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Abstract

Obijective: To develop a clinical prediction model for nonadherence to biologic therapy in patients with ulcerative colitis (UC)
using machine learning techniques, and to assess its predictive accuracy to guide clinical interventions. Methods: A total of 221
UC patients who initiated biologic therapy between December 2023 and February 2025 at our hospital were included in this
study. Data on 15 variables, such as age, sex, disease duration, and other clinical factors, were collected. Medication adherence
was measured using the proportion of days covered (PDC), with a PDC >80% considered indicative of good adherence. The
Support Vector Machine (SVM) and Boruta algorithms were employed to identify key predictors. A multivariate logistic
regression model was developed using the intersection of factors identified by both algorithms. Model performance was
evaluated using the C-index, ROC curve, calibration curve, decision curve analysis, and validation with the K-nearest neighbor
(KNN) algorithm. Results: Of the 221 patients, 82 (37.1%) were categorized into the nonadherence group. Following factor
selection, insurance status, depression level, education level, disease activity, and age were identified as significant predictors of
nonadherence. The model demonstrated a C-index of 0.779, and the ROC curve showed an area under the curve (AUC) of 0.78.
Calibration curve analysis revealed good model consistency, and KNN validation yielded high precision with an AUC of 0.9978
and a PR AUC of 0.9963. Conclusion: The developed prediction model for medication nonadherence in UC patients
demonstrates robust predictive and calibration capabilities. This model may aid healthcare professionals in identifying high-risk
patients and supporting timely clinical interventions.
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1. Introduction

Ulcerative colitis (UC) is a chronic condition characterized
by diffuse inflammation of the rectal and colonic mucosa. In

63.6 per 100,000 individuals [1, 2]. The peak onset of UC
occurs between the ages of 30 and 40 years [3]. Due to its

95% of cases, UC affects the rectum, and it may extend to the
more proximal parts of the colon. The hallmark symptom of
UC is bloody diarrhea. The incidence of UC varies widely
between 0.5 and 31.5 per 100,000 people, depending on the
population and region, with rates in Asia ranging from 5.3 to

unclear etiology, high recurrence risk, poor prognosis, impact
on daily work, and diminished quality of life, UC presents a
significant clinical challenge.

Nonadherence to medication refers to the behavior of dis-
continuing treatment within the prescribed period [4]. The
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consequences of nonadherence are numerous, including dis-
ease relapse, worsening symptoms, increased morbidity, and
even mortality. Multiple factors influence medication non-
adherence, such as socioeconomic status, medication dosage,
side effects, income, and educational level. Given the multi-
tude of factors influencing nonadherence, the development of
accurate predictive tools and early interventions may be one
of the most effective methods to improve adherence [5].

This study aims to develop an effective and simple predic-
tive tool to assess the risk of nonadherence to biologic therapy
in UC patients using machine learning techniques.

2. Materials and Methods

2.1. Study Population

A total of 221 UC patients who started biologic therapy
between December 2023 and February 2025 at our hospital
were included in the study. All enrolled patients were newly
initiated on medication therapy. Inclusion criteria: (1) diag-
nosis according to the American College of Gastroenterology
(ACG) 2019 guidelines for UC [6]; (2) basic literacy skills
and effective communication; (3) signed informed consent.
Exclusion criteria: (1) severe psychiatric disorders or demen-
tia; (2) comorbid malignant tumors; (3) history of allergy to
the prescribed medication. This clinical study was approved
by the Hospital Ethics Committee (Approval No.
GCYY202301005).

2.2. Methods

Data collected included patient age, disease duration, sex,
smoking and drinking habits, insurance status, monthly in-
come, education level, disease activity, medication frequency,
anxiety and depression scores, physician-patient trust, and
family medical history. Physician-patient trust was assessed
using the Chinese version of the Wake Forest Physician Trust
Scale [7], while anxiety and depression were measured using
the Hamilton Anxiety and Depression Scales [8, 9]. Disease

activity was assessed by erythrocyte sedimentation rate (ESR).

After the first treatment, follow-up was conducted by phone
or WeChat at 1 week, 1 month, 2 months, and 6 months, to
assess adverse drug reactions (e.g., skin rashes, liver or kidney
dysfunction, injection site reactions, and infections). A total
of 15 variables were considered as potential predictors.

Medication adherence was evaluated using the proportion
of days covered (PDC) [10]. A PDC greater than 80% was
considered good adherence [11]. Follow-up visits were con-
ducted at 1, 2, and 6 months to monitor adherence, with PDC
calculated from prescription records.

