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Introduction: The aim of this study was to develop and temporally validate a multimodal machine learning model for 
classifying clinically relevant flare-related activity during the 90 days preceding the index visit in patients with inflammatory 
bowel disease (IBD). 
Methods: This retrospective cohort study included 345 adults with IBD in clinical remission or with mild disease activity 
who underwent routine ileocolonoscopy at a tertiary referral center between December 2025 and March 2026. Demo-
graphic, clinical, laboratory, endoscopic, histopathological, and patient-reported data were extracted from electronic 
medical records for the 90-day pre-index period. The primary outcome was a composite of treatment intensification due 
to symptomatic worsening, IBD-related hospitalization, or IBD-related surgery during that period. Least absolute shrink-
age and selection operator regression was used for feature selection in a development cohort (n=242). Three algorithms 
– regularized logistic regression, random forest, and eXtreme Gradient Boosting (XGBoost) – were evaluated in a tempo-
rally distinct validation cohort (n=103) using area under the receiver operating characteristic curve (AUROC), calibration 
metrics, and decision curve analysis. 
Results: Flare-related activity was identified in 76 of 345 patients (22.0%). In the validation cohort, the multimodal XGBoost 
model showed the best discriminative performance, with an AUROC of 0.84 (95% confidence interval [CI], 0.77–0.91), sen-
sitivity of 78.0%, specificity of 73.8%, positive predictive value of 55.3%, and negative predictive value of 89.1%. The multi-
modal model outperformed unimodal models (clinical-only AUROC 0.66, laboratory-only 0.71, endoscopic-only 0.74, and 
histology-only 0.69) and a baseline clinical model (AUROC 0.73). Calibration was good (Brier score 0.15), and decision curve 
analysis demonstrated net benefit across clinically relevant thresholds. 
Discussion and Conclusion: A multimodal model integrating routinely collected data demonstrated good performance in 
classifying recent flare-related activity in IBD and outperformed single-modality approaches in a temporally distinct valida-
tion cohort. External validation is required before clinical implementation.
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Inflammatory bowel disease (IBD), comprising Crohn’s 
disease (CD) and ulcerative colitis (UC), is a chronic 

relapsing-remitting condition associated with substantial 
long-term morbidity and increasing healthcare burden 
worldwide [1]. Despite major therapeutic advances and the 
widespread adoption of treat-to-target strategies, acute 
disease flares remain a major clinical challenge [2]. These 
episodes commonly result in hospitalization, systemic 
corticosteroid exposure, and treatment escalation, 
underscoring the need for tools that can better characterize 
clinically meaningful disease destabilization [3].
In routine clinical practice, disease activity is typically 
assessed using symptoms, biochemical markers such as 
C-reactive protein (CRP) and fecal calprotectin, endoscopic 
findings, and, when available, histopathology [4–6]. Although 
each modality provides clinically relevant information, 
none fully captures the biological heterogeneity of IBD 
when used in isolation. As a result, clinically meaningful 
worsening may be underrecognized when decisions rely 
on a single source of data.
Recent advances in artificial intelligence and machine 
learning (ML) have created new opportunities for data-
driven assessment in IBD. Several ML-based models have 
shown promise for clinically relevant outcomes such 
as hospitalization, corticosteroid use, and surgery [7–9]. 
However, many published models remain limited by single-
center development, reliance on a single data modality, and 
insufficient validation, which restrict confidence in their 
robustness and real-world applicability [10–12]. Multimodal 
data integration may help address these limitations. 
Previous studies have shown that combined endoscopic 
and histological remission is associated with better 
outcomes than endoscopic remission alone [13]. Building 
on this concept, multimodal approaches that integrate 
complementary data sources may provide a more complete 
representation of inflammatory burden than unimodal 
models [14]. Nevertheless, models specifically designed to 
classify recent flare-related activity within a clearly defined 
and clinically relevant time window remain limited.

