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Abstract1

Inflammatory bowel disease (IBD) exhibits highly heterogeneous responses to anti-TNF ther-2

apy. Previous biomarker discovery relied on single-omic and static timepoint hypothesis test-3

ing, yielding limited clinical efficacy and highlighting the need to evaluate dynamic trajecto-4

ries. While multi-omics offer holistic insights, traditional single-omic paradigms still persist,5

whereas the challenges of their high dimensionality are overlooked. To address these collec-6

tive limitations, we profiled six omic layers from tissue, fecal and serum samples of 33 IBD7

patients before and after anti-TNF treatment. We developed an analytical framework that op-8

erates in a biologically interpretable reduced feature space to extract coordinated multi-omic9

response trajectories. To isolate true therapeutic response from pathological fluctuations, tra-10

jectories were anchored to 20 non-IBD individuals. Finally, baseline comparisons against an11

independent cohort of 38 IBD patients that failed to respond to anti-TNF and received alter-12

native treatments, highlighted the potential of the captured multi-omic profiles to serve as a13

framework for personalized therapy selection.14
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Introduction15

Inflammatory bowel disease (IBD) is a chronic inflammatory condition of the gastrointesti-16

nal tract, primarily encompassing ulcerative colitis (UC) and Crohn’s disease (CD). Despite17

the transformative impact of anti-TNF therapies on disease control and quality of life, clinical18

outcomes remain heterogeneous. Approximately one-third of patients fail to respond initially19

(primary non-response), while a substantial proportion lose response over time (secondary loss20

of response). This variability is an outcome of an intricate interactions between biological back-21

ground, demographic characteristics and life style that highlights the persistent unmet need to22

guide therapy selection.23

Early efforts to decipher anti-TNF treatment response predominantly relied on single-omics24

modalities. In this setting, response inference was typically based on univariate hypothesis test-25

ing frameworks, where individual molecular features were tested independently for differential26

abundance between responders and non-responders IBD patients. While this approach has27

been instrumental in identifying candidate biomarkers, it inherently assumes feature indepen-28

dence and often fails to capture coordinated biological processes, limiting its predictive and29

mechanistic utility [1]. Moreover, significance thresholds implemented in hypothesis testing30

frameworks impose over-reliance on binary decision-making from a continuous measurement31

[2]. This practice can exaggerate the importance of threshold-crossing findings while under-32

emphasizing cohort-dependent variability, thereby limiting reproducibility and interpretability33

across IBD studies.34

Furthermore, relying solely on baseline levels to identify features that differentiate future35

responders from non-responders is a common practice [3, 4, 5, 6]. However, this approach36

may capture natural fluctuations in baseline molecular levels, without establishing whether the37

selected features interact with the treatment. Consequently, features that appear significantly38

associated with treatment response in one cohort may fail to replicate, or even reverse direc-39

tionality in another [5, 6]. This instability is further exacerbated by small sample sizes and40

heterogeneity in disease severity, treatment history, and environmental exposures. These chal-41

lenges have led to the realization that baseline biomarkers are often insufficient, highlighting a42

critical need to focus on dynamic response trajectories rather than single timepoints [7].43

Advancements in high-throughput technologies have enabled the generation of deeply char-44

acterized multi-omic datasets, offering a holistic view of the molecular landscape regulating45

treatment response in IBD [8]. However, traditional workflows frequently analyze these multi-46

omic layers in isolation [9, 10], thereby limiting our capacity to fully capture the complex47

cross-talk dynamics that occur between them. Moreover, the high-dimensional feature space48

inherent to multi-omics data, combined with limited sample sizes can produce unstable esti-49

mates even when regularized approaches are implemented [11]. Consequently, there is a need50

to develop methodological strategies capable of working with compressed signals derived from51

high-dimensional feature spaces, capturing coordinated multi-omic dynamics rather than iso-52

lated signals.53

In the current study, we generated a comprehensive multimodal dataset spanning six omic54

layers from a cohort of 33 IBD patients, sampled longitudinally at baseline and 14-weeks af-55

ter anti-TNF treatment. Our analytical framework was specifically designed to overcome the56

computational and statistical hurdles of multi-omics data and address the previous described57

methodological limitations. Thus, we implemented dimensionality reduction to handle the58

high-dimensional feature space, and extracted latent biological variation associated with co-59

ordinated multi-omic response trajectories. To prevent these trajectories from merely cap-60

turing natural fluctuations within the disease state, we anchored therapeutic response to an61
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inflammation-resolved state by cross-sectionally profiling an additional reference group of 2062

non-IBD individuals. Moreover, feature selection was driven by effect-size evaluation and63

Bayesian modeling was implemented to derive credible estimates and robustly quantify statis-64

tical uncertainty.65

Through this approach, we demonstrate how leveraging compressed multi-omic signals66

alongside reference-informed trajectories can uncover molecular profiles that capture treatment-67

response dynamics. Finally, cross-cohort pre-treatment comparisons with IBD patients that68

failed anti-TNF therapy and received alternative treatments, revealed relationships that under-69

score the potential of these profiles to serve as a framework for individualized therapy selection.70
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Methods71

M.1 Ethics and study cohort72

The cohort involved naive to biologics IBD patients from an observational, prospective,73

multicenter and non-commercial study involving the use of anti-TNF therapy based on clinical74

indication (BioIBD cohort). The selection of a specific therapeutic anti-TNF agent was at the75

discretion of the treating physician. No randomized treatment assignment was performed, and76

all drugs were used according to their approved indications and prescribing conditions for IBD.77

The disease activity was determined by simple endoscopic score (SES-CD) for Crohn’s78

disease and the Mayo endoscopic subscore (MES) in ulcerative colitis, and evaluated before79

initiation of the treatment (baseline) and at week-14. Endoscopic response in CD was defined80

as a > 50% decrease in SES-CD 14-weeks after initiating the treatment. In UC patients, endo-81

scopic response was defined as a ≥1 point decrease in MES 14-weeks after initiating treatment.82

At baseline, serum, fecal and intestinal tissue samples were obtained from all included patients.83

We additionally incorporated cross-sectional samples from non-IBD participants, whose84

intestinal tissue samples were obtained from colonscopy performed due to reasons of colorec-85

tal cancer screening, changes in bowel habits, or rectal bleeding. The ileocolonic mucosa of86

these participants was macroscopically and histologically normal, as confirmed both from a87

colonoscopic and histopathological evaluation.88

The study protocol was registered in both European and United States clinical trial registries89

(EudraCT number 2018-002925-47 and ClinicalTrials.gov identifier NCT03885713). Prior to90

sample collection, written informed consent was obtained from all participants. The protocol91

was reviewed and approved by local institutional review boards. The study was conducted92

in accordance with the clinical and ethical principles of the Declaration of Helsinki. All ex-93

perimental procedures were approved by the Ethics Research Committee of the coordinating94

hospital (Hospital Universitario de La Princesa, Madrid, Spain). All data were coded to protect95

participant confidentiality.96

M.2 Integrated multi-omics and inflammatory metrics97

To monitor systemic inflammation, we measured the levels of C-reactive protein (CRP) and98

quantified with NMR the glycoprotein acetylation A and B (GlycA, GlycB) and the supramolec-99

ular phospholipid composite (SPC) from serum samples.100

Regarding multi-omics, we profiled six omics using intestinal tissue, fecal, and serum sam-101

ples. Tissue-level analyses included proteomics alongside coding (mRNA) and non-coding102

(microRNA) transcriptomics, fecal samples underwent 16S amplicon sequencing (metataxo-103

nomics) and serum analysis comprised NMR-based lipoproteomics and metabolomics.104

