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Abstract

Objective: In multi-ethnic Malaysian populations, understanding and improving medication adherence in arthritis patients is
crucial for enhancing treatment outcomes. Non-adherence, whether intentional or due to complex factors, can lead to severe
long-term consequences such as increased disability and disease progression. This study analysed and predicted Malaysian
arthritis medication adherence using 13 machine learning models.

Methods: A majority of 151 responders (82.1%) were female and 58.3% had comorbid illnesses. Notably, 90.07% of respon-
dents were non-adherence to their prescription, with significant differences by occupation and aids in medication. This
study’s machine learning models perform better with recursive feature elimination for feature selection. Key variables
included occupation, presence of other diseases, religion, income, medication aid, marital status, and number of medica-
tions taken per day. These variables were used to build predictive models for medication adherence.

Results: Results from machine learning algorithms showed varied performance. Support vector machine, gradient boosting,
and random forest models performed best with AUC values of 0.907, 0.775, and 0.632 utilizing all variables. When using
selected variables, random forest (AUC= 0.883), gradient boosting (AUC= 0.872), and Bagging (AUC= 0.860) performed
best. Model interpretation using SHapley Additive exPlanations analysis identified occupation as the most important variable
affecting medication adherence. The study also found that unemployment, concomitant disease, income, medication aid
type, marital status, and daily medication count are connected with non-adherence.

Conclusion: The findings underscore the multifaceted nature of medication adherence in arthritis, highlighting the need for
personalized approaches to improve adherence rates.
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Introduction
Arthritis is a chronic disease that causes one’s joints to
inflame and swell, and more than 350 million people
were affected by arthritis globally.1 Osteoarthritis was
found to be the most prevalent type compared to the
others.2 Most types of arthritis do not directly cause mortal-
ity immediately; however, the condition may deteriorate
and worsen patients’ conditions and putting them at risk.
Arthritis can be treated with medications such as anti-
inflammatories or steroids, treatment, or surgery, depending
on the type and severity.3

To effectively treat arthritis, patients must adhere to their
medication regimens, also known as medication adherence.
Failure to adhere to medication or non-adherence may
worsen the condition resulting in severe long-term conse-
quences, such as renal failure in lupus patients or flares
and increased disability in rheumatoid arthritis (RA)
patients.4 Medication adherence, as defined by the World
Health Organization, refers to the extent to which an indivi-
dual’s actions align with the prescribed guidelines provided
by a healthcare professional.5 Adherence refers to the col-
laborative effort between the patient and physician to
enhance the patient’s health by incorporating the physi-
cian’s medical advice with the patient’s lifestyle, values,
and care preferences.6 Non-adherence to medication
occurs when a patient does not start, starts late, does not
follow their dose schedule, or stops too soon.7,8

Non-adherence can also come from patient rejection or
unintended factors including socioeconomic concerns,
medical issues, or treatment complexity.9

In Malaysia, data has shown that non-adherence among
chronic disease patients was around 50% with hypertension
and hyperlipidaemia as significant co-morbidities in almost
70% of the arthritis patients.10 The treatment goal and
approach should focus on providing symptom relief to
effectively manage the patient’s uncomfortable or distres-
sing symptoms. The pharmacological approach to treating
different types of arthritis varies based on the condition.11

For osteoarthritis, first-line treatments include NSAIDs
and acetaminophen for pain relief, with more severe cases
potentially requiring corticosteroid injections or hyaluronic
acid. In RA, disease-modifying anti-rheumatic drugs
(DMARDs) such as methotrexate are the standard treatment,
with biologic agents like TNF inhibitors added for patients
with more severe or unresponsive symptoms. Similarly, in
psoriatic arthritis, DMARDs and biologics are the primary
treatments, with NSAIDs used for milder symptoms.
Biologic therapies that target specific inflammatory pathways
are often prioritized in more advanced cases of RA and psori-
atic arthritis. Managing arthritis requires a long-term commit-
ment as patients negotiate the difficulties of symptomatic
treatment. That is why it is important to investigate the
complex perspectives and beliefs of arthritis patients facing
the continuous demands of arthritis management.

