
O R I G I N A L  R E S E A R C H

Development of Predictive Models for Long-Term 
Endoscopic Response to Ustekinumab in Crohn’s 
Disease Based on Plasma Proteomics
Chenchen Wu 1, Jiawen Zheng2, Xin Qian 3, Chunyan Peng 4, Fan Zhou4, Lei Wang1,4

1Department of Gastroenterology, Nanjing Drum Tower Hospital, Nanjing Drum Tower Hospital Clinical College of Jiangsu University, Nanjing, People’s 
Republic of China; 2Zhenjiang Hospital of Chinese Traditional and Western Medicine, Zhenjiang, People’s Republic of China; 3Department of 
Gastroenterology, Nanjing Drum Tower Clinical Medical College, Nanjing University of Chinese Medicine, Nanjing, People’s Republic of China; 4Department 
of Gastroenterology, Nanjing Drum Tower Hospital Affiliated with Medical School of Nanjing University, Nanjing, People’s Republic of China

Correspondence: Fan Zhou, Department of Gastroenterology, Nanjing Drum Tower Hospital, Nanjing University Medical School, No. 321 Zhongshan 
Road, Nanjing, Jiangsu, 210008, People’s Republic of China, Tel +86-15895969717, Email Zhoufan24@hotmail.com; Lei Wang, Department of 
Gastroenterology, Nanjing Drum Tower Hospital, Clinical College of Jiangsu University, Nanjing, Jiangsu, 210008, People’s Republic of China,   
Tel +86-13851579216, Email leiwang9631@nju.edu.cn

Purpose: Ustekinumab (UST) is effective for Crohn’s disease (CD), yet reliable biomarkers for predicting long-term response remain 
scarce. This study aimed to identify novel plasma proteomic biomarkers and develop predictive models for long-term endoscopic 
response to UST therapy in patients.
Methods: Baseline plasma inflammatory proteins were profiled using the Olink platform in 40 CD patients treated with UST (20 
responders, 20 non-responders). Differentially expressed proteins (DEPs) were identified after adjusting for age, age at diagnosis, and 
SES-CD scores. Stable DEPs were selected via bootstrap resampling and further validated in an independent patient group from the 
same center (n=20) using ELISA. Predictive models were constructed using logistic regression, random forest, and support vector 
machine (SVM) algorithms.
Results: Non-responders had elevated baseline interleukin-8 (IL8) and CD6 levels and reduced thymic stromal lymphopoietin (TSLP) 
compared to responders. ELISA confirmed differential expression of IL8, CD6, and TSLP, with CD6 showing the best diagnostic 
accuracy (AUC=0.800). The logistic regression model combining these markers achieved an AUC of 0.828 (95% CI: 0.701–0.954), 
outperforming random forest (AUC=0.745) and SVM (AUC=0.775).
Conclusion: Baseline plasma IL8, CD6, and TSLP are potential predictive biomarkers of long-term endoscopic response to UST in 
CD, providing a basis for personalized treatment strategies.

Plain Language Summary: We analyzed baseline plasma from Crohn’s disease patients receiving ustekinumab and found that 
elevated levels of IL-8 and CD6, with reduced TSLP expression, predict poor response. Measuring these proteins may guide more 
personalized treatment decisions. 
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Introduction
Inflammatory bowel disease (IBD) is a chronic, progressive, immune-mediated disorder affecting the gastrointestinal tract, 
often leading to complications such as strictures, obstruction, and intestinal malignancy.1,2 The incidence of Crohn’s disease 
(CD), a major subtype of IBD, is particularly high in Europe and North America, reaching 322 per 100,000 in Germany and 
319 per 100,000 in Canada. Since 1990, its incidence has been steadily rising in newly industrialized countries across Africa, 
South America, and Asia.3 Biologic agents have become a cornerstone of CD management in recent years. Ustekinumab 
(UST) is a fully human monoclonal antibody that targets the common p40 subunit shared by interleukin (IL)-12 and IL-23, 
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thereby blocking their interactions with receptors and inhibiting downstream signaling. Both IL-12 and IL-23 are key 
cytokines involved in intestinal immune regulation and have been implicated in the pathogenesis of inflammatory bowel 
disease. In particular, IL-23 drives intestinal inflammation through the activation of Th17 cells and other innate immune 
subsets, leading to chronic mucosal inflammation. By targeting the shared p40 subunit, UST effectively attenuates these 
inflammatory responses and restores intestinal immune balance.4 According to the latest ECCO guidelines, UST is recom
mended for both induction and maintenance therapy in patients with moderate-to-severe CD.5 However, a substantial 
proportion of patients experience primary or secondary nonresponse to UST. A meta-analysis of 63 observational studies 
involving 8,529 patients reported pooled clinical response rates of 60% (95% CI: 54–67%) in the short term (8–14 weeks), 
64% (95% CI: 57–71%) in the medium term (16–24 weeks), and 64% (95% CI: 52–74%) in the long term (48–52 weeks).6 

Therefore, accurately predicting therapeutic response to UST before treatment initiation remains a critical unmet need.
Various clinical, biological, and pharmacological factors have been investigated as potential predictors of UST response.7 