While non-IBD patients were sampled at a single timepoint, IBD patients were profiled105

longitudinally at two timepoints: baseline (pre-treatment) and week-14 (post-treatment).106

M.3 Multi-omics sample preparation, data curation and confounders adjustment107

Sample preparation for each omic is provided in the supplementary methods (SM1). Here108

we report the data curation and confounders adjustment each omic underwent individually prior109

to multi-omic integration and modeling.110
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M.3.1 Transcriptomics data curation111

After removing genes and microRNAs with fewer than 10 counts in more than 90% of112

the samples, we corrected for differences in sequencing depth and stabilized count variance113

using the variance-stabilizing transformation (VST) in pyDESeq2 [12]. The resulting VST-114

normalized counts were then utilized for all downstream analyses.115

M.3.2 Proteomics data curation116

Data curation was performed using the Perseus platform [13] where initially we corrected117

batch effects using the available ComBat plugin. Intensities were then log
2
-transformed, fil-118

tered to remove proteins with excessive missing values, and missing data were imputed from a119

normal distribution. Final intensities were normalized using quantile normalization.120

M.3.3 Metataxonomics data curation121

After filtering low quality sequences, we inferred and quantified 16S amplicon sequence122

variants (ASVs) using DADA2[14] within the QIIME 2 framework[15], adapting the parame-123

ters specifically for Ion Torrent data. Taxonomic assignment was performed using a VSEARCH[16]124

consensus classifier against the Silva reference database (v138.1)[17], clustered at 99% identity125

and ASV counts were aggregated at genus level. To account for the compositional nature of126

the data and stabilize variance, raw ASV counts were transformed using a centered log-ratio127

(CLR) transformation via the SCIPY [18] Python package prior to downstream analysis.128

M.3.4 Lipoproteomics, metabolomics and inflammation biomarkers data curation129

Metabolic features were quantified employing specialized Bruker software suites. Specifi-130

cally, 41 metabolites were derived using B.I.Quant-PS 2.1.0, 112 lipoprotein subfractions were131

extracted via B.I.LISA 1.1.0 PL-5009-01/002, and 5 distinct inflammatory parameters were132

evaluated using PhenoRisk PACS RuO 1.1.0. Alongside quantification, automated Bruker133

BioBank QC reports were generated for each sample to assess analytical and preparative per-134

formance. Expert personnel meticulously reviewed these reports, monitoring critical spectral135

indicators such as linewidth and residual water signals, ensuring that only samples passing all136

rigorous quality thresholds were included in the final dataset.137

M.3.5 Confounder adjustment across curated omic features138

For each patient, metadata regarding intestinal tissue location and demographic charac-139

teristics, such as gender, age, body mass index (BMI) and smoking, were recorded. To ac-140

count for the confounding effects of these physiological covariates on the curated levels of the141

omic profiles, we utilized linear mixed-effects models implemented via the Python package142

STATSMODELS [19]. For each individual omic feature, a model was fitted using the lon-143

gitudinal samples from IBD patients and cross-sectional samples from non-IBD controls as144

reference, with patient identity specified as a random effect. To ensure that the disease-specific145

signal was not absorbed by the confounders due to correlation, disease status was included in146

the model as a fixed effect. This variable was stratified into five distinct states: non-IBD (ref-147

erence group), responder at baseline or week-14, and non-responder at baseline or week-14.148

For omic features where the patient random-effect variance was estimated as zero (singular fit),149

confounding effects were instead removed using ordinary least-squares (OLS) regression.150
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M.4 Dimensionality reduction of omic profiles and creation of modules151

M.4.1 Dimensionality reduction of proteomics152

To reduce the dimensionality of the proteomics data, we utilized the 50 distinct biolog-153

ical pathways defined by the Molecular Signatures Database (MSigDB) [20] Hallmark gene154

sets. For each pathway, a protein expression matrix was constructed containing the curated,155

confounders-adjusted levels of its constituent proteins (columns) across all longitudinal IBD156

samples and cross-sectional non-IBD controls (rows). Each matrix was then scaled to unit157

variance and principal component analysis (PCA) was subsequently performed to extract the158

first principal component (PC1) that included the corresponding patients scores (eigenscores).159

Each score represents a linear combination of the proteins abundances of a given pathway for160

a patient at a given timepoint. Finally, we compiled these 50 PC1 vectors into a new summary161

matrix. We refer to the columns of this matrix as modules in the manuscript.162

M.4.2 Dimensionality reduction of transcriptomics163

While the dimensionality reduction approach for mRNA transcriptomics mirrored that of164

the proteomics pipeline, miRNA transcriptomics utilized a target-centric mapping strategy. To165

map miRNAs to functional Hallmark pathways, we utilized the MSigDB C3 target gene module166

to identify the downstream gene targets for each miRNA. We then cross-referenced these targets167

with the 50 Hallmark gene sets and performed an over-representation analysis using the hyper-168

geometric test in SCIPY. To ensure robustness, following FDR-correction, we only retained169

pathways that were significantly enriched (padj ≤ 0.05) and contained more than one mapping170

miRNA. Finally, for each selected pathway, a matrix of the constituent miRNA curated levels171

was subjected to PCA after scaling to unit variance, and the PC1 scores (eigenscores) were172

extracted to construct a new pathway-level activity summary matrix. We refer to the columns173

of this matrix as modules in the manuscript.174

M.4.3 Dimensionality reduction of metataxonomics, lipoproteomics and metabolomics175

For these omics, we stratified features into biologically and functionally interpretable fea-176

ture subsets. Specifically, fecal metataxonomic data were grouped at the family level, while177

lipoproteomic and metabolomic features were grouped into subsets reflecting distinct biolog-178

ical axes (supplementary file 1). Each resulting sub-matrix was then scaled to unit variance179

and subjected to PCA. Finally, the PC1 scores (eigenscores) were extracted for each patient to180

construct an omic-specific summary matrix. We refer to the columns of this matrix as modules181

in the manuscript.182

M.5 Multi-omic integration and identification of latent factors that capture biological axes of vari-183

ation184

To integrate the available omics in an unsupervised manner, we employed the Python frame-185

work for multi-omics factor analysis (MOFA) [21]. MOFA is a statistical framework designed186

to decompose the sources of heterogeneity in multi-omics datasets by inferring an interpretable,187

low-dimensional representation of the data via latent factors, usually denoted as Z. It repre-188

sents a generalization of the classical PCA, meaning that the latent factors (Z) capture major189

sources of variation across multiple omics instead of a single omic.190

To proceed with the integration, we joint the available curated and dimensionally reduced191

into modules multi-omic profiles from non-IBD and IBD patients, including omics from both192
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baseline and week-14 timepoints. To ensure a completely unbiased, data-driven discovery of193

the underlying biological variation, indication of disease status, response status and longitu-194

dinal timepoints was intentionally omitted from the model specification. Moreover, the model195

was configured with omic-level scaling to prevent feature-rich omics from dominating the anal-196

ysis, and it was initialized to identify a maximum of 10 latent factors using Gaussian likelihoods197

to model the data distributions. Finally, to ensure robustness and focus subsequent downstream198

analyses on the most informative axes of variation, an automated factor-filtering criterion was199

applied, instructing MOFA to drop any factor with total captured variance R2 < 0.1%.200

M.6 Latent factors polarity alignment and standardization201

To ensure biological interpretability and comparability across the latent factors (Z) identi-202

fied by MOFA, a post-processing normalization step was applied to the factor scores and their203

corresponding weights (W ).204

This step is required due to the sign-flipping invariance inherent in MOFA’s matrix factor-205

ization, which renders the initial orientation of the latent factors arbitrary. Therefore, to es-206

tablish a biologically intuitive directionality, we evaluated the baseline state of each factor Zk.207

