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Abstract
Ulcerative colitis is a chronic-relapsing in ammatory disease of the large intestine with a complex,
multifactorial pathogenesis. TNF inhibitors are widely used to suppress immune-mediated tissue damage
in ulcerative colitis patients; however, therapy failures are common. Predicting TNF inhibitor response
requires an understanding of the architectural features that underlie mucosal in ammation and those
responsible for resistance. Here, we used highly multiplexed immuno uorescence to uncover the spatially
resolved tissue architectures underlying disease progression and treatment response in 42 tissue regions
from 34 individuals. We created a tissue atlas and performed spatial analysis to identify cell-cell contacts
and cellular neighborhoods. We observed that cellular functional states depend on cellular neighborhood
and that a subset of in ammatory cell types and cellular neighborhoods in ulcerative colitis patients
persisted even during treatment with TNF inhibitor, indicating resistant niches. A computer vision model,
with no a priori assumptions regarding cellular architectural features, was able to predict TNF inhibitor
resistance. This spatial model signi cantly outperformed classi cation models based on single-cell data
alone. Our results demonstrate the value of a spatial tissue atlas as a precision medicine tool to guide
treatment of patients suffering from autoimmune diseases.

Introduction
Ulcerative colitis (UC), a chronic-relapsing in ammatory bowel disease (IBD), is one of the most common
autoimmune disorders1,2. UC results from a dysregulated interplay of genetic, immune, environmental,
and microbiome factors1–3. UC typically persists for decades, resulting in high medical costs, diminished
workplace productivity, and signi cantly impaired quality of life. Due to the chronic in ammation
associated with UC, patients have a 1.5-times higher long-term risk for colorectal cancer compared to
healthy individuals4,5. In recent years, novel treatment options for UC have been introduced, expanding
the therapeutic standard of care from broadly immunosuppressive monotherapies, (i.e., corticosteroids,
azathioprine, and methotrexate) to include more targeted immunomodulatory drugs.
Tumor necrosis factor inhibitors (TNFi) such as in iximab and adalimumab have become frontline
targeted therapies for UC and have led to increased rates of sustained remission and decreased rates of
surgery 6,7 . These inhibitors have fewer side effects than standard immunosuppressants and the
incidence of chronic in ammation-induced colorectal cancer is reduced in TNFi-treated patients; however,
TNFi-treated patients have an increased risk for opportunistic infections and for some malignancies
including lymphomas, acute myeloid leukemias, myelodysplastic syndromes, and skin carcinomas 8 .
Furthermore, primary non-response to TNFi therapy occurs in 13–40% of UC patients, and loss of
response or adverse effects are reported in up to 46% of the remaining patients within 12 months of
therapy initiation 9–12 . Moreover, the introduction of TNFi to standard UC treatment regimens results in
signi cantly increased costs. Combined direct and indirect costs caused by the disease is estimated at
$45 billion per year in the United States and Europe 1 . Additional biologics, such as vedolizumab, an
antibody that antagonizes α4β7 integrins, have been approved for treatment of patients with UC, but
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identi cation of patients who will respond to TNFi remains an unmet clinical challenge 6,13 . Predictive
biomarkers to identify the best therapy for each individual patient at the time of diagnosis are lacking 12–
14

.

The success of clinical and biological phenotyping to identify novel biomarkers to guide UC therapy has
been limited. The fecal proteins calprotectin and lactoferrin, which are released by activated neutrophils
in the gut, are useful in monitoring disease activity but have no role in the decision making process with
regards to a speci c treatment7,15. Serological markers such as C-reactive protein and anti-neutrophil
cytoplasmic antibodies were investigated as therapy predictors in Crohn’s disease but data were
inconclusive. Studies suggest that the only reliable clinical predictor of TNFi therapy failure in IBD was
the presence of strictures in Crohn’s disease as assessed endoscopically or radiologically; however, this
may be an indicator of disease severity and complications rather than underlying disease biology16.