2.3. Statistical Analysis

Data were input and cross-checked using Microsoft Excel,
with any missing values exceeding 50% removed. KNN im-
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putation was applied to continuous variables (age, disease
duration) and random forest imputation was used for cate-
gorical variables (insurance status, education level). This
hybrid approach aimed to preserve data distribution patterns
while minimizing bias..

Factor transformation was performed before analysis. Age
was categorized into <50 years (0) and >50 years (1); sex was
coded as male (0) and female (1); smoking and drinking his-
tory was coded as absent (0) or present (1); insurance status
was coded as 0 (no insurance) and 1 (insured); income was
divided into <5000, 5000-10000, and >10000 RMB, and
coded as 0, 1, and 2, respectively; education level was cate-
gorized as <middle school (0), high school (1), and college or
higher (2). Disease activity was categorized based on ESR,
with values <20 mm/H (0), 20-60 mm/H (1), 60-100 mm/H
(2), and >100 mm/H (3). Medication side effects were coded
as absent (0) or present (1), and medication frequency was
coded as 1 (once per month), 2 (twice per month), or 3 (more
than twice per month). Anxiety and depression scores were
categorized based on the Hamilton scales. Family medical
history was coded as absent (0) or present (1).

SVM and Boruta algorithms were used for feature selection.
SVM analysis was performed using the e1071 package in R,
with a linear kernel and a penalty factor (C) set to 0.1. The
Boruta algorithm was run with a maximum of 60 iterations
and a doTrace parameter of 2. The final predictive model was
built using multivariate logistic regression and visualized
using a nomogram.

2.4. Model Evaluation

Model performance was assessed using the C-index, ROC
curve, calibration curve, and decision curve analysis. KNN
algorithm validation was performed to verify model accuracy,
with performance metrics including ROC AUC, PR AUC,
confusion matrix, accuracy, sensitivity, specificity, F1 score
and 5-fold cross-validation.

3. Results

3.1. Feature Selection and Model Construction

A total of 221 patients were included, with 139 in the ad-
herence group and 82 in the nonadherence group (37.1%).
The Boruta algorithm identified five factors: education level,
insurance status, depression level, disease activity, and age.
The SVM algorithm identified seven factors, including
smoking history and medication frequency. The intersection
of factors identified by both methods led to the inclusion of
insurance status, depression level, education level, disease
activity, and age in the predictive model (Figure 1). A mul-
tivariate logistic regression model was constructed using
these five factors, and the results were visualized using a
nomogram (Figure 2).
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Figure 1. Key Gene Selection (A. SVM-REF B. Boruta).
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Figure 2. Nomogram of medication Nonadherence.

3.2. Model Performance Evaluation

The C-index of the model was 0.779, indicating good dis-
crimination. The calibration curve showed excellent con-
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sistency (Figure 3A). The ROC curve revealed an AUC of
0.78, suggesting high accuracy (Figure 3B). The decision
curve analysis indicated that approximately 90% of patients
would benefit without compromising other patients' outcomes
(Figure 4).
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Figure 3. Clinical decision curve and ROC curve of the model.
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Figure 4. Clinical decision curve.

3.3. KNN Algorithm Validation

The KNN algorithm validation showed an ROC AUC of
0.9978 and a PR AUC of 0.9963, demonstrating high preci-
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sion (Figure 5). The confusion matrix results showed a true
positive rate (TPR) of 0.987, a true negative rate (TNR) of
0.968, accuracy of 0.968, and an F1 score of 0.958 (Figure 6).
Five-fold cross-validation confirmed the model's robustness
(ROC >0.9; Figure 7).
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Figure 5. Verifying the prediction ability of the model by the KNN algorithm.
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4. Discussion

Machine learning has been increasingly applied in the
prediction of chronic diseases, identification of disease risk
factors, and forecasting treatment outcomes. Several research
teams have developed risk prediction models for inflamma-
tory bowel disease (IBD) using gene expression datasets and
machine learning (ML). For instance, in a cross-sectional
study by Isakov et al., which involved 180 patients with
Crohn’s disease (CD), 149 patients with ulcerative colitis
(UC), and 90 healthy controls, random forest (RF) and sup-
port vector machine (SVM) algorithms were used to classify a
set of 16,390 genes from microarray and RNA-seq datasets.
Their IBD risk prediction model demonstrated an area under
the curve (AUC) of 0.829, with sensitivity, specificity, and
accuracy values of 0.577, 0.880, and 0.808, respectively [12].
This study, in contrast, employed various machine learning
methods to identify multiple factors and construct a clinical
prediction model specifically for non-adherence to biologic
therapy in UC patients, with the aim of precisely identifying
those at risk of poor adherence and enabling timely interven-
tions. Validation of this model showed good predictive and
calibration capabilities, as evidenced by the C-index, ROC
curve, precision-recall (PR) curve, and other performance
measures..

