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Abstract 
Motivation: The tumor microenvironment (TME) plays a key role in the initiation and progression of 
High Grade Serous Ovarian Cancer. For this reason, its characterization would increase our under-
standing of this disease and the development of new targeted treatments, eventually improving the 
outcome of patients. Most previous approaches to understand the TME in cancer in general, and in 
ovarian cancer in particular, have relied on the deconvolution of bulk transcriptomics. This severely 
limits any downstream analysis, as the end gene expression pattern is the average of a mix of different 
cell types whose exact proportions are unknown. In that sense, single-cell transcriptomics is a step 
forward, as it allows the quantification of the transcriptome of individual cells from biological samples. 
However, the loss of spatial context in this technology limits our understanding of the communication 
and interaction between the tumor and stromal cells. Thus, the recent advances in spatially resolved 
transcriptomics make it the perfect candidate for the analysis of the TME. 
 
Results: We present a novel data-driven analysis that integrates spatial transcriptomics and single-
cell data to characterize the structure and the interaction between cancer cells and the cells populating 
the TME in non-treated and treated patients with chemotherapy. The results show the significant role 
of Tumor-Associated Macrophages in immune suppression and tumor proliferation through crosstalk 
between cancer cells and the tumor microenvironment. Furthermore, we found chemoresistance mech-
anisms that could explain the poor response in one of the patients. 
 
Supplementary information: Supplementary data and scripts are available at https://github.com/scer-

villa/FDP_SpatialTranscriptomics, Supplementary materials https://drive.google.com/file/d/1hSnFYHszIAGccXd9E-

HMuNuujYw93Say/view?usp=sharing 

1 Introduction  
Ovarian cancer (OC) is the fifth most lethal cancer type in European fe-
males, as it is a disease with a poor prognosis after diagnosis [1]. The vast 
majority of cases are diagnosed in late stages, mostly Stage III (cancer 
cells have spread into the abdominal cavity or to lymph nodes) and Stage 
IV (cancer cells have spread into other body organs). One of the main rea-
sons for such a late diagnosis is due to the lack of symptoms in the initial 
stages. Moreover, as with most other cancer types, metastatic OC has 
shown the absence of effective therapies, including classical 

chemotherapy and surgery, and even if patients initially respond they tend 
to have a high rate of relapse.  
 
Ovarian cancer can be divided into clear cell, endometrioid, and mucinous 
ovarian carcinomas, low-grade serous and high-grade serous (HGSOC), 
the last being the most frequent type (~75% of epithelial ovarian cancers) 
and the most aggressive [2]. HGSOC is characterized by a high frequency 
of mutations in TP53 [3] and can occur in one or both ovaries (bilaterally). 
However, the origins and the mechanisms underlying the epithelial-mes-
enchymal transition (EMT), which gives the cancer cells the capacity to 
pass through the basement membrane and achieve increased invasive 
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ability, remain unclear [4][5]. For that reason, HGSOC has been the most 
interesting OC subtype to study in the last few years. 
 
Importantly, while in the last decades we have made significant advances 
towards the understanding of which somatic mutations drive the transfor-
mation of healthy cells into malignant ones [6], we have also become 
aware of the critical importance during oncogenesis of non-cancer cells 
located in the tumor. These cells, usually referred to as the tumor micro-
environment (TME), mainly include Cancer-Associated Fibroblast 
(CAFs), Tumor-Associated Macrophages (TAMs), endothelial and im-
mune cells [7]. The complex network that composes the TME is becoming 
a central focus as they play a significant role in the origin and development 
of the disease, as well as the response to therapies. Thus, further under-
standing of the TME of HGSOC can lead to effective therapies. 
 
To study HGSOC and its heterogeneity from a transcriptomic perspective, 
the first approaches used bulk RNA sequencing to describe the distinct 
subtypes [8][9][10]. Despite the importance of the different subtypes de-
scribed with bulk RNA sequencing to understand HGSOC, this technol-
ogy had biological and technical limitations as its output is the average of 
the gene expression patterns of a mixture of different cell types whose 
proportions in the sample are unknown [11]. In that sense, single-cell tech-
nology was a significant step forward and took the lead as the main ap-
proach to understanding the transcriptomic profile of biological samples 
in general and cancer in particular, as it can be used to define the popula-
tions of cells in the whole tumor tissue. This potential has been shown 
recently by describing ascites in patients with HGSOC [12], the identifi-
cation of low and high T infiltrated groups in metastatic OC [13], and the 
prediction of overall survival in HGSOC patients by using stromal pheno-
types [14]. 
 
