         

8 
Mac  

[HLA-DRA]8,  
Fib 

Fib 
Mac 

[HLA-
DRA]8 

Fib 
Mac 

[HLA-DRA]8, 
Fib 

 
Mac 

[HLA-DRA]8, 
Fib 

 

9  

B cell1 
P-value-DE9 = 

0.07 
P-value-ML10 

= 0.37 

 B cell  B cell   

ss 
B cell,  

Fib  
[SULF1]8 

Fib2 
P-value-DE9 = 

0.21 
P-value-ML10 

= 0.71 

B cell,  
Fib 

[SULF1]8 
Fib 

B cell,  
Fib 

[SULF1]8 
Fib 

B cell, 
Fib 

[SULF1]8 
Fib 

11 Fib 
[SULF1]8 

 Fib 
[SULF1]8 

 Fib 
[SULF1]8 

 Fib 
[SULF1]8 

 

12 
B cell,  

Fib  
[HSPG2]8 

 Fib 
[HSPG2] 8 

 
B cell,  
Mac, 
Fib 

[HSPG2]8 

 
B cell, 

Fib 
[HSPG2]8 
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13 B cell  B cell  B cell,  
Tumor Tumor B cell, 

Tumor 
 

14         

15         

16 

T cell,  
B cell,  
Tumor  
[KRT18, 
KRT19]8 

T cell3 
P-value-DE9 

< 0.01 
P-value-ML10 

< 0.01 
Mac4 

P-value-DE9 = 
0.17  

P-value-ML10 

= 0.09 
Fib5 

P-value-DE9 = 
0.04  

P-value-ML10  
< 0.01 

T cell,  
B cell,  

Fib,  
Tumor 
[KRT18, 
KRT19]8 

T cell, 
Mac, 
Fib 

T cell,  
B cell,  

Fib 

T cell, 
Fib 

T cell, 
B cell, 
Tumor 
[KRT18, 
KRT19]8 

T cell, 
Mac, 
Fib 

17 

T cell,  
B cell 

[IGHG4,  
IGHG1,  
IGKC]8,  

Fib,  
Tumor 
[CD24]8 

B cell6 
P-value-DE9 = 

0.92 
P-value-ML10 

= 0.74 

T cell,  
B cell 

[IGHG1, 
IGHG4, 
IGKC]8,  

Fib,  
Tumor 
[CD24]8 

B cell	

T cell,  
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[IGHG1, 
IGHG4, 
IGKC]8,  

Fib,  
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[CD24]8 

B cell 

T cell, 
B cell 

[IGHG1, 
IGHG4, 
IGKC]8, 

Fib, 
Tumor 
[CD24]8 

 

18 
Fib,  

Tumor 
[PGR]8 

Tumor7 
P-value-DE9 = 

0.7	

Fib, 
Tumor 
[PGR]8 

Tumor Fib,  
Tumor 

T cell,  
Fib, 

Tumor 

Fib, 
Tumor 

[EPCAM, 
PGR]8 

Tumor 

19         

20         

 
Table S7. Sensitive tests for cell type GEPs and proximity-related GEPs. Comparison of significant 

GEP when the dataset was based on either K=18 (the baseline), K=16, or K=20, and also with K=18 

but including cells in types marked as ‘unknown’. The calculations were performed as described for the 

baseline condition. Fib=fibroblast; Mac=Macrophage. Only cell types with FDR<0.05 in bootstrapping 

analysis are presented (both for cell type GEP and proximity-related GEP). The genes highly-associated 

with each GEP (cell type and proximity-related) are presented in Table S8. 
1a B cell proximity-related GEP. Out of the 15 genes highly-associated with this GEP, 6 genes 

overlapped with the 23 genes detected as differentially expressed when comparing B cells proximal 
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versus not proximal to tumor cells (Fig. S14, but note that this figure excludes tumor markers). The 

overlapping genes are: COL1A2, COL1A1, COL4A1, COL3A1, FGFR1, TIMP1. These overlapping 

genes were all present in the sensitive tests for K=16 and K=18 including ‘unknown’ cell type. Out of 

the 15 genes highly-associated with this GEP, a single gene (TIMP1) overlapped with the 10 genes 

detected by machine learning (Fig. S18).  
2 a Fibroblast proximity-related GEP. Out of the 15 genes highly-associated with this GEP, 2 genes 

overlapped with the 7 genes detected as differentially expressed when comparing Fibroblast cells 

proximal versus not proximal to tumor cells (Fig. S14, but note that this figure excludes tumor markers). 

The overlapping genes are: SULF1, CD3G. These overlapping genes were all present in the sensitive 

tests for K=16, K=20 and K=18 including ‘unknown’ cell type. Out of the 15 genes highly-associated 

with this GEP, a single gene (CD3G) overlapped with the 10 genes detected by machine learning (Fig. 

