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Background: Elderly chronic disease management is often complicated by multimorbidity and the need for lifelong polypharmacy,
yet poor adherence severely impedes progress. Existing studies mainly focus on exploring influencing factors of medication adherence,
while most predictive models lack model interpretability and rarely integrate psychological and social support factors for community
elderly populations. Predictive models identifying risk of adherence could enable proactive intervention.

Objective: To develop an interpretable machine learning prediction model that fills the above research gap to predict the medication
adherence of elderly patients with chronic diseases in China.

Methods: From January to December 2024, data were collected from chronic disease patients aged 60 years and older receiving
home-based medication therapy through face-to-face interviews conducted by pharmacists. Variables included demographic informa-
tion, comorbidities, chronic diseases and medications information, medication adherence, self-efficacy in rational drug use, medication
beliefs, social support, and medication literacy. The dataset was randomly divided into a training set and a test set at a 7:3 ratio.
Multivariate logistic regression analysis was performed on all data, and predictors were selected from the training set via the Least
Absolute Shrinkage and Selection Operator (LASSO). Six machine learning algorithms were applied in R software to develop
predictive models using the training set, and their performance was compared on the test set. The Shapley Additive Explanations
(SHAP) approach was used to interpret the optimal model.

Results: A total of 1722 patients were included in the statistical analysis. The gradient boosting machine (GBM) exhibited the best
predictive performance among the six models (AUC = 0.811, 95% CI 0.774-0.840), with its core predictors being self-efficacy in
rational drug use, medication practice, concern beliefs, and availability of social support. Through SHAP analysis, the interpretability
of the model was significantly enhanced, providing a clear decision-making basis for clinicians.

Conclusion: We constructed a prediction model for home medication adherence in elderly patients with chronic diseases, which
incorporates important social and psychological factors affecting patients’ adherence and provides robust evidence for developing
targeted interventions.
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Introduction

With global population aging, chronic diseases (eg., hypertension, diabetes, coronary heart disease) pose a major public
health challenge.' In China, accelerating population aging has led to a continuous rise in the number of chronic disease
patients. Multimorbidity and polypharmacy are becoming increasingly prevalent, making chronic diseases the primary
threat to residents’ health, accounting for over 80% of all deaths.'” While lifelong medication is essential, poor
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adherence affects approximately 50% of patients, leading to impaired disease control, higher hospitalization rates, and
increased medical costs.* Conversely, improved adherence correlates with better metabolic control, quality of life,
reduced complications, and lower hospitalization rates; indeed, each 10% increase in adherence is estimated to save
$450 per patient annually.>

Early prediction and targeted home pharmaceutical care are effective strategies to improve adherence.'® However,
given China’s 300 million chronic disease patients and the limited resources of home pharmacists, universal interventions
are costly, lack targeting, and result in a waste of scarce medical resources. Moreover, most previous studies relied on
post-hoc evaluations, missing the window for proactive intervention. Therefore, early identification of high-risk patients
is crucial for prioritizing resources and implementing timely care.

Psychosocial factors are modifiable predictors of medication adherence and can be targeted through interventions.
Beyond physiological characteristics, social support, self-efficacy, and medication literacy significantly influence adher-
ence behaviors.'' "'® Pharmacist interventions have been shown to improve these factors and subsequent adherence.'?

In the existing literature, multiple studies have investigated various factors influencing medication adherence in older
adults, including clinical characteristics, demographic attributes, and patients’ individualized attitudes toward drug
therapy.!”'? These studies have laid an important foundation for understanding medication adherence, yet they still
have notable limitations: most studies only employed univariate analysis or traditional statistical models, lacking
interpretable predictive tools that integrate psychosocial factors, which are key determinants of adherence behavior.

Machine learning (ML) offers a cost-effective approach to developing accurate predictive models.'’ Yet, existing
domestic models often suffer from small sample sizes, single-center limitations, and insufficient consideration of
psychosocial factors in Chinese elderly populations. To overcome these limitations, this study aimed to construct and
validate multiple machine learning models based on readily available clinical data. By integrating psychosocial factors
including self-efficacy and social support into the predictive framework, the models were applied to predict medication
adherence among community-dwelling older adults with chronic diseases in China. Furthermore, the optimal model was
selected, and Shapley Additive Explanations (SHAP) were adopted to interpret its prediction outputs.

Materials and Methods
Study Design and Ethics

This study was part of the National Natural Science Foundation of China (N0.72404196). A cross-sectional study was
conducted in central China, with the survey carried out from January 1 to December 31, 2025. Using a simple sampling
method, the sample size was determined based on a 90% power analysis. A total of 1880 patients participated in the
questionnaire survey. Prior to the study, informed consent was obtained from all participants. This survey was conducted
via face-to-face interviews, each lasting approximately 30 minutes. Given the large number of questions included in the
questionnaire, pharmacists communicated with patients using an electronic questionnaire during the interviews and were
responsible for recording the patients’ responses, so as to avoid respondent fatigue or incomplete answers. The overall length
of the questionnaire was manageable for participants and did not have a negative impact on the completion rate. The study was
approved by the Ethics Committee of Beijing Tiantan Hospital, Capital Medical University (Approval No. KY2024-408-02).