These approaches contributed to the understanding of the heterogeneity of 
populations of cells in ovarian tumors, however, single-cell also has im-
portant limitations. To generate the single-cell profile, one must first dis-
sociate the tissue to create a single-cell suspension, which leads to the loss 
of morphological and spatial information. Thus, communication between 
cells, an important aspect of the TME, cannot be well studied. To over-
come that challenge, the innovative technology ‘Spatially resolved tran-
scriptomics’, Nature’s method of the year 2020 [15], will become the new 
standard in the analysis of transcriptomic data in the TME because it can 
analyze mRNA expression of many genes meanwhile it keeps the spatial 
context in the tissue. The first of them was developed in 2016 [16] captur-
ing the whole transcriptome using poly-adenylated RNA on spatially bar-
coded microarray slides containing over 1000 spots with 100μm of diam-
eter and 200μm between the center of each spot. However, this resolution 
was far from being single-cell and deconvolution methods are needed. 
Fortunately, Visium from 10xGenomics [17] improved this resolution by 
almost twice (55μm and 100μm respectively). Due to the accessibility, 
resolution, and coverage of the whole transcriptome in Visium concerning 
the other spatial transcriptomics technologies, we opted for using it for the 
characterization of TME in HGSOC samples. 
 
In the past years, efforts have been made in the field to develop tools to 
analyze this kind of data. Despite the similarities to single-cell tran-
scriptomics, a field that has been developing for many years and there are 
standard pipelines in their analysis, spatial transcriptomics data have their 
particularities as they are not single-cell resolution and spatial information 
adds a layer of complexity to the analysis. For that reason, there is no “gold 
standard” pipeline to follow, and neither is there a benchmarking for all 
the tools in many samples. Troubleshooting to find the finest parameters 
for each of them seems the best course of action in most analyses, which 
makes it difficult to have automated pipelines. Regardless of that, various 
tools for upstream and downstream analysis, either in R [18] or Python 
[19], are available in journals or in bioRxiv waiting to be published. 
Within these tools, we find different approaches, some of them being sim-
ple and effective and others being more sophisticated with statistical meth-
ods to be able to deal with the large magnitude of data and its complexity. 

 
Here, we present an integrative data-driven analysis of spatial tran-
scriptomics and single-cell that characterizes the TME in a small cohort 
of HGSOC patients without treatment and after treatment (chemotherapy), 
that can be applied to other tumor types. Showing the importance of the 
spatial context of the gene expression could give relevant information to 
oncology. Our results show the importance of TAMs in tumor progression 
and evasion of immune anti-tumor activity and give promising chemo-
resistant mechanisms that can be targeted in our samples. 

2 Objectives 
This project aims to analyze spatial transcriptomics samples with and 
without chemotherapy to characterize and understand the TME role in tu-
mor progression and immune suppression.  

3 Results and Discussion 
Spatial transcriptomics reveals the molecular distribution in HGSOC 
samples  

To study the TME in HGSOC we analyzed three fresh frozen samples 
from two different patients with the 10X Genomics Visium platform and 
integrated them with publicly available single-cell data (Fig. 1A) [13][14]. 
Within the captured area in patient 1 (P1), we find two serial sections that 
were taken before chemotherapy. Although we do not have a post-treat-
ment sample, P1 had a good response to the treatment. Whereas the other 
two captured areas are two adjacent sections from patient 2 (P2) after six 
cycles of platinum-based chemotherapy showing poor response to the 
treatment. We remove low-quality and detected spots out of the tissue to 
reduce the noise and improve the signal. Moreover, non-coding genes, ri-
bosomal and mitochondrial genes were excluded as they masked the bio-
logical signal. After the preprocessing step, we obtained three samples of 
size 2619, 2076 and 2992 spots, and ~15000 genes in each of them. The 
tissue captured area and the number of UMI detected for each spot and 
sample can be seen in Fig. 1B. Due to the similar distribution of UMI and 
the number of features within P2 (Fig. S1), we merge and jointly normal-
ized the samples, and to check the possible batch effects across them, we 
projected them on a dimensionally reduced space using UMAP (Fig. 1C). 
We found that samples were clustering together, although we found some 
regions that were specific to the sample. Thus, we did not correct for batch 
effect as the intrapatient variability could be explained by the difference 
in architecture between adjacent sections.  

Afterward, we visualized some markers usually used by clinicians to un-
derstand the general morphology of the tissue (Fig. 1D). First, we inferred 
the activity of p53 by using downstream genes through PROGENy [20] 
(See Methods).  The pathway activity is more informative than gene ex-
pression of TP53 because gene expression cannot indicate if it has been 
mutated or affected. Due to the p53 mutation’s high prevalence in 
HGSOC, we mapped the pathway on the tissue, suggesting that the area 
of lower activity could be malignant cells. In P1, we can see how the av-
erage scaled p53 pathway activity is distributed in the whole tissue except 
for the middle area which was stained in the H&E image. In addition, we 
can find higher activity in close surroundings which could mean the action 
of immune cells that want to suppress the growth of the tumor. By con-
trast, in P2 samples, the downregulation of the pathway is widely distrib-
uted and the high activation is on the left side of the captured area, being 
far from the other regions of low activity.  
 