Against this background, we conducted a retrospective 
cohort study to develop and temporally validate a 
multimodal ML model to classify clinically relevant flare-
related activity during the 90 days preceding the index 
visit in patients with IBD. We hypothesized that integrating 
demographic, clinical, laboratory, endoscopic, and 
histopathological variables would improve classification 
performance compared with single-modality approaches. 
Our aim was to evaluate whether routinely collected 
multimodal data could support a more accurate and 
clinically useful assessment of recent flare-related activity 
in routine IBD care.

Materials and Methods 

Study Design and Participants
This retrospective cohort study was conducted at a high-
volume tertiary referral center for IBD. Consecutive adults 
who underwent routine outpatient ileocolonoscopy 
between December 2, 2025, and March 2, 2026, were 
screened. To capture recent disease destabilization 
while maintaining temporal proximity to the index 
assessment, baseline clinical, laboratory, endoscopic, and 
histopathological data were ascertained from the 90-day 
period preceding the index visit.
The study protocol was approved by the Institutional 
Review Board of Kayseri City Hospital (Approval No. 671; 
December 2, 2025), and the requirement for written 
informed consent was waived because of the retrospective 
use of de-identified clinical data. The study was conducted 
in accordance with the principles of the Declaration of 
Helsinki and was reported in accordance with the STROBE 
statement for observational studies and relevant TRIPOD 
guidance for prediction model research [15,16].

Adults aged 18 years or older with an established 
diagnosis of UC or CD were eligible if they were in clinical 
remission or had mild disease activity, defined as a simple 
clinical colitis activity index (SCCAI) score of ≤4 for UC or 
a Harvey-Bradshaw index (HBI) score of ≤7 for CD, and 
underwent surveillance or disease activity assessment 
ileocolonoscopy as part of routine care. Exclusion 
criteria were acute severe flare requiring immediate 
hospitalization, presence of an ileostomy or colostomy, 
pregnancy, active malignancy, or missing essential 
baseline data required for model development.

Predictor Domains and Outcome
Variables extracted from the electronic medical record were 
organized into five prespecified domains: Demographic 
and clinical variables (age, sex, Montreal classification, 
disease duration, current and prior therapies, and prior 
IBD-related surgery); patient-reported measures (SCCAI for 
UC, HBI for CD, and the Short IBD Questionnaire [SIBDQ], 
when available); laboratory biomarkers (CRP, erythrocyte 
sedimentation rate, albumin, hemoglobin, platelet count, 
and fecal calprotectin); endoscopic activity (UC endoscopic 
index of severity [UCEIS] for UC and Simple Endoscopic Score 
for CD [SES-CD] for CD); [17,18] and histopathological activity. 
For UC, histological activity was assessed using the Geboes 
score, with remission defined as <2B.0 [19]. For CD, because 
no universally adopted histological index is routinely 
used in clinical practice, histological activity was recorded 
as a pragmatic binary classification (active vs. quiescent 
inflammation) based on the pathologist’s overall report [20].
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The primary outcome was clinically relevant flare activity 
during the 90-day pre-index window, defined as a composite 
of treatment intensification for symptomatic worsening, 
including initiation of systemic corticosteroids or addition, 
switch, or dose escalation of advanced therapy; IBD-related 
hospitalization; or IBD-related surgery. This composite 
endpoint was selected a priori to reflect clinically meaningful 
escalation of care within the pre-index period. Outcome 
status was determined by structured review of outpatient, 
hospitalization, treatment, and procedure records.

The model was designed to classify flare-related activity 
during the 90 days preceding the index visit; prediction 
of subsequent flares was not evaluated. Predictor and 
outcome assessment windows overlapped. The temporal 
development–validation split referred to the calendar 
dates of index visits, rather than separation of predictor 
measurement from outcome occurrence. Restricting 
preprocessing, imputation, feature selection, and 
hyperparameter tuning to the development cohort was 
intended to limit information leakage between datasets. 
These procedures do not, however, exclude potential 
target leakage or incorporation bias within the assessment 
window, because some predictors may reflect outcome-
related treatment changes or may have informed 
treatment-intensification decisions. Performance 
estimates therefore concern retrospective classification 
of the composite outcome. Given the modest sample 
size and single-center temporal validation, these findings 
should be considered exploratory and do not establish 
clinical utility or generalizability; independent external 
validation is required.