Specifically, if the mean factor score of the IBD patients at baseline was lower than the mean208

of the non-IBD individuals, the signs of both the factor scores (Zk) and their corresponding209

feature weights (Wk) were inverted. This directional anchoring provides a uniform orientation210

across all factors, allowing downstream analysis to be intuitively interpreted along an axis of211

disease severity versus non-IBD resolution.212

Furthermore, the raw factor scores exhibit arbitrary scales that depend on the input di-213

mensions and variance of the underlying omics. To contextualize these latent axes within a214

clinically meaningful reference frame, the factor scores were standardized via z-score transfor-215

mation using the empirical mean and standard deviation of the non-IBD individuals.216

M.7 Hierarchical Bayesian modeling of latent factors217

To model the longitudinal trajectories and treatment-response dynamics of the standardized218

latent factors, we implemented a linear mixed-effects framework within a hierarchical Bayesian219

architecture using PyMC [22].220

Each standardized factor score (Zi,k) for patient i and factor k was assumed to follow a221

normal distribution centered around a patient-specific expected mean (µi,k) with observation-222

specific residual variance (σ2

k):223

Zi,k ∼ N (µi,k, σk) (1)

To capture the precise interaction of disease, time, and treatment response, the expected224

mean (µi,k) for each observation was modeled using the following linear predictor:225

µi,k = β0,k+
β1,kIBDi+

β2,k(IBDi × timei)+
β3,k(IBDi × responsei)+

β4,k(IBDi × timei × responsei)+
ui

(2)

In the above linear predictor of µi,k, we parameterized the model to account the asymmetric226

design of the cohort, where the IBD population was sampled longitudinally whereas the non-227
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IBD cross-sectionally. To do so, we explicitly nested the time, response, and interaction terms228

within a binary IBD indicator variable (IBDi = 1 for IBD, 0 for non-IBD). This way the model229

successfully isolates temporal and clinical variance strictly to the patient populations in which230

they were actually observed.231

To account for the dependency structure of repeated measures (baseline and week-14)232

within individual subjects, a patient-specific random intercept (ui) was introduced to the linear233

model. Moreover, given our relatively small sample size (N = 53), standard centered param-234

eterizations of random effects can suffer from poor geometry (the "Neals funnel" problem),235

leading to divergent transitions and inefficient Markov Chain Monte Carlo (MCMC) sampling.236

To circumvent this, we implemented a non-centered parameterization for the random intercepts.237

The patient-specific offsets were modeled deterministically by scaling a standard normal vector238

by a global group standard deviation:239

uraw,i ∼ N (0, 1), for subject i ∈ {1, . . . , 53}

σu,k ∼ Half-Normal(0.5)

ui = uraw,i × σu,k

(3)

Weakly informative, regularizing priors were assigned to all parameters to stabilize poste-240

rior estimation while allowing the experimental data to drive inference. The exact prior struc-241

ture for each factor k was defined as:242

β0,k ∼ N (µ = 0, σ = 0.5)

β1,k, β2,k, β3,k, β4,k ∼ N (µ = 0, σ = 1.0)

σk ∼ Half-Normal(σ = 0.5)

(4)

Moreover, the fixed-effect regression coefficients (β) can be interpreted as follows:243

• β0,k: Represents the intercept that establishes the baseline reference state, capturing the244

mean of the non-IBD individuals. Because the latent factors were previously standard-245

ized using this group, a narrower prior (σ = 0.5) was applied to reflect the empirical246

knowledge that this anchor should closely approximate a non-IBD physiological base-247

line.248

• β1,k: Quantifies the baseline disease effect. This term statistically controls for baseline249

variations between IBD and non-IBD patients, ensuring that the longitudinal effects es-250

timated by the model reflect true clinical trajectories rather than initial differences in251

disease status.252

• β2,k: Measures the primary longitudinal trajectory over time within the overall IBD pop-253

ulation, capturing the background temporal effect independent of treatment success.254

• β3,k: Controls for pre-existing biological variations between future responders and non-255

responders at baseline.256

• β4,k: This term isolates the specific longitudinal trajectory of treatment responders over257

time relative to non-responders, directly testing the primary hypothesis of whether suc-258

cessful therapy drives the latent factor profile back toward the non-IBD reference space259

defined by the intercept (β0,k).260

Finally, posterior distributions were sampled using the No-U-Turn Sampler (NUTS), an261

advanced Hamiltonian Monte Carlo (HMC) algorithm extension implemented in PyMC. Con-262

vergence of the independent MCMC chains was rigorously assessed using the Gelman-Rubin263
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diagnostic, visual inspection of trace plots and effective sample sizes (ESS) to confirm robust264

parameter estimation and the complete elimination of divergent transitions.265

M.8 Reconstruction-based identification and selection of high-trajectory modules266

To isolate the specific biomolecular modules driving distinct clinical trajectories between267

treatment responders and non-responders , we performed a multi-staged module selection work-268

flow on the reconstructed module-based omic profiles. This process prioritized modules ex-269

hibiting a robust, treatment-associated shift over time while screening out baseline noise and270

uninformative biological variations.271

Initially, using the specific latent factors that demonstrated clinically credible longitudinal272

dynamics (Z1,Z3 and Z5) along with their corresponding feature loading weights, we recon-273

structed the modules for all omics that met a variance threshold of cumulative R2 > 10%.274

This step effectively filtered out background biological variations unlinked to the therapeutic275

response.276

Following reconstruction, we performed a robust trajectory quantification. More specifi-277

cally, within each IBD-subtype (UC and CD) and for each module, group medians were calcu-278

lated using a robust leave-one-subject-out (LOSO) resampling framework to prevent individual279

patient outliers from biasing the cohort trends. Using these stable metrics, we calculated two280

parameters that are referred to as module homeostatic displacement (MHD) and standardized281

response-associated trajectory gap (SRG). The MHD metric refers to the net biological dis-282

tance of a module from a given IBD patient to the non-IBD state, and was calculated using283

the Euclidean distance between the corresponding baseline and week-14 vectors. The SRG284

metric represents the z-score standardized absolute difference between the median MHDs of285

responders versus non-responders.286

MHDi,m =
∥

∥v⃗ w14
i,m − v⃗ baseline

i,m

∥

∥

2
, ∀i ∈ {1, . . . , NIBD}, ∀m ∈ {1, . . . , Nomic-modules} (5)

RGm =
∣

∣median(MHD)Rs
m − median(MHD)NRs

m

∣

∣ , ∀m ∈ {1, . . . , Nomic-modules} (6)

SRGm =
RGm − µRG

σRG

, ∀m ∈ {1, . . . , Nomic-modules} (7)

Finally, we discarded modules where the median values of both IBD groups at both time-287

points fell entirely within the interquartile range (IQR) of the non-IBD individuals, as well as288

those where the variance captured by PC1 fell below the random-noise threshold defined by289

the Marchenko-Pastur distribution limit. From the remaining modules, we selected those with290

SRG ≥ 1.291

M.9 Associative Modeling of treatment response via baseline distance to non-IBD state292

To evaluate whether baseline latent factors Z1,Z3 and Z5 divergence from non-IBD state293

is associated with subsequent therapeutic response, we developed a two-stage computational294

framework combining distance-based metrics with Bayesian logistic regression.295

Initially, we constructed a vector z⃗i for each IBD patient i at baseline using the correspond-296

ing values of the latent factors Z1,Z3 and Z5.297
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z⃗ baseline
i =





z1,i
z3,i
z5,i



 (8)

We then performed the same for every j-th non-IBD individual.298

z⃗j =





z1,j
z3,j
z5,j



 (9)