S18).  
3 a T cell proximity-related GEP. Out of the 15 genes highly-associated with this GEP, 8 genes 

overlapped with the 19 genes detected as differentially expressed when comparing T cells proximal 

versus not proximal to tumor cells (Fig. S14, but note that this figure excludes tumor markers). The 

overlapping genes are: KRT18, MYL6, TFF1, TMSB4X, RPSA, S100A14, FASN, CD63. These 

overlapping genes were all present in the sensitive tests for K=16, K=20 and K=18 including ‘unknown’ 

cell type. Out of the 15 genes highly-associated with this GEP, 5 genes (HSPB1, TMSB4X, RPSA, 

S100A14, CD63) overlapped with the 10 genes detected by machine learning (Fig. S18). 
4 a Macrophage proximity-related GEP. Out of the 15 genes highly-associated with this GEP, 2 genes 

overlapped with the 9 genes detected as differentially expressed when comparing Macrophage cells 

proximal versus not proximal to tumor cells (Fig. S14, but note that this figure excludes tumor markers). 

The overlapping genes are: TFF1, KRT19. These overlapping genes were all present in the sensitive 

tests for K=20 and K=18 including ‘unknown’ cell type. Out of the 15 genes highly-associated with this 

GEP, 3 genes (TFF1, KRT19, IFITM3) overlapped with the 10 genes detected by machine learning 

(Fig. S18). 
5 a Fibroblast proximity-related GEP. Out of the 15 genes highly-associated with this GEP, 4 genes 

overlapped with the 7 genes detected as differentially expressed when comparing Fibroblast cells 

proximal versus not proximal to tumor cells (Fig. S14, but note that this figure excludes tumor markers). 

The overlapping genes are: KRT18, MYL6, TMSB4X, RPSA. These overlapping genes were all present 

in the sensitive tests for K=16, K=20 and K=18 including ‘unknown’ cell type. Out of the 15 genes 

highly-associated with this GEP, 6 genes (KRT18, MYL6, KRT19, TMSB4X, RPSA, XBP1) 

overlapped with the 10 genes detected by machine learning (Fig. S18).  
6 a B cell proximity-related GEP. Out of the 15 genes highly-associated with this GEP, a single gene 

overlapped with the 23 genes detected as differentially expressed when comparing B cells proximal 

versus not proximal to tumor cells (Fig. S14, but note that this figure excludes tumor markers). The 

overlapping gene is: LYZ. This overlapping gene was present in the sensitive tests for K=16, K=20 and 
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K=18 including ‘unknown’ cell type. Out of the 15 genes highly-associated with this GEP, a single gene 

(FAT1) overlapped with the 10 genes detected by machine learning (Fig. S18).  
7a tumor proximity-related GEP. Out of the 15 genes highly-associated with this GEP, 2 genes 

overlapped with the 22 genes detected as differentially expressed when comparing tumor cells proximal 

versus not proximal to not-tumor cells (Fig. S14, but note that this figure excludes tumor markers). The 

overlapping genes are: CD69 and KIF23 were present in the sensitive tests for K=16, K=20 and K=18 

including ‘unknown’ cell type. 
8 cell type marker genes associated with the given GEP.  
9 P-value of the observed overlap between the genes detected by cNMF and by differential expression 

analysis (DE), bootstrapping. 
10 P-value of the observed overlap between the genes detected by cNMF and by machine learning 

analysis (ML), bootstrapping. 
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Table S8. Genes associated with the detected GEPs. Each GEP (rows) is represented by a list of 15 

genes in descending contribution order. 
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Table S9. Moran's I analysis of genes that are spatially variable in excess to cell type spatial 

variability. The table is attached as a separate spreadsheet file. 
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Supplementary Text 

Guidelines on how to choose parameters for InSituSeg and fine tune them 

When applying InSituSeg to a field of view (FOV) with DAPI staining, fine tuning various 

parameters can improve the results obtained, in terms of the cell bodies detected. 

The min_nuc parameter 

The first parameter to fine tune is min_nuc parameter which determines the minimum 

percentile of pixel intensity for nuclei detection. The first run of InSituSeg will be performed 

with the default parameter for this value. After the first run with the default parameter, this 

parameter can be fine tuned using the matlab table labeled 'll1', which will be generated after 

the InSituSeg run and can be viewed using the matlab function sliceViewer. This table is 

printed in the lines of code following the Processing_Image function and preceding the step of 

splitting connected cells. 

