
Article
A personalized network fr
amework reveals
predictive axis of anti-TNF response across diseases
Graphical abstract
Highlights
d High diversity hinders group-level comparisons and

response biomarker identification

d Disruption Networks provide framework for individual-level

differential regulation

d Framework identifies RAC1-PAK1 biomarker for anti-TNF

response in IBD and RA

d Biomarkers for immunotherapies learned in blood may be

conserved across diseases
Gerassy-Vainberg et al., 2024, Cell Reports Medicine 5, 101300
January 16, 2024 ª 2023 The Authors.
https://doi.org/10.1016/j.xcrm.2023.101300
Authors

Shiran Gerassy-Vainberg,

Elina Starosvetsky, Renaud Gaujoux, ...,

Meital Segev, Yehuda Chowers,

Shai S. Shen-Orr

Correspondence
y_chowers@rambam.health.gov.il (Y.C.),
shenorr@technion.ac.il (S.S.S.-O.)

In brief

Biologic therapies show suboptimal

responses, with high inter-patient

heterogeneity hindering response

biomarker identification. ‘‘Disruption

Networks’’ monitor how each individual’s

molecular network behaves with respect

to a reference. Gerassy-Vainberg et al.

identify the RAC1-PAK1 biomarker for

anti-TNF response in IBD and RA, which

supports blood-based drug response

diagnostics across immune-mediated

diseases.
ll

mailto:y_chowers@rambam.health.gov.il
mailto:shenorr@technion.ac.il
https://doi.org/10.1016/j.xcrm.2023.101300
http://crossmark.crossref.org/dialog/?doi=10.1016/j.xcrm.2023.101300&domain=pdf


OPEN ACCESS

ll
Article

A personalized network framework reveals
predictive axis of anti-TNF
response across diseases
Shiran Gerassy-Vainberg,1,2 Elina Starosvetsky,1,6 Renaud Gaujoux,1,4,6 Alexandra Blatt,2,6 Naama Maimon,1,2

Yuri Gorelik,2 Sigal Pressman,2,3 Ayelet Alpert,1 Haggai Bar-Yoseph,1,2 Tania Dubovik,1 Benny Perets,1 Adir Katz,4

Neta Milman,1 Meital Segev,1 Yehuda Chowers,1,2,3,5,7,* and Shai S. Shen-Orr1,5,7,8,*
1Faculty of Medicine, Technion-Israel Institute of Technology, Haifa 32000, Israel
2Department of Gastroenterology, Rambam Health Care Campus, Haifa 3109601, Israel
3Clinical Research Institute, Rambam Health Care Campus, Haifa 3109601, Israel
4CytoReason, Tel Aviv 67012, Israel
5Israeli IBD Research Network (IIRN)
6These authors contributed equally
7These authors contributed equally
8Lead contact

*Correspondence: y_chowers@rambam.health.gov.il (Y.C.), shenorr@technion.ac.il (S.S.S.-O.)

https://doi.org/10.1016/j.xcrm.2023.101300
SUMMARY
Personalized treatment of complex diseases has been mostly predicated on biomarker identification of one
drug-disease combination at a time. Here, we use a computational approach termed Disruption Networks to
generate a data type, contextualized by cell-centered individual-level networks, that captures biology other-
wise overlooked when performing standard statistics. This data type extends beyond the ‘‘feature level
space’’, to the ‘‘relations space’’, by quantifying individual-level breaking or rewiring of cross-feature rela-
tions. Applying Disruption Networks to dissect high-dimensional blood data, we discover and validate that
the RAC1-PAK1 axis is predictive of anti-TNF response in inflammatory bowel disease. Intermediate mono-
cytes, which correlate with the inflammatory state, play a key role in the RAC1-PAK1 responses, supporting
their modulation as a therapeutic target. This axis also predicts response in rheumatoid arthritis, validated in
three public cohorts. Our findings support blood-based drug response diagnostics across immune-mediated
diseases, implicating common mechanisms of non-response.
INTRODUCTION

Biologic therapies are used in a broad range of therapeutic areas

including immune-mediated diseases, oncology, and hematolo-

gy and have demonstrated effectiveness by improving disease

clinical course, morbidity, and patient quality of life. However,

a subset of patients do not respond to therapy and therefore

are exposed to the consequences of uncontrolled disease activ-

ity, unwanted side effects, and increasing care costs. Therefore,

the development of biomarkers for response prediction is an un-

metmedical need, necessary for achieving a favorable therapeu-

tic index, cost/benefit ratio, and overall improved patient care.

Although biologics’ targets are highly specific (e.g., PD1, tumor

necrosis factor [TNF]a) and target particular molecular pro-

cesses across diseases (e.g., CD8 T cell exhaustion, or TNF

induced inflammation), the presence of these pathways in an in-

dividual patient is necessary but not sufficient to predict

response to therapy, implying a more nuanced therapeutic

mechanism that may be disease specific.1,2

One of themost frequently used biologic drug classes are anti-

TNFa antibodies, with sales of over $US 25 billion per year.3 Anti-
Cell Rep
This is an open access article under the CC BY-N
TNF agents are thought to exert their effects through several

mechanisms, including TNFa neutralization, induction of cell

and complement cytotoxicity through the FC drug fragment,

and cytokine suppression via reverse signaling or apoptosis.4

Similar to other drugs and across inflammatory diseases

including inflammatory bowel disease (IBD) and rheumatoid

arthritis (RA), a sizable proportion of 20%–40%of the treated pa-

tients, will primarily not respond to treatment.5,6

Previous studies used systematic screening of in-house and

meta-analysis data for the identification of biomarkers associ-

ated with anti-TNFa treatment failure. Different markers were

identified in different disease contexts.7 Among these, in IBD,

Oncostatin M (OSM) was identified as a potent mucosal

biomarker.8 This gene correlated closely with Triggering Recep-

tor ExpressedOnMyeloid Cells 1 (TREM1), a biomarker found by

us, which was predictive of response in biopsy and importantly

also in blood, albeit in an inverted ratio.9 In RA, myeloid related

sICAM1 and CXCL13, and type I interferon activity were associ-

ated with anti-TNF response.10 The identification of these

markers suggests that biomarkers of pretreatment immune sta-

tus may be useful for patient screening. However, little is known
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regarding molecular dynamics of anti-TNF response and resis-

tance, and whether drug biomarkers are disease dependent, or

represent a patient-specific property that can be generalized

across diseases.

The availability of high-resolution molecular data provides op-

portunities for achieving improvedmodeling of the complex ther-

apeutic landscape using systems biology and network-based

approaches. Yet, most of the statistical methods used are based

on population averages, which do not suffice to fully investigate

these complex diseases. Although several personalized ap-

proaches were recently suggested for exploring sample-level

network information,11,12 these studies were not cell-centered,

and did not decouple cell frequency and cell regulatory program

changes. Network structure was used to identify individual alter-

ations in cross-feature relationships between groups; however,

these were validated only in the unicellular level. The same is

true for the identification of individual-level time series analysis.

Thus, immunologic as well as time-dependent qualifiers, within

and across patients, must be accounted for when attempting

to predict and reassess response to immunotherapy over the

course of therapy and in context to standard methods of clinical

response assessment.

We therefore employed a longitudinal cell-centered systems

analysis, combining high-dimensional data of whole blood

from anti-TNF responding and non-responding IBD patients at

baseline and following 2 and 14 weeks post first treatment. We

focused on immune responses in blood, because although pre-

senting an analytical challenge due to high background noise,

blood biomarkers have a clear advantage of accessibility, stan-

dardization, and cost-effectiveness. To understand individual

variation in drug resistance, we devised a single sample-based

network approach, termed ‘‘Disruption Networks", which gener-

ates a data type providing individual information of cross-feature

relations, indicating changes in regulation. Using this informa-

tion, we inferred patient-specific hypotheses for lack of response

with respect to a global response network. We demonstrate that

the monocytic expression of the RAC1-PAK1 axis, which is a

final common pathway of multiple immune-receptor signaling

cascades, is predictive of anti-TNF response in IBD as well as

for the same treatment in RA, providing validation for the signa-

ture’s predictivity and supporting common baseline elements

that contribute to response across infliximab (IFX)-treated im-

mune-mediated diseases.

RESULTS

Treatment response is associated with forward
movement along an inflammatory axis, whereas non-
responders regress
To understand the cellular and molecular changes associated

with IFX response and non-response, we performed longitudinal

deep immunophenotyping of peripheral blood in Crohn’s dis-

ease (CD) patients who received first-time therapy with IFX dur-

ing standard clinical care (Figure 1A, left, hereon IFX cohort). Pa-

tients were profiled by gene expression, CyTOF, and Luminex, a

total of three times: pre-treatment (day 0), week 2 (W2), andweek

14 (W14) post treatment initiation. At W14, 15 patients showed

clinical response whereas nine were classified as non-re-
2 Cell Reports Medicine 5, 101300, January 16, 2024
sponders at the study end (Table S1 for clinical demographics;

see STAR Methods for response classification).

To define an individual-specific unbiased expectation of pe-

ripheral blood immune dynamics during disease course, we

used a public gene expression dataset of whole blood samples

from healthy individuals and 75 IBD patients in varying disease

states treated with standard of care therapies (Figure 1A, right;

see STAR Methods). We constructed an external data-driven

reference IBD axis (Figure 1B, left), which describes in a dimen-

sionality-reduced principal-components analysis (PCA) space

the molecular transition from active through inactive disease to

healthy state, based on differentially expressed genes (hereon

‘‘inflammatory axis’’, see STAR Methods). Next, we projected

the position of our in-house IFX cohort on the PCA (Figure 1B,

right) and calculated the distance each patient traversed on

the axis over time, providing continuous molecular information

to characterize a patient’s immune state shift (Figure 1C).

Analyzing the distance between paired sample time points, we

observed that responders progressed on the inflammatory axis

(i.e., a positive shift on the axis toward the centroid of healthy

reference samples), while non-responders regressed on it (Fig-

ure 1C, p < 0.05, one-sided permutation test). Breaking up these

dynamics by time point, we observed that responders exhibited

increased progress along the inflammatory axis following first

drug treatment, and reduced progress in the following period

(Figure 1C). The overall opposite directional movement observed

in non-responders along the axis suggests possible immunolog-

ical effects resulting from treatment or disease progression due

to ineffective treatment. Taken together, our analysis of the in-

flammatory axis captures blood molecular changes that are clin-

ically relevant for responsemonitoring, enabling positioning indi-

viduals at specific locations along the inflammatory axis, and

following their dynamics.

Early IFX response reduces expression of innate
immune pathways attributed mainly to monocyte
function
To identify cellular changes following treatment in each

response group, we characterized major immune cell composi-

tional changes in 16 canonical immune populations (Figure 2;

Tables S2 and S3 for CyTOF panel and Citrus clusters annota-

tion). Then, to compare how cellular peripheral blood state dif-

fers as a function of treatment response, we computed a PCA

on the fold change of patients’ cell phenotyping profiles (Fig-

ure 2A, left). We observed significant difference in cell abun-

dance changes between responders and non-responders

for W2 and W14 changes relative to baseline (p = 0.005,

NPMANOVA).

Multiple cell subset changes in responders were already

apparent at W2, including reduced abundance of monocytes,

granulocytes, Tregs, naive CD4+ T cells, CD4+ central memory

T cells, and increased abundance of CD4+ and CD8+ effector

memory T cells and B cells (paired Wilcoxon test; Figure S1A).

Based on the PCA loadings, we deduced that monocytes and

Tregs are highly associated with the different treatment dy-

namics between responders and non-responders (Figure S1B),

evidence for which was also supported by the univariate com-

parison showing that monocytes were significantly reduced in
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Figure 1. External data-driven disease specific molecular response metric, termed ‘‘inflammatory axis’’, indicated that responders exhibit a

trajectory of treatment-induced immune dynamics while non-responders exhibit an overall opposite direction

(A) Overview of the inflammatory axis analysis.

(B) Inflammatory axis assessment. Left panel, external public (GEO: GSE94648)-based inflammatory axis, which defines a transition from IBD active disease

(n = 58) through inactive disease (n = 17) to healthy state (n = 22) by PCA-based differential expressed genes between disease/health states. Right panel, the

projection distance of responding and non-responding patients’ samples from our real-life cohort on the inflammatory axis at W2 compared with baseline

(15 responders and eight non-responders).