The cause of non-adherence in these patients was also due
to complexity in taking multiple medications and in certain
cases due to drug-related problems.12 Understanding the
cause of non-adherence is crucial. Sociodemographic infor-
mation, patient factors such as drug beliefs and attitudes, dis-
eases, therapies, the doctor–patient relationship, and social
healthcare context interaction were found to be among the
determining factors.13

Patients’ perceptions about medicines were found to be
one of the most well-studied factors that lead to non-
adherence to medications.14 Patients’ understanding of
their health condition and therapy may affect their belief
about disease and treatment.12 The Beliefs about
Medicines Questionnaire (BMQ) was found to influence
non-adherence.15 The BMQ reflects chronic disease
patients’ medication perception.5 The questionnaire
explores general view of medications and beliefs and
divides medicine beliefs into general (Overuse and Harm)
and specific (Necessity and Concerns) categories.

Conventional statistical analysis is commonly used to
determine the adherence of arthritis patients.16–18 Recently,
machine learning has been utilized in the pharmaceutical
field to extract information and uncover correlations in
data, one of which is determining patient adherence to
drugs and treatments for various disorders. Desai et al.19

employed Logistic Regression to predict medication adher-
ence in fibromyalgia patients, with an area under the ROC
curve (AUC) of 0.62. Recurrent Neural Network also
demonstrated high accuracy in predicting drug adherence
in individuals with RA.20 However, due to the black box
nature of machine learning methods, integrating machine
learning models in pharmaceutical datasets is difficult. To
circumvent the black box characteristics of machine learning
algorithms, explainable machine learning, the SHapley addi-
tive exPlanations (SHAP), a model-independent local
explain ability, can be utilized.21

Yet, to the best of our knowledge, there are not many
studies discussing the application of machine learning
approaches to discover factors associated with medication
adherence in arthritis patients in general. Adherence
failure leads to poor clinical outcomes; therefore, identify-
ing individuals who have a proclivity for poor adherence
behaviour might lower the likelihood of hospitalization
and severe health outcomes. It also has societal implica-
tions because incorrect medicine use reduces the quality
of data available for drug development and enhancement
efforts. As a result, the purpose of this study is to deter-
mine the factors affecting arthritis patients’ medication
adherence using feature selection, which will subse-
quently be used to construct a prediction model using
machine learning techniques. SHAP will then be utilized
to evaluate the prediction models to determine the vari-
ables that contributed to arthritis patients’ medication
adherence.
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Method

Data collection and preparation

Patients aged 18 years and above and diagnosed with arth-
ritis were invited to participate in this study. An explanatory
statement was provided to the patient. Should the patient
consent to participate, they will be required to sign the
informed consent document. Patients who required
approval from guardians or parents were unable to under-
stand English or native language were excluded from this
survey. This study was conducted in a tertiary hospital out-
patient clinic in Kuala Lumpur, Malaysia, from October
2014 to October 2015. This research received ethical
approval in accordance with the UKM Research Ethics
Committee, under the approval code UKM 1.5.3.5/244/
SPP/NF-025-2011. The data collected included demo-
graphic data, duration of medication taking for arthritis,
other comorbid disease, total number of medications
taken per day, aids in medication taking for arthritis, and
counselling received for arthritis medications.

This study used validated questionnaires entitled Beliefs
about Medicines Questionnaire (BMQ) by Horne et al.22

and Malaysian Medication Adherence Scale (MALMAS)
by Chua et al.23 The questionnaire consisted of three
parts. The first section contains information about the
patients’ demographics, including their age, gender, ethni-
city, degree of education, occupation, monthly income,
and marital status. The second part of the questionnaire con-
sisted validated BMQ to evaluate patients’ beliefs on medi-
cation.22 The BMQ questionnaire is divided into two
sections: the BMQ-Specific, which evaluates views about
medications used to treat a specific disease, and the
BMQ-General, which evaluates beliefs about medications
generally. These items reflect the individual views of the
patients regarding the medications that are being administered
to them. The 18BMQ items further divided beliefs aboutmedi-
cation use into Specific Necessity, Specific Concerns, General
Harm, and General Overuse beliefs. General Overuse refers to
the idea of over-prescription by physicians who place an exces-
sive amount of confidence in medication, and General Harm
evaluates ideas about how damaging medications are (harm
scale). Each scale has four elements, and the possible total
scores range from4 to 20.Higher scores revealedmore general-
ized negative opinions about drugs. The Specific Concerns
scale is used to determine the possibility of negative conse-
quences from taking the prescribed medication. The Specific
Necessity scale investigates the patient’s perception of their
unique needs for sticking to their medication regimen. There
are five items on each scale. Total scores ranged from 5
to 25 based on the sum of the individual item scores.22