With the min_nuc parameter there is a trade off - since this parameter is the minimum detected 

intensity, setting a low value can result in detection of practically all nuclei voxels. Alas, this 

can also result in over detection of nuclei voxels, which can falsy merge nearby cells into one 

object (with one cell ID). On the other hand, setting a high value for this parameter will likely 

result in a clear separation between the nuclei, but some nuclei will likely remain undetected. 

Therefore, if multiple nuclei in the FOV are combined and assigned to a single cell ID instead 

of being separated into distinct cell IDs, it is advisable to opt for a higher min_nuc value. A 

higher min_nuc value will result in detecting a smaller fraction of the nuclei voxels, therefore 

potentially leading to the separation of combined nuclei. Conversely, if some nuclei are not 

detected in the 'll1' output image, a lower min_nuc value should be set to encompass nuclei 

with lower intensities. 

Note that connected cells can be split later in the splitting connected cells step. 

The area_big_quant parameter 

Another parameter requiring adjustment is area_big_quant, representing the minimum 

percentile of nuclei voxels for splitting potentially combined objects (i.e., the number of voxels 

for each nucleus is sorted from the nucleus with the smallest number of voxels to the largest, 

https://www.mathworks.com/help/images/ref/sliceviewer.html
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and the area_big_quant parameter is the minimum percentile for the nucleus to be considered 

potentially combined). The nuclei that have a number of voxels above this percentile will 

proceed to the stage of splitting connected cells. The determination of the area_big_quant value 

relies on the 'S1' vector variable generated after the Processing_Image function. This vector 

captures the number of voxels of each nucleus area, and this vector is utilized in establishing 

the value of the area_big_quant parameter. 

To estimate the ‘ideal’ value area_big_quant parameter, a manual examination can be helpful: 

examine the matlab table labeled 'll1' using the matlab function sliceViewer, and manually 

detect the largest nucleus which should remain unsplit, because it appears to be one cell. Using 

sliceViewer, hover over the aforementioned cell and locate the cell ID. Then locate this cell ID 

in the 'S1' vector to obtain the percentile of the number of voxels of this nucleus from all the 

nuclei. Ideally, the area_big_quant value should be slightly greater than that of the 

aforementioned cell. Consequently, this ensures that the specified nucleus, along with smaller 

nuclei falling below the area_big_quant threshold, will not undergo splitting. 

The iterations_step parameter 

To make sure that neighboring cells are not merged together, the pipeline performs an iterative 

procedure to split potentially connected cells. This is done by gradually increasing min_nuc for 

nuclei exceeding the area_big_quant cutoff, which in turn leads to the detection of stronger 

voxels, and therefore can allow the splitting of merged nuclei. During these iterations, the 

area_big_quant is fixed, and the user can adjust the iterations_step parameter. 

For nuclei exceeding the threshold size (i.e., higher than the area_big_quant cutoff), the 

min_nuc parameter value undergoes iterative increments (as mentioned above), resulting in 

fewer pixels being selected as part of the nuclei and leading to the generation of split objects. 

In instances where certain nuclei remain unsplit even after reaching the maximum min_nuc 

value, it is advisable to decrease the iterations_step parameter (i.e., increase the number of 

iterations) for splitting connected cells. With a low number of iterations, there is a risk for a 

nucleus to be undetected beyond a specific iteration, primarily because of a high min_nuc 

threshold value. Prior to this iteration, the nucleus may maintain an overly large size due to the 

low min_nuc threshold. Hence, an intermediate jump is necessary to achieve a point where the 

large nucleus undergoes division into several smaller nuclei. It's important to be aware that a 

high iteration count results in a prolonged runtime. 

https://www.mathworks.com/help/images/ref/sliceviewer.html
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The area_remove_quant parameter 

An additional parameter to consider is the area_remove_quant, representing the maximum 

percentile of area for eliminating objects suspected of being noise (i.e., objects with a very low 

number of voxels are likely to be noise, and not real nuclei). The area_remove_quant parameter 

can be fine tuned using the second segmented image, denoted as matlab table labeled ‘ll_nuc’. 

This table will be generated after the InSituSeg run, and can be viewed using the matlab 

function sliceViewer. This segmented image is generated after the pipeline step of splitting 

connected cells. We recommend using the default area_remove_quant value, unless multiple 

small objects, which appear to be unrelated to cells, are observed in the ‘ll_nuc’ image. In cases 

where visual inspection of the ‘ll_nuc’ image still reveals small ‘noisy’ objects, or in cases 

where cells are overly split to multiple cells, the area_remove_quant value should be higher. 

The min_som parameter 

min_som represents the minimum percentile of pixel intensity required for the representation 

of cell bodies. The definition of min_som is very similar to that of min_nuc, and indeed, if the 

min_som parameter is set to be equal to min_nuc (this is not recommended…), only nuclei will 

be detected as the cell bodies. In contrast, setting the parameter to be lower than min_nuc, will 

allow detection of the hues surrounding the nuclei, thus allowing detection of the cell bodies. 