(C) Boxplots comparing responders’ and non-responders’ projection dynamics on the ‘‘inflammatory axis’’ at each treatment interval (one-tailed permutation

p values shown, n perm = 10,000).
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responders throughout both W2 and W14, whereas in non-re-

sponders monocyte frequency was unchanged in W2 and

elevated at W14 (p = 0.0015 and p = 0.048 in responders, as

opposed to p = 0.64 and p = 0.016 in non-responders at W2

and W14, respectively, paired Wilcoxon test). Moreover, mono-

cyte frequency was also correlated with changes in CRP (Spear-

man’s r = 0.4, p = 0.01), indicating a potential association with

treatment response (Figure 2A center, right; Figure S1C for cor-

relation of CRP with other cell types). Taken together, our results

demonstrate significant differential cell composition following

IFX treatment as a function of response, with monocytes likely

playing a major role.
Given the observed cell composition alterations, we per-

formed a cell-centered analysis to identify changes in transcrip-

tional programs following treatment in each response group, by

correcting the gene expression for variation in major cell-type

proportions. This procedure places focus on detection of differ-

ences between conditions of the gene regulatory programs the

cells are undergoing rather than those differences detected

due to cell compositional differences, and has been shown to un-

mask additional signal (i.e., false-negative of direct bulk analysis)

while decreasing false-positives (Figure 2B, see methods).9 In

this analysis, we identified 1,400 (5.99%) and 589 (2.52%) differ-

ential features in responders (false discovery rate [FDR] <0.15,
Cell Reports Medicine 5, 101300, January 16, 2024 3
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Figure 2. Normal infliximab dynamics correlated with changes in monocytes and reduced expression of innate immune-related pathways

(A) Cell frequency alterations following IFX treatment. Left panel, PCA presenting immune cell frequency changes following treatment based on 16 canonical

immune populations determined by CyTOF. Arrow tail and head indicate the early W2 and later W14 relative to baseline compositional changes correspondingly.

Ellipses represent the Euclidean distance from the center. Center panel, boxplots showing change in monocytes abundance following treatment relative to

baseline in responders (n = 15) and non-responders (n = 8) (paired Wilcoxon p values shown). Right panel, scatterplot showing the relationship between changes

in monocytes abundance (log-transformed fold change relative to baseline) and changes in CRP (fold change relative to baseline) (n = 23 for each time point,

Spearman correlation = 0.4, p = 0.01).

(B) Venn diagram showing dynamic features that significantly changed over time at 2 weeks and 14 weeks post treatment compared with baseline for each

response group using linear mixed-effects models (FDR <0.15, n = 1000 and n = 519 permutations for responders and non-responders, respectively).

(C) Scatterplot presenting the normal response network centrality of significantly enriched dynamic pathways at the early response period (GSEA, FDR <0.25,

n perm = 1,000). Colors indicate pathway median fold-change expression at the early response period relative to baseline in responders (colored dots denote

significant change in relative pathway score by Wilcoxon test, FDR <0.05).
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permutation test; Table S7) atW2 andW14 compared with base-

line, respectively, suggesting enhanced response at W2 fol-

lowed by reduced dynamics in W14. Non-responders showed

fewer changes in response to treatment, with only 542 (2.32%,

Table S7) differential features at W2 compared with baseline,

and no significantly differential features detected at W14. To

ensure the differences in dynamics between the two response

groups were not due to sample size, we subsampled responders

to match the non-responder group size and observed that re-

sponding patients exhibit more dynamic changes compared

with non-responders (Figure S2A). Furthermore, comparing the

two response groups, we observed only a minor overlap in the
4 Cell Reports Medicine 5, 101300, January 16, 2024
post treatment dynamic features (23 features, 1.2% at W2). In

line with the inflammatory axis. these results suggest that there

are increased early dynamics in responders compared with

non-responders and that responders and non-responders pre-

sented different alterations following treatment.

To understand the relationship during IFX response between

gene regulatory programs in a biological context, we con-

structed a cell-centered co-expression network, which was

expanded by known interacting genes, followed by functional

enrichment analysis (see methods, Table S8 for network edges;

Figure S2B for cumulative number of significant edges at a range

of FDR thresholds; Figures S2C and 3B for functional enriched
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Figure 3. Disruption Networks as a framework to perform sample-level inferences to identify individual variation in drug response

(A) Disruption Networks concept and applications. Bulk gene expression constitutes both effects of cell composition and cell-specific regulatory programs.

Disruption Networks initially decouples cell composition and cell-specific regulatory programs from bulk gene expression providing a cell-centered regulatory

network of genes and cells. Then, Disruption Networks learns individual-level breaking or rewiring of cross-feature relations, and by that forms a data type

providing complementary biological information that increases signal detection. This data type can be used for diverse downstream analyses including data

integration that accounts for both dimensions of feature expression and relation levels, disruption assessment in functional modules, stratification of patients by

disruption profile, and assessment of perturbation effects by measuring disruption level throughout the network.

(B) Feature-specific differential signal between responders (n = 15) and non-responders (n = 8) dynamics at the early response period using disruption mea-

surement of top mean drop intensity (x axis) and standard statistics by Wilcoxon test (y axis).

(C) Disruption Networks statistic aggregation across pathways to estimate sample-specific disruption in the functional level, according to mean drop intensity, a

representative disruption parameter out of three different defined parameters. The heatmap represents the disrupted dynamics for each pathway and sample at

W2 compared with baseline. Top significantly disrupted pathways are presented, defined as those with a complete agreement of all three parameters in the 0.8

percentile. Line graphs describe the percentage of disrupted patients in each response group.

(legend continued on next page)
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pathways respectively). Interestingly, despite this being a blood-

based network, we noted genes that were previously associated

with anti-TNF response in IBD biopsies such as TREM1,8,9 sug-

gesting that relevant signals originally detected in tissue are also

reflected in blood. We identified potential mediating pathways,

i.e., pathways possessing higher connectivity to other nodes in

the response network, using degree and betweenness centrality

measurements (Figure 2C).

We observed that most central pathways associated with the

W2 early response were related to the innate immune system

(Figure S3B). At the pathway level, consistent with the inflamma-

tory axis and feature level analysis, we found augmented

response at W2, which was attenuated in the following period

(151 vs. 88 enriched dynamic pathways in responders at W2

andW14, respectively, FDR <0.05; Figures S3A and S3B). As ex-

pected, among the innate related altered functions, we observed

pathways related to downregulation of NF-kB and TNF signaling

via NF-kB (Figure 2C, FDR <0.005 for W2 vs. baseline pathway

score comparison, by Wilcoxon test; FDR <0.01 for enrichment

in network by GSEA). Pathways with high network centrality

included downregulation of FC receptor signaling and phagocy-

tosis, cytoskeleton organization, Toll-like receptors, and

vascular endothelial growth factor (VEGF) signaling responses

(Figure 2C; top 25th percentile for both degree and betweenness;

FDR <0.005 for W2 vs. baseline, by Wilcoxon test; FDR < 0.1 for

enrichment by GSEA). These pathways also correlated with CRP

measured in the clinical setting (Spearman’s r FDR <0.05 and

Figure S3D). We also observed the downregulation of reactive

oxygen species (ROS) pathway, which is crucial for the digestion

of engulfed materials in phagosomes (FDR <0.001 for W2 vs.

baseline, by Wilcoxon test; FDR <0.05 for enrichment by

GSEA). This pathway was also correlated with CRP (Spearman’s

r 0.43, FDR < .005, Figures S3B and S3D). To provide evidence

for potential association between cells and the expression of

these pathways, we regressed the unadjusted fold-change

gene expression on major blood immune cell abundance

changes (see STAR Methods). We observed that monocytes

and granulocytes were highly associated with the changes in

expression of the pathways (Figure S3C). It is important to note

that correlation between gene expression levels and cell abun-

dances does not necessarily indicate that these specific cells

are solely responsible for the observed gene expression

changes. It is possible for cells to alter their expression patterns

while maintaining a stable abundance. Therefore, to determine

the true cellular sources of these pathways, we conducted sin-

gle-cell RNA sequencing (scRNA-seq) analysis, as detailed

below.

Disruption Networks as a framework to understand
individual variation in non-responders’ dynamics
Whether non-responders’ transcriptional profile reflects funda-

mental routes of IFX resistance, is essential for tailoring treat-
(D) Distribution of degree and betweenness centrality for nodes belonging to the to

was determined using permutation test (n perm = 10,000).

(E) Meta disrupted pathway. Left panel, response network subgraph consists of

shape and orange color represent cell frequency; circle shape represents cell-ce

central axis. Right panel, enrichment analysis of the disrupted pathways by hype
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ment. To elucidate molecular mechanisms of individual-specific

pathways of treatment non-response, we devised a systematic

framework we term Disruption Networks to provide individual-

level information of cell-centered changes in cross-feature rela-

tions. Using this framework, we generate data type that relies on

studying relations between features across a predefined refer-

ence population of individuals (i.e., a population-level reference

network), and then inferring how these relations differ (i.e., are

disrupted) at the single-sample level. This data type can serve

as an input to multiple analyses including integration,

differential signal detection, patient stratification based on

disruption profile, assessment of disruption in functional mod-

ules, and evaluation of an individual’s molecular network

behavior under specific perturbation effects or biological condi-

tions (Figure 3A).

To identify how non-responding individuals differ with respect

to the IFX response dynamics, we iteratively added a single non-

responding patient to the response reference network we had

studied and calculated the disruption in the correlation structure

in each edge for that patient (hereon ‘‘dropout’’). This procedure

was performed separately for each non-responder. We consid-

ered only negative dropouts, that is, events in which the relation

(i.e., correlation) between two features was weakened once the

non-responder data were spiked into the responders’ group,

indicating deviance from treatment response (Figure S4A, for

an example). To evaluate non-responders’ dropout significance,

we generated empirical null distribution of dropouts (‘‘normal

response’’ dropouts) by iterative addition of each responder’s

sample to the other responders’ samples. We calculated

p values as a left-tail percentile, within the null distribution of

the normal dropouts, which were further corrected for multiple

testing (Figure 3A; see STAR Methods). By applying the Disrup-

tion Networks framework, we considerably expanded the de-

tected differential signal between response groups as compared

with standard differential analysis (one feature by Wilcoxon test

(FDR <0.1) vs. 180 features by mean drop intensity, including

the single feature identified by Wilcoxon test (FDR <0.1 for

dropout significance and 10th top percentile of mean drop inten-

sity; Figures 3B and S4B for mean drop intensity, disrupted edge

ratio parameters, and the agreement of both, respectively).

To understand disruption in the functional context, we aggre-

gated the dropouts to calculate a pathway-level personalized

disruption (Figure 3C for mean drop intensity; Figure S4C for dis-

rupted edge and node ratio parameters; see STARMethods).We

found that the major disrupted dynamics at W2 was related to

the cytoskeleton/fiber organization and VEGF receptor signaling,

which were central functions during normal treatment dynamics.

Interestingly, nodes related to these disrupted pathways ex-

hibited high centrality (p < 9.999e-05 and p = 0.034 for degree

and betweenness correspondingly by permutation test; Fig-

ure 3D). On the meta-pathway level, monocytes were the most

central cell type associated with the disrupted pathways
p disrupted pathways compared with other nodes in the network. Significance

nodes from the baseline differential disrupted pathways (FDR <0.1). Diamond

ntered expression; red circles indicate the fiber organization pathway-related

rgeometric test.
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(Figure 3E, left, top fifth percentile for degree and betweenness

centrality). The disruptedmeta-pathway included the core genes

consisting of the HCK-RAC1-PAK1 signaling cascade, which

presented high combined degree and betweenness centrality

(p = 0.017, n = 1,000 random triple node subsampling). Func-

tional enrichment analysis of the disrupted meta-pathway

demonstrated significant results for ROS metabolic process,

chemokine signaling, FCGR-mediated phagocytosis, and

VEGF signaling (q value <0.05, hypergeometric test; Figure 3E,

right). Taken together, these observations showcase the power

of Disruption Networks to identify masked, individual-level,

signal and suggest that the RAC1-PAK1 signaling cascade is

significantly disrupted in non-responders, during treatment.

RAC1-PAK1 signaling is elevated in responders’
peripheral monocytes pre-treatment
We next asked whether cellular programs found to be disrupted

during treatment dynamics can be identified pre-treatment,

since direct differential analysis in the feature expression space

did not yield significant signal. Looking at the feature level,

we found that most of the pre-treatment differentially expressed

genes were increased in responders, including genes involved

in the RAC1-PAK1 axis (Figure S2E for the cumulative number

of differentially expressed genes at baseline per FDR threshold;

Figure S5A of the differential genes at a threshold of FDR <0.1,

Wilcoxon test). On the pathway level, we observed that the

regulation of supramolecular fiber organization pathway

(GO:1902903), sourced from the Gene Ontology (GO) database,

presented pre-treatment disparity between the two response

groups (FDR <0.1, nonparametric multivariate analysis of vari-

ance [NPMANOVA]) and correlated with clinical CRP (Spear-

man’s r = 0.4, p = 0.06), in addition to its high centrality in the

response network (Figure 4A). The relative pathway score

of the cytoskeleton organization pathway was higher in re-

sponders pre-treatment compared with non-responders

(p < 0.0006, one-tailed Wilcoxon test), and was downregulated

following efficient treatment (p < 0.001 and p < 0.05 for W2 and

W14 compared with baseline, one-tailed Wilcoxon test; Fig-

ure 4B). In contrast, non-responders showed insignificant

changes at W2 and even displayed an opposite trend at W14

(p = 0.52 and p = 0.041 for W2 and W14 compared with base-

line, one-tailed Wilcoxon test; Figure 4B). Henceforth, we will

refer to this pathway as the fiber organization pathway.

