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Objectives: Predicting adherence to immunosuppressive medication (IM) is important

to improve and design future prospective, personalized interventions in Chinese renal

transplant patients (RTPs).

Methods: A retrospective, multicenter, cross-sectional study was performed in 1,191

RTPs from October 2020 to February 2021 in China. The BAASIS was used as the

standard to determine the adherence of the patients. Variables of the combined theory,

including the general data, the HBM, the TPB, the BMQ, the PSSS and the GSES, were

used to build the models. The machine learning (ML) models included LR, RF, MLP, SVM,

and XG Boost. The SHAP method was used to evaluate the contribution of predictors to

predicting the risk of IM non-adherence in RTPs.

Results: The IM non-adherence rate in the derivation cohort was 38.5%. Ten predictors

were screened to build the model based on the database. The SVM model performed

better among the five models, with sensitivity of 0.59, specificity of 0.73, and average

AUC of 0.75. The SHAP analysis showed that age, marital status, HBM-perceived

barriers, use pill box after transplantation, and PSSS-family support were the most

important predictors in the prediction model. All of the models had good performance

validated by external data.

Conclusions: The IM non-adherence rate of RTPs was high, and it is important to

improve IM adherence. The model developed by ML technology could identify high-risk

patients and provide a basis for the development of relevant improvement measures.
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INTRODUCTION

Over past decades, with improved immunosuppressive therapy
and surgical techniques, improvements in graft survival have
been achieved in the early-post transplantation phase (1–3).
However, successful long-term kidney graft outcomes remain
suboptimal. The therapeutic regimens of renal transplant patients
(RTPs) typically involve taking various prescribed medications
per day, including immunosuppressive medication (IM). They
need to receive immunosuppressant therapy for as long as
their grafts continue to function. Successful long-term kidney
graft outcomes remain suboptimal, with IM non-adherence
considered as an important contributing factor. Nevertheless,
non-adherence is common, occurring in 23.21–44.2% of Chinese
renal transplant recipients in our previous studies (4–6). IM non-
adherence is a major issue among transplant recipients that can
lead to misdiagnosis, rejection, graft loss or death.

Recently, a few studies have explored the risk prediction of
medication non-adherence in this field. Several theories/models
have been formulated to help predicting and understanding
medication adherence. Our previous studies illustrated that
perceived seriousness and barriers were closely associated with
immunosuppressive adherence, utilized the Health Belief Model
(6). Attention is attracted by potentially modifiable factors, such
as social support, experiences on dialysis, side effects, features
of the treatment regimen, intentions and beliefs, forgetfulness
and mental health issues, playing greater roles than other
factors in the development of medication non-adherence of
renal transplant receipts (7). Nevertheless, few models were
well-suited to identifying all of the factors that contribute
to non-adherence to a prescribed medical regimen as crucial
as immunosuppressive therapy, and each has limitations. For
example, the theory of planned behavior (TPB), a successful
psychosocial-cognitive model for predicting a wide range of
health-related behaviors, has been proposed to add variables,
such as past behavior, to enhance the prediction (8). Therefore,
we favor a combined model based on our previous studies to
reflect the multilevel approach to medication non-adherence.
A combined theory model with medication non-adherence has
received little attention in transplantation.

Machine learning (ML), which itself is a subset of a broader

universe of computational learning in artificial intelligence,

is now embedded in many aspects of health care processes,

including biomedical research and health care delivery (9,
10). There were already some good examples of using
ML technology to build accurate prediction models in the
medical field. Compared to traditional statistical methods,
ML has more advantages in the ability to identify variables
related to clinical outcomes, to predict performance, to
manage complex relationships between variables and to process
big data (11–13). Prediction models for nephropathy and
renal transplantation outcomes based on ML are rapidly
emerging. Such models, if adequately reported, could guide
treatment decision-making, predict adverse outcomes, and
streamline perioperative health care management (14–16).
The application of ML technology in medicine behavior
monitoring is promising, and it could help us to better

understand the complexity of behaviors and intentions related to
IM adherence.

This study aimed to examine the correlation between variables
of the combined theory and non-adherence behavior in RTPs.
In particular, ML techniques were used to build the models
and identify the variables most relevant to non-adherence. The
results provided predictive models that using clinically available
variables to identify at-risk patients and find potential directions
for interventions.