Furthermore, we check two clinical biomarkers associated with ovarian 
cancer (CLU and WFDC2) [21][22] to see their gene expression and know 
the spatial location of cancer cells. In P1 we can find similar regions of 
expression regions of these two genes, however, in P2 we can see com-
pletely different tissue areas This shows how tumor heterogeneity within  
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Figure 1: Spatial transcriptomics reveals the molecular distribution in HGSOC samples. A) Schema of the analysis pipeline showing single cell and spatial transcriptom-
ics samples and tools used. B) H&E images for spatial transcriptomics samples (top) and number of UMI detected by each spot in the captured area (bottom). C) UMAP of 
samples A and B of P2 after performing a jointly normalization. D) First column shows the activity of p53 pathway activity estimated by progeny. The other four columns 
show the gene expression of epithelial (CLU, WFDC2), fibroblast (COL1A1) and immune (CXCL9) markers. 
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the same patient exists and how using spatial transcriptomics can be cap-
tured. This would not be able to capture with bulk RNA, and with single-
cell, we cannot know the spatial context of these tumor clones and how 
the TME can affect the gene expression of these clones.  
 
To assess the location of fibroblasts (or CAFs) we used collagen type I 
alpha 1 which codifies a protein that promotes migration and invasion of 
cancer cells [23]. In both patients, they show complementary patterns with 
respect to the epithelial markers. Furthermore, we observe how the high 
expression of this gene is in localized regions rather than in a homogenous 
way. In the case of P1, this is expressed on the left side of the tissue where 
we can observe a high expression of WFDC2 at the same time. A similar 
pattern is shown in the chemo-resistant patient (P2), which is closer to 
WFDC2 rather than CLU. The “X” shape shown in sample B fits with the 
no expression of WFDC2 in the same area of that sample. Further, we 
examine the spatial location of chemokine CXCL9 which facilitates the 
recruitment of tumor-infiltrating lymphocytes, high expression of CXCL9 
has been associated with better survival [24]. The expression of this chem-
okine in our samples shows a clear difference between patients since P1 
is close in location to the captured tissue whereas P2 can only be found on 
its limits of it. Hence, the poor response to the treatment in P2 could be 
explained by the lack of infiltration of the lymphocytes in the tumor.  
 
Spatial transcriptomics allows us to map the tissue biomarkers that have 
been described with other technologies. This gives an extra layer of infor-
mation that can be used by clinicians to better understand the stage of the 
patient. 
 
Deconvolution of spatial transcriptomics shows the spatial distribu-
tion of cell types in the TME  

In the previous section, we found the location of different cell types by 
using some known markers. Although, we know that in Visium each spot 
contains on average 5-15 cells per spot. For that reason, we cannot quan-
tify cell abundance using markers and deconvolution is needed. As a result 
of this limitation, we used publicly available HGSOC single-cell data as a 
reference since we did not have match single-cell data for these samples. 

After collecting single-cell data and filtering, a total of 23503 high-quality 
cells were integrated coming from 13 patients (6 from Olalekan et. al. [14] 
and 7 from Olbrecht et. al. [13]) and three different sites: ovary (1559 
cells), peritoneum (10814 cells), and omentum (11130 cells). The integra-
tion clustered together with the different patients (Fig. S2), although as we 
expected, some clusters do not have representation from all patients hence 
some cell types are not captured in each sample. Furthermore, we see the 
same with the tissue location. However, we find most representation is 
coming from omentum as the Olalekan dataset only contains samples from 
this site. Finally, we annotated 21 sub and 16 major cell types (Fig. 2A), 
with the major representation of epithelial cells (40.9%), CAFs (28.39%), 
and myeloid cells (11.56%). In addition, with the integration of these da-
tasets, we identified 4 subpopulations that were not recognized in the in-
dividual studies. These populations of cells show proliferation activity 
with enriched mitotic functions, and some stemness markers [25], such as 
STMN1, MKI67 or TOP2A are expressed in those clusters (Fig. S3). 
 