Our analyses indicate that the detected differential expression

of the fiber organization pathway between response groups dur-

ing treatment and at baseline is attributed to changes in regula-

tory programs rather than reflection of changes in cell abun-

dance, since we used cell-centered approach and adjusted the

gene expression to cell proportions. Therefore, we next aimed

to dissect the cellular origin of the fiber organization-related

core genes. First, we tested the correlation between the canon-

ical cellular frequencies as obtained by CyTOF, and the bulk un-

adjusted expression of the fiber organization genes (Figure S5B).

We observed that the majority of the genes in the target pathway

were positively associated with monocyte abundance. To further

validate the cellular origin and the fiber organization-related tran-

scriptional cell state in the two response groups, we performed

scRNA-seq using peripheral blood mononuclear cells (PBMCs)
from pre-treatment samples of a representative responder and

non-responder (Figure 4C; see STAR Methods). Assessment of

the fiber organization related expression in the cellular level,

confirmed that monocytes were highly associated with the

distinctive pathway expression (p < 2.2e-16, for expression in

monocytes compared with the other cell types, Wilcoxon test,

Figure 4C, right; Figure S6).

To understand the molecular events associated with the fiber

organization pathway in the relevant cell and subset specific

context, we expanded the fiber organization differential genes

through intersection of knowledge- and data-driven-based

networks. Knowledge-based network was based on STRING

protein interaction database (combined score >900) and data-

driven network was generated based on monocytes single-cell

co-expression (see STAR Methods). Then, we assessed the

pathway-related expression in monocyte subsets, which were

previously shown to exhibit distinct phenotypes and functions in

health, and immune-mediated disease states.13 The results indi-

cated that intermediate monocytes contributed most to the fiber

organization distinctive expression between the response groups,

pre-treatment (|FC| = 2.13, p < 2.2e-16 in intermediate monocytes

vs. |FC| = 1.3, p < 2.2e-16 and |FC| = 1.1, p < 0.05 in classical and

non-classical monocytes, respectively, by Wilcoxon test, Fig-

ure 4D). Interestingly, we detected significantly increased mem-

brane TNF (mTNF) on intermediate monocytes compared with

the other subsets, by CyTOF (p < 5e-07, one-tailed Wilcoxon

test, Figure 4E), suggesting these cells serve as drug targets,

thereby explaining their tight linkage to drug response.

Pre-treatment RAC1-PAK1 axis is predictive for IFX
response across immune-mediated diseases
We next tested whether the pre-treatment fiber organization

pathway could predict treatment response. We used elastic

net regularized logistic regression for predictors selection using

the glmnet R package implemented within the caret R package

for model fitting by tuning over both alpha (ranging from 0.5–1,

n = 6) and lambda (ranging from 0.0001–1, n = 20) parameters

with 100 repeated 2-fold cross-validation. The optimized model

was chosen based on the best performance value using the

receiver operating characteristic (ROC) metric (alpha = 0.5,

lambda = 0.26). We observed that the pathway score of a set

of six core genes (RAC1, PAK1, LYN, ICAM1, IL1B, and

FCGR3A) could discriminate responders from non-responders

at a mean AUC of 0.89 (95% CI: 0.74–1; p = 0.0001 by permuta-

tion test), supporting a common mechanism of non-response to

treatment (Figure S5C). By applying targeted network analysis of

the predictive fiber organization pathway in intermediate mono-

cytes, we found that the FcyR signaling and functionally related

pathways including phagocytosis of immunoglobulin (Ig)G-

coated particles, accompanied by cytoskeleton rearrange-

ments, phagosome formation, and ROSmetabolism were highly

enriched in the co-expression network effectively differentiating

between response groups at baseline (Figure S7).

To further validate our findings, we tested an additional inde-

pendent validation cohort of 29 CD patients who were naive to

biological treatment and were treated with thiopurines or ste-

roids only as a co-therapy (Table S9 for clinical demographics).

The results indicated that the pre-treatment RAC1-PAK1 axis
Cell Reports Medicine 5, 101300, January 16, 2024 7
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Figure 4. Fiber organization signaling, highly expressed in monocytes, predicts infliximab response at baseline

(A) Baseline expression differences in the disrupted pathways between response groups (NPMANOVA; bottom primary axis, n = 15 responders and n = 8 non-

responders). Colors denote response network betweenness. The line graph represents correlation of changes in pathway score with changes in CRP (top

secondary axis).

(B) The fiber organization differential nodes dynamics assessed by mean relative score across visits for each response group (Wilcoxon one-tailed p values

shown).

(C) Analysis of the cellular origin of the baseline differential fiber organization pathway using scRNA-seq analysis of PBMCs collected from representative

responder and non-responder pre-treatment (n = 2). Left panel, tSNE plot representing cell-type identities annotated using singleR based on correlation profiles

using two reference datasets: the Blueprint-Encode and the Monaco Immune Cell datasets. Right panel, tSNE plot colored by the expended fiber organization

scaled expression. The fiber organization baseline differential genes were expended through intersecting knowledge-based (stringDB) and data-driven-based

(monocyte single-cell data) networks.

(D) The expended fiber organization scaled expression in the different monocyte subsets (Wilcoxon p values shown).

(E) Mean mTNF expression in the different monocyte subsets as measured by CyTOF (Wilcoxon one-tailed p values shown).
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was differentially expressed between response groups in the

validation cohort (p < 0.01, Wilcoxon test) as well, supporting

the primary findings and thereby demonstrating that reduced

pre-treatment expression of the RAC1-PAK1 axis is associated

with non-response (AUC = 0.78; Figure 5A).
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To assess whether the predictive RAC1-PAK1 axis is disease

dependent or whether it could be generalized across diseases,

we tested public datasets of blood samples from RA patients,

pre-IFX treatment (GSE20690,14 GSE33377,15 GSE4229616).

Gene expression was adjusted to major cell-type contributions,
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Figure 5. Validation of the fiber organization predictive signature in an independent IBD cohort, three public RA cohorts pre-IFX treatment

and functional validation of RAC1 activity

(A) Validation of the pre-treatment predictive fiber organization signature in an additional independent cohort by qPCR. Gene values were normalized to CD14

expression for cell-centered values. Left panel, bar graph of the pre-treatment normalized expression of the signature genes and signature pathway score in each

response group (Wilcoxon one-tailed p values shown, n = 20 and n = 9 responders and non-responders, respectively). Right panel, ROC based on the predictive

signature relative score.

(B) Prediction performance of fiber organization signaling signature in RA public expression datasets. Left panel, boxplots comparing the fiber organization

signature-related genes and the pathway score between IFX RA responders (n = 43) and non-responders (n = 25) in a representative public dataset GSE20690

(Wilcoxon one-tailed p values shown). Right panel, ROC based on the predictive signature relative score of the relevant cohort.

(C) Meta-ROC presenting the predictive performance of three independent public RA cohorts (GSE20690: n = 43 and n = 25; GSE33377: n = 18 and n = 24;

GSE42296: n = 13 and n = 6 responders and non-responders, respectively).

(D) Functional validation of RAC1 activity at baseline using mass cytometry. The boxplots depict a comparison of RAC1-Ser71 intensity in monocytes between

responders (n = 9) and non-responders (n = 5) at baseline. The comparison was performed using the 0.9 percentile intensity. Wilcoxon one-tailed p values are

shown.
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whichwas evaluated by deconvolution (see STARMethods). The

results confirmed the increased pre-treatment expression of the

axis genes in RA responders (representative cohort GEO:

GSE20690, Figure 5B). Application of fiber organization predic-

tive signature to multiple pre-treatment RA cohorts separated

IFX response groups effectively (Meta-ROC AUC = 0.72,

Figures 5C and S5D for subsampled data). Subsampling to bal-
ance the response groups yielded similar predictive results

(Meta-ROC AUC = 0.703, Figure S5D). These findings provide

evidence supporting shared drug responsiveness elements be-

tween IBD and RA diseases, highlighting the common role of

the RAC1-PAK1 axis. Notably, direct comparison of the RAC1-

PAK1 pathway score to TREM1 biomarker, at baseline, indicated

a significant correlation (Figure S8A). Nevertheless, unlike the
Cell Reports Medicine 5, 101300, January 16, 2024 9
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RAC1-PAK1 axis, TREM1 expression is responsive to treatment

only at W2 but not at W14 in responders (Figure S8B), and its dif-

ferential expression is not conserved in RA (Figure S8C). These

results further highlight the added value of the RAC1-PAK1 pre-

dictive axis as a potential biomarker.

To further demonstrate the effectiveness of our method, we

compared our predictive performance with the limma-based

differential expression approach, as well as weighted correla-

tion network analysis (WGCNA) and elastic net/lasso regular-

ized logistic regression for predictor selection. The findings re-

vealed that our method displayed improved performance

compared with the alternatives (Figure S9). We also provide

additional functional validation based on RAC1 activity in the

protein level, of responders and non-responders at baseline

using CyTOF by specific antibody to RAC1-Ser71, which is

a putative Akt phosphorylation site at Ser71 of RAC1. Phos-

phorylation at this site may inhibit GTP binding of RAC1,

attenuating the signal transduction pathway downstream of

RAC1. Our results indicate that indeed non-responders have

increased intensity of RAC1-Ser71 in monocytes at baseline

(Figure 5D, p = 0.056, one-sided Wilcoxon), supporting our

transcriptional results and validations. Taken together, these

observations demonstrate that the baseline RAC1-PAK1 axis

expression in monocytes differentiates response groups and

ultimately impacts response potential across immune-medi-

ated diseases.

DISCUSSION

Despite substantial inter-individual heterogeneity and our growing

ability to measure it, commonly used statistical frameworks for

analyzing high-dimensional data describe changes happening

on average between conditions or groups. This is especially true

in the case of networks that form a natural way of describing the

possible interactions occurring between measured biological

species, yet are population-based, and thus limited in their ability

to monitor individual variation from those interactions and the

ensuing emergent phenomena these interactions yield. Here we

studied the dynamics of IFX response in IBD, in a small cohort,

over time. To address this challenge, we devised the Disruption

Networks approach, a cell-centered personalized statistical

framework that unmasks differences between individuals. The

approach enables a systematic dissection of IFX effect on

response dynamics from blood, by generating a data type that

quantifies individual-level breaking or rewiring of cross-feature re-

lations. The generated data type is cell-centered considering both

cellular composition changes and changes in cellular regulatory

programs, allowing us to identify robust functional pathways devi-

ating from normal response in non-responders, and robustly

associate these with drug resistance in both IBD and RA.

Although TNF is a pleiotropic cytokine, functioning in both the

innate and adaptive immune system,17 we found that the early

response alterations following IFX treatment were mostly related

to innate pathways with monocytes being notably linked to these

pathways. Evidence supporting this has been previously impli-

cated by the decreased frequency of monocytes during treat-

ment in anti-TNF treated IBD18 and RA19 patients. Furthermore,

the anti-proliferative and cell-activation suppressive effect of IFX
10 Cell Reports Medicine 5, 101300, January 16, 2024
was shown to depend on FC-expressing monocytes in a mixed

lymphocyte reaction.20 In addition, the regained long-term

response following granulocyte/monocyte adsorption treatment

following loss of response during IFX treatment further corrobo-

rates our findings.21 Taken together, these results support the

potential for subset specific targeted therapy to augment IFX

treatment.

By applying the Disruption Networks framework, we identified

RAC1-PAK1 signaling, as a central pathway associated with IFX

response. This pathway exhibited disrupted dynamics in non-re-

sponders and was predictive of treatment response at baseline.