METHODS

Study Population
Renal transplant recipients attending the transplantation follow-
up outpatient clinic at the Third Xiangya Hospital (Changsha,
Hunan Province, China) and five other transplantation
outpatient clinics (Chenzhou First People’s Hospital, the Second
Xiangya Hospital, Yueyang First People’s Hospital, the Second
AffiliatedHospital of South ChinaMedical University and Yiyang
Central Hospital, Hunan Province, China) had postsurgery times
of at least 3 months. The enrollment of RTPs in the derivation
cohort and validation cohort is shown in Figure 1. Finally, 1,011
patients were enrolled in the derivation cohort, and 180 patients
were enrolled in the validation cohort between October 2020 and
February 2021. This study followed the tenets of the Declaration
of Helsinki and was approved by the Ethics Committee of the
Third Xiangya Hospital (2019-SS161), Changsha, China. Written
informed consent was obtained from all of the study participants.

Study Design
When patients came for follow-up visits, physicians in
the outpatient clinic invited them to participate in this
study. Interested patients would guide by a research
nurse. Patients who met the inclusion criteria received
an informed consent form during the consultation with
the nurse. In order to improve participants’ enthusiasm
in filling out the questionnaire, patients were given a free
copy of the book Kidney Transplant Patient Management
Manual in appreciation of their participation after completing
the questionnaire.

Questionnaire Quality Control
We controlled the quality of questionnaire collection from three
aspects as shown in the Figure 1.

(1) First of all, we selected patients strictly according to
the inclusion and exclusion criteria. In derivation cohort, we
recruited 1,237 patients who met the inclusion criteria, and
excluded 53 patients who did not meet the inclusion criteria
(such as age < 18 year, multiple transplantation). (2) Secondly,
we controlled the questionnaire filling process strictly. In
derivation cohort set, we collected questionnaires from 1,237
patients. Before the formal study, we invited two postoperative
patients, one medical student and one preoperative patient
to complete the questionnaire independently, with an average
completion time of 6min and 48 s. Those questionnaires that
took <25% of the average completion time were rejected
(N = 89). Interference questions were added to the scale
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FIGURE 1 | The enrollment of patients in the derivation cohort and validation cohort.

TPB and PSSS, and the questionnaires with contradictory
answers would be removed (N = 80). At the same time, the
outpatient doctors and nurses answered the questions during the
questionnaire filling process. (3) Finally, we carefully checked
whether the questionnaire was filled in completely, and deleted
incomplete questionnaires (N = 57) in derivation cohort. The
collection of questionnaires in the validation cohort followed the
same process.

Instruments
In our study, a total of seven questionnaires were included.

General Data Questionnaire
Participants’ demographic characteristics were collected
from follow-up data (follow-up system in each center),
including age, sex, body mass index (BMI), marital status,
work, religion, education, household income, preoperative
drinking history, time after transplantation and organ source.
Supplementary Information including past behavior about
taking medicines and adverse reactions during the medication
period was also collected.

Basel Assessment of Adherence to
Immunosuppressive Medications Scale
BAASIS is a self-report questionnaire developed by the Leuven-
Basel Adherence Research Group (17). We examined two
dimensions of IM non-adherence in the questionnaire in the past
4 weeks: implementation and discontinuation. Implementation
was assessed by four questions (dose taking, drug holidays,
timing deviation more than 2 h from the prescribed time, and
dose reduction). Discontinuation was assessed by one question
(completely stopping medication intake). Any question option
that was not “No” or “None” was determined as non-adherence.
The scale was translated into Chinese by Shemesh, Y. The

Cronbach’s α coefficient was 0.70, and the retest reliability was
0.96 (18).

Health Belief Model
The researcher developed this study questionnaire based on the
Rosenstock’s Health Belief Model, which has been validated in
Chinese hypertension patients (19). It contains the following
four aspects: perceived susceptibility regarding self-awareness
of infection and medication adverse reaction (three items);
perceived seriousness regarding individual awareness of impact
of rejection, infection and other complications and their survival
(four items); perceived benefits of adherence to treatment
with IM regarding subjective beliefs about whether better
adherence lowers the possibility of complications (four items);
and perceived barriers to adherence regarding the adverse effects
of medication and some living conflicts (four items). Each item
on the immunosuppressive medication belief questionnaire was
structured using a 5-point Likert scale ranging from 1 (strongly
disagree) to 5 (strongly agree). For the perceived barriers, the
scaling was the opposite of that of the other constructs. The
reliability of each questionnaire was tested using Cronbach’s α.
The range of Cronbach’s α amongChinese patients was 0.77–0.90.