However, clinical characteristics such as age, sex, smoking status, disease duration, and disease location have shown limited or 
inconsistent associations with treatment outcomes.8–10 Similarly, studies examining the correlation between plasma UST 
levels and clinical efficacy have yielded conflicting results.11,12 While disease severity and prior surgical history have shown 
some predictive value, findings across studies remain heterogeneous.13 Current prediction strategies suffer from several 
limitations: (1) existing clinical predictors of UST response exhibit limited discriminative power; (2) these indicators often 
lack a biological rationale, making it difficult to uncover the underlying molecular mechanisms;14 (3) and while the majority of 
existing literature on UST evaluates treatment efficacy based on clinical remission,15,16 the STRIDE-II consensus explicitly 
identifies endoscopic healing as the long-term therapeutic target in CD.17

Recent advances in proteomics have enabled high-resolution characterization of disease-related protein signatures.18 

Among these technologies, the proximity extension assay (PEA), developed by Olink, allows for high-throughput and 
highly specific quantification of low-abundance proteins.19 The Olink Immuno-Oncology panel has demonstrated 
predictive value in multiple disease settings, including immunotherapy response in esophageal cancer20 and its utility 
in biomarker discovery has been increasingly recognized across various inflammatory and neoplastic diseases.21–23 Given 
that CD is characterized by complex immune dysregulation and inflammation-driven tissue damage, profiling plasma 
inflammatory proteins may offer critical insights into UST treatment response mechanisms.24

In this study, we aimed to identify novel inflammatory protein biomarkers that predict response to ustekinumab in patients 
with Crohn’s disease. We employed the Olink® Target 96 Inflammation Panel to analyze baseline plasma samples from these 
patients. Furthermore, we constructed predictive models to uncover molecular signatures associated with therapeutic response 
and to explore potential mechanisms underlying treatment failure. These findings may facilitate early molecular stratification 
of patients and contribute to the development of more precise, individualized treatment strategies.

Materials and Methods
Study Design and Participants
This was a retrospective analysis derived from a prospectively maintained institutional registry of CD at Nanjing Drum Tower 
Hospital. Between January 2021 and January 2024, we retrospectively identified 40 eligible patients with moderate-to-severe 
CD who received UST and had complete clinical, endoscopic, and biospecimen data, including 20 endoscopic responders and 
20 non-responders. Patients received ustekinumab according to the standard clinical regimen, with an intravenous induction 
dose administered at week 0 based on body weight (≤55 kg: 260 mg; >55–85 kg: 390 mg; >85 kg: 520 mg), followed by 
subcutaneous maintenance of 90 mg starting at week 8 and continuing every 8 weeks thereafter. The route and schedule of 
UST administration were protocolized as above for all patients. Concomitant therapies at baseline (eg, corticosteroids, 
immunomodulators) were systematically recorded. Inclusion criteria was: (1) 18–70 years old; (2) confirmed diagnosis of 
CD and treatment with UST (induction and maintenance phases) for at least 24 weeks; (3) colonoscopy performed within six 
months prior to treatment and within one year after treatment; and (4) written informed consent provided. Exclusion criteria 
included: (1) inability to assess the Simplified Endoscopic Score for Crohn’s Disease (SES-CD) due to endoscopic limitations; 
(2) presence of intra-abdominal abscess; and (3) loss to follow-up. Plasma samples were processed using anonymized study 
IDs, and laboratory personnel conducting proteomic assays were blinded to clinical data, endoscopic results, and response 
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status until the database was locked. All colonoscopies were performed by two associate chief physicians at the center, 
following a standardized bowel preparation and imaging protocol. To mitigate inter-observer variability, both endoscopists 
used a standardized scoring worksheet and resolved any ambiguities by consensus. Endoscopic non-response was defined as 
a <50% reduction in SES-CD from baseline at weeks 24–52, consistent with prior studies.25

Sample Collection
Peripheral venous blood (3 mL) was collected from each participant into EDTA tubes in the morning after overnight 
fasting and prior to the first induction dose of UST. Plasma was separated by centrifugation at 3,000 rpm for 15 minutes 
and stored at –80 °C until further analysis.

Proteomic Analysis
Proteomic profiling was performed using the Olink® Target 96 Inflammation panel (Olink Proteomics AB, Uppsala, 
Sweden), following the manufacturer’s protocol. This platform utilizes PEA technology to simultaneously quantify 92 
inflammation-related proteins from 1 μL of plasma. Briefly, oligonucleotide-labeled antibody pairs bind to target 
proteins, enabling hybridization and extension by DNA polymerase. The resulting DNA sequences were quantified 
using real-time PCR (Signature Q100, LC-Bio Technology, Hangzhou, China). Normalization was performed using 
internal and inter-plate controls to correct for technical variation. Protein expression levels were reported as Normalized 
Protein expression (NPX) values on a log2 scale. Higher NPX values indicate greater protein abundance. Assay 
validation is available at www.olink.com. NPX values falling below the assay’s limit of detection (LOD) were replaced 
with the corresponding LOD threshold. In accordance with the Olink protocol, samples that did not pass quality control 
in the PEA assay were treated as missing. To address missingness, we applied multiple imputation using chained 
equations (MICE, version 3.18.0 in R). This approach imputes missing entries in an iterative manner, drawing on the 
conditional distributions of the observed variables to generate plausible values.