Subsequently, we calculated a disease divergence metric by computing the Euclidean dis-299

tance dij between the baseline latent factor vector z⃗i,baseline of every i-th IBD patient and the300

vector z⃗j of every j-th non-IBD individual.301

dij =
∥

∥z⃗ baseline
i − z⃗j

∥

∥

2
, ∀i ∈ {1, . . . , NIBD}, ∀j ∈ {1, . . . , Nnon-IBD} (10)

To minimize the impact of individual outlier reference profiles and obtain a robust esti-302

mate of a patient’s baseline divergence from the non-IBD state, we calculated the net baseline303

Euclidean distance (Di) for each IBD patient as the median of these pairwise distances:304

Di = median
(

{dij | j = 1, . . . , Nnon-IBD}
)

, ∀i ∈ {1, . . . , NIBD} (11)

To evaluate the association between this baseline multi-omic latent divergence and the even-305

tual clinical outcome at week-14, we constructed a Bayesian logistic regression model with306

PyMC. Due to sample size constraints within IBD subtypes, explicitly partitioning UC and307

CD into a hierarchical structure led to severe MCMC convergence issues and parameter diver-308

gences. Thus, UC and CD cohorts were pooled into a unified IBD group to guarantee stable309

posterior estimation.310

The probability of treatment response (pi) for IBD patient i was modeled as a function311

of their baseline net distance (Di) alongside clinical confounders after applying scaling to the312

continuous covariates (Di, age and BMI).313

logit(pi) = α + β1Di + β2Agei + β3BMIi + β4Sexi + β5Smokingi (12)

Responsei ∼ Bernoulli(pi) (13)

Weakly informative priors were assigned to the intercept (α) and all standardized regression314

coefficients to regularize the parameter space and prevent overfitting:315

α ∼ Normal(µ = 0, σ = 1.5)

β1, β2, β3, β4, β5 ∼ Normal(µ = 0, σ = 1)
(14)

Posterior distributions were sampled using the NUTS sampler and convergence of the in-316

dependent MCMC chains was assessed using the Gelman-Rubin diagnostic, visual inspection317

of trace plots and effective sample sizes (ESS) to confirm robust parameter estimation.318

M.10 Dimensionality reduction and visualization of high dimensional data319

To visualize high-dimensional data, we employed the uniform manifold approximation and320

projection algorithm (UMAP), a non-linear dimensionality reduction approach chosen for its321

ability to preserve both the local and global geometric structure of the data. To ensure strict322
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visual comparability across different datasets, UMAP was performed using an identical pa-323

rameter set for all analyses. The number of nearest neighbors (n_neighbors) was set to 50 to324

prioritize the preservation of global data structure and broader cluster relationships over fine-325

grained and localized noise. The minimum distance (min_dist) between embedded points was326

set to 0.5 to allow for a clearer, more interpretable visualization of distinct cluster densities.327

Additionally, the cosine distance metric was utilized to compute topological spaces based on328

directional feature correlation rather than magnitude. Prior to dimensionality reduction, all329

datasets were scaled to unit variance and projections were then generated using the umap-learn330

[23] Python package.331

M.11 RLR-transformation of selected modules features332

For each omic, we created the union of the features of those modules that displayed SRG333

≥ 1 and were shared between the UC and CD groups. Then, we normalized each feature using334

a reference-group log2-ratio (RLR) transformation, calculating the log2-ratio of the uncon-335

founded levels of each IBD patient relative to the geometric mean of the non-IBD group.336

Gk =
NNIBD

√

√

√

√

NNIBD
∏

j=1

xjk, ∀k ∈ {1, . . . , Nfeatures} (15)

rlr(xik) = log
2

(

xik

Gk

)

, ∀i ∈ {1, . . . , NIBD}, ∀k ∈ {1, . . . , Nfeatures} (16)

M.12 Consolidation of supplementary cohorts with anti-TNF cohort and processing337

We incorporated the same multi-omic datasets from three additional patients groups, two338

UC and one CD, that we had generated before treatment and with documented endoscopic339

response status at week-14. After merging the supplementary cohorts with the anti-TNF cohort,340

we applied the same data curation and confounders adjustment pipeline as described in the341

Methods M.3. Note that confounders impact was adjusted using only OLS regression. Next,342

for each omic, we considered the union of module features that we selected with the anti-TNF343

cohort and applied RLR-transformation to the unconfounded feature levels.344

M.13 Patients classification for dyslipoproteinemias345

We implemented the diagnostic algorithm provided by Sniderman et al. [24] to identify par-346

ticipants with potential underlying dyslipoproteinemias. The algorithm resembles a decision-347

tree that based on the levels of total cholesterol, triglycerides and apolipoprotein B (ApoB) clas-348

sifies the individuals into six major dyslipoproteinemias: chylomicrons, chylomicrons+VLDL,349

chylomicrons+VLDL remnants, VLDL, LDL and VLDL+LDL.350
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Results351

The study cohort comprised 53 participants, categorized into non-IBD individuals (n=20),352

UC (n=19) and CD (n=14) patients. The IBD patients were treated with anti-TNF and clas-353

sified as responders (Rs) and non-responders (NRs) after 14-weeks from the initiation of the354

treatment. Figure 1 shows an overview of the experimental design we followed in this study355

and Figure 2 an overview of the cohort’s characteristics.356

For each participant, the demographic characteristics sex, age, BMI and smoking status357

were available (Figures 2B-2E). To assess cohort homogeneity and evaluate the influence of358

confounding factors, a factor analysis of mixed data (FAMD) was performed using the PRINCE359

[25] Python library (Figure 2F). Examination of the first principal component (PC1) revealed360

partial cohort separation, driven primarily by high loadings from sex and age (Figure 2H).361

While the influence of sex was anticipated due to its binary nature, the separation by age was362

largely driven by a small subset of UC patients under 30 years of age. Additionally, the ab-363

sence of smokers within the UC subgroup contributed to cohort variation along the second364

principal component (PC2). Nevertheless, both components collectively accounted for approx-365

imately 10% of the total observed variance, indicating small impact on the overall structure366

of the cohort. Consequently, while these demographic factors warrant consideration as poten-367

tial confounders, the cohort remains sufficiently homogeneous to investigate the multi-omic368

characteristics.369

NMR-based serum inflammation biomarkers showed a post-treatment convergence of IBD pa-370

tients towards median levels of non-IBD371

To evaluate baseline systemic inflammation, we initially compared CRP levels between372

cohorts. Overall, mean baseline CRP levels were comparable across the IBD groups (µUC =373

2.1, µCD = 1.39), though trends differed by treatment response (supplementary Table ST1).374

Specifically, UC responders had higher baseline CRP levels than non-responders (µRs = 3.25,375

µNRs = 0.52), whereas the opposite pattern was observed in the CD group (µRs = 0.78,376

µNRs = 1.85). In the UC group, the CRP levels correlated weakly with the disease index,377

with responders showing slightly higher mean MES scores than non-responders (µRs = 2.63,378

µNRs = 2.25). Conversely, in the CD group the SES-CD scores did not reflect the pattern379

observed with the CRP, as responders demonstrated higher mean SES-CD scores than non-380

responders (µRs = 9.0, µNRs = 7.5). Regarding the non-IBD group, we had available only381

three CRP observations (µ = 0.09) that did not allow us to draw robust comparisons with the382

IBD patients.383

On the other hand, serum-based inflammatory biomarkers allowed to evaluate the trajectory384

of the systemic inflammation of the IBD patients compared to non-IBD. More specifically, we385