Therefore, recent studies have aimed at enabling precision medicine in IBD through the use of new
technologies like single-cell RNA sequencing (scRNA-seq) and mass cytometry to predict therapy
response and disease activity17–19. scRNA-seq analysis in a cohort of Crohn’s disease patients with ileal
disease was able to identify pathogenic cellular modules that were weakly, although signi cantly,
associated with resistance to TNFi therapy18. The presence of these immune cell modules suggests a
spatial and functional relationship between the underlying cell types, but spatial information is lost
during the preparation of samples for scRNA-seq so this has not been tested.
Imaging technologies capable of spatially mapping immune cell states within tissue at single-cell
resolution should improve our understanding of how cellular interactions and gut remodeling contribute
to UC pathogenesis and TNFi resistance. Multiplexed imaging tools are revolutionizing the development
of biomarker-based diagnostics and have led to novel therapeutic insights in other disease settings20.
Imaging mass cytometry has been used to better understand the high-dimensional tissue pathology in
breast cancer patients and the changing cell populations associated with diabetes disease
progression21,22. A multiplexed immuno uorescence-based imaging technology called co-detection by
indexing (CODEX) has allowed simultaneous visualization of up to 60 biomarkers on intact tissue with
single-cell resolution23,24. These biomarker panels can be custom designed and utilized to elucidate cell
types and their functional states. The spatial interplay between these markers can be used to identify cellcell interactions and cellular neighborhoods (CNs). In colorectal cancer, these spatial features have
revealed coordinated CNs underlying antitumoral immunity and disease progression. These changes in
the tumor-immune microenvironment were correlated with patient outcomes but were not visible as
changes at the single-cell level24.
Here, we used CODEX to create the rst spatial atlas of the gut and its rewiring during UC pathogenesis. In
42 biopsy regions taken from a cohort of 34 individuals, we analyzed 52 biomarkers on 1,710,973
spatially resolved single cells to identify 13 conserved cell types. We mapped changes in frequency and
functional states during in ammation and in response to TNFi treatment. We utilized mathematical
frameworks to assess cellular contacts and neighborhoods, and we correlated these features with clinical
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phenotypes. This allowed us to identify cellular niches that were resistant to TNFi therapy. Furthermore,
we developed a computer vision model, based on our spatial cell maps, that classi ed TNFi responders
and non-responders with high accuracy (AUC = 0.947). To disseminate our results, we created a cloudbased platform called the Explorer that allows users to search our spatial maps for additional insights
into UC. Our research suggests that examining cells within their spatial context is paramount to
identifying new biomarkers of therapy response in UC and that this framework has the potential to
improve our understanding of in ammatory immune diseases.

Results
A spatial atlas of the UC in ammatory microenvironment
We used CODEX to characterize the in ammatory microenvironment of the colon in 42 tissue biopsy
regions from 29 UC patients and 5 healthy controls. Fifteen UC patients were being treated with TNFi at
the time of biopsy (Figure S1a and Table S1). Long-term clinical follow-up was available for all patients,
allowing categorization of the patients into TNFi responders vs. non-responders following the practice
guidelines of the American Gastroenterological Association (AGA) for moderate to severe UC7. In line with
previous reports9,25, in our cohort, ~ 50% of TNFi-treated patients did not subsequently respond to TNFi
therapy (Table S1). We imaged multiple tissue regions per sample with a 52-plex CODEX antibody panel
including markers for immune, epithelial, and stromal cell components of the intestine as well as
functional markers such as 4-1BB (also known as TNFRSF9 or CD137), IL-6R (also known as CD126),
and TNFR2 (also known as CD120b) (Figs. 1a-b, S1b-j, and Table S2). After CODEX imaging we
performed hematoxylin and eosin (H&E) staining on the same tissue sections. We observed excellent
morphological correlation between uorescent markers and H&E images, exempli ed by cytokeratin
positivity in the epithelium, CD19 staining of the B cell follicles and CD1c expression in the associated
antigen-presenting cells, CD3 staining in the surrounding T cell zone, CD15-positive clusters of
granulocytes, and Ki-67 staining of the proliferating cells in germinal centers and basal epithelia (Fig. 1b).