Bioinformatics Analysis of Differentially Expressed Proteins (DEPs)
Protein expression data were log2-transformed and analyzed using the limma package in R. A design matrix was 
constructed to adjust for age, age at diagnosis, and SES-CD. Empirical Bayes moderation was applied to stabilize 
variance estimates. Proteins with nominal P-values <0.05 were considered differentially expressed. To ensure robustness, 
500 iterations of 50% bootstrap resampling were conducted, and proteins consistently significant in ≥80 iterations were 
defined as stable DEPs. Visualization was performed using volcano plots, heatmaps, and boxplots generated with ggplot2 
and pheatmap. Additionally, a sensitivity analysis was performed by further adjusting for prior biologic exposure (bio- 
naïve status) in the limma model to assess the robustness of differential expression results.

Biomarker Validation via ELISA
To validate the proteomic results, ELISA assays were performed on plasma samples from other 10 UST responders and 
10 non-responders from our center. Commercial kits were used to measure interleukin-8 (IL8) (D8000C, R&D Systems, 
USA), CD6 (EH112RB, Thermo Fisher, USA), and thymic stromal lymphopoietin (TSLP) (DTSLP0, R&D Systems, 
USA). All assays were performed in accordance with the manufacturers’ instructions. Optical density was measured at 
450 nm using a multimode microplate reader (Molecular Devices, CA, USA).

Machine Learning Model Construction and Validation
To predict treatment response, we developed and validated three machine learning models: logistic regression, random forest, 
and support vector machine (SVM). The logistic regression model was built using the glm function with a binomial link, and 
variable importance was assessed using the vip package. The random forest model was constructed using the caret package, 
with the mtry parameter optimized via repeated five-fold cross-validation (100 repetitions). The SVM model underwent 
hyperparameter tuning using a grid search across a range of gamma (10−6 to 101) and cost (10−5 to 105) values, optimized 
through five-fold cross-validation.
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For all models, performance was evaluated using the area under the receiver operating characteristic (ROC) curve 
(AUC), along with sensitivity, specificity, accuracy, precision, positive predictive value (PPV), negative predictive value 
(NPV), and F1 score. To ensure model robustness and reduce overfitting, internal validation was conducted via 500 
bootstrap iterations and leave-one-out cross-validation (LOOCV). A nomogram and a bootstrap-corrected calibration 
curve were further generated for the logistic regression model using the rms package.

Data Analysis
All statistical analyses were conducted using R software (v4.4.2). Continuous variables are presented as mean ± standard 
deviation (SD) or median (interquartile range, IQR), and compared using Student’s t-test or Mann–Whitney U-test, as 
appropriate. Categorical variables were analyzed using the chi-square test. ROC curves were constructed to evaluate 
diagnostic performance, and AUC was calculated to assess model discrimination. A two-sided P-value < 0.05 was 
considered statistically significant.

Results
Characteristics of Responder and Non-Responder Groups
A total of 40 moderate-to-severe CD patients were enrolled, including 20 responders and 20 non-responders. The clinical 
characteristics of the two groups are presented in Table 1.

Among the 40 patients included, 23 (58%) were male. The median age of participants was 33 years (IQR: 27–41 
years), and the median disease duration was 34 months (IQR: 27–59 months). A majority of patients (83%) were 

Table 1 Demographics of Clinical Samples

Characteristics NR (n=20) R(n=20) Total (n=40) P value

Age (years), median (IQR) 37.8 (32.8, 49.2) 28.5 (24.5, 33.7) 32.9 (26.5, 41.4) 0.004**

Sex >0.999
Female (n, %) 9 (45%) 8 (40%) 17 (43%)

Male (n, %) 11 (55%) 12 (60%) 23 (58%)

Diagnosis age (n, %) 0.020*
A2 12 (60%) 19 (95%) 31 (78%)

A3 8 (40%) 1 (5.0%) 9 (23%)

Disease behavior (n, %) 0.176
B1 4 (20%) 9 (45%) 13 (33%)

B2 16 (80%) 11 (55%) 27 (68%)

Disease location (n, %) 0.152
Ileal (L1) 6 (30%) 5 (25%) 11 (28%)

Colonic (L2) 0 (0%) 4 (20%) 4 (10%)

Ileocolonic (L3) 14 (70%) 11 (55%) 25 (63%)
Perianal diseasea (n, %) 0.741

No 12 (60%) 14 (70%) 26 (65%)

Yes 8 (40%) 6 (30%) 14 (35%)
Bio-naive (n, %) 0.407

No 5 (25%) 2 (10%) 7 (18%)

Yes 15 (75%) 18 (90%) 33 (83%)
EIM (n, %) >0.999

No 19 (95%) 18 (90%) 37 (93%)

Yes 1 (5.0%) 2 (10%) 3 (7.5%)
Number of bios (n, %) 0.407

0 15 (75%) 18 (90%) 33 (83%)