NMR-quantified GlycA, GlycB and SPC to map the dynamic cumulative inflammatory burden386

and monitor changes in mucosal and systemic disease activity over time. GlycA and GlycB387

serve as integrated measures of the hepatic acute-phase glycoprotein response, whereas SPC388

reflects inflammation-driven alterations in lipoprotein metabolism. Following confounders ad-389

justment (see Methods M.3.5), we observed a wide distribution among non-IBD individuals and390

substantial overlap with the IBD groups for SPC at baseline, whereas they displayed smaller391

variability and overlap to IBD groups for baseline levels of GlycA and GlycB (Figure 3). Inter-392

estingly, following treatment intervention (week-14), the median levels of all three biomarkers393

in IBD patients shifted toward the median values of the non-IBD group, with responders show-394

ing smaller variability compared to non-responders.395
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These findings indicate that while baseline systemic metabolic profiles vary widely even in396

the absence of IBD, the acute-phase glycoprotein signals (GlycA and GlycB) serve as tighter397

indicators of baseline disease status but still not very different than non-IBD individuals. Nev-398

ertheless, the post-treatment convergence of the IBD groups toward non-IBD medians suggests399

that the later represent a systemic normalization group that mirrors treatment response.400

The non-IBD multi-omic profile defines a molecular reference state for therapeutic response401

The cohort’s multi-omic dataset included three omics from intestinal tissue (mRNA, miRNA402

and proteomics), one 16S amplicon-based omic from fecal samples (metataxonomics) and two403

NMR-quantified omics from serum samples (lipoproteomics and metabolomics). After data404

curation (see Methods M.3.1-M.3.4), mRNA dataset included 22,529, miRNA 445, proteomics405

3586, metataxonomics 292, lipoproteomics 112 and metabolomics 41 features. Following406

feature-level confounding adjustment (Section M.3.5), we evaluated the longitudinal trajectory407

of the IBD cohort in relation to the non-IBD group using UMAP (see Methods M.10). This408

analysis was applied to each omic data layer individually as well as to the integrated dataset,409

embedding the non-IBD group and both timepoints of the IBD patients.410

Our single-layer analyses revealed a greater separation between non-IBD and IBD patients411

at baseline within the tissue-based omics compared to fecal and serum-based layers (Figure 4).412

This pronounced separation is biologically expected, as tissue-derived data capture a localized413

molecular view directly at the site of pathology, whereas the rest of the omics incorporate distal414

or systemic signals that inherently introduce greater background noise.415

Regarding trajectory, treatment responders demonstrated a clear tendency to cluster closely416

with the non-IBD group at week-14, a trend that was amplified following multi-omic integra-417

tion. Nevertheless, UMAP topology is greatly influenced by data layers with a disproportion-418

ately large number of features, thus tissue omics had great impact on the observed clustering.419

Taken together, these findings complement the previous observations of systemic inflam-420

mation and indicate that the non-IBD group effectively represents a molecular normalization421

state even at molecular level, capturing a multi-omic configuration that therapeutic response422

actively mirrors. Consequently, the next logical step in our analytical approach was to extract423

a targeted multi-omic signal capable of isolating this longitudinal trajectory of responders as424

they transition toward this non-inflamed reference state.425

Multi-omics integration identified three latent factors that capture response trajectory toward426

non-IBD state427

Prior to extracting a trajectory-based multi-omic signal, we addressed the challenge of428

highly disparate feature dimensions across omic layers. To do so, we implemented an inde-429

pendent dimensionality reduction workflow for each omic layer. Specifically, PCA was applied430

to biologically defined feature subsets, hereafter referred to as omic modules, and PC1 was431

extracted to serve as a module score for each participant at baseline and week 14 (see Meth-432

ods M.4). This dimensionality reduction strategy effectively compressed the feature space into433

50 modules for both mRNA and proteomics, 21 for miRNA, 48 for metataxonomics, 15 for434

lipoproteomics, and 17 for metabolomics (supplementary file 1).435

Next, we consolidated the module scores across all available omic layers, pooling data from436

both non-IBD and IBD patients and across both timepoints. We subsequenty applied multi-437

omics factor analysis, without indicating clinical annotations such as disease status, therapeutic438

response, and timepoint (see Methods M.5). This data-driven approach identified nine latent439
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factors, with the first five factors capturing high amount of the observed variance in five omics440

(Figure 5A).441

Since the latent factors were derived in a fully unsupervised manner, we next sought to442

identify which factors specifically captured the underlying dynamics driving the trajectory of443

IBD responders toward the non-IBD reference state. To achieve this, we first contextualized the444

factor scores within the non-IBD frame of reference (see Methods M.6) and subsequently ap-445

plied a separate hierarchical Bayesian model to each factor (see Methods M.7). After verifying446

that all models achieved reliable sampling and stable estimates for all parameters (R̂=1, rank-447

normalized ESS > 400, supplementary Tables ST2-ST10) [26], we observed that factors 1 and448

3 captured the longitudinal convergence of responders toward the non-IBD state in both UC449

and CD patients, while factor 5 specifically captured this normalized trajectory predominantly450

within CD patients (Figures 5C,5E, supplementary Figure SF1).451

Using these three latent factors, we reconstructed the modules of four omics (mRNA,452

miRNA, proteomics and lipoproteomics) where the factors captured a cumulative observed453

variance of R2 > 10% (see Methods M.8). After merging the reconstructed omics and per-454

formed UMAP, we observed a clear trajectory where responders IBD patients shifted toward455

the non-IBD group at week-14 (Figure 5B).456

To evaluate whether the patients baseline latent molecular state constrains or facilitates this457

capacity to normalize after treatment, we implemented a Bayesian logistic regression model458

(see Methods M.9). The objective of this model was to evaluate how this low-dimensional459

embedding of the baseline latent factors captures the structural relationship between initial460

multi-omic positioning and the ultimate probability of achieving a non-IBD state.461

After verifying that the model achieved reliable sampling and stable estimates for all pa-462

rameters (R̂=1, rank-normalized ESS > 400, supplementary Table ST11), we observed a cred-463

ible association between the baseline Euclidean distance of the latent factors embedding and464

the probability of treatment response (Figure 5D). Specifically, the closer the distance to the465

non-IBD group, the higher was the probability of response assigned to an IBD patient.466

Expected response probabilities were higher overall in the UC responders compared to the467

CD group, though in both IBD groups only responders passed the threshold of 85% expected468

probability (Figure 5F). Among the two patients that crossed this threshold, one was a UC469

responder presenting with high MES (3.0) and the highest CRP levels (14.4 mg/L) in the cohort,470

and the other was as CD responder with mild SES-CD (6.0) and low CRP levels (0.1 mg/L).471

Regarding these parameters, we observed very weak correlation between the assigned response472

probabilities and baseline CRP levels or disease index in both IBD groups (supplementary473

Figure SF2). Finally, we observed a high degree of uncertainty in the assigned probabilities474

that can be primarily attributed to the modest sample size of our cohort and on the fact that the475