Although abnormal RAC1 signaling was linked to immune-medi-

ated diseases pathogenesis,22 its direct relation to anti-TNF

response has not been demonstrated. The RAC1-PAK1 axis is

a final common pathway shared by several proximal immune re-

ceptors, controlling actin cytoskeletal movement, activation of

the respiratory burst, and phagocytic activity in innate cells.23

These pathways were found to be enriched in the disrupted

meta-pathway. RAC1 was identified as a susceptibility gene

for IBD,24 and TNFwas shown to stimulate RAC1-GTP loading,25

supporting efficacy of antagonizing this effect by anti-TNF. Sup-

pression of RAC1-PAK1 signaling, predominately in innate im-

mune cells, was shown to mediate remission in CD.25 In line

with our findings demonstrating IFX suppressive effect on the

RAC1-PAK1 axis during treatment, thiopurines, another effective

IBD treatment were also shown to inhibit RAC1 activity.26 The su-

perior effect of anti-TNF thiopurines combination overmonother-

apy27 suggests that the enhanced therapeutic effect is mediated

not only by controlling anti-drug antibody (ADA) levels, but

conceivably also by the induction of a mutual additive effect on

RAC1 suppression. Interestingly, the TREM adaptor (TYROBP/

DAP12), which we previously found to be predictive for anti-

TNF response bymeta-analysis,9 was detected in the differential

RAC1-PAK1 signature, exhibiting significant correlation with the

RAC1-PAK1 axis in monocytes (Figure S8), and is also function-

ally related through shared signaling.28

Of note, although our real-life cohorts consisted of clinically

comparable responding and non-responding groups with respect

to demographic characteristics, concurrent therapies, and dis-

ease behavior, we observed that in the primary cohort, signifi-

cantly lower drug levels were noted in non-responders as

compared with responders at 14 weeks post IFX treatment. How-

ever, there is low likelihood that the mechanism for non-response

is related to the observed low drug levels because the disrupted

axis was identified at the early timepoint 2 weeks post first treat-

ment, when median drug levels of non-responders were even

higher than those of the responders. Low drug levels at week 14

can be explained by immunogenicity, loss of drug into the in-

flamed intestine,29,30 or an ‘‘inflammatory sink’’ where drug is ab-

sorbed to the TNF-rich inflamed intestinal milieu.31 However, the

fact that no anti-drug antibodies were detected in the non-

responder group at the timedrug levelswere lowdoes not support

immunogenicity as a cause for the differential response between

the groups and suggests that the lower drug levels represent a

consequence of uncontrolled inflammation, rather than being its

cause. Notably, an anti-lambda drug-tolerant assay was used to

assess anti-drug antibody levels, further reducing the possibility

of technical ADA misdiagnosis.32
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Our results indicated that intermediate monocytes contributed

most to the RAC1-PAK1 distinctive expression between the

response groups, which was further supported by increased

mTNF on these cells compared with the other subsets.

Of note, both soluble and membrane-bound forms of TNF

contribute to inflammation, and anti-TNF drugs can target both

forms.33–35 Binding to mTNF was shown to be associated with

success of anti-TNF therapy.35 Differences in mTNF binding be-

tween different anti-TNF drugs may explain their differential effi-

ciency, as shown for infliximab over etanercept.33

The monocytes single-cell-based RAC1-PAK1 co-expression

network demonstrated pre-treatment differential expression, pri-

marily in intermediate monocytes, related to FcyR-dependent

phagocytosis and interferon signaling. This is consistent with prior

reports showing that FcgR affinity affects anti-TNF therapeutic

response.36–38 Interestingly, the RAC1-PAK1 axis was predictive

of IFX responsiveness also in RA, an observation that provides

additional validation for the signature predictivity and supports

common baseline elements contributing to response across

IFX-treated immune-mediated diseases. Similar to IBD, also in

RA, the RAC1-PAK1 upstream activator FcgR was linked to dis-

ease susceptibility.39,40 The FcgR3A, which is a part of the predic-

tive signature, is known as a key receptor for monocytes effector

response including antibody-dependent cellular cytotoxicity

(ADCC), immune IgG-containing complexes clearance, and

phagocytosis.41,42 These further corroborate the common

element of enhanced RAC1-PAK1 signaling through increased

expression or affinity for FcgR3A expressed on monocytes that

may enhance the efficacy of IFX in IBD and RA. These results

extend the relevance of molecular commonalities for disease ac-

tivity43 and pan-pathology,44 also to interconnected pathways of

drug responsiveness across immune-mediated diseases.

Whether the RAC1-PAK1 axis and the upstream FcgR are

applicable to IFX response in additional immune-related dis-

eases or other anti-TNF therapeutic antibodies remains to be

determined. Although validated in three independent RA cohorts

and an additional in-house IBD cohort, incorporation of indepen-

dent patient populations could provide additional support for the

generalizability of the computational framework. Further pro-

spective trials using clinical applicable biomarkers are warranted

before bedside clinical use. To our knowledge, there is no other

relevant publicly available expression data of IBD patient with

IFX response at baseline from blood. Future research with ac-

cess to more comprehensive datasets may further strengthen

the cross-disease applicability of our findings. Of note, the

RAC1-PAK1 axis was found to be predictive for anti-TNF

response in naive patients who were pre- or co-treated with thi-

opurines and/or oral steroids but were not yet exposed to any

biologic agent or MTX. Therefore, our results do not provide a

generalized understanding of how this axis differentiates be-

tween response groups in non-naive patients. Analysis of previ-

ously treated patients should be performed to gain a broader

perspective on additional patient populations.

In the context of applicability, blood-based pre-treatment bio-

markers are highly important for precision medicine, since when

identified across diseases and drugs as performed here, they

offer the vision of data-driven choices for physician treatment

and personalized care. Our results suggest that the road to this
vision may be shorter than anticipated, as at least for immuno-

therapies, blood is a relevant tissue for signal detection and

non-response mechanisms appear to be conserved across im-

mune-mediated diseases. We note that this pan-disease drug

response conserved patternmay not necessarily hold in biopsies

from the site of disease, which being different tissues, may pre-

sent different cells playing a role. Our combined experimental-

computational approach, where small time series experiments

are combined with an individual-level analytical framework,

can be generalized to other diseases and conditions, including

mechanisms of drug mode of action, drug non-response, com-

parison of drug effects, and disease courses. These will ulti-

mately allow us to make sense of blood and accelerate an era

of immune-based precision diagnostics.

Limitations of the study
This study has several limitations. In the primary cohort, non-re-

sponders had lower drug levels at 14 weeks post IFX treatment

compared with responders. However, this lower drug level

likely is not the cause of non-response, as the disrupted axis

was identified as early as 2 weeks post-treatment, with non-re-

sponders having even higher median drug levels. Second, pa-

tients were classified for response based on clinical criteria.

Further validation should be performed using additional

response criteria. Additionally, the Disruption Networks frame-

work was applied to a single-site patient population with a rela-

tively small sample size. Although it was validated in three inde-

pendent RA cohorts and an additional in-house IBD cohort,

including independent patient populations could strengthen

the generalizability of the results and enhance the cross-dis-

ease applicability of our findings. Furthermore, the RAC1-

PAK1 axis was found to be predictive for anti-TNF response

in naive patients. Further research is warranted to investigate

the expression of this differential axis in non-naive patients.

Finally, correlation between gene expression levels and cell

abundances does not necessarily imply that these cells are

solely responsible for the observed changes. Therefore, it is

important to validate the cellular sources using a small

scRNA-seq dataset, as performed in this study.
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Antibodies

CD4 Biolegend Cat#300541; RRID: AB_2562809

CD20 Biolegend Cat#302343; RRID: AB_2562816

CD16 Biolegend Cat#302051; RRID: AB_2562814

CD123 Biolegend Cat#306002; RRID: AB_314576

CD69 Biolegend Cat#310939; RRID: AB_2562827

CD14 Biolegend Cat#301843; RRID: AB_2562813

CCR6 Biolegend Cat#353402; RRID: AB_10918625

CCR4 Biolegend Cat#131202; RRID: AB_1227524

CD8 Biolegend Cat#301053; RRID: AB_2562810

CD62L Biolegend Cat#304802; RRID: AB_314462

IL-10R Biolegend Cat#308802; RRID: AB_314734

CD138 Fluidigm Cat#3150012B; RRID: AB_2756417

CD56 BD Cat#559043; RRID: AB_397180

CCR2 Biolegend Cat#357202; RRID: AB_2561851

Adalimumab AbbVie Humira 40mg injection

CCR9 Biolegend Cat#358902; RRID: AB_2562298

CD19 Biolegend Cat#302247; RRID: AB_2562815

CD45RO Biolegend Cat#304239; RRID: AB_2563752

CD38 Biolegend Cat#303535; RRID: AB_2562819

CD25 Fluidigm Cat#3169003B; RRID: AB_2661806

CD3 Biolegend Cat#300443; RRID: AB_2562808

CD11b Biolegend Cat#301302; RRID: AB_314154

CD45 Biolegend Cat#304045; RRID: AB_2562821

TNFR2 Biolegend Cat#358402; RRID: AB_2562150

CD103AE Biolegend Cat#350202; RRID: AB_10639864

CXCR4 Biolegend Cat#306502; RRID: AB_314608

TCRgd Fluidigm Cat#3152008B; RRID: AB_2687643

IntegrinB7 Biolegend Cat#321202; RRID: AB_571975

CD33 eBioscience Cat#14-0338-82; RRID: AB_467206

CD45RA Biolegend Cat#304143; RRID: AB_2562822

CD161 Biolegend Cat#339902; RRID: AB_1501090

CD28 Biolegend Cat#302914; RRID: AB_314316

CD66b Biolegend Cat#305102; RRID: AB_314494

HLA-DR Biolegend Cat#307651; RRID: AB_2562826

Infliximab Janssen Remicade 100mg

CD27 Biolegend Cat#302802; RRID: AB_314294

CCR7 Biolegend Cat#353237; RRID: AB_2563726

RAC1-Ser71 Merck-Millipore Cat#07–896; RRID: AB_612043

IL-23R R&D Systems Cat#MAB14001; RRID: AB_2124779

PAK 1/2/3 phospho T423 Rockland Cat#600-401-413; RRID: AB_2096533

Integrin alpha 4 beta 7/LPAM-1 R&D Systems Cat#MAB10078; RRID: AB_827437
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Biological samples

Primary CD cohort: 24 Crohn’s disease (CD) patients

who received IFX treatment. Includes 15 and 9

responding and non-responding patients

respectively. samples were obtained at three

time points: at baseline, before IFX treatment,

and two and fourteen weeks post first treatment

the gastroenterology department of the

Rambam Health Care Campus (RHCC)

N/A

Validation CD cohort: 29 CD patients from the RHCC,

which were classified to 20 and 9 clinical responding

and non-responding respectively patients

the gastroenterology department of the

Rambam Health Care Campus (RHCC)

N/A

Chemicals, peptides, and recombinant proteins

Fetal Bovine Serum Biological Industries Cat#04-121-1A

MaxPar Intercalator Fluidigm Inc. Cat#201192B

Formaldehyde Thermo Scientific Cat#28908

PAXgene Blood RNA tubes PreAnalytiX Cat#762165

Affymetrix Clariom S chips Thermo Fisher Scientific Cat#902927

ProcartaPlexTM Immunoassay, eBioscience EPX450-12171-901

UNI-SEPmaxi+ tubes Novamed Ltd. Cat#u-16

DMSO Sigma-Aldrich Cat#D2650

FCS Biological industries Cat#04-007-1A

PBS Biological industries (Sartorius) Cat#02-023-5A

Isopropyl alcohol Sigma-Aldrich Cat#I9030

SmartTube SMART TUBE Inc. Cat#MTS1P

Mr. Frost� Freezing Container ThermoFisher scientific Cat#5100-0001

RPMI 1640 Biological industries (Sartorius) Cat#01-100-1A

PierceTM Universal Nuclease for Cell Lysis Thermo Fisher Scientific Cat#88700

Cell-IDTM 20-Plex Pd Barcoding Kit Standard Bio Tools Cat#201060

Chromium Next GEM Single Cell 30 Library &

Gel Bead Kit v3.1

Illumina Cat#PN-1000121

Chromium Next GEM Chip G Single Cell Kit Illumina Cat#PN-1000120

NextSeq 500/550 High Output v2 Kit (75 cycles) Illumina Cat#FC-404-2005

RNeasy mini kit Qiagen Cat#74104

Sequences of qPCR primers are listed in Table S10 Sigma-Aldrich N/A

Maxima first strand cDNA synthesis kit Thermo Fisher Scientific Cat#K1672

RNase free DNase set Qiagen Cat# 79254

KAPA SYBR FAST qPCR Kit Kapa Biosystems Cat#KK4604

Deposited data

Microarray raw data - blood - IFX responders and

non-responders at baseline, 2w and 14w

post first treatment

This study, Table S1 GEO: GSE186963

CyTOF data - blood - IFX responders and

non-responders at baseline, 2w and 14w

post first treatment

This study, Table S1 FlowRepository: FR-FCM-Z4MQ

Luminex data - blood - IFX responders and

non-responders at baseline, 2w and 14w

post first treatment

This study, Table S1 data directory, https://

github.com/shenorrLabTRDF/

Disruption_Networks

External reference expression data for construction

of the IBD inflammatory axis

Planell N et al. 2017 GSE94648

single cell expression data- PBMCs of representative

responder and non-responder at baseline

This study SRA: PRJNA779701
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Rheumatoid arthritis public expression datasets for

validation of the IFX predictive signatures

Tanino et al.14,

Toonen et al.15,

Mesko et al..16

GSE20690

GSE33377

GSE42296

Software and algorithms

R https://www.cran.r-project.org v4.3.1

R Studio https://www.rstudio.com/ N/A

Original code used to generate this study’s

figures (R scripts)