Data Sources and Participants
This study used a non-experimental, comparative, and predictive research design. The study population comprised
elderly patients with chronic diseases receiving long-term medication at home. The objectives were to identify key
psychosocial and clinical factors associated with medication adherence and to develop an optimal predictive model for
medication adherence.

Participants were recruited from 25 communities across five cities: Beijing, Guangzhou, Sanming, Zhengzhou, and
Kunming, between January 1 and December 31, 2025.

Inclusion criteria: Participants were eligible if they met the following criteria: (1) age>60 years; (2) diagnosed with at
least one of four chronic conditions: hypertension, type 2 diabetes mellitus, coronary heart disease, or stroke; (3)
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receiving long-term pharmacotherapy; (4) fully informed of the study objectives, willing to participate, and able to
provide written informed consent.

Exclusion criteria: Patients were excluded if they had psychiatric disorders, malignant tumors, significant hearing
impairment, or communication difficulties.

Recruitment and data collection: Convenience sampling was employed to recruit patients with chronic diseases from
various communities. Pharmacists involved in the study completed two rounds of standardised training prior to data
collection. Data were collected through structured face-to-face interviews: pharmacists administered the questionnaires
verbally, recorded patients’ responses, and subsequently submitted the completed forms.

Questionnaire Content

The survey comprised three major sections: (1) Clinical factors: type of chronic disease (hypertension, diabetes, coronary
heart disease, stroke and others), number of chronic conditions, disease duration, number of medications used, history of
adverse drug reactions, and achievement of treatment targets. (2) Demographic factors: age, sex, marital status, smoking and
alcohol use, living arrangement, employment status, educational level, monthly income, and method of medical payment. (3)
Psychosocial factors: medication-related self-efficacy, medication beliefs, social support, and medication literacy.

Instruments

Medication adherence: Measured using the sinicized Adherence to Refills and Medications Scale (ARMS).?® Sinicized by
two-way translation-back-translation, it is a self-reported scale. It showed good reliability (Cronbach’s a = 0.814) and
content validity (verified by experts).? This scale includes 12 items rated on a 4-point Likert scale (1 = never, 2 =
sometimes, 3 = often, 4 = always). Lower total scores indicate better adherence. A score <16 was classified as good
adherence, whereas a score >16 indicated poor adherence.

Self-efficacy: Assessed using the sinicized Self-efficacy for Appropriate Medication Use Scale (SEAMS).?! Sinicized
by the same method as ARMS, it is a self-reported scale. It had good reliability (Cronbach’s a = 0.89).>' The scale
consists of 13 items, each rated on a 10-point Likert scale (1 = not at all confident, 10 = completely confident). Higher
scores indicate greater self-efficacy in managing medication appropriately.

Social support: Evaluated with the sinicized Social Support Rating Scale (SSRS).** A mature self-reported scale
sinicized by standard translation- back- translation, it had good reliability (Cronbach’s a = 0.921).>? The scale comprises
10 items across three dimensions: objective support (3 items), subjective support (4 items), and utilization of support (3
items). Items 1-4 and 8—10 are scored on a 4-point scale, whereas items 5—7 are rated according to the number of support
sources reported. Total scores are classified as low (<22), moderate (23—44), or high (45-66), with higher scores
indicating stronger social support.

Medication Beliefs: Assessed with the sinicized 10-item Beliefs about Medicines Questionnaire (BMQ).* This scale has

shown good reliability in previous studies, with a reported Cronbach’s alpha coefficient of 0.738.%

The instrument comprises
two subscales: Necessity (5 items) and Concerns (5 items). Each item is rated on a 5-point Likert scale ranging from 1 (“strongly
disagree”) to 5 (“strongly agree”). Subscale scores range from 5 to 25, with higher scores indicating stronger beliefs in the
respective dimension. An overall medication-belief score was derived by subtracting the Concerns score from the Necessity
score (range: —20 to +20). Negative values indicate negative beliefs about medication, whereas higher (more positive) scores
indicate stronger positive beliefs.

Medication literacy: The questionnaire was adapted from the Chinese Medication Literacy KAP scale (KAP), with
further testing for reliability and validity.?* The adapted scale demonstrated excellent psychometric properties:
Cronbach’s a = 0.918 (>0.80, indicating high internal consistency), Kaiser-Meyer—Olkin (KMO) value = 0.938
(>0.80), and Bartlett’s test of sphericity was highly significant (p < 0.001), confirming robust construct validity. The
final KAP-based medication literacy scale consists of 41 items across three domains: medication-related knowledge,
attitudes, and practices. Higher total scores represent better medication literacy.
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Figure | Flowchart of the data preprocessing in the study.

Selection of Predictor Variables
The workflow of data preprocessing is shown in Figure 1. Ultimately, 1722 valid questionnaires were included in the
statistical analysis. The dataset comprising 1722 samples was randomly split into a training set (70%) and a test set (30%).
Optimal predictors were identified using the training set through a two-step process. First, multivariate logistic
regression analysis was first performed on the full dataset to screen for independent predictors of medication adherence;
Second, the Least Absolute Shrinkage and Selection Operator (LASSO) method was then applied exclusively to the
training set to further validate and refine the optimal predictor variables. Finally, the four variables consistently identified
by both methods were used to construct the prediction model, and the model’s discriminative ability, calibration, and
clinical utility were evaluated on the test set.