Model Development and Validation
The analytic cohort comprised 345 patients, including 
76 events (22.0%). Given the modest number of events 
relative to the candidate predictor set, regularized feature 
selection and a temporally separated validation strategy 
were prespecified to reduce overfitting risk and enhance 
model parsimony [21,22].

Patients with index visits between December 2, 2025, 
and January 31, 2026, constituted the development 
cohort (n=242), whereas those with index visits between 
February 1 and March 2, 2026, formed the temporal 
validation cohort (n=103). All preprocessing, imputation, 
feature selection, and hyperparameter tuning were 
performed exclusively within the development cohort, 
and the final locked pipeline was then applied once to the 
validation cohort.

Continuous variables were standardized, and categorical 
variables were one-hot encoded. Missing data were 

minimal (<5% for any variable) and were handled using 
multivariate imputation by chained equations. To prevent 
information leakage, imputation models were fitted 
within the development cohort and then applied to the 
validation cohort.

Feature selection was performed using least absolute 
shrinkage and selection operator (LASSO) regression 
with 10-fold cross-validation within the development 
cohort only. No univariate pre-screening was performed. 
Three algorithms were evaluated: Regularized logistic 
regression with L1/L2 penalties, random forest, and 
eXtreme gradient boosting (XGBoost). Class imbalance was 
addressed using balanced class weights. Hyperparameters 
were optimized using 5-fold cross-validation within the 
development cohort, with the area under the receiver 
operating characteristic curve (AUROC) used as the primary 
optimization metric.

For comparative context, a baseline clinical model 
incorporating age, disease type, CRP, fecal calprotectin, and 
endoscopic activity score was also evaluated, together with 
unimodal benchmark models based on clinical, laboratory, 
endoscopic, and histopathological variables alone.

Performance Assessment and Statistical Analysis
Model discrimination was assessed using the AUROC with 95% 
confidence intervals (CIs), together with sensitivity, specificity, 
positive predictive value (PPV), negative predictive value 
(NPV), and F1 score. Classification thresholds were determined 
using the Youden index (sensitivity + specificity − 1).

Calibration of the final multimodal model was evaluated 
using calibration plots, the Brier score, calibration intercept, 
and calibration slope. Clinical utility was assessed using 
decision curve analysis across clinically relevant threshold 
probabilities.

Model performance was evaluated in the temporally 
distinct validation cohort. All preprocessing, imputation, 
feature selection, and hyperparameter tuning were 
performed exclusively within the development cohort, 
and the final locked pipeline was subsequently applied to 
the temporal validation cohort to minimize information 
leakage and provide an independent assessment of 
model performance.

Continuous variables are presented as mean±standard 
deviation or median (interquartile range), as appropriate. 
Group comparisons were performed using Student’s 
t-test, the Mann–Whitney U-test, or the Chi-square test, 
as appropriate. Analyses were performed using Python 
version 3.9 with scikit-learn version 1.3 and XGBoost 
version 1.7. All statistical tests were two-sided, and p<0.05 
was considered statistically significant.
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Results

Patient Recruitment and Cohort Characteristics
Between December 2, 2025, and March 2, 2026, 478 
consecutive patients with IBD were assessed for 
eligibility. After application of predefined exclusion 
criteria, 345 patients were included in the final analytic 
cohort (Fig. 1). The final cohort included 204 patients with 

UC (59.1%) and 141 with CD (40.9%). The mean age was 
45.2±14.8 years, and 189 patients (54.8%) were female. 
Baseline demographic, clinical, laboratory, endoscopic, 
and histopathological characteristics are presented in 
Table 1. Based on the predefined composite outcome 
within the 90 days before the index visit, 76 patients 
(22.0%) were classified as having recent clinically 
relevant flare activity.