1 4 (20%) 2 (10%) 6 (15%)
2 1 (5.0%) 0 (0%) 1 (2.5%)

(Continued)
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biologic-naïve, while 15% had previously received one biologic agent other than UST, and 2% had used two different 
biologics prior to UST. Among non-responders, five patients had prior exposure to biologics: one patient had sequential 
exposure to infliximab followed by adalimumab, two patients had previously received infliximab only, and two patients 
had previously received adalimumab only. Among responders, two patients had prior biologic exposure: one patient 
received infliximab and the other adalimumab. All these patients were switched to UST because of insufficient response 
to prior biologic therapy, including persistent intestinal inflammation, elevated inflammatory markers, low drug con
centrations, or high anti-drug antibody titers. Regarding age at diagnosis, 31 patients (78%) were diagnosed between 
17–40 years, and 9 patients (23%) were diagnosed after the age of 40. In terms of disease location, 11 patients had ileal- 
type disease, 4 had colonic-type, and 25 had ileocolonic-type. As for disease behavior, 13 patients (33%) were classified 
as non-stricturing, non-penetrating, while 27 (68%) had stricturing disease. At baseline, perianal disease was present in 
14% of patients. There were no significant differences between the two groups in laboratory parameters, including 
hemoglobin, fecal calprotectin, erythrocyte sedimentation rate (ESR), C-reactive protein (CRP), and Crohn’s Disease 
Activity Index (CDAI). However, compared to responders, non-responders were significantly older (P = 0.004), had 
a later age at disease onset (P = 0.020), and exhibited lower baseline SES-CD values (P = 0.032).

Analysis of Inflammation-Related Biomarkers by Olink
To evaluate differences in inflammation-related protein expression between UST responders and non-responders, we 
utilized the Olink® Inflammation panel. After adjusting for key baseline covariates—including age, age at diagnosis, and 
baseline SES-CD score—three DEPs were identified between the two groups (Supplementary Table 1). Specifically, IL8 

Table 1 (Continued). 

Characteristics NR (n=20) R(n=20) Total (n=40) P value

Height(cm), Mean ± SD 168.6 ± 8.4 170.3 ± 6.5 169.4 ± 7.4 0.491

Weight(kg), Mean ± SD 58.5 ± 9.2 58.2 ± 10.9 58.3 ± 10.0 0.913
BMI (kg/m2), Mean ± SD 20.6 ± 2.7 19.9 ± 2.8 20.3 ± 2.7 0.483

Diagnose months(months)Median (Q1, Q3) 37.5 (27.5, 73.5) 31.5 (26.5, 45.0) 33.5 (26.5, 58.5) 0.144

CDAI, Mean ± SD 158.6 ± 54.7 165.0 ± 54.8 161.8 ± 54.1 0.710
White Blood Cell (109/L), Mean ± SD 5.6 ± 2.1 6.6 ± 2.2 6.1 ± 2.2 0.150

Platelet count (109/L), Median (Q1, Q3) 226.0 (209.5, 278.5) 254.0 (196.0, 306.5) 244.5 (205.5, 297.0) 0.695

Haemoglobin level (g/L), Mean ± SD 119.3 ± 21.0 126.5 ± 18.7 122.9 ± 19.9 0.259
Neutrophil, Median (Q1, Q3) 3.2 (2.3, 4.7) 3.9 (2.8, 5.3) 3.3 (2.5, 5.0) 0.203

Macrophage, Median (Q1, Q3) 0.4 (0.3, 0.5) 0.4 (0.3, 0.6) 0.4 (0.3, 0.6) 0.389

Eosinophil, Median (Q1, Q3) 0.1 (0.1, 0.2) 0.1 (0.1, 0.2) 0.1 (0.1, 0.2) 0.807
Basophil, Median (Q1, Q3) 0.0 (0.0, 0.0) 0.0 (0.0, 0.0) 0.0 (0.0, 0.0) 0.989

ESR, Median (Q1, Q3) 18.5 (7.0, 26.5) 15.5 (7.0, 25.0) 17.8 (7.0, 26.0) 0.707

Total Bilirubin (μmol/L), Median (Q1, Q3) 8.4 (6.5, 12.5) 9.3 (6.5, 14.1) 8.8 (6.5, 12.8) 0.787
Direct Bilirubin (μmol/L), Median (Q1, Q3) 1.8 (1.4, 2.0) 1.4 (1.0, 2.6) 1.7 (1.1, 2.3) 0.664

Albumin (g/L), Median (Q1, Q3) 38.0 (35.4, 40.6) 40.3 (38.1, 42.8) 38.7 (36.2, 42.0) 0.155

Serum Creatinine (μmol/L), Mean ± SD 59.8 ± 13.1 58.5 ± 14.4 59.1 ± 13.6 0.756
CRP (mg/L), Median (Q1, Q3) 6.0 (3.2, 10.6) 4.5 (2.4, 19.6) 5.2 (3.0, 12.1) 0.787