Higher scores in the General Harm and General Overuse
categories indicate a negative perception of the medication.
Similarly, higher scores obtained in the Specific Concerns
category signify that adverse reactions are believed to be

possibly harmful with regular intake of medication.
Higher scores in the Specific Necessity category indicate
the patient’s need to adhere to medication to preserve
good health.22 The third section of the questionnaire con-
sisted of patients’ self-reported medication adherence as
measured by the eight-item in MALMAS. The responses
in the MALMAS had a total score which ranged from 0
to 8. Patients were considered adherent if they have a
total score of 6 and above (≥6) and non-adherent if they
have a total score of below 6 (<6).23 We followed the adher-
ence scoring and cut-off defined by the MALMAS study, a
standard adherence framework for the Malaysian popula-
tion, to maintain consistency and comparability with prior
research.

Convenience sampling method was used in this study.
Patients with arthritis disease were invited to participate
in the study while waiting for their clinic appointment or
medicines at the pharmacy counter. Patients who agreed
to participate will answer the survey form. Patient who
has been diagnosed with arthritis for at least 1 year with
the minimum of one arthritis medication, adult patients,
and those willing to cooperate were included in this
study. Patients with terminal stage of disease, pregnancy
with arthritis, immune-comprised patients, and having diffi-
culty in communication were excluded from this study.

There were 16 variables used in this study, and the
output parameter is adherence level. The data are collected
via questionnaires and are used to calculate the adherence
level among the arthritis patients. Patient’s belief about
medications may play an important role in determining
patient’s adherence to their treatment among arthritis
patients. Belief in medications may vary depending on
patients thought. Some patients may have different belief
on medications due to the advantages and the suitability
of medications, experience-related side effects, the effect
of the medications, medical costs, type of diseases, psycho-
logical factors, demographic factors, and others.24

This study implemented categorical and continuous vari-
ables, which are summarized in Table 1. The questionnaire
yielded three categories of measured variables: demo-
graphic characteristics of the patient, medication and
disease history, and beliefs regarding medications.

Sample pre-processing

We developed machine learning models with a complete
dataset and removed any missing values to ensure the val-
idity of the results. A total of 151 respondents were
obtained from the validated questionnaire and were identi-
fied as complete cases (with no missing values on predictors
and outcome variables). Each variable was then subjected to
a near-zero-variance or zero-variance test to eliminate those
not exhibiting any variation to avoid sampling errors and
unexpected outcomes. This rendered a full predictor set of
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Table 1. Statistical analysis of variables used in the study.

Variables Attributes Total Adherent Non-adherent p-value

N 151 15 (9.93) 136 (90.07)

Age 57.8± 12.9 52.4± 14.5 58.43± 12.6 0.085a

Gender Male 27 (17.9) 1 (6.7) 26 (19.1) 0.232b

Female 124 (82.1) 14 (93.3) 110 (80.9)

Religion Islam 77 (51.0) 9 (60.0) 68 (50.0) 0.266b

Buddhist 48 (31.8) 4 (26.7) 44 (32.4)

Hindu 7 (4.6) 2 (13.3) 5(3.7)

Christian 17 (11.3) 0 (0.00) 17 (12.5)

Others 2 (1.3) 0 (0.00) 2 (1.5)

Occupation Agricultural 1 (0.7) 0 (0) 1 (0.7) 0.028b

Business 4 (2.6) 1 (6.7) 3 (2.2)

Education 14 (9.3) 5 (33.3) 9 (6.6)

Health 3 (2.0) 0 (0) 3 (2.2)

Housework 37 (24.5) 5 (33.3) 32 (23.5)

Engineering 4 (2.6) 0 (0) 4 (2.9)

Unemployed 59 (39.1) 3 (20.0) 56 (41.2)

Retiree 29 (19.2) 1 (6.7) 28 (20.6)

Ethnicity Malay 73 (48.3) 9 (60.0) 64 (47.1) 0.711b

Chinese 66 (43.7) 5 (33.3) 61 (44.9)

Indian 8 (5.3) 1 (6.7) 7 (5.1)

Others 4 (2.6) 0 (0) 4 (2.9)

Highest educational level Primary 43 (28.5) 4 (26.7) 39 (28.7) 0.096b

Secondary 63 (41.7) 4 (26.7) 59 (43.4)

Tertiary 45 (29.8) 7 (46.7) 38 (27.9)

Monthly income No income 5 (3.3) 0 (0) 5 (3.7) 0.828b

<MYR1000 82 (54.3) 7 (46.7) 75 (55.1)

MYR1000–1999 12 (7.9) 2 (13.3) 10 (7.4)

MYR2000–2999 25 (16.6) 3 (20.0) 22 (16.2)

(continued)
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16 variables (5 continuous, 11 categorical) for the study as
shown in Table 1.