Table 1. Baseline characteristics of the study population according to recent clinically relevant flare activity during the 90-day pre-index 
window

Characteristic Overall 
(n=345)

Recent flare activity 
(n=76)

No recent flare activity 
(n=269)

p

Age, years, mean±SD 45.2±14.8 44.1±15.3 45.5±14.6 0.45

Female sex, no (%) 189 (54.8) 44 (57.9) 145 (53.9) 0.53

Disease type, no (%)† 0.82

UC 204 (59.1) 44 (57.9) 160 (59.5)

CD 141 (40.9) 32 (42.1) 109 (40.5)

Disease duration, years, median (IQR) 7.5 (3.0–14.0) 8.0 (3.5–15.0) 7.0 (2.8–13.5) 0.32

Biologic therapy use, no (%) 165 (47.8) 40 (52.6) 125 (46.5) 0.35

Fecal calprotectin, µg/g, median (IQR) 165 (75–380) 320 (155–680) 125 (60–280) <0.001

CRP, mg/L, median (IQR) 4.2 (1.5–9.8) 7.8 (3.2–15.4) 3.5 (1.2–7.6) <0.001

UCEIS score‡ (UC only), median (IQR) 3 (1–5) 5 (3–7) 2 (1–4) <0.001

SES-CD score§ (CD only), median (IQR) 6 (2–11) 9 (5–14) 5 (2–9) <0.001

Histological remission*, no (%) 198 (57.4) 26 (34.2) 172 (63.9) <0.001
*: Histological remission was defined as Geboes score <2B.0 for ulcerative colitis and absence of active inflammation for Crohn’s disease; †: The p-value refers to the 
comparison of ulcerative colitis and Crohn’s disease distribution between groups; ‡: Ulcerative colitis endoscopic index of severity; §: Simple endoscopic score for 
Crohn’s disease. IQR: Interquartile range, SD: Standard deviation, UC: Ulcerative colitis, UCEIS: Ulcerative colitis endoscopic index of severity, CD: Crohn’s disease; SES-
CD: Simple Endoscopic Score for Crohn’s Disease. 

Figure 1. Flow diagram of patient selection and temporal cohort allocation. Among 478 consecutive patients with inflammatory bowel dis-
ease assessed for eligibility between December 2, 2025, and March 2, 2026, 133 were excluded according to predefined criteria, and 345 were 
included in the final analytic cohort. The analytic cohort was then temporally divided into a development cohort (n=242, index visits between 
December 2, 2025, and January 31, 2026) and a temporal validation cohort (n=103, index visits between February 1, 2026, and March 2, 2026).
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Baseline Characteristics According to Flare Status
Baseline characteristics according to flare status are 
summarized in Table 1. Patients with recent flare activity 
had a greater inflammatory burden. Median fecal 
calprotectin levels were significantly higher in the flare 
activity group than in the group without flare activity (320 
µg/g [interquartile range; IQR, 155–680] vs. 125 µg/g [IQR, 
60–280]; p<0.001). Similarly, median CRP levels were higher 
in patients with recent flare activity (7.8 mg/L vs. 3.5 mg/L; 
p<0.001). Endoscopic disease activity was also greater 
in patients with recent flare activity, reflected by higher 
UCEIS scores in UC and higher SES-CD scores in CD (both 
p<0.001). Histological remission at the index assessment 
was significantly less frequent among patients with recent 
flare activity than among those without flare activity (34.2% 
vs. 63.9%; p<0.001). No statistically significant differences 
were observed with respect to age (p=0.45), sex (p=0.53), 
disease duration (p=0.32), or biologic therapy use (p=0.35).

Feature Selection
From an initial set of 32 candidate predictors spanning 
five prespecified data domains, LASSO regression with 10-
fold cross-validation was applied within the development 
cohort (n=242). This regularization-based approach 
retained 11 non-redundant predictors for inclusion in 
the final multimodal model: Fecal calprotectin, CRP, 
endoscopic activity score (UCEIS or SES-CD), histological 
activity status, serum albumin, platelet count, disease 
duration, current biologic therapy use, clinical symptom 

score (SCCAI or HBI), SIBDQ score, and history of prior 
IBD-related hospitalization.