Theory of Planned Behavior
We adapted the TPB questionnaire initially developed and
validated in kidney transplant patients by Chisholm et al. (20).
The Chinese version of the TPB has been validated in Chinese
kidney transplant patients (21). The questionnaire explored
attitudes (twelve items), perceived behavioral control (two items),
subjective norms (five items), intentions (two items) and past
behavior (two items). Evidence for the reliability and predictive
validity of the TPBmodel has been provided by numerous studies
(22, 23). The Cronbach’s α of each variable was 0.87, 0.86, 0.76,
0.83, and 0.82 (8).
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TABLE 1 | Patient characteristics (N = 1,011).

Characteristics N (%) Characteristics N (%)

Age (y) 18–20 18 (1.8) Household income (RMB) ≤3,000 380 (37.6)

21–30 116 (11.5) 3,000–5,000 329 (32.5)

31–40 343 (33.9) >5,000 302 (29.9)

41–50 336 (33.2) Time after transplantation (month) ≤6 102 (10.1)

≥ 51 198 (19.6) 6–12 120 (11.9)

Sex Male 569 (56.3) 12–36 355 (35.1)

Female 442 (43.7) ≥36 434 (42.9)

BMI <18.5 154 (15.2) Organ source DCD 870 (86.1)

18.5–24 610 (60.3) Relative donor 141 (13.9)

24–28 207 (20.5) Drug side effects before transplantation No 541 (53.5)

>28 40 (4.0) Yes 470 (46.5)

Work Yes 430 (42.5) Preoperative medication reminder method No 126 (12.5)

No 581 (57.5) Yes 885 (87.5)

Education ≤Secondary school 266 (26.3) Use pill box before transplantation No 558 (55.2)

High school 344 (34.0) Yes 453 (44.8)

College degree or above 401 (39.7) Drug side effects after transplantation No 319 (31.6)

Marital status Unmarried 188 (18.6) Yes 692 (68.4)

Married 719 (71.1) Postoperative medication reminder method No 62 (6.1)

Divorced/Widowed 104 (10.3) Yes 949 (93.9)

Religion No 933 (92.3) Use pill box after transplantation No 383 (37.9)

Yes 78 (7.7) Yes 628 (62.1)

Preoperative drinking history No 596 (59.0)

Yes 415 (41.0)

RMB, Chinese Yuan Renminbi; DCD, Donation after Cardiac death. The DCD classification in our study was based on The Chinese classification standard, not the international

classification standard.

Beliefs About Medication Questionnaire
The BMQ was used to evaluate the IM beliefs of renal transplant
patients. It was developed by Horne regarding medicine use by
patients with chronic diseases, such as the qualitative interview
summary of belief, which has been widely used abroad (24). The
scale was translated into Chinese in 2013 by Lv and was used
to evaluate medication non-adherence among elderly patients
with depressive disorder. The scale consists of four subscales
(specific necessity, specific concerns, general harm and general
overuse), for a total of 18 items. All of the items are scored on a
5-point Likert scale from “very inconsistent” to “very consistent”,
and medication belief is calculated as the difference between the
specific necessity and specific concerns scales, with a range of
−20 to +20. A positive score indicates that the patients rated
their beliefs in the necessity of taking medications higher than
concerns about the medication and vice versa. The Cronbach’s α

coefficient of the scale was 0.65 (25).

Perceived Social Support Scale
Perceived social support was measured by the PSSS, which was
validated in the Chinese context by Li et al. (26) and Zimet
et al. (27). The PSSS is a 12-item self-report scale that assesses
perceived support arising from three dimensions, namely family
support (e.g., “I get the emotional help and support I need from
my family”), friend support (e.g., “I can count on my friends
when things go wrong”), and others support (e.g., “There is a
special person in my life who cares about my feelings”). Each

item is scored on a seven-point scale ranging from 1 (completely
disagree) to 7 (completely agree). Total scores can range from
12 to 84, with higher scores indicating greater perceived social
support. Cronbach’s α of the PSSS was 0.921 (28).