Cellular segmentation and uorescent marker quanti cation resulted in spatially resolved single-cell data
that was used for downstream analysis (Fig. 1c). Using unsupervised X-shift clustering20 and manual
cluster curation based on marker expression pro les, tissue localization, and tissue morphology, we
identi ed 13 distinct cell-type clusters in our samples (Figs. 1d-e, S2 and S3, and Methods). These
included eight distinct immune cell clusters and two epithelial clusters, as well as smooth muscle, mixed
stroma, and vasculature clusters. The immune cell clusters consisted of adaptive and innate immune cell
types, including three types of T cells, B cells, plasma cells and dendritic cells (DCs), neutrophils, and
granulocytes (Figs. 1d-e, S2 and S3). Unsupervised clustering results were compared to manual gating of
similar cell populations based on the marker expression pro les, and the frequencies of cell types
identi ed by both methods showed a strong correlation (Figure S4a-c). Of these cell types, we observed
Mayo Disease Severity Score-dependent statistically signi cant changes in the frequencies of T cells,
epithelium, plasma cells, granulocytes, DCs, and intraepithelial T cells (Fig. 1f, S4c). For downstream
analyses, we chose cell types identi ed by unsupervised clustering. To verify the clusters and assess their
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spatial distribution in the tissue, we graphically represented the clustering results as Voronoi diagrams
colored by cell type and overlaid selected clusters on the H&E-stained images (Fig. 1g-i). In sum, by
CODEX tissue imaging and computational single-cell identi cation, we created a high-dimensional spatial
atlas of the in ammatory microenvironment in UC patients treated or not with TNFi, which can be used
for biomarker discovery and clinical correlation using a cloud-based online tool that we call Explorer
(Anonymous username for editor/reviewer: reviewer; password: Ulcerativecolitis1!).
Immune cell contacts reorganize gut tissue architecture and contribute to UC disease heterogeneity
Both the frequencies of epithelial, stromal, and immune cell types in the colonic microenvironment, as
well as their spatial organization, should provide insights into how various cell types and their
interactions in uence UC development, progression, and therapeutic response. A simple way of analyzing
spatial organization of cell types in tissue is to compute their pairwise contacts. Analysis of pairwise
contacts in images of samples from healthy controls and 14 patients who had not been treated with a
TNFi at the time of biopsy revealed that a spectrum of colonic and immune cell contacts contribute to
tissue organization (Fig. 2a). The healthy controls clustered together and were de ned by enriched
contacts between epithelial cells and stromal cells (Fig. 2a, 6 bottom rows). Interestingly, cellular contacts
in UC patient samples showed signi cant variability that was not strongly associated with Mayo Score. In
most patient samples, we observed relative enrichment for paired cell-cell contacts between innate
immune cells (e.g., patient UC8; Fig. 2a, center rows), whereas in a minority of patient samples, we
observed enrichment for contacts between adaptive immune cells (e.g., patient UC14a; Fig. 2a, top 3
rows). We visualized the cell-type clusters for each patient using Voronoi diagrams (Fig. 2b) and plotted
the frequencies of pairwise cell-cell contacts using circular “connectivity” diagrams (Fig. 2c)23. The most
frequent cell-type clusters and contacts in UC patients were immune related. For example, in patient UC8,
T cells were the most frequent cell type, followed by stroma, plasma cells, granulocytes, neutrophils, and
vasculature. Epithelial cells were only the seventh most abundant cell-type cluster, which re ects their
destruction and replacement by the immune in ltrate during active UC (Figs. 2b-c, middle panels). The
cell-cell connectivity map for patient UC14a revealed T cells predominantly connected to B cells and
stroma, whereas cell-cell contacts to and in-between innate immune cell types, especially neutrophils,
were less frequent (Figs. 2b-c, top panels). We hypothesized that the observed heterogeneity between cellcell contacts in UC patients contributes to differences in higher-order tissue organization and diverging
disease states and therapy responses.