Model Performance, Calibration, and Clinical Utility
Model performance was evaluated in the independent 
temporal validation cohort (n=103), and the results are 

Table 2. Performance of machine learning models for classifying recent clinically relevant flare activity in the temporal validation cohort (n=103)

Model AUROC (95% CI) Sensitivity (%) Specificity (%) PPV (%) NPV (%) F1 score

Logistic regression 0.77 (0.68–0.86) 75.0 70.5 51.2 87.3 0.61

Random forest 0.80 (0.72–0.88) 76.7 72.6 53.5 88.5 0.63

XGBoost (multimodal model) 0.84 (0.77–0.91) 78.0 73.8 55.3 89.1 0.65

AUROC: Area under the receiver operating characteristic curve; CI: Confidence interval; PPV: Positive predictive value; NPV: Negative predictive value; XGBoost, eXtreme 
Gradient Boosting. Classification thresholds were determined using the Youden index.

Figure 2. Calibration plot of the multimodal model in the temporal 
validation cohort. The plot shows the agreement between predicted 
and observed probabilities across risk strata. The solid orange line 
represents the multimodal model, and the dashed diagonal line rep-
resents perfect calibration.

Table 3. Comparison of the multimodal model with unimodal benchmark models in the temporal validation cohort

Model type AUROC (95% CI) ΔAUROC versus final 
multimodal model

Key predictive variables

Multimodal (final) 0.84 (0.77–0.91) Reference Fecal calprotectin, endoscopic activity, histological 
activity, CRP, albumin

Clinical-only benchmark model 0.66 (0.56–0.76) -0.18 Symptom score, prior hospitalization

Laboratory-only model 0.71 (0.61–0.81) -0.13 Fecal calprotectin, CRP, albumin

Endoscopic-only model 0.74 (0.65–0.83) -0.10 UCEIS or SES-CD

Histology-only model 0.69 (0.59–0.79) -0.15 Histological activity

AUROC: Area under the receiver operating characteristic curve; CI: Confidence interval; CRP: C-reactive protein; UCEIS: Ulcerative colitis endoscopic index of severity; 
SES-CD: Simple endoscopic score for Crohn’s disease. ΔAUROC indicates the difference in AUROC compared with the final multimodal model.
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summarized in Table 2. Among the evaluated algorithms, 
the multimodal XGBoost model showed the highest 
discriminative performance, with an AUROC of 0.84 (95% 
CI, 0.77–0.91). Random forest and regularized logistic 
regression models yielded AUROCs of 0.80 (95% CI, 0.72–
0.88) and 0.77 (95% CI, 0.68–0.86), respectively. Using the 
operating threshold determined by the Youden index, the 
XGBoost model achieved a sensitivity of 78.0%, specificity 
of 73.8%, PPV of 55.3%, and NPV of 89.1% for classification 
of the composite flare status.

Calibration was satisfactory in the temporal validation cohort 
(Fig. 2). The Brier score for the final XGBoost model was 0.15, 
and the calibration intercept and slope were close to 0 and 
1, respectively, indicating minimal systematic miscalibration.

Compared with benchmark approaches, the multimodal 
XGBoost model demonstrated superior discriminative 
performance relative to both the baseline clinical model 
(AUROC 0.84 vs. 0.73) and all unimodal models (Table 3). 
AUROC values for the unimodal models were 0.66 for the 
clinical-only benchmark model, 0.71 for the laboratory-
only model, 0.74 for the endoscopic-only model, and 0.69 
for the histology-only model. Integration of multiple data 
modalities substantially improved discrimination, with 
delta AUROC values ranging from 0.10 to 0.18 compared 
with unimodal approaches.

Decision curve analysis showed that the multimodal 
model provided greater net benefit than both treat-

all and treat-none strategies across a range of clinically 
relevant threshold probabilities (Fig. 3). SHapley Additive 
exPlanations analysis identified fecal calprotectin, 
endoscopic activity score, histological activity status, CRP, 
and serum albumin as the most influential predictors in 
the final model.