General Self-Efficacy Scale
The GSES was originally developed by Schwarzer and Aristi
and has mainly been used to measure confidence in the face
of difficulties and setbacks (29). The Chinese version of the
GSES was developed by Wang et al. (30). The 10-item scale only
includes one dimension, and each item is scored on a 4-point
Likert scale from 1 (not true at all) to 4 (exactly true). The GSES
score is the sum of all of the items divided by the number of items,
and the higher that the score is, the stronger that self-efficacy is.
The Cronbach’s α of the scale was 0.87, the retest reliability was
0.83, and the half reliability was 0.90 (30).

ML Model Building
A total of five ML models were developed in our study,
including logistic regression (LR), random forest (RF), multilayer
perceptron (MLP), support vector machine (SVM) and eXtreme
Gradient Boosting (XGBoost). The parameters from the
combined theory, which was introduced as above, were used
as independent variables to predict immunosuppression non-
adherence in kidney transplant recipients. The syntheticminority
oversampling technique (SMOTE) method was adopted to solve
the problem of unbalanced classification of patient data samples.
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TABLE 2 | Adherence to IM measured by BAASIS.

Item number No. (%)

1A Taking non-adherence: Yes/No 218 (21.6) / 793 (78.4)

1 occasion 166 (16.4)

2 or more occasions 52 (5.2)

1B Drug-holidays: Yes / No 122 (12.1) / 889 (87.9)

1 occasion 94 (9.3)

2 or more occasions 28 (2.8)

2 Timing adherence: Yes/No 281 (27.8) / 730 (72.2)

1 occasion 151 (14.9)

2–3 occasions 98 (9.7)

4–5 occasions 15 (1.5)

Every 2–3 days 14 (1.4)

Almost every day 3 (0.3)

3 Dose-alteration: Yes/No 62 (6.2) / 949 (93.8)

4 Discontinuation Yes/No 33 (3.3) / 978 (96.7)

K-fold cross validation (k = 5) was adopted to find the
optimal hyperparameters. After five rounds of training/validation
rotation, the average sensitivity, specificity, accuracy, positive
predictive value (PPV), negative predictive value (NPV) and
area under the curve (AUC) were calculated to compare the
performance of different ML models. All of the ML models were
built with Python software, version 3.6, and theML library scikit-
learn. The SHapley Additive exPlanations (SHAP) method was
used to evaluate the contribution of predictors to predicting the
risk of immunosuppressant medication non-adherence in RTPs.

Statistical Analysis
The sociodemographic characteristics were analyzed using
descriptive statistics. Categorical variables were summarized
using numbers or percentages. Statistical analysis was performed
using SPSS software, version 20.0 (SPSS, Inc., Chicago, Ill,
United States).

RESULTS

Characteristics of the Participants
In the training model, a total of 1,237
questionnaires were distributed, of which 1,011
were analyzed, yielding a response rate of 81.7%.
The distribution of the general data is shown in
Table 1.

The IM Non-adherence in the Participants
In general, 389 of the 1,011 participants (38.5%) were determined
to have IM non-adherence over the last 4 weeks according
to the BAASIS results, the details of which are shown in
Table 2. Specifically, missing the prescribed medication time
was the most common cause of IM non-adherence, which
had the highest rate of 27.8%. Among patients, 14.9 and 9.7%
missed the medication time 1 time and 2–3 times over the
last 4 weeks, respectively. The second most common cause
was missing one dose of IM, with a rate of 21.6%. 3.3% of

TABLE 3 | Predictors’ assignment of ML of RTPs’ medication adherence.

Predictors Assignment

Medication adherence Adherence = 1; Non-adherence = 2

Age (y) 18–20 = 1; 21–30 = 2; 31–40 = 3;

41–50 = 4; ≥51 = 5

Marital status Unmarried = 1; Married = 2;

Divorced/Widowed = 3

Household income (Yuan) ≤3,000 = 1; 3,000–5,000 = 2;

>5,000 = 3

Time after transplantation (m) ≤6 = 1; 6–12 = 2; 12–36 = 3; ≤36

= 4

Drug side effects before

transplantation

None = 1; 1type = 2; 2types = 3;

3types = 4

Drug side effects after transplantation None = 1; 1type = 2; 2types = 3;

3types = 4; 4types = 5; 5types = 6

Use pill box after transplantation No = 1; Yes = 2

TBP-attitudes Continuous value

PSSS-family support Continuous value

HBM-perceived barriers Continuous value

the participants completely stopped the intake of IM without
doctors’ advice.