Characteristic cellular neighborhoods of the UC immune microenvironment are conserved across patients
and are associated with immune cell functional state
We previously showed that in addition to pairwise cell-cell contacts, higher-order tissue structures such as
CNs provide important information with regards to disease status and therapy response24. CNs can be
seen as functional subunits inside intact tissue. We performed CN analysis on the entire UC patient
dataset and identi ed 10 CNs common to all patients (Fig. 2d). Among these were a CN highly enriched in
B cells and follicular T cells, which we termed the B cell follicle (CN-9); a CN moderately enriched in B
cells, follicular T cells, and T cells, termed lymphoid aggregate (CN-2); a mixed immune CN (CN-4); a
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basal epithelium CN enriched in epithelial cells, proliferating (Ki-67+) epithelial cells, intraepithelial T cells,
and other immune cells (CN-8); a luminal epithelium CN with a composition similar to CN-8 but spatially
distinct (CN-1); a lamina propria CN enriched in plasma cells and DCs (CN-5); a granulocyte-enriched CN
(CN-3); a CN enriched in vasculature, smooth muscle, and neutrophils, which we termed in amed
vasculature (CN-7); a CN enriched in stroma, neutrophils, and other immune cells, which we termed
in amed stroma (CN-0); and a non-in amed stroma CN (CN-6) (Fig. 2d-e). Signi cant increases were seen
in granulocyte (CN-3), mixed immune (CN-4), and lamina propria (CN-5) neighborhoods in association
with increasing Mayo Score. Unexpectedly, the lymphoid aggregate (CN-2) neighborhood increased
through Mayo Score 2, then decreased from Mayo Score 2 to Mayo Score 3. Signi cant decreases were
observed for luminal epithelium (CN-1) and basal epithelium (CN-8) as Mayo Score increased, consistent
with healthy gut tissue destruction and the trends observed at the cell frequency level (Figure S5).
In addition to determining the frequencies of CNs across patient groups, we also analyzed their
“functional states” as previously described24. CN functional states are determined based on the local
enrichment with one or more speci c cell types expressing certain functional markers, and their analysis
provides a measure of how a given CN’s characteristics in uence cellular function during disease
progression and treatment. Speci cally, we were interested in how TNFi treatment in uenced the
distribution of TNFR2 on various cell types and how this affected functional states. We found that CN-7
(in amed vasculature) had a signi cantly higher frequency of TNFR2+ neutrophils as compared to CN-0
and CN-4, the two other neighborhoods enriched the most for neutrophils (Fig. 2f-g). Similarly, PD1+ T cell
frequencies varied greatly depending on whether a T cell was found in a B cell follicle neighborhood (CN9), a lymphoid aggregate (CN-2), or a mixed immune neighborhood (CN-4) (Fig. 2h-i). This suggests an
important role for CNs in the functional states of individual cells.
Innate immune cell populations persist during TNFi therapy
Identi cation of the biological basis for the resistance to TNFi might allow for a priori identi cation of UC
patients who will be resistant to TNFi treatment and inform selection of an alternative therapy. To
understand the mechanisms that underlie resistance to TNFi, we created a framework to assess
architectural changes associated with gut in ammation during disease progression and mucosal healing
in response to TNFi treatment. These architectural changes were rst depicted utilizing minimum
spanning trees, where average marker expression is visualized as a function of cell type. We observed
that the expression level of the co-stimulatory TNF receptor 4-1BB (also known as TNFRSF9 or CD137), a
marker of T cell activation implicated in UC in ammation26, increased with disease severity, and levels
decreased during treatment except for in neutrophils and proliferative epithelium (Fig. 3a). Architectural
changes were further quanti ed using cell-type frequency. TNFi responsiveness was primarily de ned by
mucosal healing (e.g., epithelium recovery) (Fig. 3a, S6). Indeed, TNFi therapy had substantial effects on
the frequencies of adaptive immune cell types (Fig. 3b-c). Speci cally, we observed statistically
signi cant reductions in T cell frequency and increases in epithelium in treated vs. untreated Mayo 2
patients. Although B cell levels appeared to decrease upon treatment, these differences did not reach
statistical signi cance due to the high variability of B cell frequencies in UC patients. Compared to their
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adaptive counterparts, there were no strong trends or signi cant changes in frequencies of innate
immune cells in the face of TNF blockade.