The deconvolution of the spatial transcriptomics samples using the inte-
grated single-cell data revealed the distribution of cell types and the dif-
ferences between conditions (Fig. 2B). To give a global picture of this 
structure we grouped the cell types into three main groups. Epithelial cells 
were composed of the Epithelial and their proliferative subpopulation, 
stroma contained cells belonging to CAFs, myofibroblast and endothelial 
cells (EC), and the remaining were labeled as immune where we can high-
light TAMs, B cells and T cells. The major difference that we observe 
between conditions is the abundance of Stroma and Epithelial cells. In P1, 
the stroma cells are dominant as we can observe along the whole section 
surrounding the epithelial cells and the immune cells are found in two 

(three in one of the replicates) concentrated on the right side of the epithe-
lial cells. Meanwhile, in P2 we find the vast majority belonging to epithe-
lial cells which are connected by the stroma tissue. In addition, we observe 
the immune cells co-localized in sample B of P2 on the left side alongside 
stroma cells although in sample B we cannot see Lymphoid structures 
showing the intrapatient heterogeneity. The localization of specific cell 
types for each sample can be observed in Fig. S4-S6.  

To assess the intrapatient and interpatient differences without visualiza-
tion bias, we computed the density distribution for each cell type (Fig. 2C, 
Fig. S7). In the vast majority of cell types, the density distributions share 
similar patterns between samples from the same patient but differ across 
conditions. In this analytical approach, we observe the same conclusion as 
previously shown with pie charts regarding Epithelial and CAFs (the most 
abundant cell type in the stroma group). But what it is interesting to see is 
how we find more immune cells in P1 rather than in P2 which could be 
explained because the effect of chemotherapy on the immune system [26] 
or also the poor response of P2 is due to the low quantity of T cells, as 
there are studies where it is been used as a marker of survival prognosis 
[27]. Finally, we found remarkably similar distributions of TAMs across 
patients and samples indicating their importance. The role of TAMs has 
already been studied because of their pro-tumoral functions such as the 
secretion of cytokines for promoting invasion or immunosuppression [28]. 
Additionally, it has been reported to be involved in the spheroid formation 
in early transcoelomic metastasis in ovarian cancer [29], and in P1 we find 
the TAMs being in the surroundings of the cancer cells, which could mean 
the action of TAMs during this process. 
 
Furthermore, we were interested in the proliferative epithelial population 
as it could give insights into how and direction the tumor was growing. 
Due to shared markers in epithelial and stem-like populations, the decon-
volution is not able to properly differentiate the proportions. Instead, we 
used the Seurat Transfer anchors to compute the probability of the spot 
being of that type (Fig. 2D). We focus on P1 as the cancer cells are well 
defined and we find immune cells on one of the sides. The probabilistic 
transfer shows how the proliferative population of cancer cells is in the 
outer area rather than in the core of the tumor. And what is more interest-
ing is the fact that this subpopulation is not spread as a whole ring because 
on the right side of the epithelial cells we do not find them. This location 
corresponds to the immune cells that could not contribute to tumor prolif-
eration and acts as an anti-tumor response. Moreover, the proliferative 
cells are close to the CAFs and TAMs cells, and as we discussed earlier, 
these could affect tumor metastasis and progression [27]. Thus, from this 
experiment, we could hypothesize that the tumor will try to invade the left 
side meanwhile it is trying to evade the immune response.  
 
Finally, we correlated the cell type proportions with the 14 pathway activ-
ities from each patient using PROGENy [20] (Fig. 2E) to know if differ-
ences in pathway activities within cell populations exist across conditions. 
In both patients, there is a positive correlation between stroma-like popu-
lation, and TGFβ, and hypoxia, which are usually expressed in TME 
[29][30]. Opposite patterns appear in epithelial cells where these pathways 
have a negative correlation showing the polarization of tissue between 
stroma and cancer cells. Moreover, p53 activity is mostly negatively cor-
related with the proliferative population of epithelial as we expected since 
their capability to grow must be correlated by the low activation of p53 
which regulates the cell cycle and induces apoptosis [31]. A fascinating 
difference between the proliferative and normal epithelial happens in P2. 
In which we found almost no correlation between normal and p53 
whereas, in P1, both populations are negatively correlated. Undergoing 
chemotherapy in P2 could lead to the no proliferation of cancer cells.in 
most of the tissue area. However, a small set of cancer stem-like cells with 
low activity of p53 could be the mechanism of chemoresistance to relapse 
after six cycles of treatment, as already it has been proved in other studies 
[32]. JAK-STAT pathway that is related to proliferation, invasion, induc-
ing angiogenesis and chemoresistance [33]. Besides that, we found it in 
opposite patterns within the two epithelial populations in P2. Although, it  
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Figure 2: Deconvolution of spatial transcriptomics shows distinct populations of cells with a spatial context. A) UMAP showing the single cell annotation. B) 
Deconvolution results are grouped into three major groups and represented in a pie chart for each spot. C) Density distribution of epithelial, CAFs, TAMs and B cells for 
each sample. D) Probabilistic transfer of proliferative epithelial cells in P11. E) Correlation heatmaps of cell type proportions and 14 pathway activities inferred from 
progeny for each patient separately.  
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seems contradictory to the p53 activity because the low activity of p53 in 
the proliferative is also low in the JAK-STAT pathway. Thus, we can sus-
pect different mechanisms that are present in the different clones of epi-
thelial cells that could be a response to chemotherapy, but no affirmations 
can be done in this analysis and further research must be done.  
 