The min_som parameter can be fine tuned using the third segmented image, denoted as matlab 

table labeled ‘ll_som’. This table will be generated after the InSituSeg run, and can be viewed 

using the matlab function sliceViewer. As a general guideline, it is recommended to choose a 

min_som value that is approximately ten-twenty units smaller than the min_nuc value. 

Ultimately, the min_som parameter plays a key role in determining the cell body size. Thus, to 

augment the cell body size, one should decrease the min_som value, whereas to reduce the cell 

body size, a higher min_som value is preferable. 

The medfiltmask parameter 

The InSituSeg procedure starts with a pre-processing denoising step utilizing a median filter. 

During this stage, each pixel's intensity value is substituted with the median value of the 

neighboring pixels. The size of the window encompassing these pixels, denoting the number 

of pixels considered in the 3D volume, is defined as the 'medfiltmask' parameter. It is essential 

to calibrate this 'medfiltmask' parameter to the downsampled image size (see below), ensuring 

that it achieves a balance between image smoothing and resolution preservation. The 

https://www.mathworks.com/help/images/ref/sliceviewer.html
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medfiltmask parameter can be fine tuned using an additional image, denoted as a matlab table 

labeled ‘img3d_fil’. This table will be generated during the InSituSeg run, in the ‘Filtering 

Median Filter’ part, and can be viewed using the matlab function sliceViewer. For instance, if 

no downsampling is applied (i.e., downsampling parameter equals 1), the 'medfiltmask' 

parameter is advised to be set to [9,9,9] for 2048 by 2048 pixels image. Conversely, if the 

downsampling parameter is set to 4 (see below), or similarly if the original image size is smaller 

than 2048 by 2048 pixels, we recommend using a 'medfiltmask' parameter value of [3,3,3].  

The downsampling parameter 

The full-resolution DAPI staining image of the designated field of view (FOV), typically in the 

form of an h5 or tiff file, is an input of InSituSeg. This image is read in MATLAB as a table. 

However, executing the pipeline with the original full-resolution image may consume a 

significant amount of time, potentially even hours for 150 serial sections of 2048 by 2048 pixel 

image. We have observed that downsampling the image by a factor of 2-4 yields nearly 

identical segmentation results while significantly reducing the runtime to minutes instead of 

hours. Consequently, we recommend utilizing the downsampling parameter for downsampling. 

This parameter is employed in the built-in MATLAB function 'imresize3,' which resizes a 3D 

volumetric intensity image by a factor defined by the downsampling parameter. For instance, 

if a value of 4 is set for the downsampling parameter, the resulting volume will be four times 

smaller than the original image volume (table). The entire InSituSeg process is then applied to 

the downsampled image table. 

The closingmask parameter 

The InSituSeg procedure starts with a pre-processing denoising step utilizing the ‘imclose’ 

Matlab function, which is morphological close operation. During this stage, the morphological 

close operation dilates the image and then erodes the dilated image using the same structuring 

element for both operations. This stage is useful for filling small holes in the image while 

preserving the shape and size of large holes and objects in the image. The size of the structuring 

element is defined as the 'closingmask' parameter. It is essential to calibrate this 'closingmask' 

parameter to the downsampled image size, ensuring that it achieves a balance between filling 

small holes and preserving separate cells. For instance, if no downsampling is applied (i.e., 

downsampling parameter equals 1), the 'closingmask' parameter is advised to be set to 3 for 

2048 by 2048 pixels image. Conversely, if the downsampling parameter is set to 4, or similarly 
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if the original image size is smaller than 2048 by 2048 pixels, we recommend using a 

'closingmask' parameter value of 1. 

The openingmask parameter 

The InSituSeg procedure starts with a pre-processing denoising step utilizing the ‘imopen’ 

Matlab function, a morphological opening operation. During this stage, the morphological 

opening operation erodes the image and then dilates the eroded image using the same 

structuring element for both operations. This stage is useful for removing small objects from 

the image while preserving the shape and size of larger objects in the image. The size of the 

structuring element is defined as the 'openingmask' parameter. It is essential to calibrate this 

'openingmask' parameter to the downsampled image size, ensuring that it achieves a balance 

between removing small objects and preserving the cells. For instance, if no downsampling is 

applied (i.e., downsampling parameter equals 1), the 'openingmask' parameter is advised to be 

set to 3 for 2048 by 2048 pixels image. Conversely, if the downsampling parameter is set to 4, 

or similarly if the original image size is smaller than 2048 by 2048 pixels, we recommend using 

a 'openingmask' parameter value of 1. 
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