TNFi therapy rewires adaptive immune cell contacts
Given the observation that TNFi therapy decreased adaptive immune cell frequencies such as T cells and
B cells, we sought to determine whether the treatment rewired immune cell contacts. We observed that
treatment altered contacts between T cells and other adaptive immune cells (e.g., T cell - T cell, T cell - B
cell). This was similarly true for contacts between T cells with gut stroma and epithelium. (Fig. 3d-e). In
contrast, T cell contacts with innate immune cells such as granulocytes were completely unchanged by
treatment (Fig. 3d-e). Homotypic innate immune cell contacts such as granulocyte granulocyte contacts
did not differ with or without TNFi therapy either. This rewiring of only certain immune cell contacts
suggested that TNFi treatment has spatially dependent effects on in ammatory cellular neighborhoods
in the gut.
Innate immune neighborhoods are resistant to TNFi therapy
We next examined changes to CNs associated with disease severity, progression, and recovery to
determine whether observed changes in cell frequencies and cell-cell contacts are correlated with higherorder architectural changes. To visualize reorganization of CNs during disease progression and therapy,
we performed principal component analysis (PCA) on the CN frequencies for healthy controls and
untreated patients to map the trajectories associated with disease progression (Fig. 3f). When CNs
weights were plotted onto principal components 1 and 2, cluster centroids separated into roughly 4
quadrants, with disease severity increasing on average along a clockwise trajectory. Healthy controls
clustered in the upper right quadrant and were associated with basal and luminal epithelium (CN-8 and
CN-1, respectively). Mayo Score 1 patients, although scarce in our data set, were similar to healthy
controls but the population centroid was pulled into quadrant 2 due to increased contributions from
stroma (CN-6) and in amed stroma (CN-0) neighborhoods (Fig. 3f, Q2). Patients with Mayo Scores 2 and
3 showed considerable overlap with one another, although patients within these groups separated into
quadrants 3 or 4 driven by differences in their underlying CN organization. Patients in quadrant 3 were
characterized by increased contributions from adaptive immune CNs such as lymphoid aggregates (CN2) and B cell follicles (CN-9), whereas patients in quadrant 4 were characterized by innate immune CNs
such as the granulocyte CN (CN-3) (Fig. 3f, Q3 and Q4).
Comparing currently TNFi-treated with untreated patients of the same endoscopic score (Mayo 2)
highlighted changes in tissue architecture associated with TNFi treatment, even when the clinical disease
severity was similar (Fig. 3g). The cluster centroid for Mayo 2 TNFi treated patients localized between
quadrant 4 and quadrant 1 when projected onto the same principal component axes as before. This
suggested that changes with TNFi treatment were predominantly associated with increased epithelial
neighborhoods CN-1 and CN-8 (Q1) and decreased contributions from lymphoid aggregate (CN-2) and B
cell follicle (CN-9) neighborhoods (Q3), leading to a shift toward normal-like tissue architectures upon
treatment. Notably, lack of change in the granulocyte CN (CN-3, Q4) prevented Mayo 2 TNFi treated
patients from fully returning to the healthy state space (Q1). This suggested that these innate niches may
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be resistant to therapy, whereas adaptive immune neighborhoods normalize during TNFi treatment.
Univariate analysis of TNFi-treated patients controlled for Mayo Score 2 demonstrated that adaptive
immune CNs lymphoid aggregate and B cell follicle (CN-2 and CN-9, respectively) showed the greatest
decrease upon treatment, whereas epithelial CNs like basal epithelium (CN-8) increased (Fig. 3h). In
contrast, frequencies of innate immune CNs did not change signi cantly upon treatment, suggesting
potential treatment resistance. Interestingly, we observed that adaptive immune cells, contacts, and CNs
were enriched in female patients compared to males (Figure S7), which may underlie the reported higher
TNFi treatment response rates in females27.