TRAIL pathway selectively induces the apoptosis of tumor cells and re-
cent studies have seen a TRAIL resistance mediated by the environment 
[34]. In our samples, we find differences in TRAIL activity across pa-
tients. Both correlated with TAMs which secretes the cytokine interleukin-
6 (IL-6), and recent data showed that IL-6 is not a critical factor in ascites-
mediated TRAIL resistance [35]. In B cells and T cells, there also are dif-
ferences in the pathway activity. On one hand, we have P1 where these 
two populations clustered together and had a slightly positive correlation 
with NFkB and TNFα that have been associated with pro-tumor inflam-
mation response that mediates the tumor-cell proliferation by recruiting 
immune cells [36][37]. On the other hand, in P2, these populations did not 
cluster together. However, in both the most highly correlated pathway is 
PI3K which is frequently alternated in HGSOC [38].  
 
Identification of an interaction region between cancer cells and TAMs 
that enhance tumor proliferation  

As using no-matching single-cell data could lead to bias in the deconvo-
lution, we used Non-Negative Matrix Factorization (NNMF) to capture 
the same biological information with a completely different approach. 
NNMF captured 15 factors representing sets of co-expressed genes in each 
patient without the need of relying on a single-cell reference (Fig. S8-S9). 
Fig. S10 shows how some of these factors capture different cell type pop-
ulations already obtained previously using single-cell, and it adds an extra 
layer of information by finding differences in gene patterns within cell 
type populations. Through functional enrichment of the top contributing 
genes (Table S1) (See methods), we identify and understand the biologi-
cal processes behind these factors (Table S2).  

In particular, factor 12 activity in P1 (Fig. 3A) shared a similar region to 
the proliferative epithelial cells found through single-cell integration. 
Thus, this region situated in the interface between cancer and stromal cells 
shares a set of genes that could mediate migration, proliferation, metasta-
sis and EMT of cancer cells. As a result of their role in tumor progression, 
we decided to analyze this area and we found an analogous factor in the 
model of P2 (factor 14) which is closely expressed in WFDC2 and stroma 
cells. From the top 100 contributing genes of each model, we found 18 
genes that were shared between both factors and to know which cell types 
have usually expressed these genes, we used the annotated single-cell data 
(Fig. 3B). Most of the genes have an average expression above the mean 
in epithelial proliferative cells, although some genes were expressed just 
in a small fraction of cells. In addition, we find that these are not exclu-
sively expressed in epithelial or proliferative cells, these also can be found 
in TAMs (or proliferative macrophages), CAFs, endothelial cells (EC) and 
dendritic cells (DC). Hence, crosstalk between these cell types can be ex-
pected in this area, having TAMs, epithelial and CAFs as major cell types 
in this interaction. SLPI, MUC1 and WFDC2 genes that are expressed in 
epithelial cells have been reported to be involved in the metastasis and 
progression of the tumor [39][40]. TAMs express SPP1, FTH1 and MIF 
genes, reinforcing the idea of the key role of TAMs in the promotion and 
tumor progression and how the tumor is dependent on the TME. 
 
The expression of these genes is not homogenous in the whole tissue, nor 
are they expressed in the same area. For instance, SLPI and MIF (Fig. 3D) 
have areas of overlap and area that does not in P2. Survival analysis is a 
widely used method to determine whether high expression groups have 
more survival probability from TCGA [41] mRNA expression data) aver-
age expression). We assessed each of the 18 genes using a Cox Propor-
tional-Hazards Regression model to determine the Hazard Ratio (HR) 
(Fig. 3E). For HR values above 1, the high expression group has worse 

survival than the low expression and for values below 1, otherwise. Of the 
18 genes, just half have statistically significant differences between ex-
pression groups, and from those, we do not find a clear pattern towards 
the high expression group. Thus, there is a dependency between the ex-
pression and the spatial context. Previously used methods such as bulk-
RNA, where the expression is averaged, are limited, and spatial tran-
scriptomics could give more precise information.  

The spatial location of TAMs determines their ligand-receptor activ-
ities  

Next, we decided to analyze in more detail the different TAMs populations 
since the results and previous studies suggest that they have a key role in 
TME formation and tumor progression. Besides the previously discussed 
factor 12, in P1, another factor was correlated with the TAMs but ex-
pressed farther to the cancer cells. Hence, we hypothesized to have distinct 
functions rather than tumor metastasis such as immunosuppression.  