To prevent data leakage, all pre-processing steps were
applied separately to the training and validation datasets
to maintain the integrity of model evaluation.25 Following
the methodology outlined by Kuhn and Johnson,26 we
used stratified random sampling based on the outcome vari-
able to ensure proportional representation of both adherent
and non-adherent groups in each subset. Given that non-
adherence is rare (only 15 individuals), this approach
ensured that both the training and validation datasets had
a balanced distribution of outcomes. The entire dataset of

151 respondents was split into 70% for model development
(training dataset) and 30% for performance evaluation (val-
idation dataset). Importantly, the validation set remained
untouched during the training process and was used exclu-
sively to assess model performance across time frames,
ensuring unbiased evaluation.

For continuous variables in this study, such as age, spe-
cific concern, specific necessity, general overuse, and
general harm, we used standardization, also known as
z-score normalization. Data normalization is the process
of converting continuous variable values in a dataset to a
similar scale while keeping differences in value ranges.

Table 1. Continued.

Variables Attributes Total Adherent Non-adherent p-value

MYR3000–3999 0 (0) 0 (0) 0 (0)

MYR4000–4999 23 (15.2) 3 (20.0) 20 (14.7)

>MYR5000 4 (2.6) 0 (0) 4 (2.9)

Marital status Married 113 (74.8) 11 (73.3) 102 (75.0)

Single/widow/widower 38 (25.2) 4 (26.7) 34 (25.0)

Duration of medication intake <1 year 22 (14.6) 4 (26.7) 18 (13.2) 0.265b

1–4 years 58 (38.4) 7 (46.7) 51 (37.5)

5–10 years 37 (24.5) 3 (20.0) 34 (25.0)

>10 years 34 (22.5) 1 (6.7) 33 (24.3)

Presence of other concomitant disease Yes 88 (58.3) 12 (80.0) 76 (55.9) 0.072b

No 63 (41.7) 3 (20.0) 60 (44.1)

Total medicine taken per day 1 46 (30.5) 6 (40.0) 40 (29.4) 0.374b

2 101 (66.9) 8 (53.3) 93 (68.4)

3 4 (2.6) 1 (6.7) 3 (2.2)

Aid in medication Yes 107 (70.9) 7 (46.7) 100 (73.5) 0.030b

No 44 (29.1) 8 (53.3) 36 (26.5)

General harm 10.2± 2.4 10.6± 2.0 10.13± 2.5 0.480a

General overuse 13.1± 2.2 13.3± 2.8 13.0± 2.2 0.688a

Specific necessity 17.4± 3.4 16.3± 2.9 17.5± 3.4 0.172a

Specific concern 16.6± 3.2 16.6± 3.8 16.6± 3.2 0.997a

Note. aIndependent t-test. bChi-squared test. p-value is statistically significant as p < 0.05. Data are expressed as count (percentage), or mean± standard
deviation, as appropriate.
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Since our study dataset can be categorized as small, it is
crucial to adopt robust methodologies to ensure the validity
and reliability of our findings. A study by Nti et al.27 sug-
gests using a resampling method, k-fold cross-validation,
which involves dividing the dataset into k subsets and train-
ing the model k times, each time using a different fold for
validation. This method maximizes data utilization, reduces
overfitting risk, and provides a comprehensive performance
evaluation. In this study, 5-fold cross-validation was
applied. To further ensure validity, we proposed using a sep-
arate validation set comprising 30% of the dataset. This inde-
pendent validation set offers an unbiased performance
assessment, aids in model selection and hyperparameter
tuning, and estimates real-world performance. Combining
k-fold cross-validation with a separate validation set
ensures our study’s findings are both reliable and generaliz-
able, addressing the challenges associated with small
datasets.

Machine learning algorithms such as Support Vector
Machine,28 Gaussian Naïve Bayes,29 Logistic Regression,30

Ridge Classifier.31 Random Forest,32 Bagging,33 Gradient
Boosting,34 Linear Support Vector Classifier,35 AdaBoost,36

k-Nearest Neighbour,37 Decision Tree,38 Bernoulli Naïve
Bayes,39 and Gaussian Process Regression40 were used to
develop the prediction model for the medication adherence
in this study in Python.