Machine Learning Modeling and Evaluation

The preselected features were input into six distinct machine learning (ML) models to ensure comprehensive and robust
evaluation of predictive performance: logistic regression (LR), support vector machine (SVM), decision tree (DT), light
gradient boosting machine (LGM), gradient boosting machine (GBM), and extreme gradient boosting (XGB). For each
model, Bayesian optimization was used to select hyperparameters, with the objective of maximizing the area under the
receiver operating characteristic curve (AUROC) on the training set to ensure optimal performance, and to enable valid
comparison of predictive performance on the test set.

All models underwent five-fold cross-validation to enhance robustness and reliability. The predictive performance of
each model was evaluated on the test set by plotting receiver operating characteristic (ROC) curves. Additionally,
decision curve analysis (DCA) and calibration curve analysis were conducted to assess the clinical utility and prediction
accuracy of the models, respectively.

The optimal model was selected based on AUROC values from the test set comparisons. Subsequently, SHAP method
was applied to interpret how individual features influence predictions of medication adherence within the optimal model.
As a model-agnostic interpretation tool, SHAP quantifies the contribution of each feature to generate both global (model-
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level) and local (individual-level prediction) explanations, thereby improving the model’s interpretability and clinical
applicability. >~

The training set was used for model development, and the test set for performance evaluation. The primary metric for
assessing discriminative ability was the AUROC on the test set. AUROC is a gold-standard method for evaluating
a model’s ranking ability, as it provides a threshold-independent measure of inherent discriminative power.>” Secondary
metrics included sensitivity, specificity, accuracy, recall, Fl-score, positive predictive value (PPV), and negative
predictive value (NPV) to comprehensively evaluate model performance. Calibration curves were plotted to assess

prediction accuracy, and DCA was performed to quantify clinical utility.

Statistical Analysis

All statistical analyses were conducted using R software (version 4.5.0). Sparse data issues were addressed by merging
categorical variables where necessary. Since some continuous variables violated the normality assumption (verified via
the Shapiro—Wilk test), non-parametric tests were used for between-group comparisons: the Mann—Whitney U-test was
applied for continuous variables, and the chi-square test (or Fisher’s exact test, as appropriate based on data distribution)
was used for categorical variables. All tests were two-tailed, and a P-value < 0.05 was considered statistically significant.

Results

Baseline Characteristics
Among the 1722 elderly patients, 799 patients showed good medication adherence. The mean age of the participants was 69.72 £
7.33 years, with 53.3% female and 83.4% married. With regard to educational level, 29.8% had primary education, 63.2% had
secondary education, and 7.0% had higher education. A total of 88.9% of patients received daily living care, and approximately
92.5% were unemployed. In terms of economic status, 57.4% were middle-income, 39.2% were low-income, and 3.4% were
high-income. The primary type of medical insurance was the basic medical insurance for urban employees (96.1%). The duration
of chronic disease exceeded 10 years in 43.3% of patients, and 77.4% of patients reported no adverse drug reactions (ADR).
Significant differences were identified between the good and poor adherence group in the following variables: BMI,
number of medications, necessity beliefs, concern beliefs, self-efficacy, subjective support, availability of support,
medication knowledge, medication attitude, medication practice, educational level, smoking status, monthly income
(CNY), and history of ADR. The demographic and clinical characteristics of patients with good and poor medication

adherence are summarized in Table 1.

Selection of Predictor Variables

Variables that were statistically significant and clinically meaningful in the univariate analysis were first included in the
multivariate unconditional logistic regression model. The results showed that several variables were independently
associated with the outcome (P < 0.05), as detailed in Table 2.

Subsequently, the LASSO algorithm was applied for further feature selection (Figure 2), which identified four key
variables as significant predictors of medication adherence (good vs. poor): Concern Beliefs, Self-efficacy, Availability of
Support, and Medication Practice.

To verify the consistency of the selection results, we compared the variables identified by multivariate logistic
regression and LASSO regression. This comparison revealed that all four core variables screened by LASSO were
included in the independent predictors derived from multivariate logistic regression, indicating high consistency between
the two methods.

Based on these four core variables jointly identified by the two methods, a final prediction model was constructed,
and the model’s discriminative ability, calibration, and clinical practical value were further evaluated in the test set.
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Table | Baseline Characteristics of All Included Patients Stratified by Medication Adherence Status (n=1722)

Variables Total (N=1722) | Good Adherence (N=799) | Poor Adherence (N=923) p
Age 69.72+7.33 69.86x7.17 69.61+7.47 0.478
Height 1.65+0.37 1.66+0.53 1.63£0.08 0.214
Weight 65.90+10.62 65.4710.71 66.28+10.52 0.116
BMI 24.60+3.45 24.38+3.39 24.79+3.49 0.014
Number_of_chronic_diseases 2.94+29.44 3.60+42.75 2.374£5.93 0.387
Number_of_medications 3.57+2.52 3.41£2.47 3.70£2.56 0.019
Necessity_Beliefs 19.06+4.41 19.90+4.61 18.341£4.09 <0.001
Concern_Beliefs 14.36+4.46 13.39+£4.95 15.20£3.79 <0.001
Self_efficacy_score 27.107.66 30.70+7.39 23.98+6.41 <0.001
Objective_support 8.31+2.51 8.38+2.44 8.24+2.56 0.272
Subjective_support 23.12+5.26 24.29+5.27 22.10+5.04 <0.001
Availability_of_support 7.61+2.38 8.19+2.54 7001201 <0.001
Medication_knowledge 92.12+19.56 97.45+20.08 87.50+17.86 <0.001
Medication_attitude 33.60+6.78 35.46x7.06 32.00+6.09 <0.001
Medication_practice 68.81+10.72 72.27%10.31 65.81+10.16 <0.001
Gender, n (%) 0.807
Male 805 (46.7%) 371 (46.4%) 434 (47.0%)