ML Models to Predict IM Non-adherence
A total of five ML models, including LR, RF, MLP, SVM,
and XGBoost, were developed to predict IM non-adherence
based on the variables of the combined theory. The method of
recursive feature elimination (RFE), a feature selection algorithm
to iteratively remove irrelevant features based on the model
performance on the cross-validation result, was used to identify
the most relevant features to build ML models. After screening, a
total of 10 features were selected to build MLmodels: age, marital
status, HBM-perceived barriers, use pill box after transplantation,
PSSS- family support, drug side effects before transplantation,
TPB attitudes, time after transplantation, household income
and drug side effects after transplantation, the assignments of
predictors showed in Table 3.

The performance of the MLmodels is shown in Table 4. All of
the models had good performance in predicting non-adherence,
and their AUCs were all >0.70 (Figure 2). Among them, the
SVMmodel had the greater AUC of 0.750.The formulation of the
SVM model was as follows: Sign (−0.559006 ∗age + −0.295894
∗Marital status + −0.277909 ∗ HBM-perceived barriers +

−0.073360∗ Use pill box after transplantation + −0.272830
∗ PSSS-family support + 0.236412 ∗Drug side effects before
transplantation + −0.077296 ∗TBP-attitudes + 0.202987∗Time
after transplantation+ 0.192931∗ Household income+ 0.064712
∗Drug side effects after transplantation+−0.530045).

Validation by External Data
We recruited 180 other patients as external data to validate the
performance of the ML models. Detailed information about the
patients is shown in the Supplementary Data. All of the ML
models except for XGBoost had good prediction performance,
with AUCs >0.6. The details of other models are shown in
Table 5. The SVM model had the greater AUC of 0.668, and the
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TABLE 4 | The performance of the ML models in predicting IM non-adherence.

Model Sensitivity Specificity ppv npv Accuracy roc_auc

LR 0.66 0.72 0.60 0.77 0.69 0.742

SVM 0.59 0.73 0.58 0.75 0.68 0.750

MLP 0.63 0.73 0.59 0.76 0.69 0.749

RF 0.55 0.82 0.66 0.75 0.72 0.739

XGBoost 0.57 0.76 0.60 0.74 0.69 0.710

FIGURE 2 | The ROC curves and average AUC of the ML models. (A) The logistic regression (LR) model. (B) The multilayer perceptron (MLP) model. (C) The random

forest (RF) model. (D) The support vector machine (SVM) model. (E) eXtreme Gradient Boosting (XGBoost). ROC curve, receiver operating characteristic curve. AUC

area under the curve.

sensitivity, specificity, PPV, NPV and accuracy were 0.62, 0.66,
0.53, 0.74 and 0.64, respectively.

Further Explanation of the Prediction
Model
To better explain the effects of predictors of the prediction
model, the SHAP method was used to evaluate the importance
of predictors. The application of SHAP method was based on
derivation set. The Figure 3 showed the SHAP values for each
feature plotted for each sample. Each line represented a feature,
and the abscissa is the SHAP value. A dot represented a sample,
and the ordinate represented feature value (red is high, blue is
low). From Figure 3, we can see that age, marital status, HBM-
perceived barriers, use pill box after transplantation, PSSS-family
support, and TPB-Attitudes had negative effects on predicting the

risk of medication non-adherence, and drug side effects before
transplantation, time after transplantation, household income,
and drug side effects after transplantation exerted positive effects
on predicting the risk of medication non-adherence.