Vitamin D,Median (Q1, Q3) 10.7 (7.9, 13.6) 10.7 (6.6, 15.5) 10.7 (7.1, 13.9) 0.860
FC (μg/g), Median (Q1, Q3) 624.3 (268.0, 1,000.0) 863.0 (645.2, 1,000.0) 844.2 (526.6, 1,000.0) 0.391

Baseline SES-CD, Median (Q1, Q3) 12.0 (10.5, 16.0) 17.0 (12.0, 22.5) 14.0 (11.0, 18.5) 0.032*

Post-treatment SES-CD, Median (Q1, Q3) 10.0 (7.0, 12.0) 3.0 (0.0, 5.5) 7.0 (3.0, 10.0) <0.001***

Notes: Data are presented as mean ± standard deviation (SD), median [interquartile range, IQR], or number (percentage) as appropriate. Continuous 
variables were compared using the Mann–Whitney U-test or unpaired t-test, depending on distribution. Categorical variables were compared using the chi- 
square test or Fisher’s exact test. A two-sided P value < 0.05 was considered statistically significant. *, **, and *** indicate P < 0.05, P < 0.01, and P < 0.001, 
respectively. aPerianal disease was defined as inactive fistula, skin tags or anal fissures.Bio-naive:Biologic-naïve (patients without prior biologic therapy). 
Number of bios: Number of prior biologic agents used before UST initiation. 
Abbreviations: EIM, extraintestinal manifestations; A2, age at diagnosis 17–40 years; A3, age at diagnosis >40 years; B1, non-stricturing, non-penetrating 
disease; B2, stricturing disease; BMI, body mass index; CDAI, Crohn’s Disease Activity Index; ESR, erythrocyte sedimentation rate; CRP, C-reactive protein; 
FC, fecal calprotectin; SES-CD, Simple Endoscopic Score for Crohn’s Disease (range: 0–60).
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and CD6 were significantly upregulated, while TSLP was downregulated in the non-responder group (Figure 1A and B). 
The expression patterns of these DEPs across all samples are illustrated in the heatmap shown in Figure 1C. Furthermore, 
the individual predictive performance of each protein was evaluated using ROC curve analysis, yielding AUC values of 
0.605 for IL8, 0.655 for CD6, and 0.720 for TSLP, respectively (Figure 1D–F). Among them, TSLP demonstrated the 
highest AUC, suggesting a superior predictive capacity relative to the other DEPs.

As a sensitivity analysis, we further adjusted the model for prior biologic exposure (bio-naïve status). After this 
adjustment, IL8 and TSLP remained differentially expressed between responders and non-responders, while CD6 showed 
attenuated differences (Supplementary Table 2). These findings indicate that the main results were largely robust to 
potential confounding by prior biologic exposure.

ELISA Validation and Diagnostic Value of the DEPs
To validate the findings of the Olink proteomic analysis, plasma levels of the identified DEPs were further measured using 
ELISA in an independent validation cohort of 20 patients (10 responders and 10 non-responders). The baseline demographic and 
clinical characteristics of the two groups were well balanced, with no significant differences in age, sex, CDAI, and fecal 

Figure 1 Differential expression of inflammation-related proteins between UST responders and non-responders.(A) Volcano plot illustrating the differential expression of 
92 inflammation-related proteins measured using the Olink® platform. Red dots represent significantly upregulated proteins, blue dots indicate significantly downregulated 
proteins, and gray dots denote non-significant proteins. (B) Box-and-scatter plots showing the NPX of IL8, CD6, and TSLP in UST responders versus non-responders. (C) 
Heatmap depicting the expression profiles of the three DEPs across all participants. (D) ROC curve of IL8. (E) ROC curve of CD6. (F) ROC curve of TSLP. 
Note: P < 0.05 was considered statistically significant. *P < 0.05. 
Abbreviations: NR, non-responder; R, responder; UST, ustekinumab; DEPs, differentially expressed proteins; NPX, normalized protein expression.
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calprotectin levels. (Table 2; see Supplementary Table 3 for full details). In the non-responder group, IL8 (P= 0.043) and CD6 (P 
= 0.023) levels were significantly elevated, whereas TSLP expression was significantly higher in the responder group (P = 0.036) 
(Figure 2A). ROC curve analysis was conducted to evaluate the diagnostic performance of each biomarker. For IL8, the AUC 
was 0.77 (95% CI: 0.536–1). CD6 yielded an AUC of 0.8 (95% CI: 0.81–1). TSLP showed an AUC of 0.78 (95% CI: 
0.562–0.998) (Figure 2B).