This Study; https://github.com/shenorr

LabTRDF/Disruption_Networks

N/A

Cytobank premium https://www.cytobank.org N/A

Cell Ranger 10X Genomics v4.0.0

Biobase (R package) https://bioconductor.org/packages/

release/bioc/html/Biobase.html

v2.60.0

oligoClasses (R package) https://bioconductor.org/packages/

release/bioc/html/oligoClasses.html

v1.62.0

oligo (R package) https://www.bioconductor.org/packages/

release/bioc/html/oligo.html

v1.64.1

pd.clariom.s.human (R package) https://bioconductor.org/packages/

release/data/annotation/html/

pd.clariom.s.human.html

v3.14.1

clariomshumantranscriptcluster.db (R package) https://bioconductor.org/packages/release/

data/annotation/html/clariomshuman

transcriptcluster.db.html

v8.8.0

affycoretools (R package) https://www.bioconductor.org/packages/

release/bioc/html/affycoretools.html

v1.72.0

genefilter (R package) https://bioconductor.org/packages/release/

bioc/html/genefilter.html

v1.82.1

sva (R package) https://www.bioconductor.org/packages/

release/bioc/html/sva.html

v3.48.0

plyr (R package) https://cran.r-project.org/web/packages/

plyr/index.html

v1.8.8

hgu133plus2.db (R package) https://bioconductor.org/packages/

release/data/annotation/html/

hgu133plus2.db.html

v3.13.0

citrus (R package) https://github.com/nolanlab/citrus v0.08

ComplexHeatmap (R package) https://bioconductor.org/packages/release/

bioc/html/ComplexHeatmap.html

v2.16.0

data.table (R package) https://cran.r-project.org/web/packages/

data.table/index.html

v1.14.8

XLConnect (R package) https://cran.r-project.org/web/packages/

XLConnect/index.html

v1.0.7

reshape2 (R package) https://cran.r-project.org/web/packages/

reshape2/index.html

v1.4.4

foreach (R package) https://cran.r-project.org/web/packages/

foreach/index.html

v1.5.2

doParallel (R package) https://cran.r-project.org/web/packages/

doParallel/index.html

v 1.0.17

permute (R package) https://cran.r-project.org/web/packages/

permute/index.html

v0.9-7

gridExtra (R package) https://cran.r-project.org/web/packages/

gridExtra/index.html

v2.3

GEOquery (R package) https://bioconductor.org/packages/release/

bioc/html/GEOquery.html

v2.68.0

(Continued on next page)
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org.Hs.e.g.,.db (R package) https://bioconductor.org/packages/release/

data/annotation/html/org.Hs.eg.db.html

v3.17.0

limma (R package) https://bioconductor.org/packages/

release/bioc/html/limma.html

v3.56.2

glmnet (R package) https://cran.r-project.org/web/packages/

glmnet/index.html

v4.1-7

glmnetcr (R package) https://cran.r-project.org/web/packages/

glmnetcr/index.html

v1.0.6

scales (R package) https://cran.r-project.org/web/packages/

scales/index.html

v1.2.1

ggplot2 (R package) https://cran.r-project.org/web/packages/

ggplot2/index.html

v3.4.2

ggpubr (R package) https://cran.r-project.org/web/

packages/ggpubr/index.html

v0.6.0

ggrepel (R package) https://cran.r-project.org/web/

packages/ggrepel/index.html

v0.9.3

dplyr (R package) https://cran.r-project.org/web/

packages/dplyr/index.html

v1.1.2

gtools (R package) https://cran.r-project.org/web/

packages/gtools/index.html

v3.9.4

rstatix (R package) https://cran.r-project.org/web/

packages/rstatix/index.html

v0.7.2

VennDiagram (R package) https://cran.r-project.org/web/

packages/VennDiagram/index.html

v1.7.3

Hmisc (R package) https://cran.r-project.org/web/

packages/Hmisc/index.html

v5.1-0

CellMix (R package) https://github.com/r-forge/cellmix/

blob/master/pkg/CellMix

v1.5.1

fgsea (R package) https://bioconductor.org/packages/

release/bioc/html/fgsea.html

v1.26.0

ggbeeswarm (R package) https://cran.r-project.org/web/

packages/ggbeeswarm/index.html

v0.7.2

gage (R package) https://bioconductor.org/packages/

release/bioc/html/gage.html

v2.50.0

xbioc (R package) https://rdrr.io/github/renozao/xbioc/ v0.1.19

omics (R package) https://cran.r-project.org/web/packages/

omics/index.html

v0.1-5

AnnotationDbi (R package) https://bioconductor.org/packages/release/

bioc/html/AnnotationDbi.html

v1.62.2

igraph (R package) https://cran.r-project.org/web/

packages/igraph/index.html

v1.5.1

psych (R package) https://cran.r-project.org/web/

packages/psych/index.html

v2.3.6

ggforce (R package) https://cran.r-project.org/web/

packages/ggforce/index.html

v0.4.1

rlist (R package) https://cran.r-project.org/web/

packages/rlist/index.html

v0.4.6.2

circlize (R package) https://cran.r-project.org/web/

packages/circlize/index.html

v0.4.15

pROC (R package) https://cran.r-project.org/web/

packages/pROC/index.html

v1.18.4

ROCR (R package) https://cran.r-project.org/web/

packages/ROCR/index.html

v1.0-11
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Seurat (R package) https://cran.r-project.org/web/

packages/Seurat/index.html

v4.3.0.1

SingleR (R package) https://bioconductor.org/packages/

release/bioc/html/SingleR.html

v2.2.0

MTGOsc (R package) https://github.com/ne1s0n/MTGOsc N/A

ReactomePA (R package) https://bioconductor.org/packages/

release/bioc/html/ReactomePA.html

v1.44.0

clusterProfiler (R package) https://bioconductor.org/packages/

release/bioc/html/clusterProfiler.html

v4.8.2

caret (R package) http://cran.nexr.com/web/packages/

caret/index.html

v6.0-78

nsROC (R package) https://cran.r-project.org/web/packages/

nsROC/index.html

v1.1

RColorBrewer (R package) https://cran.r-project.org/web/packages/

RColorBrewer/index.html

v1.1-3

huex10sttranscriptcluster.db (R package) https://bioconductor.org/packages/

release/data/annotation/html/

huex10sttranscriptcluster.db.html

v8.8.0

Other

CyTOF 1 Fluidigm Inc. N/A

CyTOF software Fluidigm Inc. N/A

Helios Mass Cytometer Standard Bio Tools N/A

7300 Real-Time PCR System AB Applied B1iosystems N/A

Illumina NextSeq500 Illumina N/A
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Lead contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Shai S.

Shen-Orr (shenorr@technion.ac.il).

Materials availability
This study did not generate new unique reagents.

Data and code availability
d The microarray raw data generated in this study were deposited at the Gene Expression Omnibus database under accession

number GSE186963.

d The scRNA-seq data generated in this study are available at the SRA database (https://www.ncbi.nlm.nih.gov/sra/) under proj-

ect accession number PRJNA779701.

d The CyTOF raw data generated in this study are available at the FlowRepository database (http://flowrepository.org/) under

accession number FR-FCM-Z4MQ.

d This paper further analyzes existing, publicly available data. The accession numbers for the datasets are listed in the key re-

sources table.

d Codes used in this paper are available on Github (https://github.com/shenorrLabTRDF/Disruption_Networks).

d Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Primary real-life IBD cohort
A primary real-life cohort consisting of 24 Crohn’s disease (CD) patients who received IFX treatment at the gastroenterology depart-

ment of the RambamHealth Care Campus (RHCC). All patientsmet the study inclusion criteria as follows: 1) Adequately documented

active luminal CD, as phenotyped by a gastroenterologist with expertise in IBD. 2) Documented decision to initiate full IFX induction

regimen with 5 mg/kg induction dosing (i.e., at weeks 0, 2, 6). Patients that had past exposure to Infliximab, Adalimumab or Vedo-

lizumab, or patients who had active infection including febrile diseases or intra-abdominal or perianal abscess were excluded. The
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study was approved by the institutional review board (0052-17-RMB), and patients provided written informed consent. Demographic

and clinical characteristics of the patients are shown in Table S1.

Patient samples were obtained at three time points: at baseline and two and fourteen weeks post first treatment and assayed for

gene expression microarray data, high-resolution granulocytes and lymphocytes subtype frequencies and functional markers by

CyTOF, and a panel of 51 cytokines and chemokines by Luminex. CyTOF panel including Clone, vendor, and conjugation information,

and Luminex panel are detailed in Tables S2 and S3 respectively.

Patient response classification was defined by decision algorithm, whichwe used and described previously.9 Briefly, patients were

classified as responders based on clinical remission, which was defined as cessation of diarrhea and abdominal cramping or, in the

cases of patients with fistulas, cessation of fistula drainage and complete closure of all draining fistulas at W14, coupled with a de-

cision of the treating physician to continue IFX therapy at the current dosing and schedule. In patients that were initially clinically

defined as partial responders, classification was determined by a decision algorithm that included the following hierarchical rules:

1) steroid dependency at week fourteen; 2) biomarker dynamics (calprotectin and CRP) and 3) response according to clinical state

at week 26. Applying the decision algorithm and exclusion criteria, yielded a final study cohort of 15 and 9 responding and non-re-

sponding patients respectively.

As shown in Table S1, responders significantly reduced CRP, already at W2 post first treatment while non-responders presented a

trend of reduced CRP at W2, but their CRP level following 14 weeks was elevated and significantly higher than CRP level in re-

sponders. No significant difference was found in target TNFa levels, neither in responders or non-responders, as measured by either

serum cytokine level using Luminex or by adjusted gene expression. As expected, IFX drug levels were shown to be significantly

reduced, in both responders and non-responders at W14 compared to W2, due to the transition from induction to maintenance ther-

apy. Drug levels of responders were significantly higher compared to non-responders at W14. However, at W2, no significant differ-

ence in drug levels wasmeasured. Responders also showed improved albumin levels along treatment, with significantly higher levels

compared to non-responders at W14. All other parameters were comparable between the two response groups.

Validation real life IBD cohort
The validation cohort consisted of 29 IBD patients from the RHCC, which were classified to 20 and 9 clinical responding and non-

responding patients, repectively, according to the above-described decision algorithm (Table S9).

METHOD DETAILS

The study employs a comprehensive analytical approach to understand the response and resistance to anti-TNF treatment. This in-

volves various analyses to characterize efficient response dynamics, differential behaviors between responders and non-re-

sponders, and predictive markers for response.

First, we identified dynamic omics features in responders throughmixed effect linear models. To decouple temporal changes influ-

enced by cell abundance and alterations in cell regulatory programs, we corrected the gene expression to account for variations in

cell composition, to obtain adjusted expression. For a deeper understanding of gene regulatory programs within a biological context,

we constructed a cell-centered co-expression network, based on responders’ samples, which was expanded by known interacting

genes, followed by functional enrichment analysis to identify response associated pathways.

To dissect underlying individual-specific treatment non-response pathways, we employed the Disruption Networks framework.

This method allows to generate robust statistics at the individual level, providing understanding of how each individual’s molecular

network behaves in a specific condition, thereby enables to overcome challenges related to high inter-individual heterogeneity and

limited sample size. It focuses on the ‘relations space’, which quantitates rewiring of cross-feature relations, reflecting a change in

regulation. This allows to combine the cell-centered and the cross-feature relations information in a per-sample network, which forms

a natural way of describing the possible interactions of biological species and functional processes, providing a significant added

value for the understanding of complex therapeuticmechanisms of response. Differential dynamics derived from disruption networks

contribute to subsequent predictive analyses, with a specific focus on dynamic pathways to effectively reduce the dimensionality of

the analysis.

CyTOF sample processing and analysis
Whole blood was collected in Lithium-Heparin tubes and kept at room temperature with agitation for a maximum of 2 h before pro-

cessing. Samples were fixed using the SMART TUBE, system including the SMART TUBE base station (SMART TUBE Inc. catalog

number PBS05) and specialized tubes (SMART TUBE Inc. catalog numberMTS1P). 1mL of whole bloodwas added to each tube and

subjected to the base station standard protocol: 15 min incubation at 37�C, release of the fixation reagent by breaking the inner

capsule and mixing, followed by 10 min fixation at 25�C. The tubes were immediately transferred to a �80�C freezer for storage.