Discussion
In this retrospective cohort study, we developed and 
temporally validated a multimodal ML model to classify 
flare-related activity within the 90-day period before the 
index visit in patients with IBD who were in clinical remission 
or had mild disease activity at the index assessment. By 
integrating routinely available demographic, clinical, 
laboratory, endoscopic, histopathological, and patient-
reported variables, the final model demonstrated 
good discriminative performance (AUROC=0.84) in the 
temporally independent validation cohort and consistently 
outperformed unimodal benchmark approaches. Together, 
these findings support the value of multidimensional 
disease assessment for characterizing recent flare-related 
activity in routine IBD care [2,11].

Interpretation of the Main Findings
The proportion of patients classified as having clinically 
relevant flare-related activity during the 90 days before 
the index visit was 22.0%, suggesting that the prespecified 
90-day window captured a clinically meaningful burden 
of recent disease destabilization. Such activity was 
observed in both UC and CD, suggesting that the model 
captures important determinants of inflammatory burden 
across the IBD spectrum rather than disease-specific 
mechanisms alone.

Markers of inflammatory burden emerged as the dominant 
predictors in the final model. Fecal calprotectin, endoscopic 
activity scores, histological activity, and CRP were 
consistently among the most influential variables. These 
findings are consistent with previous evidence showing 
that subclinical mucosal and histological inflammation is 
closely associated with clinically relevant disease worsening 
in IBD [13]. Emerging evidence also supports the feasibility 
of artificial intelligence-assisted histological evaluation, 
with performance in selected settings approaching that of 
expert gastrointestinal pathologists [23].

Comparison with Previous ML Models in IBD
Previous ML-based models in IBD have mainly focused on 
outcomes such as hospitalization, corticosteroid exposure, 
or long-term disease progression and have often used single-
modality inputs or lacked temporally distinct validation 
cohorts [3,5–7]. Although several studies have reported high 

Figure 3. Decision curve analysis of the multimodal model in the 
temporal validation cohort. The solid blue line represents the multi-
modal model, the dashed orange line the treat-all strategy, and the 
dotted green line the treat-none strategy. The multimodal model 
provided greater net benefit than the treat-none strategy across 
the evaluated thresholds and greater net benefit than the treat-all 
strategy across most clinically relevant threshold probabilities.
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discriminative performance in curated datasets, concerns 
regarding bias, limited generalizability, and insufficient 
validation have been repeatedly emphasized [9–11]. While 
the present study is likewise limited by its single-center 
design, it differs from many earlier reports by incorporating 
routinely collected multimodal clinical data and temporally 
distinct validation. In addition, all preprocessing, imputation, 
feature selection, and hyperparameter tuning were 
restricted to the development cohort before application 
of the locked pipeline to the validation cohort, reducing 
concern about data leakage. Direct comparison with 
unimodal models further demonstrated the added value 
of multimodal integration, with AUROC improvements 
ranging from 0.10 to 0.18. Consistent with this concept, 
a recently published multimodal deep learning model 
integrating histopathology, radiology, and clinical data 
achieved strong discriminative performance for treatment-
response prediction in CD [24].

Although higher AUROC values have occasionally been 
reported in highly selected cohorts or image-centric models, 
such performance may not be reproducible in heterogeneous 
real-world clinical settings [10]. The discriminative performance 
observed in the present study likely represents a pragmatic 
estimate of classification accuracy in routine IBD care.

Clinical Implications
Accurate identification of flare-related activity within the pre-
index window may support a more individualized approach 
to IBD management. Patients with a higher estimated 
probability of this activity may warrant closer reassessment, 
intensified biomarker monitoring, or earlier therapeutic 
review, particularly when residual inflammatory burden is 
suspected despite apparently mild clinical status [3,25,26].

The high NPV observed in the present study (89.1%) suggests 
that the model may be useful for identifying patients with 
a relatively low likelihood of flare-related activity. This may 
help guide clinical prioritization and resource allocation in 
routine practice. The moderate PPV (55.3%) likely reflects 
the modest event prevalence in the cohort and indicates 
that the model may be most appropriately interpreted as 
a supportive classification aid, rather than as a standalone 
trigger for treatment escalation.