Euclidean distance was based on a compact three-dimensional embedding.476

Taken together, this exercise showed that a three-dimensional latent space isolates a multi-477

omic signal that highlights the response trajectory toward normalization. Nevertheless, the478

latent space applies a considerable compression to the multi-omic information, limiting the479

ability of a classification model to generate highly precise probability estimates. However,480

it provides a biological view independent of CRP levels and disease index, suggesting the481

latent factors are unlikely to be merely reflecting global inflammation burden. They may in-482

stead represent molecular programs related to disease organization or resolution states, with483

treatment-specific information potentially embedded in the latent structure.484
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Response trajectory is characterized by a synchronized multi-omic axis of inflammatory, metabolic485

and structural adaptation486

To isolate the molecular programs that are associated with the observed trajectory, we fo-487

cused on the omic modules within the reconstructed space. In this space, an omic module value488

approaching zero signifies proximity to the non-IBD reference state. Leveraging this frame-489

work, we calculated and tracked the median module values for responders and non-responders490

both before and after treatment (Figure 6A). To isolate the modules exhibiting the most pro-491

nounced divergence in longitudinal convergence between the two clinical groups, we intro-492

duced the standardized response-associated trajectory gap (SRG) (see Methods M.8). This493

metric quantifies the distance between responders and non-responders in units of standard de-494

viations relative to the non-IBD group, effectively pinpointing the omic modules that are highly495

associated with the therapeutic response. After considering modules with SRG ≥ 1, we isolated496

nine mRNA modules, two miRNA modules, and one lipoproteomics module that were consis-497

tently altered across both UC and CD. For the proteomic layer, responders exhibited difference498

for seven modules in UC and eight for CD, with a subset of four modules shared between the499

two IBD groups (supplementary file 2).500

To facilitate interpretability and remove potential impact of sample size differences be-501

tween the IBD groups, we mapped the selected omic modules back to the original uncon-502

founded data space, and considered those that were shared between the IBD groups. After503

forming the union of the modules features, we created a multi-omic profile of 1,589 features504

(mRNA=1,383, miRNA=67, proteomics=127, lipoproteomics=12, supplementary file 2) and505

applied RLR-transformation to each feature (see Methods M.11). This enabled us to evaluate506

the treatment’s interaction with this multi-omic profile, quantified as log2-fold-change relative507

to the geometric mean of the non-IBD group.508

Overall, all IBD patients displayed fluctuations of less than 1.5-fold change relative to the509

average of the non-IBD group, indicating that in this multi-omic profile the lack of treatment510

response is not governed by massive, isolated molecular shifts, but rather by subtle, coordi-511

nated multi-omic dysregulations (Figure 6B). This is aligned with our previous observations512

where latent gene networks that did not pass differential expression thresholds could influence513

the performance of a response classifier to anti-TNF [27]. Furthermore, while the divergent514

paths between responders and non-responders revealed an overall trend in treatment dynamics,515

these trajectories are not uniform and present overlapping between the clinical groups. This516

indicates that treatment response is driven by highly heterogeneous molecular sub-phenotypes,517

suggesting that patients may arrive at the same clinical outcome through small variations of the518

captured multi-omic profile.519

Among the most prominent modules, T-cell mediated inflammation (allograft rejection)520

demonstrated a more pronounced normalization toward the non-IBD state in responders than521

non-responders, and presented a consistent trend in both mRNA and proteomics layers. This522

is aligned with in vitro observations where an anti-TNF agent inhibited a growth factor in T523

cell populations of intestinal cultures [28]. While we cannot entirely exclude the possibil-524

ity that non-responders simply require an extended timeline to achieve molecular normaliza-525

tion, the fact that IL-2/STAT5 signaling not only failed to resolve but intensified in a subset526

of non-responders strongly suggests the persistence of active T-cell survival and proliferative527

programs.528

Moreover, epithelial-mesenchymal transition (EMT), inflammatory response, and TNF-α529

signaling via NF-κB were among the modules that showed the least normalization in non-530

responders. Persistent TNF-α/NF-κB signaling suggests ongoing inflammatory activity that531

may be sustained by TNF-independent mechanisms or incomplete suppression of inflamma-532
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tory signaling by anti-TNF. Likewise, persistent EMT activation may reflect continued tissue533

remodeling, stromal activation, and extracellular matrix remodeling [29]. This pattern is com-534

patible with progressive fibrotic changes and impaired epithelial repair, potentially involving535

mediators such as TGF-β and matrix-remodeling enzymes [30], which may become less de-536

pendent on acute TNF signaling and therefore less responsive to anti-TNF therapy.537

Further supporting these observations, microRNAs targeting the protein secretion mod-538

ule exhibited an attenuated normalization trajectory specifically in non-responders. A notable539

example is miR-192-5p, which maintained persistently suppressed expression levels in non-540

responders following anti-TNF administration (supplementary Figure SF3). This specific mi-541

croRNA has been implicated in regulating autophagy and preserving intestinal epithelial barrier542

function, and its reduced levels have been correlated with compromised gut integrity during543

active inflammation [31]. Additionally, similar patterns were also observed for miR-145-5p544

whose suppressed levels have also been associated with increased inflammation [32].545

Finally, the VLDL lipid export signal module identified a distinct subgroup of non-responders546

who exhibited an increase in mean lipid levels following anti-TNF treatment. A closer inspec-547

tion in the features that were included in this module showed that this change was associated548

mainly with a shift in the internal lipid composition of the largest VLDL subfractions, specifi-549

cally marked by an increase in V1TG (VLDL-1 triglycerides) in both IBD groups (supplemen-550

tary Figure SF4).551

Taken together, the above observations demonstrated that the latent response trajectory is552

governed by a multi-omic axis, characterized not only by classic inflammatory cascades, but553

also by highly synchronized systemic lipid transport mechanisms and microRNA-mediated cel-554

lular pathways. Although we could identify characteristic trajectories for certain non-responders,555

overall we observed intricate relationships between the omic features, highlighting the hetero-556

geneous nature of non-response.557

Baseline multi-omic profile provides insights into patient heterogeneity and therapy selection558

To evaluate the utility of the captured multi-omic profile on external patients, we leveraged559

independent, pre-treatment multi-omic datasets that we had generated from three additional560

patient groups, two UC and one CD, with documented endoscopic response status at week-561

14. The UC cohorts included patients treated with either tofacitinib (n=11, Rs=5, NRs=6) or562

vedolizumab (n=12, Rs=8, NRs=4), whereas the CD cohort comprised patients treated with563

ustekinumab (n=15, Rs=4, NRs=11). The demographic characteristics of these cohorts are564

given in the supplementary Table ST12. After merging the supplementary cohorts with the565

anti-TNF cohort (see Methods M.12), we RLR-transformed the levels of the multi-omic profile566

of 1,589 features that we captured with the anti-TNF cohort. Moreover, since the multi-omic567

profile included a signal from serum lipoproteomics, we classified the patients based on the568

Sniderman et al [24] diagnostic algorithm for dyslipoproteinemias (see Methods M.13). This569

exercise identified one patient with VLDL+LDL dyslipoproteinemia, six with VLDL and ten570

with chylomicrons+VLDL remnants. Given that the supplementary cohorts comprised patients571

who had already failed anti-TNF treatment, our objective was to assess whether the multi-omic572

profile could identify relationships bridging the primary anti-TNF cohort and the supplemen-573

tary cohorts. To do so, we applied UMAP dimensionality reduction using the 1,589 multi-omic574

features. Since the UMAP was based on the cosine distance, spatial proximity of the patients575

in the resulting embedding reflects shared structural and co-regulatory profiles across the tran-576

scriptomic, proteomic, and lipoproteomic layers.577

The UMAP embedding demonstrated varying degrees of resolution between clinical phe-578
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notypes (Figure 7A). Overall, we observed a more pronounced spatial separation between579

treatment responders and non-responders within the UC cohort compared to the CD cohort,580

indicating that baseline systemic profiles in UC may possess clearer predictive topology for581

therapeutic efficacy. Of note, we observed cases where responders and non-responders to anti-582

TNF clustered in close proximity (cases 1 and 2 supplementary Figure SF5). Closer inspec-583

tion revealed that, although these patients exhibited an homoiomic profile based on the mean584