To make it easier to understand, SHAP provided another
way to calculate the importance of features, that was to take
the average value of the absolute value of SHAP value of each
feature as the importance of the feature, and get a standard bar
graph (Figure 4). The blue bar was the negative influence and
the red bar was the positive influence (It needs to be explained
here that themeaning of positive influence and negative influence
depends on our assignment, and the specific assignment is shown
inTable 3). In Figure 4, the top five factors predictingmedication
non-adherence were age, marital status, HBM-perceived barriers,
use pill box after transplantation, and PSSS-family support, with
the mean values of 0.07, 0.06, 0.04, 0.03, and 0.03, respectively.
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TABLE 5 | The performance of the ML models validated by the external data.

Model Sensitivity Specificity PPV NPV Accuracy roc_auc

LR 0.51 0.63 0.46 0.68 0.59 0.630

SVM 0.62 0.66 0.53 0.74 0.64 0.668

MLP 0.59 0.63 0.49 0.71 0.61 0.641

RF 0.43 0.78 0.54 0.69 0.64 0.636

XGBoost 0.57 0.47 0.40 0.65 0.51 0.552

FIGURE 3 | The SHAP values of predictors.

DISCUSSION

Renal transplantation is the most effective treatment for end-
stage renal disease. IM non-adherence is one of the main
reasons for transplant renal failure (7, 31). Medicine taking
among transplant recipients is a complex and ubiquitous task
with significant impacts on outcomes (32). Among solid organ
transplant patients, renal transplant patients had the highest
IM non-adherence, ranging from 20 to 70% (6, 17, 33–36). In
this study, the IM non-adherence of the patients was 38.5%,
and taking IM more than 2 h before or after the recommended
dosing time in the last 4 weeks was the most common issure
of IM non-adherence, which occurred at a rate of 27.8%. This
result was similar to the results of our previous study (5), which
also suggested that the problem of medication non-adherence in
RTPs remains serious, especially not taking medication on time.
Therefore, there is an urgent need to predict the risk factors

for IM non-adherence and to undertake targeted intervention
methods to improve the situation. Targeting of patients who are
at risk for non-adherence to IM and provide them with focused
interventions could help to improve kidney transplant outcomes
in this high-risk group.

In recent years, numbers of studies have been published
discussing the factors that influence medication non-adherence
among RTPs. Two systematic reviews summarized the risk
factors associated with medication non-adherence in RTPs,
including five categories: social and economic factors; therapy-
related factors; patient-related factors; condition-related factors;
health care team and system-related factors (7, 37). In our study,
a total of 10 features (age, marriage status, HBM-perceived
barriers, and so on) were screened out and included in the
classification. Although the factors have been discussed, many
studies still failed to evaluate how risk factors can be utilized to
predict the risk of non-adherence behavior. A study conducted in
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FIGURE 4 | The rank of the SHAP values of predictors.

99 US-based transplant centers showed that 71.1% of health care
professionals acknowledged not having a prospective medication
non-adherence screening protocol, and little is known about
strategies currently utilized by transplant centers to monitor
or manage this issue (38). To solve this common problem,
some scholars have attempted to establish predictive models
of non-adherence in patients after kidney transplantation, such
as HBM and TPB models (5, 8, 20, 39). However, models
currently constructed has several limitations, such as insufficient
coverage variables, inability to quantify risk prediction, inability
to be directly applied to clinical practice, and only providing
theoretical reference value. Therefore, it is necessary to establish
a more ideal prediction model of drug disobedience in patients
after kidney transplantation with the help of stronger calculation
methods, according to the requirements of the prediction model.
Our study aimed to assess multiple ML technologies and screen
out a model that could be better used to predict patient non-
adherence risks.

Compared with models in previous studies, the model
constructed in this study had better performance in four aspects.

(1) Methodology. ML methods have advantages in addressing
non-linear relationships betweenmany risk factors and outcomes
compared to traditional logistic regression analysis. Based on
machine learning technology, five models were established, and
the models were evaluated and compared. The final results
showed that the SVM model best predicted IM use among
RTPs, and the calculation equation was given. SVM aims
at finding the best hyperplane to divide feature spaces for
different categories with the maximum margin. It can be
used for classification, regression and outlier detection. The

model is efficient in high-dimensional spaces and robust against
imbalances of categories. (2) Data processing. In the data
preprocessing stage, we adopted SMOTE to augment the positive
samples and create new synthetic patients with medicine non-
adherence to balance the training dataset and increase it variety
and to improve the prediction accuracy using positive samples.
In the factor screening process, we adopted recursive feature
elimination (RFE), a feature selection algorithm, to iteratively
remove irrelevant features from the dataset based on the model
performance of the cross-validation result. Finally, we selected
the most relevant features on average for each model. (3)
Practicality. The SVM model yielded the calculation equation,
and the specific risk prediction value could be calculated through
the input variables to quantify the risk prediction. To better
reflect this model, we used the SHAP method to rank the
importance of risk factors. According to the SHAP value,
the main factors affecting the medication adherence of renal
transplant recipients were age and marital status, followed by
HBM-perceived barriers, use pill boxes after transplantation, and
family support.