Performance of the Logistic Regression Model
A multivariate logistic regression model was constructed based on the three identified DEPs: IL8, CD6, and TSLP. 
Variable importance analysis indicated that TSLP was the most influential predictor, followed by IL8 and CD6 

Table 2 Demographics of ELISA Validation Cohort

Characteristics NR (n=10) R(n=10) Total (n=20) P value

Age (years), median (IQR) 37.4 (26.7, 50.6) 33.9 (31.9, 37.5) 36.2 (30.1, 41.1) 0.579
Sex >0.999

Female (n, %) 4 (40%) 4 (40%) 8 (40%)

Male (n, %) 6 (60%) 6 (60%) 12 (60%)
Diagnosis age (n, %) 0.582

A2 7 (70%) 9 (90%) 16 (80%)

A3 3 (30%) 1 (10%) 4 (20%)
Disease behavior (n, %) 0.057

B1 6 (60%) 1 (10%) 7 (35%)
B2 4 (40%) 9 (90%) 13 (65%)

Disease location (n, %) 0.650

Ileal (L1) 3 (30%) 4 (40%) 7 (35%)
Colonic (L2) 2 (20%) 0 (0%) 2 (10%)

Ileocolonic (L3) 5 (50%) 6 (60%) 11 (55%)

CDAI, Mean ± SD 161.3 (156.0, 174.2) 130.7 (97.8, 181.3) 158.3 (112.5, 177.8) 0.315
FC (μg/g), Median (Q1, Q3) 875.4 (159.2, 1,000.0) 695.1 (366.7, 1,000.0) 805.5 (353.0, 1,000.0) 0.938

Baseline SES-CD, Median (Q1, Q3) 13.0 (10.0, 20.0) 11.0 (11.0, 15.0) 11.5 (10.0, 15.5) 0.909

Notes: Data are presented as mean ± SD, median [IQR], or n (%), as appropriate. Continuous variables were compared using t-test or Mann– 
Whitney U-test, and categorical variables using chi-square or Fisher’s exact test. Two-sided P < 0.05 was considered statistically significant. A2, 
age at diagnosis between 17 and 40 years; A3: age at diagnosis >40 years. B1, non-stricturing, non-penetrating disease; B2, stricturing disease.

Figure 2 External ELISA validation and diagnostic performance of DEPs.(A) Validation of plasma protein levels in an independent cohort of responders (n = 10) and non- 
responders (n = 10) using ELISA. Box plots show the distribution of IL8, CD6, and TSLP concentrations between groups. (B) ROC curves evaluating the diagnostic value of 
each biomarker. 
Note: *P < 0.05. 
Abbreviations: DEPs, differentially expressed proteins.
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(Figure 3A). The model demonstrated good discriminative ability, with an AUC of 0.828 (95% CI: 0.701–0.954) in the 
original dataset (Figure 3B). At the optimal cutoff point, the model achieved an accuracy of 77.5%, sensitivity of 90.0%, 
specificity of 65.0%, PPV of 72.0%, NPV of 86.7%, and an F1 score of 0.80 (Figure 4).

Model robustness was further supported by 500 bootstrap resampling iterations, yielding a mean AUC of 0.850 (95% 
CI: 0.720–0.953) (Supplementary Figure 1). LOOCV also demonstrated consistent performance, with an AUC of 0.775 
(95% CI: 0.629–0.921), although some variability was observed across individual folds (Supplementary Figure 2). To 
facilitate clinical application, a nomogram was developed based on the logistic regression model (Figure 3C). However, 
the calibration curve derived from bootstrap resampling (Figure 3D) revealed slight over- and underestimation in 
predicted probabilities, indicating the need for further refinement and external validation.

Performance of the Random Forest and Support Vector Machine Models
In parallel, a random forest model was developed. After hyperparameter optimization via repeated five-fold cross- 
validation, the model achieved an AUC of 0.745 (95% CI: 0.736–0.753) on the original dataset (Figure 4). Model 
robustness was confirmed through 500 bootstrap iterations, yielding a mean AUC of 0.769 (95% CI: 0.500–0.964). 
LOOCV further supported the model’s generalizability, with an AUC of 0.777 (95% CI: 0.633–0.922) (Supplementary 
Figures 1 and 2).

Additionally, a SVM model was constructed using grid search to optimize gamma and cost parameters. The final SVM 
model achieved an AUC of 0.775 (95% CI: 0.628–0.922) in the original dataset (Figure 4). Bootstrap validation (n = 500) 

Figure 3 Performance and visualization of the logistic regression model for predicting response to UST.(A) Variable importance plot of the multivariate logistic regression 
model based on three differentially expressed proteins (IL8, CD6, and TSLP).(B) ROC curve of the model in the original dataset.(C) Nomogram constructed based on the 
logistic regression model to facilitate individualized prediction of UST response.(D) Calibration curve generated using 500 bootstrap resamples, assessing agreement 
between predicted and observed probabilities. 
Abbreviations: UST, ustekinumab; DEPs, differentially expressed proteins; ROC: Receiver Operating Characteristic; AUC, area under the curve.
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produced a mean AUC of 0.766 (95% CI: 0.476–1.000), while LOOCV yielded an AUC of 0.757 (95% CI: 0.600–0.915), 
indicating moderate and consistent generalizability across validation strategies (Supplementary Figures 1 and 2).

Discussion
In this study, we employed Olink proteomics technology to systematically compare baseline plasma inflammatory protein 
profiles between UST long-term endoscopic responders and non-responders. After adjusting for potential confounders, 
three DEPs were identified: IL8 and CD6 were significantly upregulated in the non-responder group, whereas TSLP was 
elevated in the responder group. When combined in a traditional logistic regression model, the three-protein panel 
achieved an AUC of 0.828. Furthermore, both random forest and SVM algorithms yielded similarly robust predictive 
performance, reinforcing the reliability of the protein-based model. Combined with the predictive model results, these 
proteins may serve as potential predictive plasma biomarkers for UST non-responders.