Importantly, model evaluation should not rely on 
discrimination alone. In the present study, calibration 
analyses demonstrated good agreement between 
estimated and observed probabilities, and decision curve 
analysis suggested potential clinical utility across relevant 
threshold probabilities. Together, these findings support the 
potential role of the model as a clinical decision-support tool 
in settings where multimodal data are routinely available.

Limitations
This study has several strengths. It used a multimodal 
dataset derived from routine clinical care, included clinically 
relevant endoscopic and histopathological variables, and 
incorporated temporal validation in a distinct patient subset. 
The use of a pragmatic composite outcome also reflects 
clinically meaningful disease activity and escalation events. 
In addition, the analysis followed established reporting 
standards for observational studies (STROBE) and relevant 
reporting principles for model development (TRIPOD), 
strengthening transparency and reproducibility [15,16].

Nevertheless, several limitations should be acknowledged. 
First, the study was conducted at a single tertiary referral 
center, which may substantially limit generalizability 
to community-based practices or non-referral settings 
where endoscopic and histopathologic data are less 
uniformly available. Consequently, external validation in 
independent, geographically diverse cohorts remains an 
essential prerequisite before any consideration of broader 
clinical implementation. Second, the retrospective design 
introduces the possibility of incomplete recording, residual 
confounding, and selection bias. Third, the composite 
outcome, while clinically pragmatic, combines events of 
differing severity (treatment intensification, hospitalization, 
and surgery) and may be influenced by physician-
dependent decision-making. Future studies should 
include sensitivity analyses evaluating individual outcome 
components to better characterize model performance. 
Fourth, the pragmatic binary histological classification 
used for CD, although reflective of routine clinical practice, 
may not capture the full granularity of formal histological 
scoring systems [19,20]. Fifth, the model was developed 
using a pre-index 90-day assessment window and therefore 
should be interpreted as a classification tool for flare-related 
activity within a defined pre-index period rather than as a 
fully prospective long-term prediction model. Finally, the 
temporal validation cohort was relatively small (n=103), 
which may affect the stability of performance estimates; 
larger validation samples would provide more precise CIs 
around the reported metrics.

In addition, emerging data sources such as molecular 
biomarkers, microbiome profiles, and wearable-derived 
physiological data were not incorporated and may further 
improve performance in future multimodal frameworks 
[14,25].

Future Directions
Future studies should prioritize external validation across 
diverse healthcare systems and geographic settings, 
as emphasized in recent expert recommendations on 
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predictive modeling in IBD [11]. Further work is also 
needed to assess transportability, calibration updating, 
and integration into electronic health record-based 
clinical decision-support systems [27,28]. Future studies 
should also define clinically actionable probability 
thresholds and evaluate whether simplified or tiered 
implementation strategies improve feasibility across 
different care settings. Sensitivity analyses exploring 
individual components of the composite outcome and 
internal validation techniques such as bootstrapping 
would further strengthen confidence in model robustness. 
Prospective studies evaluating whether model-informed 
monitoring strategies can improve patient-centered 
outcomes would also be valuable.

Conclusion
In this retrospective cohort study, a multimodal ML model 
integrating routinely collected clinical, biochemical, 
endoscopic, histopathological, and patient-reported 
data demonstrated good performance in classifying 
flare-related activity within a defined pre-index 90-day 
window in patients with IBD. Its consistent superiority 
over unimodal approaches and good performance in a 
temporally distinct validation cohort support the value 
of multidimensional disease assessment. However, the 
single-center design, lack of external validation, and 
moderate PPV underscore that the model should currently 
be viewed as a supportive classification framework – 
particularly for identifying patients at lower likelihood of 
recent flare-related activity – rather than as a standalone 
treatment-directing tool. Prospective, multicenter 
external validation is required to define its eventual role 
in clinical decision-making.
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