Primary cohort staining
A total of 23 106 cells of each sample were stained (1 h; room temperature) with a mixture of metal-tagged antibodies (complete list

of antibodies and their catalog numbers is provided in Table S2). This mix contained antibodies against phenotyping markers of the

main immune populations and some central cytokine and chemokine receptors. All antibodies were validated by the manufacturers
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for flow application (as indicated on the manufacturer’s datasheet, available online) and were conjugated by using the MAXPAR re-

agent (Fluidigm Inc.). Iridium intercalators were used to identify live and dead cells. The cells were fixed in 16% formaldehyde (Sigma-

Aldrich) at 4�C until they were subjected to CyTOF mass cytometry analysis on a CyTOF I machine (Fluidigm Inc.). Cell events were

acquired at approximately 500 events/s. To overcome potential differences in machine sensitivity and a decline of marker intensity

over time, we spiked each sample with internal metal-isotope bead standards for sample normalization by CyTOF software (Fluidigm

Inc.) as previously described.45

Validation cohort staining for RAC1 activity
Cryovials were thawed in a 37�C water bath and cells were immediately transferred to a 15 mL falcon tube containing 10mL of

warm cell culture medium (RPMI +10% FCS +10mL PSG) containing Pierce Universal Nuclease for Cell Lysis (1:10,000, Thermo

Fisher Scientific). Cells were centrifuged 1,200 RPM for 5 min, their pellet resuspended in 10mL warm cell culture media + Uni-

versal Nuclease for Cell Lysis, and then were incubated for 10 min at room temperature. Cells were then washed twice

(1,200 RPM for 5 min) with 2 mL Maxpar Cell Staining Buffer (CSM, Standard Bio Tools). After cells were counted, 3 million cells

from each sample were barcoded using Cell-ID 20-Plex Pd Barcoding Kit (Standard Bio Tools) as per manufacturer’s instruc-

tions. Each sample was first fixed with 1mL Fix I Buffer and incubated for 10 min at room temperature. After centrifugation

(800 g 3 5 minutes) supernatant was discarded and cells washed twice with 1mL Barcode Perm Buffer and then resuspended

in 800mL Barcode Perm Buffer. The barcodes were stored at �20C and brought to room temperature, followed by the addition

of 100mL Barcode Perm Buffer. Then 120 mL of each barcode was transferred to the appropriate sample and incubated for

30 min at room temperature. Cells were consequently washed twice with CSM (800 g 3 5 minutes) after which all samples

were combined into one pool. Cells were incubated with antibody mix (Table S2) for 30 min at room temperature, and then

washed once with 2mL CSM. Next, cells were fixed in 1.6% PFA (Thermo Fisher Scientific) and from this step stained with

iridium and processed for running on the CyTOF as described. Samples were acquired by the Helios Mass Cytometer (Standard

Bio Tools).

For data pre-processing, the acquired data were uploaded to the Cytobank web server (Cytobank Inc.) to exclude dead cells and

bead standards. The processed data were analyzed using Citrus algorithm, which performs hierarchical clustering of single cell-

events by a set of cell-type defining markers and then assigns per sample, per cluster its relative abundance in each sample as

well as the median marker expression for each functional marker per cluster.46 Citrus analysis was applied separately on PBMCs

and Granulocytes population in each sample using the following parameters: minimum cluster size percentage of 0.01 and 0.02

for PBMCs and Granulocytes respectively, subsampling of 15,000 events per sample and arcsin hyperbolic transform cofactor of

5. The gating for the classification of the clusters is detailed in Table S3.

Blood transcriptome analysis
Whole blood was collected in PAXgene Blood RNA tubes (PreAnalytiX), allowing blood flow to fill the tube completely before

removing the tube from the holder. Immediately after blood collection the tubes were inverted gently 8–10 times. The tubes

were placed in an upright position at room temperature for a minimum of 2 h and a maximum of 72 h before transferring to a

freezer (�20�C). Tubes were kept at �20�C for a minimum of 24 h, then transferred to a monitored �80�C freezer for long

term storage.

RNA was extracted using RNeasy mini kit (QIAGEN) and assayed using Affymetrix Clariom S chips (Thermo Fisher Scientific). The

microarray data are available at the Gene Expression Omnibus database (http://www.ncbi.nlm.nih.gov/geo/). The raw gene array

data were processed to obtain a log2 expression value for each gene probe set using the RMA (robust multichip average) method

available in the affy R package. Probe set annotation was performed using affycoretools and clariomshumantranscriptcluster.db

packages in R. Data were further adjusted for batch effect using empirical Bayes framework applied by the Combat R package.

Gene expression data were further adjusted for variations in frequency of major cell types across samples as measured by

CyTOF, including CD4+ T cells, CD8+ T cells, CD19+ B cells, NK cells, monocytes and granulocytes, to allow detection of differential

biological signals that do not stem from cell proportion differences, whichmight be otherwisemasked in unadjusted gene expression

data. Adjustment was performed using the CellMix R package.

Cytokines and chemokines measurement using Luminex bead-based multiplex assay
Serum was separated from whole blood specimens and stored at �80�C until used for cytokine determination. Samples were as-

sayed in duplicate according to the manufacturers’ specifications (ProcartaPlex Immunoassay, EPX450-12171-901, eBioscience,

Cytokine/Chemokine/Growth Factor 45-Plex Human Panel 1, Table S4).

Data were collected on a Luminex 200 instrument and analyzed using Analyst 5.1 software (Millipore) and NFI (Median Fluores-

cence Intensity) values were used for further data processing. A pre-filtering was applied as follows: samples with low mean bead

count, below 50 were excluded from analysis. In addition, duplicates with high CV values (Coefficient of variation) higher than

40% were omitted. NFI values with low bead count, below 20 were filtered out, but in cases which one replicate had acceptable

bead count and the CV values for both replicates were less than 25%, NFI values were retained. Finally, net MFI values were calcu-

lated by blank reduction followed by log2 transformation. Data were further adjusted for batch effect using the empirical Bayes frame-

work applied by the Combat R package.
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Single cell RNA sequencing
Peripheral blood mononuclear cells (PBMCs) cryopreservation and thawing

Blood samples were drawn before IFX first infusion. PBMCs were isolated by density gradient centrifugation using UNI-SEPmaxi+

tubes (Novamed Ltd.) according to themanufacturer’s protocol. Briefly, whole bloodwas collected in LithiumHeparin tubes and kept

at room temperature with agitation for a maximum of 2 h before processing. 20 mL of blood were poured into an Uni-Sep maxi tube

and centrifuged at 550g for 20min at room temperature. The upper layer, containing the plasma, was discarded. The PBMC layer was

collected into a fresh 50mL tube, topped with cold PBS and centrifuged at 400g for 8min at 4�C. The supernatant was discarded and

the PBMC pellet was resuspended and washed with 50 mL of cold PBS. Following an additional centrifugation step at 300g for 5 min

at 4�C, isolated cells were resuspended in 1 mL freezing solution, containing 10% DMSO and 90% FCS. The samples were kept in

NalgeneMr. Frost Cryo 1�CFreezing Container (ThermoFisher scientific) with Isopropyl alcohol at�80�Cover-night, and then placed

in a liquid nitrogen container for long-term storage.

For thawing, frozen PBMCs were transferred to a water bath at 37�C for 2–3 min. Thawed cells were immediately transferred into

50 mL centrifuge tubes and rinsed with 1 mL of warm (37�C) RPMI 1640 supplemented with 10% of FCS which was added dropwise

to the DMSO containing fraction, while gently shaking the cells. Next, the cells were sequentially diluted by first adding 2 mL of me-

dium followed by another 4, 8 and 16 mL with 1 min intervals between the four dilution steps. The diluted cell suspension was centri-

fuged for 5 min at 300 g. Most of the supernatant was discarded leaving �1 mL, and the cells were resuspended in 9 mL of medium

followed by additional centrifugation for 5min at 300 g and resuspendedwith the samemedia to reach the desired cell concentration.

Single cell RNA sequencing in 10X genomics platform

PBMCs from responder and non-responder patients pre-treatment (N = 2) were prepared for scRNA-seq according to the 10x Ge-

nomics Single Cell protocols for fresh frozen human peripheral bloodmononuclear cells (see above for cell preservation and thawing).

The cells were adjusted to a final cell concentration of 1000 cells/Ul and placed on ice until loading into the 10x Genomics Chromium

system. The scRNA sequencing was performed in the genomic center of the biomedical core facility in the Rappaport faculty of med-

icine at the Technion - Israel Institute of Technology. Libraries were prepared using 10x Genomics Library Kits (Chromium Next GEM

Single Cell 30 Library & Gel Bead Kit v3.1, PN-1000121) using 20,000 input cells per sample. Single cell separation was performed

using the Chromium Next GEM Chip G Single Cell Kit (PN-1000120). The RNAseq data was generated on Illumina NextSeq500,

high-output mode (Illumina, FC-404-2005), 75 bp paired-end reads (Read1- 28 bp, Read2- 56 bp, Index- 8 bp).

QUANTIFICATION AND STATISTICAL ANALYSIS

Characterization of IFX responders and non-responders’ dynamics through integrative molecular response axis
combining external and in-house data
An integrative molecular response axis was constructed to recapitulate the complex nature of anti-TNFa response progression dy-

namics which enables to track individual immune dynamics of both responding and non-responding patients. This methodology was

assessed using an external data-based axis.

For unbiased definition of the inflammatory axis and validation of our own data we used public gene expression data of whole blood

from 25 UC (Ulcerative Colitis) patients and 50 CD patients in active or inactive disease states, available in Gene Expression Omnibus

(GEO: GSE94648). The patients in this external cohort were treated with different medications including 5-ASAs, Immunosuppres-

sants, anti-TNF agents, steroids and combinations of these therapies, as previously described,47 representative of a relatively large

portion of the treated IBD patient population. The cohort included 22 healthy non-IBD controls, comprising subjects who had under-

gone a screening colonoscopy for colorectal cancer and had a normal examination. The analysis was performed in several steps: (1)

Differential expression analysis between active disease and healthy states for UC and CD separately (Table S5), using the limma R

package, followed by PCA (Principal Component Analysis). (2) Ordinal lasso was used to select the principal components that best

describe the desired directionality from active through inactive to healthy state, based on optimal absolute coefficient values and

percentage of variance explained parameters (Table S6). (3) The inflammatory axiscoordinates were defined based on initial and ter-

minal points determined as the mean of the two endpoint coordinates of active and healthy states. (4) Applying vector multiplication

(dot product) for the calculation of the projection of sample vector from our in-house cohort in the direction of the external inflamma-

tory axis, to estimate sample position on the axis. (5) Evaluation of the distance of patient samples between two time points based on

sample axis location.

Multi-omics network of anti-TNF blood response dynamics
Core co-expression response network

To identify features that change over time in responders, a linear mixed-effects model was used, in which time was treated as a fixed

effect and individuals were treated as a random effect (lmer R package) to allow testing differential expression by time while account-

ing for between-subject variations. P-values were calculated empirically through a permutation test (n perm = 1000). In each permu-

tation, feature measurements were shuffled between visits for each responding patient. Permutation based p values were obtained

by comparing the absolute value of the non-permuted b coefficient for each feature to the null distribution of permuted b coefficients

for the same feature. In order to calculate FDR based on the permutation results, permuted p value was determined for each

permuted b coefficient, by comparing the tested permuted b coefficient to the distribution of the other permuted b coefficients for
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each feature. Then FDR was estimated by comparing the non-permuted p values to the null distribution of the permuted p values. A

similar calculation was performed for non-responders (max n perm = 512).

In addition to the determination of dynamic features in the full responders’ sample data, a random subsampling of samples from the

responders group, without replacement, was applied to achieve equal sample size between responders and non-responders to bal-

ance the groups. As most responders have similar clinical characteristics, as shown by the relatively small SEM (Table S1), only the

response labels were used for the subsampling.

Two-hundred subsamples were generated and tested using linear mixed-effects models. In this part, for the comparison of equally

sized responders and non-responders’ groups, p values were calculated based on the t-statistic using the Satterthwaite approxima-

tion, implemented in the lmerTest R package, followed by multiple hypotheses correction using the Benjamini-Hochberg procedure.

Co-expression network based onW0-W2 fold-change expression values of the significantly altered features (FDR<0.15) was con-

structed, based on pairwise Spearman’s rank correlation using the psych R package. Filtering was applied to remove feature-pairs

with insignificant correlation with a cutoff of FDR<0.1.

Network propagation

Network propagation procedure was applied to enhance the biological signal of the obtained networks as previously described48

with slight modifications. Briefly, for each node in the network, protein interactors with a combined score above 700 were extracted

based on STRING database (functional protein association networks; https://string-db.org/cgi/download.pl) using STRINGdb

R package. A node interactor was added as a linker gene to the network if its own interactors (hubs) were significantly enriched in

the core network features. Enrichment was calculated using the hypergeometric test in the stats R package. Calculated p values

were adjusted for multiple hypotheses using the Benjamini-Hochberg procedure. A cutoff of FDR<0.05 was selected for significant

enrichment of the tested interactor hubs in the immune network.

Functional enrichment assessment for the response network

To assess dynamics in the functional level, genes were grouped to functional sets by using a semi-supervised approach combining

both network structure and known gene set annotations fromHallmark, Kegg, Reactome, Biocarta, PID and BPGo terms. Each edge

in the network was classified to a specific pathway if its two linked nodes were annotated in the same biological group. Pathwayswith

less than 5 mapped edges were filtered out. This was followed by a global gene set enrichment analysis using fGSEA (FDR<0.15,

nperm = 1000, minSize = 10, maxSize = 400).

The dynamic enriched pathway structures were further tested for significance by comparing the density (graph density score) of

each pathway associated sub-network to a parallel sub-network density obtained from 100 random networks with a matched size

according to the Erdos-Renyi model which assigns equal probability to all graphs with identical edge count (igraph R package).

P-value was evaluated as the proportion of random module density scores that were higher than the real module density score.

Additional filtering was applied according to the number of connected components in a pathway sub-graph (igraph R package).

Only highly connected pathways (percentage of largest connected component>50%, size of the connected component>10) were

included.