Given the central role of inflammation in the pathogenesis of Crohn’s disease, we selected the Olink inflammation 
panel as the screening platform for predictive biomarkers in this study. Large cohort clinical studies have found that 
CXCL9 can accurately predict the occurrence of Crohn’s disease at an early stage, and plasma proteomics not only serves 
as predictive biomarkers but may also reveal potential biological pathways that lead to the preclinical onset of CD.26 

Furthermore, a study on anti-TNF-α therapy showed that inflammatory protein levels in the blood or intestinal mucosa at 
the initiation of treatment (such as IL-17A, OSM, IL-7R, etc.) could predict later response status.27 These pieces of 
evidence suggest that inflammatory proteins are not only involved in disease onset and progression but also reflect the 
potential molecular mechanisms of drug response and non-response, holding important research and application 
prospects in the context of precision medicine. However, despite some studies focusing on the relationship between 
inflammatory factors and drug efficacy, most research on UST non-response has primarily concentrated on clinical 
indicators,13,28–30 and there is still limited systematic exploration of inflammation-related proteins. In genomics and 
proteomics, recent studies have identified varying differentially expressed proteins or genes.31–33

IL8 is a chemokine secreted predominantly by monocytes, macrophages, endothelial cells, and neutrophils, playing 
a pivotal role in recruiting neutrophils to sites of inflammation.34 Elevated IL8 levels have been widely reported in various 

Figure 4 Comparison of predictive performance across original models: logistic regression, random forest, and SVM.Bar plots illustrate key classification metrics for each 
model, including accuracy, AUC, F1 score, PPV, NPV, sensitivity, and specificity. All results were derived from the original (non-cross-validated) models applied to the baseline 
dataset. 
Abbreviations: AUC, area under the curve; PPV, positive predictive value; NPV, negative predictive value; RF: random forest; SVM, support vector machine.
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chronic inflammatory diseases, including rheumatoid arthritis, chronic obstructive pulmonary disease, and psoriasis, as well as 
in several gastrointestinal malignancies such as colorectal cancer, hepatocellular carcinoma, and pancreatic cancer.35 Although 
its role in ulcerative colitis has been recognized,36 evidence regarding IL8 in Crohn’s disease, especially as a predictive 
biomarker for treatment response, remains limited. Our study revealed significantly higher IL8 levels in non-responders, 
suggesting a persistent neutrophil-driven inflammatory milieu that may undermine the efficacy of IL-12/23 blockade. CD6, 
a membrane glycoprotein of the immunoglobulin superfamily, is primarily expressed on T cells, and CD56^dim NK cells. It is 
implicated in T cell activation, immune synapse formation, and regulation of adaptive immunity.37 Genetic and functional 
studies have implicated CD6 in the pathogenesis of multiple autoimmune diseases, including multiple sclerosis,38 psoriasis39 

and rheumatoid arthritis.40 In IBD, CD6 gene polymorphisms have been associated with increased disease susceptibility.41 

However, studies on CD6 protein expression in CD are scarce. The upregulation of CD6 in non-responders may reflect 
aberrant T cell activation and immune dysregulation, contributing to insufficient response to UST. TSLP is an epithelial- 
derived cytokine expressed in mucosal tissues, exerting immunomodulatory effects via dendritic cell activation and Th2 
immune skewing.42 In IBD, TSLP plays a context-dependent role: reduced expression has been associated with aggravated 
Th1-driven inflammation in CD, whereas elevated levels are linked to Th2-dominant ulcerative colitis.43 In our cohort, TSLP 
was significantly downregulated in non-responders, indicating a deficiency in counter-regulatory signaling that may exacer
bate Th1/Th17-driven inflammation and compromise treatment outcomes.

Although previous studies reported baseline IL-23 levels as predictive of ustekinumab response in Crohn’s disease,28 our 
primary proteomic analysis did not directly quantify IL-23 because the Olink Inflammation panel lacks IL-23A and instead 
measures IL-12/23p40, a shared subunit that does not specifically reflect IL-23 heterodimer levels. Importantly, during the 
initial phase of our data analysis, we performed targeted ELISA measurements using the same set of 40 plasma samples to 
directly validate IL-23 levels. Consistent with prior reports, IL-23 concentrations were significantly higher in responders than 
in non-responders (P = 0.008), confirming that our cohort exhibits the expected IL-23 expression pattern and supporting the 
biological relevance of IL-23 in UST treatment response (Supplementary Figure 3). In contrast, our proteomic data revealed 
differential expression of IL-8, CD6, and TSLP, biomarkers that were not extensively evaluated in earlier studies. Divergence 
from prior literature may be partly attributable to methodological differences—high-throughput PEA proteomics versus 
single-target ELISA—as well as heterogeneity in cohort characteristics, baseline inflammatory burden, and timing of sample 
collection, all of which may influence cytokine dynamics. Notably, the multiplex proteomic platform enabled a broader and 
unbiased assessment of systemic inflammation, allowing the identification of complementary biomarkers beyond IL-23.