One mechanism of TAMs inducing immunosuppression is the interaction 
of major histocompatibility complex (type I) proteins and LILRB1 [42]. 
Thus, we inferred ligand and receptor activity after the computation of 
non-biological zeros (dropouts) in the tissue.  For instance, HLA-A and 
LILRB1 interaction (Fig. 4A) shows high expression in the same area 
where the immune cells are, suggesting possible immunosuppression.  

Then, to further study the ligand-receptor differences between different 
TAMs populations, we classified spots by using k means clustering on 
factors 1 (cancer), 10 (distant TAMs) and 12 (cancer – TAMs crosstalk) 
(Fig. 4B). Afterward, we run differential expression using the ROC 
method to classify the ligand-receptor pairs for each cluster (Fig. 4C). In 
distant TAMs, most of the interactions are functionally related to antigen 
presentation through class II MHC proteins such as HLA-DPA1 and CD4 
interaction. Showing the anti-tumor activity exhibited by myeloid cells. 
Furthermore, we found the APOE-TREM2 pathway (Fig. 4D) that has 
been associated with neurodegenerative diseases, however, recently has 
been studied in melanoma and its function to create an immunosuppres-
sive environment [43], TREM2 is an interesting therapeutic target to en-
hance immunotherapy in TAM-rich tumor microenvironment as ovarian 
cancer [44]. Thus, in the distant TAMs, we observe the bipolarity between 
the pro and anti-tumor activity of the myeloid cells that can be further 
studied and targeted to enhance the immune response. On the other hand, 
in the crosstalk between the cancer cells and TAMs, we find interactions 
that are not specific to the TAMs. Claudin-1 (CLDN1) had been associated 
with tumor promotion and suppression functions in the tumor [45]. Along-
side EpCAM, an already clinical marker used in HGSOC [46], the inter-
action enhances tumor progression and tissue invasion, and at the same 
time, EpCAM protects the degradation of CLDN1. MIF-CD74 interaction 
is highly expressed in the proliferative area than in the inner core, although 
it is not exclusive to that region. This interaction activates the immuno-
suppressive action in the proliferative region of the tumor. The blockade 
of MIF-CD74 signaling restores the immune activity in metastatic mela-
noma improving the immunotherapy outcome [47] but has not been stud-
ied in HGSOC. For that reason, an extensive study of ligand-receptor is 
needed. 
 
Transcription factor role in chemoresistance  

Transcription factors are tightly linked to oncology being deregulated in 
the process [48] and they have been an alternative therapeutic target for 
drug discovery [49]. We infer their expression by using DoRothEA’s reg-
ulons [50] and Viper [51] in each sample to study them. Focusing on can-
cer-TAMs crosstalk, through differential expression we found differences 
between P1 and P2 markers. MYC, E2F4, and KLF5 were the top TF 
found in P1, while in P2 just HIF1α was expressed in that region. MYC is 
an oncogene widely known to be highly expressed in several tumors and  
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Figure 3: Crosstalk between cancer cells and TAMs enhances tumor proliferation. A) Cell embeddings of factor 12 in P1 and factor 15 in P2. B) Top 100 gene 
weights in each factor (left), intersection genes are highlighted. Average expression of intersecting genes in each cluster on normalized single cell data (right). C) Gene 
expression of SLPI and MIF in each sample. D) Hazard ratios of survival analysis on intersecting genes using ovarian TCGA data.  
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Figure 4: The spatial location of TAMs determines their ligand-receptor activities. A) Ligand-receptor activity of HLA-A and LILRB1 B) Cluster assignments using 
factors 1, 10 and 12. C) Heatmap showing the scale expression of the top 15 pairs of the differential expression in each cluster. D) Ligand-receptor activity of APOE and 
TREM2, EPCAM and CLDN1, and MIF and CD74 in P1. 

is responsible for many growth promoting signal transduction pathways 
[52].  
 
The expression of MYC (Fig. 5A) in P1 is localized in the cancer cells but 
its high expression is found in the most proliferative area. While in P2, we 
do not find the expression in the cancer regions. We only find slightly 
higher expression on those epithelial cells that are close to TME composed 
of TAMs and CAFs at the bottom part of the tissue. Chemoresistance due 
to c-MYC has been studied in different tumor types and in OC, showing 
inhibition of it can improve the outcome in those cases [53]. Nevertheless, 
our P2 does not seem to have a high expression which could be a conse-
quence of the chemotherapy and the tumor had found other escaping ways 
to survive. In the case of HIF1α (Fig. 5B), its expression is down ex-
pressed in the cancer cells and highly expressed in the TME. Hypoxia-
inducible factor-1 (HIF1α) has been correlated with elevated levels of tu-
mor metastasis, angiogenesis, and tumor resistance therapies which makes 
it a rational target for future therapies [54][55]. Therefore, one reasonable 
mechanism of chemoresistance in P2 is HIF1α, which could need 

treatment using PX-478 as a single or combined with other therapeutic 
agents [56]. Further investigation needs to be done in this field. 
 