Female 917 (53.3%) 428 (53.6%) 489 (53.0%)

Marital_status, n (%) 0.492
Married 1436 (83.4%) 661 (82.7%) 775 (84.0%)
Widowed/Single/Divorced 286 (16.6%) 138 (17.3%) 148 (16.0%)
Educational_level, n (%) <0.001
Basic_education 513 (29.8%) 198 (24.8%) 315 (34.1%)
Higher_education 120 (7.0%) 56 (7.0%) 64 (6.9%)
Intermediate_education 1089 (63.2%) 545 (68.2%) 544 (58.9%)

Smoking_or_not, n (%) 0.037
No_smoking 1245 (72.3%) 597 (74.7%) 648 (70.2%)

Smoking_history 477 (27.7%) 202 (25.3%) 275 (29.8%)

Drinking_or_not, n (%) 0.441
Drinking_history 494 (28.7%) 222 (27.8%) 272 (29.5%)

No_drinking 1228 (71.3%) 577 (72.2%) 651 (70.5%)
Living_arrangement, n (%) 0.530
No_care 192 (11.1%) 85 (10.6%) 107 (11.6%)

With_care 1530 (88.9%) 714 (89.4%) 816 (88.4%)
Employment_status, n (%) 0.600
No_employment 1593 (92.5%) 742 (92.9%) 851 (92.2%)

Still_employed 129 (7.5%) 57 (7.1%) 72 (7.8%)
Monthly_income_CNY, n (%) <0.001
High_income 59 (3.4%) 38 (4.8%) 21 (2.3%)

Low_income 675 (39.2%) 282 (35.3%) 393 (42.6%)

Middle_income 988 (57.4%) 479 (59.9%) 509 (55.1%)
Reimbursement_type, n (%) 0.065
Basic_medical_insurance 1654 (96.1%) 760 (95.1%) 894 (96.9%)
Non_basic_reimbursement 68 (3.9%) 39 (4.9%) 29 (3.1%)
Course_of_chronic_disease, n(%) 0.272
Long_course 745 (43.3%) 362 (45.3%) 383 (41.5%)
Medium_long_course 463 (26.9%) 205 (25.7%) 258 (28.0%)

Short_course 514 (29.8%) 232 (29.0%) 282 (30.6%)

History_of ADR, n (%) <0.001
No_ADR 1333 (77.4%) 664 (83.1%) 669 (72.5%)

Yes_ADR 389 (22.6%) 135 (16.9%) 254 (27.5%)

Abbreviations: CNY, Chinese Yuan (¥); p, level of significance; ADR, adverse drug reactions; BMI, Body Mass In.
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Table 2 Binary Logistic Regression

Medication Adherence

Analysis of Factors Influencing

Variables B SE OR (95% CI) p
(Intercept) 5.823 | 0.799 | 338.078(70.592~1619.106) | 0.000
Educational_level

Basic_education Reference
Higher_education —0.301 | 0.341 0.740(0.379~1.445) 0.377
Intermediate_education | —0.285 | 0.183 0.752(0.525~1.077) 0.120
Smoking_or_not

No_smoking Reference
Smoking_history 0411 | 0.154 1.508(1.114~2.041) 0.008
Monthly_income_CNY

High_income Reference

Low_income 0.161 | 0.447 1.174(0.489~2.819) 0.719
Middle_income 0.299 | 0.422 1.349(0.590~3.082) 0.478
History_of_ADR

No_ADR Reference

Yes_ADR 0.209 | 0.168 1.232(0.887~1.712) 0.213
Necessity_Beliefs —0.023 | 0.017 0.977(0.945~1.011) 0.178
Concern_Beliefs 0.066 | 0.016 1.069(1.035~1.103) 0.000
Self_efficacy_score —0.104 | 0.011 0.901(0.881~0.922) 0.000
Subjective_support -0.018 | 0.015 0.982(0.954~1.011) 0.225
Availability_of_support | —0.099 | 0.033 0.906(0.850~0.966) 0.003
Medication_knowledge | —0.003 | 0.006 0.997(0.985~1.009) 0.622
Medication_attitude 0.013 | 0.017 1.013(0.980~1.047) 0.436
Medication_practice —0.037 | 0.008 0.964(0.949~0.978) 0.000

Notes: All models used binary logistic regression with AMRS as the dependent variable (binary

outcome).

Abbreviations: p, regression coefficient; SE, standard error; OR, odds ratio; 95% Cl, calculated
by the Wald method; p, level of significance; CNY, Chinese Yuan (¥); ADR, adverse drug
reactions; BMI, Body Mass Index.