The dynamic pathways list was further condensed by filtering out high overlapping pathways using Jaccard index. Accordingly, in

overlapping pathways pairs that presented a Jaccard index above 0.5 the smaller module was omitted.

To further associate the assigned pathways with treatment response, the Wilcoxon test was used to compare D0 to W2 and D0 to

W14 relative pathway scores in responders and non-responders. p values were adjusted for multiple hypotheses using the

Benjamini-Hochberg procedure (FDR<0.05). Relative pathway scores were calculated for each sample as previously described43,49

(see relative pathway score evaluation). To assess cellular contributions for each pathway, the non-adjusted expression of each gene

in the dynamic pathways was regressed over the major peripheral cell type frequencies as determined by CyTOF including granu-

locytes, CD4 andCD8 T cells, B cells, NK cells andmonocytes. The cell-specific contribution to each pathway was determined as the

mean of the coefficients of the tested cell type across all genes in themodule. The centrality of each pathway in the response network

was also evaluated by calculating the pathway based mean betweenness and degree across all gene members of the pathway

(igraph R package). To further assess the clinical relevance of the dynamic pathways to the treatment response, the calculated

pathway score at all tested time points was correlated with CRP using Spearman’s rank correlation test.

Relative pathway score evaluation

The expression of each gene in the pathway was standardized by the Z score transformation, to enable comparable contribution of

each gene member to the pathway score, followed by mean value calculation across the transformed genes in the pathway for each

sample.

Disruption Networks framework
To understand individual variation in non-response dynamics, we developed an approach termed Disruption Networks in which in-

dividual non-responders are iteratively added to the obtained normal IFX response network, and the disruption in the correlation

structures is assessed for each edge in the reference response network. The disruption is evaluated in the node (gene/cell) or the

module level to determine biological mechanisms that may explain patterns of the non-response.

More specifically, consider a feature matrix Fn3mwhere n is the number of samples for a given condition, in our case, n is the num-

ber of samples of responding patients andm is the number of features, where f(i,j) refers to a fold change measured value at a given

time point relative to baseline, of the j-th feature in the i-th sample. Let matrix Rm3m be the feature pairwise Spearman’s rank
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correlation matrix based on F which represents the global response network, where r(j,k) = cor(j,k) for genes j and k. Insignificant cor-

relation values according to FDR thresholds, as described above, were presented as NAs in the matrix.

The Disruption Networks construction was assessed individually for each non-responder as follows: a new F0
(n+1) 3m matrix was

generated by the addition of the tested non-responder to the responders’ samples. Based on F0, a new pairwise Spearman’s rank

correlation matrix was calculated to obtain R’m3m, in which r’(j,k) is the correlation between j and k genes when including the

non-responder in the responders’ samples.

For correlation coefficients comparison, correlation coefficient values were transformed using Fisher z-transformation by the

following formula:

zðrÞ= 0:5�ln �
1+r
1�r

�
and a standard error of SEzðrÞ = 1ffiffiffiffiffiffiffi

n� 3
p where n is the number of samples. We define a ‘disruption’ term as the

drop in the Fisher z transformed values between two genes as a result of the non-responder addition using the statistical Z score

which is defined as:

disruptionðj; kÞ = z score =
zðr0Þ � ZðrÞ
Pooled:SEz

=
zðr0Þ � ZðrÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
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+
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Only negative values of sign(r*(z(r’)-z(r))), which indicate weakening of the original correlation obtained in responders were

included, while positive values were set to zeros. Drop degree of confidence for non-responders was assessed empirically

for each drop value in each edge, based on the non-responder drop value percentile in the responders’ normal drop distribu-

tion. This was further corrected for multiple testing using the Benjamini-Hochberg procedure. Edges with drop adjusted percen-

tile <0.1 were considered as significantly disrupted. Insignificant drop values were set to zeros. Analysis of disruption param-

eters in the feature level, revealed a considerable expansion of the detected differential signal between response groups,

compared to standard differential analysis by Wilcoxon test. While using the Wilcoxon test we detected only one feature

(0.06%), with significant differential dynamics between response groups at W2, we identified this feature together with 179

additional features (10%) when using disruption parameter of top mean drop intensity (FDR<0.1 by Wilcoxon test, FDR<0.1

for significant dropout and top 0.1 percentile of mean drop intensity, Figure 3B). We observed similar results for the disrupted

edge ratio (0.06% Vs. 14.4% significant features identified by Wilcoxon test (FDR<0.1) and top disrupted edge ratio parameter

(FDR<0.1 for significant dropout and top 0.1th percentile of node disrupted edges respectively, Figure S4A). Testing the agree-

ment of both disruption parameters, we identified 9.4% dynamic differential features including the single feature identified by

Wilcoxon test (Figure S4B).

Disruption was also measured in the pathway level for each individual using three different measurements: (1) Pathway specific

mean drop intensity in which a mean drop intensity was calculated across the relevant edges in the module, for a specific individual.

(2) Pathway specific percentage of disrupted edges which determines the percentage of edges in the pathway that the specific in-

dividual is significantly disrupted in. (3) Pathway specific percentage of disrupted nodes which evaluate the percentage of disrupted

nodes for a specific individual out of all module nodes.

For binary classification of disrupted pathways, we quantify the disruption measure across a range of percentile values in each

parameter. For each parameter, in each percentile, the selected positive disruptedmoduleswere those that were disrupted in at least

50% of the non-responding patients and in less than 20% of the responders, or in cases where the difference between the percent-

age of disrupted non-responders to responders is higher than 50%. The top significantly positive disruptedmodules were defined as

those with a complete agreement of all three parameters in the highest percentile with shared selected pathways across all param-

eters, in our case the 0.8 percentile (see Figure S2D for the cumulative number of significantly disrupted pathways, at a range of

percentile values).

Single cell data analysis
Primary analysis was performed using 10XGenomics software - Cell Ranger V4.0.0. Fastq files were generated by cellrangermkfastq

tool. Alignment, filtering, barcode counting andUMI countingwere donewith cellranger count tool with 10XGenomics 2020AHuman,

mm10, reference (https://support.10xgenomics.com/single-cell-gene-expression/software/release-notes/build) and expect-cells =

10000. The resulting sequencing statistics are summarized in Table S12. The UMI count matrix was further processed using the

Seurat R package (version 3.1.4). First, as aQC step, cells that had a unique feature count of less than 200were filtered out. Additional

filtering was applied to remove features detected in less than 3 cells. We further filtered cells based on mitochondrial gene content

above 0.25. After this step, 19275 single cells and 20673 genes in total were retained and included in downstream analyses. This was

followed by global-scaling library size normalization. Genes were scaled in comparison to all other cells and regressed out the effects

of unwanted sources of variation including UMI counts and percentage of mitochondrial genes for the remaining cells. At the next

step, we performed linear dimensionality reduction on the scaled data of the top 2000 highly variable genes. Resampling test based

on the jackstraw procedure and Elbow plot were performed to identify the first 30 significance principal components that were used

for downstream visualization by t-SNE plot (Figure 4C).

SingleR was used to annotate cell types based on correlation profiles with two different resolutions of cell classification using the

Blueprint-Encode50 and the Monaco Immune Cell51 reference datasets of pure cell types. Differential expression analysis between
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responders and non-responders was performed for each cell population using a Wilcoxon Rank-Sum test implemented in the

FindAllMarkers function in the Seurat package.

Single cell based relative pathway score of the expanded fiber-organization baseline differential genes was calculated for each

cell-type and compared between cell subsets and response groups using Wilcoxon test (for the expeaded fiber organization differ-

ential genes assessment see below description for selection and evaluation of predictive model for IFX treatment response; see the

above description for relative pathway score calculation).

To identify cell-specific enriched pathways that are associated with the predictive fiber-organization related signature, we

constructed a co-expression network based on the pre-treatment expression of the predictive genes: RAC1, PAK1, ICAM1,

LYN, FCGR3A and IL-1b in intermediate monocyte subset in each response group using the MTGOsc R package (Spearman’s

correlation, thinning net by 0.05 top percentile). Functional enrichment analysis was performed based on the co-expressed

network nodes, by a hypergeometric test based on the Reactome database using the Clusterprofiler R package (P-adjust<0.05).

Wilcoxon test was assessed to identify significant differences in pathway scores between response groups for each enriched

pathway in each monocyte subset. P-values were further adjusted for multiple testing using the Benjamini-Hochberg

procedure.52

Predictive model for IFX treatment response
To construct a cell-specific pre-treatment classifier, we investigated the significant link between monocytes and the differential fiber

organization pathway. To achieve this, we expanded the list of fiber organization-adjusted-based differential genes through the inter-

section of knowledge-based and data-driven networks. For the knowledge-based network, we utilized the STRING protein interac-

tion database (http://string-db.org/), considering only interactions with a combined score greater than 900 (version 11.0). Addition-

ally, for the data-driven network, we examined single-cell monocyte co-expression data obtained from representative responder and

non-responder patients at baseline using Spearman’s correlation coefficients. To ensure robustness, we set a thinning percentile of

0.05 using the MTGOsc R package.

This yielded a combined network of 42 edges containing 23 nodes. To build a predictive signature, we used elastic net regularized

logistic regression for predictors selection, which has the advantage of including all correlated predictors sharing transcriptional

signal (grouping effect), rather than selecting one variable from a group of correlated predictors while ignoring the others.53 This sup-

ports better mechanistic understanding beyond biomarker identification. We used the glmnet R package implemented within the

caret R package for model fitting by tuning over both alpha (ranging from 0.5–1, n = 6) and lambda (ranging from 0.0001–1,

n = 20) parameters with 100 repeated 2-fold cross-validation. The optimizedmodel was chosen based on the best performance value

using the Receiver operating characteristic (ROC) metric (alpha = 0.5, lambda = 0.26).

After variable selection, we calculated AUC based on relative pathway score combining the selected genes using the pROC

R package.

Internal validation was performed by bootstrapping (n = 1000 bootstrap samples) for the AUC by randomly drawing subjects with

the same sample size from the original cohort (with replacement).

Internal bootstrapping was chosen due to the relatively small sample size of the tested cohort, making it impractical to split the

cohort into training and test groups effectively. A permutation test was used for estimating one-tailed P-value (n = 10000 permuta-

tions) by shuffling the subject labels between the response groups and the expression of the selected signature genes. Then we

tested the null hypothesis that the observed AUC was drawn from this null distribution. Furthermore, to validate the results indepen-

dently, we independently examined an additional IBD cohort and three independent publicly available RA cohorts (see below).

External validation of the predictive signature using additional independent real-life IBD cohort
For independent validation of the predictive signature, we used an independent IBD cohort of 29 patients (see patient in the validation

real life cohort). RNAwas then extracted using RNeasymini kit (QIAGEN) according to themanufacturer’s instruction (for preservation

and thawing of PBMCs see Peripheral blood mononuclear cells (PBMCs) cryopreservation). Complementary DNA was synthesized

usingMaxima first strand cDNA synthesis kit with RNase free DNase (QIAGEN). qPCRwas performed using KAPASYBR FAST qPCR

Kit (Kapa Biosystems) on 7300 Real-Time PCR System (AB Applied Biosystems). Relative cytokine expression was calculated

following normalization to glyceraldehyde-3 phosphate dehydrogenase (GAPDH) expression (Table S10 for the PCR primer sets).

Primers were purchased from Sigma Aldrich. The expression of the genes in the predictive signature was calculated relative to

CD14 expression, to measure monocytes’ centered differential expression between response groups pre-treatment. Relative

pathway score was used to assess prediction performance (see relative pathway score evaluation).