Limitations of the study  

Despite the promising results obtained in this study, some limitations need 
to be addressed. On the one hand, we have technological limitations. The 
resolution of the Visium is not single-cell, in each spot we obtained about 
5-15 cells that can mask the signal of populations with less prevalence.  

Also, because of targeting the whole transcriptome, not all the genes are 
well captured as other spatial technologies that use specific target panels. 
Besides that, it shows a comprehensive analysis of the spatial landscape 
of the transcriptome that can be used in multi-omic studies of the TME. 
On the other hand, the cohort of this study is exceedingly small (n=3) with 
different conditions of independent patients. As a result of that, these find-
ings may need validation on datasets from other patients with HGSOC. 

 

Figure 5: Transcription factor role in chemoresistance. A) Inferred MYC activity in P1 and P2 sample B. B) Inferred HIF1α activity in P1 and P2 sample B.

A) B) 

D) 

C) 

A) B) P2 (B) P2 (B) P1 P1 
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4 Methods 
Spatial transcriptomics preprocessing  

From the FastQ reads, we obtained the count matrix and the output files 
with the spatial data by using the SpaceRanger pipeline provided by 10x 
Genomics. After loading the data using STutility [57] in R, we filtered 
cells and genes to improve the quality of the analysis. Only protein-coding 
genes were conserved as some long non-coding genes seem to show some 
artifacts in the analysis and they have an easier interpretation. Thus, we 
filtered by gene type: protein_coding, TR_V_gene, TR_D_gene, 
TR_J_gene, TR_C_gene, IG_LV_gene, IG_V_gene, IG_J_gene, 
IG_C_gene or IG_D_gene. Furthermore, we remove all genes that the to-
tal UMI counts in the whole tissue are below 5. Concerning the cells, we 
remove all the cells that were out of the tissue even if they were detected 
as they are in, and by using violin plots we also erase those cells with a 
small number of features by a threshold.  
The resulting data was normalized by variance stabilizing transformation 
[58] using SCTransform(return.only.var.genes = FALSE, variable.fea-
tures.n = NULL, variable.features.rv.th = 1.1) function which is more ro-
bust than the commonly used LogNormalize. In the case of P2, we per-
formed the normalization with the two samples combined. Afterwar, we 
run principal compdonent analysis and created a Uniform Manifold Ap-
proximation and Projection with the first 50 PC to check for batch effects. 
  
Integrated HGSOC single-cell data  

Two datasets were collected from already published studies characterizing 
the TME in single-cell data (GSE147082) and (EGAS00001004987) from 
Olalekan et. al. and Olbrecht et. al. studies, respectively. Here, the dataset 
(GSE146026) from Izar et. al. has been excluded as they have not provided 
raw counts which are necessary for some deconvolution methods that do 
not allow other normalization methods and it also could differ from the 
normalization used in the other datasets. Therefore, in the unified dataset, 
we will have more than 20.000 cells coming from 13 patients and from 
three distinct tissue locations: ovary, omentum, and peritoneal.  

In the processing step, the names of the genes coming from Olalekan were 
changed as there were discrepancies between both datasets because 
Olalekan uses dots instead of dashes in the gene names (i.e. HLA.DP1). 
To filter out cells and genes that are not informative or can lead to misin-
terpretation of true biological signals, we follow the same filtering as in 
the original studies using Seurat. Then, each patient was normalized by 
the logarithmic normalization method with a scale factor of 10,000 
(TP10K) by using the LogNormalize (scale.factor=10000) function. In or-
der to integrate the data, we use the anchoring method (FindIntegra-
tionAnchors, IntegrateData) with 3000 variable genes and integrated by 
patients. Later, principal component analysis (50 PC) was used as input to 
create the UMAP and the k-nearest neighbors to create the clusters. To 
select the resolution of FindClusters, a range of resolutions from 0 to 0.8 
with steps of 0.1 was generated and we decided that the optimal resolution 
is 0.4 by using the clustree [59] package.  
 
To annotate the different clusters, we used a two-step process to gain reli-
ability in our results. First, we used automated tools (GSVA [60], SingleR 
[61], SCINA [62]) with three reference databases/datasets (Panglao [63], 
SingleCell Marker [64], HumanPrimaryCellAtlas [65], and single-cell tu-
mor immune cell atlas [66]) (Fig. S12-S15). If cell types are consistent 
between methods and references, they will be more confident than other 
clusters assigned with multiple cell types. In consequence, the second step 
requires manual annotation to verify the output of the first and assign the 
unknown clusters remaining. To achieve this, differential expression 
(FindAllMarkers) is used to extract the genes that are significant and have 
an average log2Fold greater than 0.5. This list of genes is reviewed by 
checking the literature or by doing functional enrichment analysis on the 

Gene Ontologies (Biological processes) by using the clusterProfiler [67] 
package. 
 