Model Development and Validation
For model development and validation, the 1722 eligible participants were randomly divided into a training set (n=1205,

70%) and a test set (n=517, 30%). All final model predictors and medication adherence status (good/poor) were balanced

between the training set and the test set, as presented in Table 3.
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Figure 2 Feature selection based on the LASSO algorithm. (A) Selection of the tuning parameter (X) in the LASSO model via 10-fold cross-validation based on minimum
criteria. The optimal A value of 0.051. (B) The LASSO coefficient profiles of clinical features. (C) The coefficients of LASSO regression analysis.
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Table 3 Characteristics of the Predictors in the Training and Testing Sets

Variables Total (N=1722) | Testdata (N=517) | Triandata (N=1205) p
Age, Mean+SD 69.722+7.331 69.888+7.348 69.651+7.326 0.540
Height, Mean+SD 1.645+0.369 1.637+0.081 1.649+0.438 0.548
Weight, MeanSD 65.905+10.615 66.346x10.440 65.716+10.689 0.259
BMI, MeantSD 24.598+3.450 24.719+3.163 24.54613.566 0.341
Number_of _chronic_diseases, Mean+SD 2.938+29.437 2.1721.151 3.267+35.181 0.479
Number_of_medications, Mean+SD 3.566+2.518 3.625+2.297 3.540+2.608 0.523
Necessity Beliefs, Mean+SD 19.063+4.408 18.946+4.496 19.114£4.371 0.469
Concern_Beliefs, Mean+SD 14.363+4.460 14.186+4.259 14.439+4.543 0.280
Self_efficacy_score, Mean+SD 27.096+7.655 26.584+7.702 27.315+7.628 0.069
Objective_support, Mean+SD 8.307+2.508 8.414+2.529 8.261+2.498 0.245
Subjective_support, Mean+SD 23.120+5.259 22.897+5.268 23.216+5.254 0.250
Availability_of support, Mean+SD 7.614+2.382 7.588+2.385 7.625+2.382 0.768
Medication_knowledge, Mean+SD 92.117+19.557 91.089+19.031 92.558+19.770 0.153
Medication_attitude, Mean+SD 33.605+6.781 33.168+6.381 33.792+6.940 0.080
Medication_practice, Mean+SD 68.811+10.721 68.491x10.775 68.949+10.699 0417
Adherence_group, n (%) 0.468
Good 799 (46.4%) 233 (45.1%) 566 (47.0%)
Poor 923 (53.6%) 284 (54.9%) 639 (53.0%)
Gender, n (%) 0.381
Female 917 (53.3%) 267 (51.6%) 650 (53.9%)
Male 805 (46.7%) 250 (48.4%) 555 (46.1%)
Marital_status, n (%) 0.763
Married 1436 (83.4%) 429 (83.0%) 1007 (83.6%)
Widowed/Single/Divorced 286 (16.6%) 88 (17.0%) 198 (16.4%)
Educational_level, n (%) 0.697
Basic_education 513 (29.8%) 161 (31.1%) 352 (29.2%)
Higher_education 120 (7.0%) 34 (6.6%) 86 (7.1%)
Intermediate_education 1089 (63.2%) 322 (62.3%) 767 (63.7%)
Smoking_or_not, n (%) 0.335
No_smoking 1245 (72.3%) 382 (73.9%) 863 (71.6%)
Smoking_history 477 (27.7%) 135 (26.1%) 342 (28.4%)
Drinking_or_not, n (%) 0.279
Drinking_history 494 (28.7%) 139 (26.9%) 355 (29.5%)
No_drinking 1228 (71.3%) 378 (73.1%) 850 (70.5%)
Living_arrangement, n (%) 0.575
No_care 192 (11.1%) 61 (11.8%) 131 (10.9%)
With_care 1530 (88.9%) 456 (88.2%) 1074 (89.1%)
Employment_status, n (%) 0.650
No_employment 1593 (92.5%) 476 (92.1%) 1117 (92.7%)
Still_employed 129 (7.5%) 41 (7.9%) 88 (7.3%)
Monthly_income_CNY, n (%) 0.735
High_income 59 (3.4%) 15 (2.9%) 44 (3.7%)
Low_income 675 (39.2%) 204 (39.5%) 471 (39.1%)
Middle_income 988 (57.4%) 298 (57.6%) 690 (57.3%)
Reimbursement_type, n (%) 0.083
Basic_medical_insurance 1654 (96.1%) 503 (97.3%) 1151 (95.5%)
Non_basic_reimbursement 68 (3.9%) 14 (2.7%) 54 (4.5%)
Course_of_chronic_disease, n (%) 0.103
Long_course 745 (43.3%) 208 (40.2%) 537 (44.6%)
Medium_long_course 463 (26.9%) 156 (30.2%) 307 (25.5%)
Short_course 514 (29.8%) 153 (29.6%) 361 (30.0%)

(Continued)
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Table 3 (Continued).

Variables Total (N=1722) | Testdata (N=517) | Triandata (N=1205) P
History_of _ADR, n (%) 0.199
No_ADR 1333 (77.4%) 390 (75.4%) 943 (78.3%)

Yes_ADR 389 (22.6%) 127 (24.6%) 262 (21.7%)

Note: Data are presented as mean * standard deviation or number (%).
Abbreviations: CNY, Chinese Yuan (¥); p, level of significance; ADR, adverse drug reactions; BMI, Body Mass Index.