Assessment of the predictive signature performance in RA
The prediction performance of the RAC1-PAK1 signature in RA public expression datasets was evaluated using the following

datasets:

GSE20690, GPL4133: Agilent-014850 Whole Human Genome Microarray 4 3 44K G4112F, n = 68 of which 43 and 25 are re-

sponders and non-responders respectively;

GSE33377, GPL5175: Affymetrix Human Exon 1.0 ST Array, n = 42 of which 18 and 24 are responders and non-responders

respectively;
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GSE42296, GPL6244: Affymetrix Human Gene 1.0 ST Array, n = 19 of which 13 and 6 are responders and non-responders

respectively;

The datasets were processed in a similar manner. The processed data was downloaded to R using the getGEO function in the

GEOquery package. The data was tested for log2 transformation and quantile normalization. Data imputation was performed as fol-

lows: Features that have missing data in more than 20% were excluded. The rest of the missing values were imputed using the

average value of the feature across samples. This was followed by adjustment of gene expression to major cell type contributions

using the CellMix package, based on linear regression framework using cell marker gene sets based on Abbas et al.54 This was fol-

lowed by performance prediction calculation for each study based on the relative signature score using the adjusted gene expres-

sion. Due to differences in expression platforms between studies, there were genes in the signature which were not present in a spe-

cific dataset, therefore those genes were not used in the calculation of the relative signature score for the prediction of the specific

study. To combine prediction performance from these independent studies we constructed a summary ROC curve (meta-ROC) using

the nsROC R package which performs a simple linear interpolation between pairs of points of each individual ROC.
e12 Cell Reports Medicine 5, 101300, January 16, 2024



Cell Reports Medicine, Volume 5
Supplemental information
A personalized network framework reveals

predictive axis of anti-TNF

response across diseases

Shiran Gerassy-Vainberg, Elina Starosvetsky, Renaud Gaujoux, Alexandra Blatt, Naama
Maimon, Yuri Gorelik, Sigal Pressman, Ayelet Alpert, Haggai Bar-Yoseph, Tania
Dubovik, Benny Perets, Adir Katz, Neta Milman, Meital Segev, Yehuda
Chowers, and Shai S. Shen-Orr



Cell Reports Medicine, Volume 4

Supplemental information

A personalized network framework reveals

predictive axis of anti-TNF

response across diseases

Shiran Gerassy-Vainberg, Elina Starosvetsky, Renaud Gaujoux, Alexandra Blatt, Naama
Maimon, Yuri Gorelik, Sigal Pressman, Ayelet Alpert, Haggai Bar-Yoseph, Tania
Dubovik, Benny Perets, Adir Katz, Neta Milman, Meital Segev, Yehuda
Chowers, and Shai S. Shen-Orr



0.0043
0.19

0.15
0.74

Granulocytes

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14
0.3

0.5

0.7

0.9

C
el

l f
re

qu
en

cy

group
NR
R

0.0015
0.048

0.64
0.016

Monocytes

0.1

0.2

0.3

0.4

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.76
0.72

0.55
0.31

CD4+ T cells

0.2

0.3

0.4

0.5

0.6

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.2

0.3

0.4

0.5

0.6

0.68
0.72

0.31
0.11

CD8+ T cells

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.018
0.15

0.64
0.11

Naive CD4 Tcell

0.1

0.2

0.3

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.00

0.01

0.02

0.03

0.04

0.05

0.06
0.026

0.84
0.2

CD4+central memory Tcells

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.095
0.073

0.64
0.055Naive CD8 Tcell

0.00

0.05

0.10

0.15

0.20

0.25

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.035
0.083

0.078
0.016

CD4+ effector memory T cells

0.1

0.2

0.3

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.064
0.03

0.46
0.84

CD8+ effector memory T cells

0.05

0.10

0.15

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.01

0.02

0.03

0.04

0.05

0.083
0.28

0.64
0.95

CD8+ effector T cells

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.0043
0.01

0.38
0.64

Tregs

0.05

0.10

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.17
0.022

0.25
0.84gdT cells (CD4)

0.00

0.05

0.10

0.15

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.52
0.064

0.46
0.46

gdT cells (CD8)

0.00

0.05

0.10

0.15

0.20

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.041
0.76

0.74
0.84

B cells

0.05

0.10

0.15

0.20

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.98
0.93

0.31
0.039

NK cells

0.00

0.05

0.10

0.15

0.20

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.23
0.76

0.15
0.11

Plasmacytoid dendritic cells

0.00

0.01

0.02

0.03

0.04

0.05

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.52
0.52

0.2
0.039

ry monocytes

0.00

0.03

0.05

0.08

0.10

R.D0 R.W2 R.W14 NR.D0 NR.W2 NR.W14

0.0

0.2

0.4

T
bu

nd
an

ce
bu

nd
an

ce
C

D
4+

ce
nt

ra
l m

em
or

bu
nd

an
ce

G
ra

n
bu

nd
an

ce
N

a?
v

bu
nd

an
ce

Pl
as

m
ac

yt
oi

d 
de

nd
r

bu
nd

an
ce

bu
nd

an
ce

C
D

4+
 e

ffe
ct

or
 m

em
or

bu
nd

an
ce

bu
nd

an
ce

r
bu

nd
an

ce
N

a?
v

bu
nd

an
ce

bu
nd

an
ce

bu
nd

an
ce

bu
nd

an
ce

C
D

8+
 e

ffe
ct

or
 m

em
or

bu
nd

an
ce

bu
nd

an
ce

C
D

8+
 e

ff
bu

nd
an

ce

PC
2

ba

*
*

*

CD8+ effector memory T cells
B cells

Naive CD8+ Tcell
CD8+ effector T cells

CD8+ T cells
Naive CD4+ Tcell

gdT cells CD4
gdT cells CD8

Anti inflammatory monocytes
CD4+ T cells

CD4+ central memory Tcells
NK cells

Plasmacytoid dendritic cells
CD4+ effector memory T cells

Granulocyte
Tregs

Monocytes

0.0 0.2 0.4
correlation of cell proportion and

 CRP fold changes

0.0
0.2

Spearman’s r

c

Figure S1

Figure S1. CyTOF reveals multiple cell subset changes in responders following treatment and differences
between response groups. Related to Figure 2. a, Cell-type specific alteration in cellular relative abundance 
during IFX treatment in responders and non-responders (paired-Wilcoxon P-values shown). b, Loading plot of
PC2 based on major canonical cell composition changes at W2 and W14 compared to baseline. c, Correlation of 
cell abundance changes at W2 and W14 relative to baseline, with changes in CRP (Spearman’s correlation 
coefficients are shown, P-values are calculated by two tailed probability of the t-statistic, P<0.05 for significant
p-values). 
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Figure S2. Cumulative FDR plots. Related to Figures 2-4. a, The cumulative number of discovered dynamic 
features, at a range of target FDR values by datatype for each response group. Top and bottom panels represent 
significant changes at W2 and W14 relative to baseline respectively. FDR was calculated using the Benjamini-
Hochberg procedure. Responders were subsampled (n=200) to match the non-responder group size. For 
responders, mean± SEM values are shown. b, The cumulative number of significant feature-pair correlations, at 
a range of FDR values in responders. The correlations were computed using pairwise Spearman's rank correlation, 
analyzing the D0 -W2 and the D0 -W14 fold-change expression values of the significantly altered features. c, The 
cumulative number of significant enriched pathways, at a range of padj values in responders. The gene set 
enrichment analysis was performed using fGSEA (nperm=1000, minSize=10, maxSize=400). d, The cumulative 
number of significantly disrupted pathways, at a range of percentile values of the different disruption measures. 
Significantly disrupted pathways are presented as a function of a percentile cutoff in the different disruption 
parameters. Purple line indicates the number of disrupted pathways with agreement across the three disruption 
parameters. e, Cumulative plot of the number of differentially expressed genes at baseline per FDR threshold. The
genes of the disrupted dynamic pathways were included in the analysis. 
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Figure S3. Functional pathways associated with IFX response. Related to Figure 2. a, Scatterplot of p-values 
obtained by a comparison of pathway scores between W2 and baseline against those obtained by comparing W14 
to baseline (-log10 of paired-Wilcoxon P-values shown). Only globally enriched and network connected pathways 
were included.  b, Pathway score related dynamics between W2 and W14 relative to baseline. Top 70 pathways 
are shown. Pathways are ordered by fold change effect size. P-values for pathway score differences between time 
points were calculated by paired-Wilcoxon test. Significance was determined by FDR<0.05 (Benjamini-Hochberg 
procedure). c, Heatmap representing a cell-specific contribution for the change in the dynamic pathways. The 
contribution was determined for each gene in the pathway by regressing its unadjusted fold change expression 
over the major peripheral cell type frequencies. The reported values represent the mean of the coefficients across 
all genes in the pathway.  d, Correlation of pathway score expression with CRP. All time point and response 
groups are included. (Spearman’s correlation coefficients are shown, P-values are calculated by two tailed 
probability of the t-statistic, Pathway which significantly correlated with CRP (FDR<0.05, Benjamini-Hochberg 
procedure) are colored). 
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Figure S4. Additional disruption parameters and comparison of the differential signal between response
groups dynamics as obtained by the ‘Disruption Networks’ framework and standard statistics. Related to 
Figure 3. a, Representative highly disrupted edge demonstrating significant dropout values for non-responders. 
b, Feature-specific differential signal between responders and non-responders’ dynamics at W2 relative to 
baseline, based on the disruption parameters and standard statistics. Left panel, top disrupted edge ratio (x axis, 
FDR<0.1 for dropout significance and 10th top percentile of disrupted edge ratio) and standard statistics by 
Wilcoxon test (y axis, FDR<0.1); Right panel, Scatterplot showing feature specific disruption parameters of mean 
drop intensity against disrupted edge ratio. Points are colored by quartile thresholds (FDR<0.1 for dropout 
significance and 10th top percentile of the specific disruption parameter). The feature which agreed with the 
disruption parameters and standard Wilcoxon test is marked with black border. c, Aggregation of ‘Disruption
Networks’ statistic across pathways to estimate sample specific disruption in the functional level, according to 
percentage of disrupted edges and (left) percentage of disrupted nodes (right). Heatmaps represent the disrupted 
dynamics in each parameter for each pathway and sample at W2 compared to baseline. Top significantly disrupted 
pathways are presented, defined as those with a complete agreement of all three parameters in the 0.8 percentile. 
Line graphs describe the percentage of disrupted patients in each response group. 
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Figure S5. Baseline differences of the significantly dynamics disrupted pathways. Related to Figures 4-5. a,
Heatmap representing the feature-level baseline differences among genes in the dynamics meta-disrupted pathway 
(FDR<0.1, Wilcoxon test).  b, Correlation between the canonical cellular frequencies as obtained by CyTOF, and 
the bulk unadjusted expression of the fiber organization related genes in responders (Spearman’s correlation 
coefficients are shown, P-values are calculated by two tailed probability of the t-statistic). Only significant
correlation values are shown (P<0.05 and |r| 0.5). c, Baseline prediction of IFX response in the primary IFX 
cohort based on the expanded fiber organization predictive signature score, in the cell adjusted space. Left panel, 
receiver operating characteristic (ROC) plots of 200-bootsraps. The predictive signature was determined using 
elastic net (a=0.5, lambda=0.26, 100 repeated 2-fold CV) based on the adjusted baseline differential fiber 
organization related genes. Significance was determined by permutation test (n perm=10000). Right panel, 
boxplots of the fiber organization predictive signature score pre-treatment, in the different response groups in the 
cell-centered bulk expression. d, Meta-ROC presenting the predictive performance of three independent public 
RA cohorts after subsampling to balance the response groups, by sampling n=10 from each response group, 100 
times, for each of the RA cohorts. 
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Figure S6

Figure S6. scRNA-seq based comparison of the baseline fiber organization related expression between the 
main cell-types and response groups. Related to Figures 4. The fiber organization scaled score based on its 
baseline differential genes was compared between PBMCs major cell types  and between response groups  

(Wilcoxon P-values shown).  
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Figure S7. Intermediate monocytes functional pathways associated with the predictive fiber organization 
signature. Related to Figures 4-5. Heatmap representing the top 20 intermediate-monocytes specific enriched 
pathways associated with the predictive fiber-organization related signature is shown. Pathways were determined 
by co-expression network based on the pre-treatment expression of the signature predictive genes in intermediate 
monocyte based on the scRNA-seq data in each response group followed by enrichment analysis (Spearman's
correlation, thinning net by 0.1 top percentile, P-adjust<0.05 for functional enrichment significance by 
hypergeometric test). Pathways displaying significant differences between response groups in each cell subset are 
colored (FDR<0.05 by Wilcoxon test). 
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Figure S8

Figure S8. Comparison of the fiber organization predictive signature to previously reported anti-TNF 
biomarker TREM1. Related to Figure 5. a, Scatterplots presenting the correlation between the identified fiber
organization predictive score and the expression levels of TREM1, in the primary CD cohort from blood, at 
baseline. Bulk (GX) and cell centered (AGX) expression are presented at the right and left panels correspondingly. 
Spearman’s correlation coefficients are shown; P-values are calculated by a two-tailed test. b, Bulk expression of
TREM1 in blood across visits during infliximab treatment in responding and non-responding patients (Wilcoxon
one-tailed P-values shown). c, Boxplots comparing bulk TREM1 expression between responding and non-
responding patients in three independent public RA cohorts (Wilcoxon one-tailed P-values shown). 
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Figure S9

Figure S9. Comparison of Disruption Networks predictive performance to existing methods. Related to 
Figure 3. a, Comparison to limma based differential expression. Volcano plot of differentially expressed genes 
between responders and non-responders at baseline.  Differences are computed post adjustment to cell frequency 
using the limma R package. Vertical line indicates 0.05 FDR threshold. b, Elastic-net ROC results in different 
parameters of alpha and lambda. Elastic net was computed with 100` repeats of 2-fold cross validation. c, 
comparison to WGCNA.. left panel, , responders’ fold change co-expression network and module identification 
using WGCNA. Number of observed modules and differential modules between responders and non-responders 
are shown. Right panel, the corresponding scale free topology model fit per soft threshold. d, Left panel, number 
of modules and differential modules in WGCNA based co-expression network using both responders and non-
responders samples. Right panel, as in c. e, Baseline differential modules between the response groups, and the 
differential expression in the gene level. f, Meta-ROC presenting the predictive performance of three independent 
public RA cohorts based on the WGCNA signature. 
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