Non-Negative Matrix Factorization  

To deconvolve the tissue into factors where each factor can represent cell 
types, groups of cell types, or similar pathway activity, NNMF is used in 
previous studies of spatial transcriptomics [68][69]. NNMF was run on 
each patient independently. To obtain finite groups of small populations 
we deconvolve into 15 factors using normalized and scaled data obtained 
from SCTransform by using the function RunNMF from the STutility 
package.  
 
Functional gene enrichment analysis  

Functional gene enrichment analysis was performed on the top genes of 
the loadings of each factor through the function “gost” from gprofiler2 
[70] R package using “human” as organism and the source of the biologi-
cal processes from the Gene Ontology terms (GO:BP). In order to select 
the top genes, the loadings of each factor were transformed to a log scale 
after removing all genes having a 0 weight (no contribution). The genes 
selected were above 1.645 standard deviations of the mean.  
 
Deconvolution  

Two deconvolution methods were conducted using as reference data the 
unified dataset described in the Unified HGSOC single-cell data section.  

To infer the proportion of each cell type within spots we used conditional 
autoregressive-based deconvolution (CARD) [71] taking as input the raw 
counts of spatial transcriptomics and single-cell data. In the main results, 
we used the major groups annotation due to subpopulations being found 
in the same regions (Fig. S15-S17). Moreover, we excluded the prolifera-
tive populations of fibroblasts, macrophages and T cells because the 
shared stem-like markers were introducing bias in the proportion estima-
tion. 
The second one consists of the probabilistic transfer of annotation (from 
reference) through the anchor method implemented in Seurat (FindTrans-
ferAnchors & TransferData). The normalization method used was SCT, 
canonical correlation analysis (CCA) as a dimensional reduction to find 
the anchors and the number of trees to 100 which improves the precision.  

Estimation of pathway and transcription factor activity  

To estimate the pathway activity, we use PROGENy [20] which was 
shown to apply to single-cell [72] and spatial transcriptomics data [73]. 
The activity of 14 curated pathways (Androgen, VEGF, EGFR, Hypoxia, 
Trail, Estrogen, PI3K, MAPK, WNT, p53, TGFβ, JAK-STAT, NFkB, and 
TNFα) was estimated using 1000 genes of each transcriptional footprint 
on the normalized data with SCTransform. For further understanding of 
the tissue architecture, we use Pearson correlation between PROGENy 
and factor activity and cell type proportion. 
 
For the transcription factor activity, DoRothEA’s regulons [50] are filtered 
by the confidence level (A, B and C) and we use them to compute the 
score through Viper [51] on the SCT normalized data.  

Survival analysis  

Clinical and normalized expression data (from 18 intersecting genes) was 
obtained and matched from Ovarian TCGA. Next, Cox Proportional-Haz-
ards Regression (coxph function) was used to extract the hazard ratio and 
their statistical significance using each of the genes separately. High and 
low expression groups were determined by the surv_cutpoint function 
from the “survminer” R package [74]. 
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Ligand-receptor communication  

NICHES [75] tool is used to estimate the activity of ligand-receptor inter-
action through the expression of data within a spot and its neighbors. The 
first step is to use the Adaptively thresholded Low-Rank Approximation 
(ALRA) [76] method (RunALRA) for the imputation of dropped out val-
ues. Then, we use RunNICHES using fantom5 and omnipath ligand-re-
ceptor databases on the assay from the output of ALRA. 
This function will compute the activity of each spot by summing the ligand 
expression of the neighbor spots (rad.set=2) and multiplying by the recep-
tor expression of the spot (NeighbourToCell =T).  

To determine the differential expression among clusters defined using 
kmeans on the factor activity (selecting two centers and labeling the group 
by the cluster with a higher median value), FindAllMarkers was used with 
the ROC method. The top pairs were selected by myAUC value. 

5 Conclusions 
Spatial transcriptomics is a powerful analysis that can characterize TME 
with spatial context and integrate it with other technologies, such as, sin-
gle-cell can overcome drawbacks. In this analysis, we showed how spatial 
transcriptomics can capture the different cell populations in the TME and 
their interaction with the cancer cells highlighting the key role of TAMs 
in tumor progression and possible chemoresistant mechanisms in one of 
the patients. Furthermore, we presented and used the first integrated public 
single-cell dataset from 13 HGSOC patients that can be used as a reference 
to deconvolve spatial transcriptomics when matching single-cell data is 
missing. Thus, larger cohorts and multi-omic data will be essential to find 
patterns that can let us understand better the role of TME in cancer. 
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