The discriminative ability of the six ML models in the training set was evaluated using AUROC, with results shown
in Figure 3A. Among the six models, the XGB model exhibited the highest discrimination, with an AUC of 0.850 (95%
CI: 0.829-0.871). The LGB model followed closely (AUC=0.845, 95% CI: 0.824-0.867), while the GBM model had an
AUC of 0.843 (95% CI: 0.821-0.865). The SVM model had an AUC of 0.813 (95% CI: 0.789-0.837), and the LR and
DT models had the lowest AUC values, at 0.792 (95% CI: 0.767-0.817) and 0.769 (95% CI: 0.743—0.796), respectively.

The AUROC values of the six models in the test set (used for external validation) are shown in Figure 3B. In contrast
to the training set results, the GBM model showed the highest discrimination in the test set, with an AUC of 0.811 (95%
CI: 0.774-0.840). The XGB model followed closely (AUC=0.806, 95% CI: 0.768-0.843), and the LGB model had an
AUC 0f 0.802 (95% CI: 0.765-0.840). The SVM model had an AUC of 0.792 (95% CI: 0.753—0.831), while the DT and
LR models had the lowest AUC values, at 0.767 (95% CI: 0.726-0.808) and 0.763 (95% CI: 0.722—0.804), respectively.

Table 4 presents the detailed prediction performance of the 6 machine learning (ML) models in the test set. The GBM
model achieved the highest AUC of 0.811 (95% CI: 0.774—-0.840), while the LR model had the lowest AUC of 0.763
(95% CI: 0.722-0.804). Regarding other key performance indicators, the DT model exhibited the best sensitivity (0.877),
the LGB model had the best specificity (0.768), and the XGB model showed the highest accuracy (0.743). Figure 3C
shows the calibration curves of all prediction models in the training set, while the calibration curves of the prediction
models in the test set are presented in Figure 3D. The LGB model exhibited the best calibration performance in the
test set.

DCA was performed to evaluate the clinical benefit of each prediction model, with DCA curves in the training set
shown in Figure 3E and those in the test set presented in Figure 3F. In the test set, the effective threshold range of the DT
model was approximately 0-0.76, which was significantly narrower than that of the GBM (0-0.88), XGB (0-0.87), LGB
(0-0.87), SVM (0-0.87), and LR (0-0.85) models. Additionally, within the test set, in the threshold range of 0-0.11, the
net benefits of all six models were completely consistent (net benefit=0.4992 for all models at a threshold of 0.1),
indicating no significant difference in net benefits across models within this range; Within the threshold range of
0.7-0.85, the DCA curves of the GBM (net benefit: 0.1509 at 0.7, 0.1257 at 0.8), XGB (net benefit: 0.1373 at 0.7,
0.1257 at 0.8), LGB (net benefit: 0.1567 at 0.7, 0.1335 at 0.8), and SVM (net benefit: 0.1567 at 0.7, 0.1335 at 0.8) models
partially overlapped, with differences in net benefits ranging only from 0.0032 to 0.0194, also indicating no significant
differences in net benefits among these models within this range.

Comprehensively considering the AUROC (primary discriminative indicator), sensitivity, and specificity (secondary
performance indicators), the gradient boosting machine (GBM) model performed optimally and was thus identified as the
best model for predicting medication adherence in community-dwelling elderly individuals.

SHAP-Based Model Interpretation

To intuitively present the selected variables, SHAP was used to illustrate how these features predict medication
adherence in community-dwelling elderly individuals in the GBM model (Figure 4). Figure 4A presents the four features
ranked by their mean absolute SHAP values, where a higher mean absolute SHAP value indicates a greater contribution
to the risk of medication adherence. Figure 4B illustrates the impact values and interpretations of these features, with
yellow dots representing high risk and purple dots representing low risk. Self-efficacy Score, Medication Practice,
Concern Beliefs, and Availability of Support were associated with a higher risk of medication non-adherence in
community-dwelling elderly patients with chronic diseases. In addition to the global SHAP interpretation, the local
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Abbreviations: GBM, gradient boosting machine; LR, logistic regression; SVMs, support vector machines; XGBoost, extreme gradient boosting; LGB, Light Gradient
Boosting Machine; DT, Decision Tree.

10 https:

Patient Preference and Adherence 2026:20



Zhang et al

Table 4 The Performance of 7 Machine Learning Models for Predicting Medication Adherence Among
Community-Dwelling Older Adults

Model AUC (95% CI) Sensitivity | Specificity | F|-score | Accuracy | PPV | NPV | Recall
Training set

LR 0.792(0.767-0.817) 0.750 0.693 0.742 0.723 0.734 | 0.71 0.75
DT 0.769(0.743-0.796) 0.858 0.610 0.779 0.741 0.713 | 0.791 | 0.858
GBM 0.843(0.821-0.865) 0.778 0.753 0.779 0.766 078 | 075 | 0.778
XGB 0.850(0.829-0.871) 0.817 0.724 0.793 0.773 0.77 | 0.778 | 0.817
LGB 0.845(0.824-0.867) 0.723 0.797 0.760 0.758 0.801 | 0.718 | 0.723
SVM 0.813(0.789-0.837) 0.808 0.678 0.772 0.747 0.739 | 0.757 | 0.808
Testing set