RLR-transformed features at the module level, analysis at the individual omic features un-585

covered similar mRNA profiles but subtle, patient-specific differences, particularly within the586

proteomic layer (supplementary Figures SF6 and SF7). This suggests that close proximity is587

greatly influenced by similar profiles regarding the mRNA layer, whose high dimensionality in588

the multi-omic profile results in high contribution to the embedding, whereas different clinical589

outcomes appear to be associated with case-specific variations in features levels across the omic590

layers.591

Special focus was directed toward patients from the supplementary cohorts who projected592

into immediate proximity with individuals from the anti-TNF cohort. Interestingly, within the593

UC cohort, we identified specific cases where patients who responded to either vedolizumab594

or tofacitinib clustered in very close proximity to anti-TNF non-responders (cases 3 and 4595

supplementary Figure SF5). This shared baseline proximity suggests that these anti-TNF non-596

responders possess a multi-omic profile that could potentially rely on alternative inflammatory597

mechanisms, such as the JAK-STAT pathway or leukocyte trafficking, rather than a purely TNF-598

α-mediated drive. In a similar manner, we also identified responders to ustekinumab clustering599

close to anti-TNF non-responders in the CD cohort (case 5 supplementary Figure SF5). Of600

note, we observed a subset of ustekinumab non-responders that exhibited the most aggregated601

multi-omic profile among both IBD groups that matched the profile of CD non-responders to602

anti-TNF at week-14 (Figure 7B, case 6 supplementary Figure SF5). This suggests an intense603

systemic activation that either highlights the need for higher dosing strategies or combination604

biologic approaches.605

On the other hand, we observed complex patterns of shared proximity in certain cases.606

Specifically, we observed certain responders to anti-TNF localized near tofacitinib non-responders607

(case 7 supplementary Figure SF5). This proximity could suggest that the latter group are608

characterized by an inflammatory endotype that effectively bypasses both the TNF-α and JAK-609

STAT pathways, making them potential candidates for alternative treatments such as vedolizumab.610

Moreover, we observed certain patients who responded to vedolizumab and tofacitinib cluster-611

ing near anti-TNF responders (case 8 supplementary Figure SF5). Since co-localization reflects612

similar multi-omic profiles, this proximity suggests that historical failure on anti-TNF therapy613

likely represents a pharmacokinetic mismatch for these patients.614

Furthermore, we observed an association between dyslipoproteinemia and distinct multi-615

omic profiles that can be linked to treatment outcomes. Within the non-IBD group, the only616

individual that was classified with VLDL dyslipoproteinemia, co-localized at a distance from617

the main non-IBD cluster. This finding aligns with our previous observations in a independent618

study of an ostensibly healthy cohort, where individuals with this type of dyslipoproteinemia619

defined a distinct subpopulation based on a multi-omic profile, whereas those characterized620

by chylomicrons and VLDL remnants did not provide informative profiles [33]. Moreover,621

in the CD cohort we observed a case where an anti-TNF non-responder clustered in immedi-622

ate proximity to the non-IBD group (case 9 supplementary Figure SF5). Although the shared623

topology creates the initial expectation of a highly manageable disease profile, the lack of624

treatment response may be explained by an underlying metabolic dysregulation, since this in-625

dividual was classified with VLDL dyslipoproteinemia. Additionally, a notable impact of lipid626
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phenotypes was also observed among patients treated with ustekinumab. Specifically, a ustek-627

inumab patient presenting with VLDL dyslipoproteinemia clustered closely with anti-TNF non-628

responder, yet exhibited different treatment outcome to nearby ustekinumab responder who629

lacked lipid dysregulation (case 10 supplementary Figure SF5). Finally, we observed a case of630

dual therapeutic non-response in the UC cohort that initially appeared to contradict our previ-631

ous observations, which suggested that anti-TNF non-responders could benefit from switching632

to vedolizumab due to their baseline co-localization. Interestingly, the lack of response in the633

vedolizumab patient was accompanied by mixed VLDL and LDL dyslipoproteinemia (case 11634

supplementary Figure SF5).635

Collectively, these observations demonstrate that the captured multi-omic profile incorpo-636

rates underlying biological information that can assist the interpretation of the treatment out-637

come and potentially guide therapy selection. Furthermore, the recurrent co-occurrence of638

dysregulated lipid profiles across non-responders to diverse treatements, suggests that the base-639

line dyslipoproteinemia represents a confounding metabolic endotype associated with broader640

lack of response to treatment.641
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Discussion642

Biomarker discovery associated with anti-TNF treatment response has evolved from early643

reliance on single-omic layers and cross-sectional cohorts toward sophisticated multi-omic in-644

tegration and longitudinal profiling, enabling a more dynamic and holistic understanding of645

therapeutic resistance and efficacy over time. Despite these advancements, challenges remain646

in developing methodologies capable of managing the high dimensionality inherent to multi-647

omic data and evaluate cross-omic temporal dynamics across the response trajectory. Our study648

addresses this gap by integrating six omic layers, using a dimension-reduction strategy designed649

to capture a unified multi-omic profile across the entire treatment trajectory. Furthermore, to650

account for biological variations and potential noise from fluctuations within a pathological651

range, we anchored these trajectories against an inflammation-resolved state derived from a652

non-IBD group.653

The compression of the omic features into PCA-derived and biologically interpretable mod-654

ules, represents a method that conceptually resembles the feature extraction processes em-655

ployed by neural networks. However, a critical distinction lies in data efficiency. Neural656

networks generally require large sample sizes to effectively optimize and identify meaningful657

feature representations, whereas our approach leverages highly informative and biologically658

interpretable omic subsets, making it particularly suitable for the limited sample sizes that659

characterize IBD cohorts. Nevertheless, further efforts are needed to refine and identify more660

informative disease-specific subsets to improve both the interpretability and potential of this661

framework.662

The deconstruction of the multi-omic response trajectory into latent factors enabled the663

identification of biological variation across multiple omic layers, capturing coordinated molec-664

ular programs that would likely be difficult to detect by studying each omic layer in isola-665

tion. This highlighted the convergence of the responders IBD patients toward the non-IBD666

state. Interestingly, despite the well-established role of the microbiome in IBD and the pre-667

vailing assumption that connects microbial abundances to treatment response, the latent factor668

4, that accounted for substantial variance within the metataxonomics layer, was not associated669

with the response trajectory. Instead, it exhibited only baseline differences across the clini-670

cal groups that equalized after treatment. In relation to the non-IBD group, previous studies671

have reported conflicting findings regarding differences in microbial abundances between IBD672

patients and non-IBD individuals, with one study suggesting that the absence of significant dif-673

ferences may be attributable to the inclusion of patients with inactive disease [34, 35]. On the674

other hand, comparisons between IBD patients have showed significant differences in microbial675

abundances between responders and non-responders after anti-TNF treatment [36, 37], albeit676

with substantial observed overlap between the clinical groups. This suggests that either latent677

factor 4 captured variation within the metataxonomics layer that is independent of treatment678

response, or that response-associated microbial differences are of relatively small magnitude,679

making them sensitive to study-specific variability and therefore more likely to be identified in680

feature-level differential abundance analyses than as a dominant latent factor associated with681

response.682

The latent factors associated with the response trajectory defined a set of 16 omic modules683

comprising a multi-omic profile of 1,589 molecular features. At the module level, this profile684

effectively distinguished the markedly dysregulated molecular state of certain non-responders685

but lacked the resolution to capture the subtle overall differences separating responders from686

non-responders. In contrast, examination of the individual features provided the granularity687

needed to identify these differences, while also revealing that they were largely patient-specific688
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rather than shared across individuals, limiting their utility as universal biomarkers. Although689

an independent validation cohort for anti-TNF treatment was not available, the inclusion of690

additional cohorts of IBD patients who failed to respond to anti-TNF therapy allowed us to691

investigate the relationship between shared multi-omic profiles and clinical outcomes across692

treatment groups. This proved particularly valuable, as the close proximity of anti-TNF non-693

responders to patients who responded to alternative therapies suggests that this multi-omic694

profile may provide a foundation for guiding personalized treatment selection.695