Cellular Voronoi maps predict resistance to TNFi therapy
Using our spatial tissue atlas, we built a neural network model to predict patient TNFi resistance (Fig. 4a).
Unlike cell-type, pairwise cell-cell contact, and CN analyses, our neural network-based classi cation
system performed an unbiased examination of spatial features across multiple scales. In this approach,
we utilized Voronoi representations of our patient samples, which has two advantages: First: using
Voronoi diagrams instead of raw images reduces the effects of image variance and therefore minimizes
the impact of intra-facility differences in sample preparation and imaging. Second, using cell-type
Voronoi maps reduced the dimensionality of our dataset.
Our neural network predicted TNFi resistance with an AUROC of 0.947 (Fig. 4b). It substantially
outperformed L1-regularized logistic regression classi ers based on cell types (AUROC = 0.735), cell-cell
contacts (AUROC = 0.823), and CNs (AUROC = 0.654), suggesting that higher-order spatial features or
feature interactions underlie resistance (Figure S8). Using our established cell types, cell-cell contacts,
and CNs, we identi ed neutrophils as associated with resistance to TNFi. Con rming our earlier ndings
regarding innate immune cell (e.g. Granulocytes) persistence in patients treated with TNFi, these
differences between subsequent TNFi responders and non-responders were most notably associated with
cell-cell contacts involving neutrophils and T cells and between neutrophils and vasculature (Fig. 4c).
While neutrophil frequency alone was associated with response, the location of neutrophils within the
tissue (e.g. neutrophils-stroma vs neutrophils-vessels) had a signi cant effect on subsequent TNFi
response (Fig. 4d-f).

Discussion
Ulcerative colitis and other autoimmune diseases are among the most common in ammatory disorders
worldwide1,28,29. New biological therapies such as TNFi have improved patient quality of life and reduced
long-term complications of these chronic diseases. However, due to the toxicities, adverse effects,
substantial failure rates, and high treatment costs associated with biologics, clinicians are in need of
predictive biomarkers to guide the choice of therapy9,11,27. Recent studies using single-cell technologies
such as scRNA-seq and mass cytometry have attempted to identify such biomarkers and differences in
the intramucosal immune systems of patients compared to healthy controls; however, these technologies
cannot measure tissue architecture and the spatial interactions of cells17,18,30. Cellular organization is
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known to provide critical insights into disease progression and treatment response24. We therefore
reasoned that analyzing the gut architecture in UC patients treated or not with TNFi using highly
multiplexed microscopy to interrogate the tissue at multiple levels simultaneously (i.e. at the level of cell
type frequencies, cell-cell contacts, and higher-order architectural features such as CNs) should enable
new biologic insights.
By taking advantage of CODEX’s unique highly multiplexed tissue visualization with single-cell spatial
resolution, we were able to analyze the spatial relationships between different cells to achieve important
new insights into the underlying architectural pathophysiology of UC. These spatial insights would not
have been possible with single cell technologies alone. We used semi-autonomous algorithms to de ne
and map cell types, cell-cell contacts, and neighborhoods in the gut across the UC in ammatory spectrum
and created a comprehensive tissue atlas of the UC gut. We created a cloud-based software platform to
make this tissue atlas publicly available and queryable. This interface allows the scienti c community to
explore our dataset, generate, and test additional hypotheses. This atlas enabled the modeling of disease
severity and the identi cation of cellular niches that are TNFi treatment resistant and sex speci c.
We also trained a neural network to classify TNFi responders versus non-responders based on Voronoi
representations of the cell types in our UC atlas. This novel approach signi cantly outperformed L1penalized logistic regression models based on cell types, cell-cell contacts, or CNs. L1-penalized logistic
regression was selected for comparison as the output (TNFi prediction) is categorical rather than
continuous and due to increased interpretability from shrinking many correlation coe cients to zero31.