LR 0.763(0.722-0.804) 0.704 0.665 0.711 0.687 0.719 | 0.649 | 0.704
DT 0.767(0.726-0.808) 0.877 0.554 0.782 0.731 0.705 | 0.787 | 0.877
GBM 0.811(0.774-0.848) 0.736 0.704 0.744 0.721 0.752 | 0.686 | 0.736
XGB 0.806(0.768-0.843) 0.799 0.674 0.773 0.743 0.749 | 0.734 | 0.799
LGB 0.802(0.765-0.840) 0.665 0.768 0.717 0.712 0.778 | 0.653 | 0.665
SVM 0.792(0.753-0.831) 0.789 0.639 0.757 0.721 0.727 | 0.713 | 0.789

Abbreviations: UPRC, area under the precision recall curve; PPV, positive predictive value; NPV, negative predictive value; LR, logistic
regression; DT, Decision Tree; GBM, gradient boosting machine; XGB, extreme gradient boosting; LGB, LGM; SVM, support vector
machine.

interpretability of the GBM model was also verified, which could explain the contribution of each feature to the
medication adherence prediction result of individual patients. Figure 5 visualizes how the GBM model predicts
medication adherence in community-dwelling elderly patients with chronic diseases; yellow arrows indicate features
that increase the risk. The f(x) values inside the arrows quantify the contribution of each feature, and the sum of these

values yields the final prediction result of the model, which is represented by the f(x) value outside the arrows.

Discussion
In this study, we aimed to construct and compare multiple ML models to predict medication adherence among
community-dwelling elderly patients with chronic diseases. We first identified statistically significant variables using

multivariate logistic regression, followed by feature selection via the LASSO regression. Ultimately, four core predictors
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Figure 4 Interpretation of the gradient boosting machine (GBM) model by the Shapley Additive Explanations (SHAP) method. (A) A bar summary of the most important
features according to the SHAP values. (B) Summary and explanation of the most influential features. Yellow dots indicate high-risk values, and purple dots indicate low-risk
values.
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Figure 5 Compositional risk of feature contributions for predicting the occurrence of medication adherence. Purple arrows denote factors that decrease the risk of
medication adherence, while yellow arrows indicate features that increase the risk.

were identified: the self-efficacy score, medication practice, concern beliefs, and availability of support. Based on these
four variables, we developed and validated six ML prediction models, including GBM, XGB, and LGM. The results
demonstrated that the GBM model achieved the highest predictive performance (AUC = 0.811 in the test set) and
favorable clinical utility, as evaluated by DCA curves. Furthermore, we quantified the contribution of each feature to the
prediction results using SHAP analysis, and found that the self-efficacy score and medication practice were the two most
critical factors influencing medication adherence.

Comparison with Prior Work
An increasing number of studies have demonstrated that medication adherence among community-dwelling elderly
individuals represents a complex, multifaceted issue influenced by a diverse array of factors, including demographics,
psychosocial aspects, clinical characteristics, and medication-related attributes. Previous research has identified numer-
ous risk factors associated with non-adherence, such as patients’ age, gender, educational level, attitudes toward
medications, beliefs about drug therapy, and social support networks.'”'®?%2° However, the majority of these studies
remain primarily confined to the identification of risk factors, failing to fully leverage these factors to construct effective
predictive models for identifying high-risk populations. Traditional statistical approaches, such as multivariate regression
models, exhibit inherent limitations when addressing complex nonlinear relationships within high-dimensional datasets.*
In contrast, machine learning methodologies offer distinct advantages in tackling such intricate problems, enabling the
automatic extraction of complex patterns and relationships within the data.>' 3

Traditional methods usually employ a single approach (eg., regression models) to select predictors, whereas
combining multiple feature selection techniques may yield simplified models with higher generalization ability.*> The
key advantage of this study is that we not only compared the performance of multiple machine learning models but also
combined traditional multivariate logistic regression with advanced LASSO regression for feature selection, thereby

1.° The four core predictors we screened including

ensuring the simplicity and generalization capability of the final mode
self-efficacy score, medication practice, concern beliefs, and availability of support are highly consistent with the
conclusions of existing studies, which further verifies the importance of these factors in the prediction of medication

adherence.’’ >’

Interpretation of Core Predictors

Although an increasing number of ML-based clinical prediction models are being developed, most studies lack the
interpretability of these models, which limits their clinical understanding and practical adoption. The interpretability of
ML predictions requires the urgent attention of researchers, so that clinicians can understand, trust, and ultimately apply
these prediction models to guide their clinical practice.**** This study revealed the specific impact of each predictor on
medication adherence through SHAP analysis. Self-efficacy was the most important predictor, and a lower self-efficacy
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score was associated with a higher risk of medication non-adherence. This is consistent with the results of numerous
studies, indicating that patients’ confidence in their ability to perform medication-taking behaviors is crucial for
adherence to treatment.*’ Patients with high self-efficacy are more confident in coping with complex medication
regimens, managing drug side effects, and proactively overcoming difficulties encountered during medication
administration.'***

Medication literacy is the foundation of safe and rational medication use and has also been recognized as an
important factor affecting adherence.*> Medication practice was the second most important predictor. Medication
practice refers to patients’ actual medication-taking behaviors, such as whether they take medications on time and
in the correct dosage, and whether they adjust medications in accordance with medical advice, which is the most
direct external manifestation of medication adherence. A study by Tang et al showed that medication practice scores
are associated with medication adherence.*® Standardized medication practice can not only better control the
disease but also enhance patients’ confidence in treatment, forming a positive cycle. The results of this study
showed that patients with low medication practice scores had a significantly higher risk of medication non-
adherence.