Regarding the observed association between dyslipoproteinemia and lack of treatment re-696

sponse, a previous study of anti-TNF therapy reported no significant short-term changes in697

lipid profiles but observed increases in total cholesterol and triglyceride levels after few years698

of follow-up [38]. Although these findings do not establish a causal relationship between anti-699

TNF therapy and lipid dysregulation, the consistent presence of dyslipoproteinemia in our sup-700

plementary cohorts, particularly among non-responders, suggests that it may represent a clin-701

ically relevant component of the molecular profile associated with treatment response. These702

observations support the inclusion of dyslipoproteinemia in the comprehensive evaluation of703

patients when assessing the likelihood of therapeutic response.704

Regarding study limitations, the external validation of our results is hindered by a scarcity of705

cohorts possessing technical characteristics compatible with our multi-omic dataset generation,706

a challenge noted as a broader obstacle in multi-omic studies [39]. Furthermore, conventional707

cross-validation strategies are difficult to apply to latent factor models since the inferred latent708

space depends on stochastic optimization. Consequently, different training subsets may yield709

latent factors that differ in orientation and composition, complicating direct comparisons and710

the assessment of factor reproducibility across folds. This sensitivity also suggests that varia-711

tions in cohort size may lead to molecular profiles that diverge from our findings. Therefore,712

rather than relying solely on increasing sample size, future efforts should prioritize the devel-713

opment of frameworks designed to integrate multi-omic profiles across heterogeneous cohorts.714

Conclusion715

In summary, our study introduces a methodological approach that deconvolutes the complex716

dynamics of anti-TNF treatment response into trajectory-informed molecular profiles, while717

overcoming the computational challenges inherent to multi-omic data. By highlighting the718

highly patient-specific nature of these molecular responses, our findings underscore a necessary719

paradigm shift in disease management. Specifically, the shift from universal biomarkers toward720

the use of individualized multi-omic profiles. This profile-driven strategy provides a foundation721

to advance precision medicine in IBD by matching patients with the most effective therapeutic722

intervention based on inter-patient molecular similarities.723
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Figures914

Figure 1: Experimental design. Tissue, serum, and fecal samples were collected from a cohort

comprising non-IBD individuals, UC and CD patients. Non-IBD individuals provided cross-

sectional samples, while IBD patients provided longitudinal samples before and 14-weeks after

anti-TNF treatment where they were classified as responders (Rs) or non-responders (NRs). Six

omics datasets were generated from the collected samples, followed by confounder removal

and dimensionality reduction for each layer. After multi-omic integration, multi-omics factor

analysis (MOFA) was performed to identify latent factors. These factors were used to capture

treatment response trajectories, identify associated features, and construct multi-omic profiles

to evaluate inter-patient relationships.
29



Figure 2: Characterization and demographic profiling of the study cohort. Panel A: distribution

of number of participants in the cohort and in the groups non-IBD (NIBD) UC and CD. The

IBD patients were further subdivided into responders (Rs) and non-responders (NRs). Panels

B-E: distributions of the demographic characteristics sex, age, smoking status and BMI. Panel

F: variation of the cohort across the first two principal components based on a factor analysis of

mixed data using demographic characteristics. Panel H: loadings of the demographic features

on the principal components. Panel G: age distributions of individuals that the were collocated

in the quadrants Q1-Q2 and Q3-Q4 of the panel F.
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Figure 3: Serum inflammatory biomarker levels across patient groups and treatment time-

points. Confounder-adjusted, NMR-quantified levels of GlycA, GlycB, and SPC in UC and

CD responders (Rs) and non-responders (NRs) at baseline (wk0) and post-anti-TNF treatment

(wk14), compared to non-IBD individuals (NIBD). Combined glycoprotein levels Glyc (GlycA

+ GlycB) and the Glyc/SPC ratio are also shown. For each clinical group, solid lines repre-

sent the median and dotted lines indicate the interquartile range (IQR). The horizontal colored

dashed line marks the median value of the non-IBD group.
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Figure 4: UMAP visualization of single and merged omics datasets. Panel A: UMAPs of non-

IBD and UC patients for each available omic separately and after merging all omics. Panel B:

UMAPs of non-IBD and CD patients for each available omic separately and after merging all

omics.
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Figure 5: Multi-omics factor analysis. Panel A: Variance explained (%) by each latent factor

across omic layers. Panel B: UMAP of reconstructed omics using selected latent factors, show-

ing clustering non-IBD and IBD responders (Rs) and non-responders (NRs) at baseline (wk0)

and after anti-TNF treatment (wk14). Panels C-D: Forest plots showing estimated posterior ef-

fects of clinical covariates on a given latent factor (C), and Euclidean distance to the non-IBD

group on treatment response (D). Points denote posterior medians and inner and outer horizon-

tal bars represent 50% and 94% highest density intervals (HDIs), respectively. Panel E: Latent

factors scores of UC and CD responders (Rs) and non-responders (NRs) at baseline (wk0) and

post-anti-TNF treatment (wk14), compared to non-IBD individuals (NIBD). For each clinical

group, solid lines represent the median and dotted lines indicate the interquartile range (IQR).

The horizontal colored dashed line marks the median value of the non-IBD group. Panel F:

Logistic regression posterior response probabilities based on Euclidean distance to the non-

IBD group. Points indicate expected probabilities, vertical bars represent 80% (inner) and 94%

(outer) HDIs. The horizontal dashed line marks the 50% response probability threshold.
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Figure 6: Panel A: Median levels of omic modules from reconstructed omic layers based on

selected latent factors for responders (Rs) and non-responders (NRs) IBD patients at baseline

(wk0) and post-anti-TNF treatment (wk14). Panel B: Confounder-adjusted and rlr-transformed

mean levels of the features included in the omic modules that captured response trajectory.

Each line represents a responder (Rs) or non-responder (NRs) IBD patient before (wk0) and

after (wk14) treatment.
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Figure 7: Panel A: UMAP before initializing treatment (wk0) based on the multi-omic profile

that captured response trajectory in the anti-TNF cohort. Color denotes non-IBD individual

or responder (Rs) and non-responder (NRs) IBD patient. Patients that were treated with anti-

TNF are denoted with circle, whereas patients that were treated with vedolizumab, tofacitinib

or ustekinumab are indicated with the first letter of treatment. Patients that were classified

with dyslipoproteinemia are denoted with thick black lines, and asterisks mark those patients

that were specifically classified with VLDL or VLDL+LDL dyslipoproteinemia. The overlaid

contours indicate the 50% (inner) and 80% (outer) probability coverage of a fitted Gaussian

Mixture Model, highlighting the highest density regions of the non-IBD group, and the respon-

ders or non-responders patients to anti-TNF. Panel B: Confounder-adjusted and rlr-transformed

mean levels of the features included in the omic modules that captured response trajectory in

the anti-TNF cohort. Each line represents a responder (Rs) or non-responder (NRs) IBD patient

before initializing anti-TNF or alternative treatment.

35



Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

supplementarymethods.pdf

supplementaryfile1.xlsx

supplementaryfile2.xlsx

https://assets-eu.researchsquare.com/files/rs-10968551/v1/3482a789b35a98d750faba83.pdf
https://assets-eu.researchsquare.com/files/rs-10968551/v1/02807c8331cfc0a3a8065646.xlsx
https://assets-eu.researchsquare.com/files/rs-10968551/v1/8deb7c3bf3585202e1280f04.xlsx