Notably, patients with a history of prior biologic failure have been reported to exhibit significantly poorer responses to 
subsequent biologic therapies compared with those who discontinued previous agents due to intolerance.44 This observation 
suggests that prior biologic failure may delineate a subgroup of patients with intrinsically refractory disease biology. 
Consequently, such differences could introduce bias into biomarker discovery, as the observed protein alterations might 
reflect generalized treatment resistance rather than mechanisms specifically related to ustekinumab response. In our cohort, 
baseline rates of prior biologic exposure did not differ significantly between responders and non-responders. Nevertheless, to 
assess the robustness of our findings, we performed a sensitivity analysis by including prior biologic exposure (bio-naïve 
status) as an additional covariate in the limma model. After this adjustment, IL8 and TSLP remained significantly differentially 
expressed, whereas CD6 showed an attenuated difference. These results indicate that the main proteomic signals—particularly 
IL8 and TSLP—were largely robust to the potential confounding effects of prior biologic therapy. Despite this, residual 
confounding cannot be completely excluded. Prior biologic therapy may influence immune homeostasis, pharmacokinetic 
profiles, and cytokine signaling pathways, thereby affecting downstream protein expression. Given our limited sample size, 
the stability of differential protein identification might also be sensitive to small changes in model specification. The sensitivity 
analysis therefore reinforces the reliability of IL8 and TSLP while underscoring the need for cautious interpretation of CD6. 
Future studies with larger, stratified cohorts and longitudinal sampling are warranted to validate these findings and to 
disentangle ustekinumab-specific proteomic effects from general markers of refractory disease.

A previous tissue-based sequencing study reported a multivariable logistic regression model incorporating HSD3B1, 
MUC4, CF1, and CCL11, which achieved an AUC of 0.746.14 Prior studies have successfully developed models to 
predict infliximab response in Crohn’s disease, typically integrating clinical, laboratory, and omics data to enable 
precision medicine applications such as disease activity monitoring, treatment selection, and relapse risk assessment.45,46
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Building on this, our study aimed to develop a predictive model for UST response using baseline plasma proteomic 
profiles. Given the limited sample size (n = 40), we applied logistic regression, random forest, and SVM algorithms while 
carefully managing overfitting risk. Model performance was evaluated through internal validation strategies tailored to 
small datasets, including 500 bootstrap iterations and LOOCV. These complementary approaches allowed us to assess 
both performance stability and generalizability. Notably, the logistic regression model demonstrated favorable discrimi
native ability across multiple metrics. While external validation is still needed, the consistency across internal validation 
methods supports the robustness of our findings. Together, our models highlight candidate protein biomarkers, offering 
new insights for individualized therapeutic strategies in CD.

Collectively, these findings highlight IL8, CD6, and TSLP as potential immunological mediators of response to UST 
in Crohn’s disease. Their differential expression between responders and non-responders suggests potential utility as 
predictive biomarkers and implicates them in the underlying mechanisms of treatment failure. Importantly, this study 
utilized readily accessible peripheral blood samples, offering practical advantages for clinical translation. If confirmed in 
larger cohorts, baseline proteomic profiling could inform subsequent treatment decisions and help guide individualized 
therapy. Looking forward, the management of IBD is likely to be increasingly shaped by precision and personalized 
medicine approaches, and our results may provide a novel foundation and inspiration for such strategies. However, 
several limitations should be noted. (1) This was a single-center retrospective study with a relatively small sample size, 
which may limit statistical power and generalizability. Although robust internal validation was performed using bootstrap 
resampling and leave-one-out cross-validation, external validation in independent cohorts remains essential. (2) The 
proteomic analysis was restricted to a single-omics platform (Olink inflammation panel), which may have excluded other 
potentially relevant biomarkers. (3) While the proposed mechanistic links among IL8, CD6, TSLP, and UST response 
appear biologically plausible, they remain hypothetical; our findings reflect associations rather than causal relationships. 
(4) Responders and non-responders differed in certain baseline characteristics (eg, age, age at diagnosis, and SES-CD 
score). Although covariate adjustment was conducted, residual confounding cannot be completely excluded and may 
influence biomarker associations and model performance. Despite these limitations, our findings provide important 
insights into the potential immuno-inflammatory mediators of UST response. Future studies should aim to validate these 
findings in larger, multicenter cohorts and integrate multi-omics approaches—such as genomics and transcriptomics—to 
provide a more comprehensive understanding of the molecular determinants of UST response.

Conclusion
This study identified three inflammation-related plasma proteins—IL-8, CD6, and TSLP—at baseline that accurately 
predict long-term endoscopic response to ustekinumab in patients with Crohn’s disease. Differential expression of these 
proteins was confirmed by ELISA, and a logistic regression model combining the three markers achieved robust 
predictive performance (AUC = 0.828), outperforming random forest (AUC = 0.745) and SVM (AUC = 0.775) models. 
These findings provide a basis for developing personalized treatment strategies and guide future research focused on 
validating and exploring the mechanistic roles of these biomarkers in larger, independent cohorts.
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