Concern beliefs were also identified as an important predictor. Excessive worries about drug side effects, the long-
term safety of medication, or potential drug dependence can lead to hesitation or even refusal to take medication, thereby
reducing medication adherence.*’ This aligns with our findings that higher concern beliefs are associated with poorer
medication adherence.

Finally, availability of support was also confirmed to be associated with medication adherence. Support from family,
friends, or the community can help patients better understand and implement medication regimens, remind them to take
medications on time, thereby improving medication adherence. A study of 259 patients in a cardiology clinic of
a university hospital in Turkey found that medication adherence increased positively with the increase of social support
in hypertensive patients.*® Patients with low support utilization may develop dependence when facing excessive help,
which weakens their motivation for self-management, while those with high support utilization may accurately call on
resources to form a “reminder—feedback—reinforcement” loop.

Importance of Model Interpretability

Although machine learning (ML) models generally outperform traditional statistical models in terms of predictive
performance, their “black-box” nature often limits their clinical acceptance and practical application. To address this
issue, we employed the SHAP method to interpret our optimal GBM model. SHAP values quantify the marginal
contribution of each input feature to an individual prediction, thereby revealing the model’s decision-making process
at both the global and local levels. Through SHAP analysis, we not only confirmed the importance ranking of the four
core variables but also visually demonstrated the specific direction and extent of each variable’s influence on prediction
results across different value ranges. This transformed the model’s predictions from abstract probability values into
interpretable, clinically meaningful explanations that can be understood and trusted by clinicians, thereby significantly
enhancing the clinical utility and operability of our model.

Clinical Implications and Future Perspectives

The GBM prediction model constructed in this study has promising clinical application prospects. As a clinical decision
support tool, this model can help healthcare providers quickly identify high-risk patients with poor medication adherence,
thereby enabling timely implementation of targeted intervention measures, such as strengthening medication education,
providing medication reminder services, and optimizing social support. These interventions are expected to improve
patients’ medication adherence and ultimately enhance treatment outcomes.

In view of the favorable predictive performance of the GBM model (AUC = 0.811), we further formulated targeted
and operable communication recommendations for physicians and pharmacists according to the four core influencing
factors identified in this study: self-efficacy, medication practice, concern beliefs, and availability of support. Combined
with real-world medication counseling experience in community clinical and pharmacy settings, we summarized concise
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and patient-oriented communication examples to assist frontline medical staff in conducting individualized health
education and adherence interventions for elderly patients, as detailed below:

Self-Efficacy

You are fully capable of managing your daily medication schedule. We can help you develop a regular medication
routine. Sticking to standardized medication will effectively control your chronic condition, and you can gradually build
stable confidence in long-term medication management.

Medication Practice

Please take your medicine at a fixed time and exact dosage as recommended. Do not skip, reduce or discontinue
medication without medical advice. Standard daily medication behavior is essential for stable disease control and long-
term health maintenance.

Concern Beliefs About Medicines

All prescribed medications are tailored to your personal physical condition. The clinical benefits of sustained regular
medication far outweigh the risk of minor side effects. Unnecessary worries or deliberate refusal to medication should be
avoided.

Awvailability of Support
You may actively rely on family members and community resources for medication reminding and daily care. Making
full use of the availability of support around you can greatly help you maintain persistent and good medication
adherence.

In the future, we plan to develop this model into a user-friendly online assessment tool or embedded application,
which will be integrated into hospital information systems to realize real-time dynamic assessment and early warning of
patients’ medication adherence risk.

Limitations

This study has several limitations. First, this is a cross-sectional study, and the generalizability of the study results may be
limited. Larger-scale, multi-center prospective studies are needed for external validation to confirm the applicability of
our findings. In addition, the participants enrolled in this study were aged 60 years and older, which conforms to the age
classification standard for older adults in China; however, the sample was recruited from limited regional areas and
cannot fully represent the nationwide elderly population aged 65 years and above across all geographical regions of
China. Therefore, caution should be exercised when extrapolating the present findings to a broader national population.
Second, the data on medication adherence and related variables used in this study mainly relied on patient self-reported
questionnaires, which may be subject to recall bias and social desirability bias, thereby affecting the accuracy of the data.
In addition, our model only included demographic and psychosocial characteristics. Future studies may consider
incorporating more clinical variables and objective measurement indicators to further improve the predictive performance
of the model.

Conclusions

In summary, this study successfully constructed and validated a gradient boosting machine (GBM)-based prediction
model for medication adherence among community-dwelling elderly patients with chronic diseases. This model can
effectively predict the risk of medication non-adherence in patients, with its core predictors being self-efficacy,
medication practice, concern beliefs, and availability of support. Through SHAP analysis, the interpretability of the
model was significantly enhanced, providing clinicians with a clear basis for clinical decision-making. This model is
expected to be widely applied in clinical practice, offering strong support for improving medication management and
health outcomes in community-dwelling elderly patients with chronic diseases.
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