The developed non-adherence prediction model can assist
clinicians in identifying UC patients at high risk for
non-adherence. This study revealed that 37.1% of UC patients
did not adhere to their prescribed medication regimen. Key
risk factors for non-adherence were found to include health
insurance status, depression levels, education level, disease
activity, and age. Jackson et al. demonstrated that psycho-
logical distress, such as depression, anxiety, psychiatric di-
agnoses, or chronic perceived stress, negatively affects med-
ication adherence in UC patients [4]. A study by Xu et al.
indicated that in IBD patients, medication frequency signifi-
cantly impacted the Morisky score, with patients taking
medications four times a day scoring lower than those with
once-daily dosing. More frequent dosing was thus associated
with lower adherence [13]. Age was also found to be a sig-
nificant factor in adherence, with an Italian study confirming
that non-adherence was notably higher in patients under 40
years old (P=0.041) [14]. Economic factors, such as the cost
of treatment and lack of medical insurance, also play a crucial
role in medication adherence. Financial pressures and medi-
cation costs often compel patients to make difficult decisions
regarding the timing and frequency of their medication. Edi-
ger et al. identified medical costs as the most common barrier
to medication adherence in a study of 326 newly diagnosed
Canadian IBD patients, with 25% of respondents citing fi-
nancial constraints as a significant obstacle to continuing
treatment [15]. Kane further noted that as IBD progresses,
adherence rates tend to decrease, and non-adherence in hos-
pitalized and outpatient IBD patients is closely linked to high
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medical costs [16].

Previous studies have also demonstrated the impact of
medication adherence on disease activity in UC patients. In a
retrospective study, Robinson et al. reported that the risk of
disease relapse was significantly higher among non-adherent
patients compared to those who adhered to treatment (odds
ratio [OR] = 1.44, 95% confidence interval [CI] = 1.08-1.94;
P = 0.014) [17]. Additionally, a study by Mood et al. found
that non-adherence or discontinuation of sulfasalazine treat-
ment increased the risk of colorectal cancer. Among 152
patients, five of the 16 non-adherent individuals developed
colorectal cancer [18]. This finding was further supported by
Eaden et al., who conducted a case-control study of 102 UC
colorectal cancer cases. They found that patients receiving
routine mesalazine treatment (>1.2 g/day) had an 81% lower
risk of developing colorectal cancer compared to untreated
patients (P = 0.006) [19].

5. Conclusion

In conclusion, the predictive model developed in this study
for nonadherence to biologic therapy in ulcerative colitis (UC)
patients demonstrates robust predictive accuracy and calibra-
tion capabilities, providing a valuable tool for clinicians to
identify high-risk patients and implement early interventions.
Machine learning was prioritized over traditional regression for
feature selection due to its ability to capture non-linear rela-
tionships and complex interactions among variables (e.g., syn-
ergistic effects between depression severity and socioeconomic
factors), which are often overlooked by linear regression
frameworks. However, several limitations should be
acknowledged. First, the model was derived from a sin-
gle-center cohort in China, which may limit its external gener-
alizability due to region-specific healthcare policies and soci-
oeconomic factors. Multicenter and cross-cultural validations
are essential to confirm its applicability in diverse populations.
Second, the exclusion of comorbid conditions and dynamic
treatment response indicators might have omitted potential
predictors. Additionally, while the model integrates machine
learning for feature selection, its logistic regression framework
may oversimplify complex interactions among variables.

Future research should prioritize the integration of re-
al-time adherence monitoring technologies, such as electron-
ic pill monitors or mobile health platforms, to dynamically
track behavioral patterns and enhance model precision. Ad-
ditionally, international multicenter validation is critical to
evaluate the model’s robustness across diverse healthcare
systems and socioeconomic contexts. Further exploration of
hybrid methodologies that synergize machine learning with
causal inference frameworks could refine the balance be-
tween predictive power and clinical interpretability. Through
iterative refinement, this model has the potential to evolve
into a versatile decision-support tool for personalized ulcera-
tive colitis management.
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uc Ulcerative Colitis

ESR Erythrocyte Sedimentation Rate
ROC  Receiver Operating Characteristic
SVM  Support Vector Machine

KNN K- Nearest Neighbor
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