In this study, both a linear and radial basis function kernel
were employed in conjunction with the robust learning
methods, Support Vector Machine. They are statistical tech-
niques for categorizing data that is difficult to separate lin-
early by mapping it to a large feature space. Simple
classification methods like Naïve Bayes enable the quick cre-
ation of classification models. A type of simple ‘probabilistic
classifier’ in machine learning, Naïve Bayes classifiers,
makes the strong (naive) assumption that the features are
conditionally independent. While Bernoulli Naïve Bayes
assumes that the features are conditionally independent
given the class label and follow a Bernoulli distribution,
Gaussian Naïve Bayes assumes that the probability distribu-
tion of each feature given the class label is Gaussian. The
k-Nearest Neighbour method uses ‘feature similarity’ or
‘nearest neighbours’ to determine which cluster a new data
point belongs to. The number of neighbours it finds that
are closest to a particular one gives the k-Nearest
Neighbour its name.

Decision Tree is a non-parametric supervised learning
method that is applied to regression and classification.
Decision Tree serves as the main classifier while Random
Forest uses bagging to produce numerous small decision
trees. The class that Random Forest trees predicted to
receive the most votes is used in the models. Gradient
Boosting and AdaBoost are machine learning techniques
that combine several weak learners (decision trees) to
create a strong predictive model by successively training
a model on a random sample of data. The training of

weak learners, the loss functions they optimize, and the
weight updates are where Gradient Boosting and AdaBoost
diverge most. AdaBoost gives misclassified cases more
weight, while Gradient Boosting focuses on reducing gradi-
ents in the loss function. Bagging, also known as Bootstrap
Aggregating, is a machine learning technique that combines
the predictions of various separately trained models to
increase the stability and accuracy of models. The first step
in bagging is to divide up the training data into various sub-
groups using replacement sampling. Each subset is the same
size as the first training set, with the possibility of some
samples being repeated and others being left out. The
method is referred to as bootstrap sampling.

The Logistic Regression machine learning model is a
member of the family of supervised machine learning
models. For statistical analysis, the Logistic Regression tech-
nique is employed when the dependent variable is dichotom-
ous. The link between one dependent binary variable and one
or more independent nominal, ordinal, or ratio-level vari-
ables is defined and explained by the Logistic Regression
approach. Ridge Classifier is a machine learning algorithm
that is based on Ridge Regression, a regularization method
used for regression issues. Ridge Regression is also known
as Ridge Regression for classification. The primary principle
of the Ridge Classifier is to reduce the influence of irrelevant
features and avoid overfitting by using a linear model
(usually logistic regression) with L2 regularization (Ridge
regularization). It does this by including a penalty term in
the loss function that pushes the model to strike a comprom-
ise between fitting the training set of data and minimizing the
size of the model coefficients. Gaussian regression, com-
monly referred to as Gaussian Process Regression, is a prob-
abilistic regression technique used in machine learning that
uses Gaussian processes to explain the connection between
input features and output values. It makes it possible to
model complex functions in a flexible and non-parametric
way. Random Forest, Support Vector Machine, Decision
Tree, Naive Bayes, and XGBoost are all examples of
machine learning algorithms that have been used to classify
or predict adherence to medications.41–44 In the study by
Delpino et al.,45 it was discovered that k-Nearest
Neighbour, Naive Bayes, and Random Forest were some
of the most often used machine learning algorithms for
getting the best model performance in evaluating medication
adherence.

Feature selection and model interpretation

After all the machine learning models had been developed
using all the variables, the feature selection approach was
used to identify the significant variables that influence the
medication adherence among patients with arthritis. This
study adopted recursive feature elimination as the feature
selection method.46 A greedy optimization technique to
find the feature subset with the best performance is how
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recursive feature elimination works. It frequently produces
models and stores the highest or least important characteristics
for each iteration. Using the remaining features while they are
still available, it constructs the subsequent model. After that,
the features are sorted in reverse order of elimination. The fea-
tures with the highest ratings are kept, while those with the
lowest ratings are dropped. Recursive feature elimination is
a type of feature selection that starts with every feature and
continues in this manner without going backwards. This
process is repeated numerous times until the necessary
number of characteristics is either obtained or it is determined
that the performance cannot be further enhanced. All the
models were afterwards retrained using just the selected vari-
ables from the recursive feature elimination process. To
prevent overfitting for model building on the training set,
5-fold cross-validation was performed. Then, the model with
the best calibration and discrimination values was chosen as
the best-performingmodel. Feature selection in machine learn-
ing speeds up model building and improves algorithm compu-
tational efficiency and saving time.