From the model, the younger that the age was, the higher
that the risk of non-adherence was. Many studies have suggested
that younger age is a risk factor for non-adherence (37, 40,
41). Older patients face issues, such as comorbidities, physical
limitations and social isolation, that can lead to two contradictory
outcomes: non-adherence or better awareness of their limits and
closer attention paid to drug regimens and medical follow-up
(41). Ladin et al. indicated that marital status was associated
with clinical outcomes (42). Our study revealed that unmarried
recipients were at higher risk of medication non-adherence
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after transplantation, which might have been due to the lack
of family member-based supervision. In our study, lower
levels of perceived barriers to taking IM remained significant
predictors of better IM adherence, consistent with our previous
study (6). RTPs who did not use a pill box were at higher
risk of non-adherence, which could be lead to medication
omission and incorrect dosage. Through a literature review,
we found that this factor rarely appeared in other studies.
Renal transplant patients often need to take multiple drugs
in different ways. The design of the pill box considers the
functions of portability and separation. It can remind patients
to take medicine on time with the correct dosage and help
them to establish a good habit of taking medicine to improve
their medication adherence (43). The patients with lower family
support were at greater risk of non-adherence. Emotional
support and daily support provided by family members could
reduce the incidence of forgetfulness and improve IM among
RTPs. Chisholm-Burns et al. noted a positive association between
greater family support and adherence, consistent with our
findings (44).

The established prediction model must be applied in clinical
practice to realize application value. Our results could help
medical institutions to predict the risk of non-adherence
among RTPs and provide direction for the development of
appropriate interventions. On the one hand, risk factors
for non-adherence can also be divided into modifiable and
non-modifiable risk factors in our study, which are of key
importance when attempting to resolve non-adherence. For
non-modifiable factors, such as patient-related factors (age,
marriage status, household income), we can target patients with
these characteristics and monitor medication adherence earlier.
Modifiable risk factors, such as HBM-perceived barriers and TPB
attitudes, can be modified by providing education about the
need for such medications and medication-taking self-efficacy.
On the other hand, we could develop an online evaluation tool
based on the SVM model with the best prediction effect and
apply the ML predictive model to practice in the future. It
allows patients and doctors to use it anytime and anywhere,
with a friendly interface. No registration or login password is
required, which could greatly relieve doctors’ work pressure
and strained medical resources. For patients with a higher
predicted risk, interventions can be introduced to reduce the risk
in advance.

CONCLUSION AND IMPLICATIONS

In summary, it was necessary to improve the IM adherence
of RTPs. Ten risk predictors, such as age and marital status,
were screened to predict the risk of IM among RTPs.
Through ML, we built an SVM model that could better
predict the risk of IM non-adherence, which could guide
our clinical practice and help us to quickly identify high-
risk patients. For modifiable risk predictors, future studies
could undertake corresponding intervention measures to reduce
the incidence of non-adherence. Unmodifiable risk predictors
could help us to identify risk groups earlier and undertake
interventions early.

LIMITATIONS

The highlights of the study include the processing of a larger
sample size, screening for risk factors and building of a prediction
model based on ML. Admittedly, the current study still has some
limitations that should be considered as follows. (1) The sample
size calculation was absent, which might have led to systematic
errors. System error, it is a kind of random error, as a result of
sample is non-random. As our data from six transplant centers,
distribution in the two cities, sample source areas and places
are based on the available resources, rather than random access,
although large sample data can reduce the system error, but
is unable to avoid. (2) The questionnaires used in our study
were self-reported, and the results might have been affected by
the patients’ subjective judgment. (3) Randomization was not
employed in the selection of participants, and selection bias
might have impacted the outcomes of this study.
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