Our results recapitulated the known pathogenesis of ulcerative colitis at the single-cell level including
observations of increased in ammatory immune cell populations, including plasma cells, granulocytes,
and T cells, and provided novel insights into changes in cell-cell interactions and CNs during different
stages of disease activity1,3,32. Our observations of increased plasma cell and follicular and non-follicular
T cell frequencies in UC are consistent with single-cell literature identifying expansions in subsets of
plasma cells and tissue-resident memory T cells30. Our predictive logistic regression classi ers indicate
that proliferative epithelium is critical for recovery, consistent with existing literature33,34. Similarly, in line
with previous ndings, we identify granulocytes and neutrophils as negative predictors of recovery35.
Whether increased neutrophils are directly pathological or are a surrogate of other pathological factors
such as microbial in ltration is unclear36. Importantly, our data illuminates the spatial organization of
these cell populations, revealing the rewiring of the gut architecture during UC. Signi cant heterogeneity
in cell frequencies and cell-cell contacts was observed across our cohort, yet conserved CNs were
identi ed. These CNs impacted the functional states of cells that resided within them. For example,
neutrophils in in amed vessel CNs were more likely to express the TNFi drug target TNFR2 than
neutrophils found elsewhere in the tissue. Furthermore, we found that innate cellular niches were
unchanged during therapy, whereas adaptive immune cell niches were signi cantly rewired. Females in
our study were enriched in these responsive adaptive immune CNs compared to males, providing a
potential biological underpinning to previously observed and unaccounted for sex differences in response
to TNFi inhibitors37,38.
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The advances presented here have substantial potential, pending validation with larger patient cohorts, to
guide selection of optimal therapeutic strategies for individual UC patients. Furthermore, more generally,
this study offers insights into the central biological question of how higher-order tissue properties emerge
from cellular organization. Although we have identi ed architectural motifs associated with TNFi
resistance in UC in this patient cohort, it is still unclear how these motifs mechanistically lead to TNFi
resistance and how these might be therapeutically altered in order to regain TNFi responsiveness. Our
data suggests that combination therapies targeting innate immune cells such as neutrophils merit further
investigation. The presence of these motifs provide insights into the cellular basis of in ammation,
though it is still uncertain as to whether these motifs are inherently pathological, or if they are required
components of a normal in ammatory response and it is only their aberrant persistence that is
pathological. The tools we have developed are broadly applicable for study of other immune-driven
diseases, and the potential roles of these motifs in other autoin ammatory disorders should be further
studied.
This was a retrospective translational study designed primarily for technical feasibility and hypothesis
generation. The biological insights described in this work and their correspondence with clinical
phenotypes must be tested in properly powered and controlled prospective studies. Our panel was used to
identify 13 cell types in the gut, but, notably, several important classes of cells to gut mucosal
immunology were not identi ed including regulatory T cells, mast cells, natural killer cells, and
macrophages. This will be addressed in further studies by re nement of the biomarker panel used for celltype enumeration, with a focus on resolving T cell subsets, which have recently been implicated in
UC30,39. Further classi cation of cell type based on the surrounding neighborhood may also re ne
analysis. Furthermore, there were a number of functional markers included in this study that were not
fully analyzed within the scope of this work, despite their known roles and importance in IBD such as HIF1a. Further studies will aim at functional analysis of CNs. The novel analysis frameworks introduced
here, such as the utilization of neural networks adapted from the computer vision eld to make clinical
response predictions based on cell type Voronoi diagrams, will need to be rigorously tested. We believe
this methodology represents a powerful new approach, but questions remain, such as how the model
performs when investigating larger or smaller tissue patch sizes, how many cell types are necessary to
maintain classi cation accuracy, and the number of biomarkers needed for a particular clinical
classi cation task. The UC spatial tissue atlas and analysis tools described herein provide a framework
that future studies will build upon to realize precision medicine for patients with UC.
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Figures
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Figure 1
A spatial atlas of the UC in ammatory microenvironment.

Page 16/19

Figure 2
Immune cell contacts disrupt gut architecture and generate in ammatory niches during UC.
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Figure 3
TNFi therapy shifts adaptive immune cells, contacts, and neighborhoods toward homeostasis.
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Figure 4
Computer vision and cellular Voronoi maps enable prediction of response to TNFi therapy.
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