However, it is challenging to use machine learning
models in pharmaceutical contexts because of their ‘black
box’ character. Machine learning models are agnostic;
thus, changing the input and viewing the results can show
how the underlying model behaves.

The input can be interpreted by altering components that
are comprehensible to humans. As a result, this study used
SHAP to analyze the best machine learning model in this
research. The predictors are ranked by significance using
the SHAP technique, with the first predictor being the
most significant and the last being the least significant.
By comparing the relative magnitude of the mean absolute
SHAP values for the various features, the SHAP algorithm
may be used to assess the significance of each feature. The
SHAP beeswarm plot shows an overview of how the data-
set’s chosen factors affect the model’s output. The amount
and direction of each feature that affects anticipated adher-
ence to medications are quantified by the SHAP values. On
each feature row, a single dot stands in for the explanation
in each case. Thus, each little dot on the diagram corre-
sponds to a single observation or piece of data. The original
value of a feature is shown in colour in the SHAP plots. Red
data points show high feature values, whereas blue data
points represent low feature values.21

Model evaluation, validation, and performance
measures

The calibration of the model was assessed using standar-
dized metrics. As a class-insensitive predictive performance
indicator, the AUC was employed. Accuracy, recall, and
precision score were additional performance indicators for
model calibration. A paired resampled t-test was employed
to examine the prediction capabilities of the different
machine learning models.

Additional statistics

In this study, categorical variable frequencies and continu-
ous variable means and standard deviations are reported.
Variable relationships were identified through correlation
analysis. A chi-square test was employed in univariate ana-
lysis to identify significant variables, and a two-sided inde-
pendent Student’s t-test (p < 0.05) was utilized to compare
them. To assess the effectiveness of machine learning, pair-
wise corrected resampled t-tests were utilized. Figure 1
illustrates the model development process in this study.

Results

Respondents’ characteristics

A total of 151 respondents participated in this study.
Table 1 shows the patients’ characteristic used in this
study. The mean age was 57.8 (SD= 12.0) and majority
(with 82.1%) of the respondents were female; 58.3% have
other comorbid disease. Of the total respondents, 90.07%
did not adhere to their medication. Significant differences
were noted between respondents who adhere and not
adhere to their medications in terms of occupation and
aids in medication (p < 0.05).

Feature selection

This study adopted recursive feature elimination as a feature
selection method in reducing the number of variables to
increase the performance of the machine learning models.
The variables selected through the feature selection
method are occupation, presence of other concomitant dis-
eases, religion, income, aid in medication, marital status,
and number of medications taken per day. The selected
variables were then implemented into each of the algorithm.
Hence, there are two sets of data being used for each of the
algorithm to build the machine learning model in predicting
the medication adherence in patients with arthritis. Table 2
shows the performance of the machine learning models
using all set of variables (16 variables) while Table 3
shows the performance of the machine learning models
using the selected variables (7 variables).

Model performance

Based on Table 2, Support Vector Machine, Gradient
Boosting, and Random Forest are the top performing
machine learning models with all variables using the 30%
untouched validation dataset. The Support Vector
Machine algorithm outperforms Gradient Boosting;
however, there is no statistically significant difference in
their performance (p= 0.317). However, there is a substan-
tial difference in performance when compared to Random
Forest (p= 0.018). The performance of Gradient Boosting
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Figure 1. Flowchart of the predictive model development.
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Table 2. The performance of the machine learning algorithms using all variables based on the 30% untouched validation dataset.

Machine learning algorithm AUC (95% CI) Recall Precision Accuracy

Random Forest 0.632 (0.801, 0.981) 0.333 0.250 0.891

Gradient Boosting 0.775 (0.772, 0.967) 0.667 0.286 0.870

Bagging 0.609 (0.744, 0.951) 0.333 0.167 0.848

Gaussian 0.430 (0.690, 0.920) 0.001 0.001 0.804

Decision Tree 0.573 (0.663, 0.901) 0.333 0.111 0.783

k-Nearest Neighbour 0.504 (0.515, 0.790) 0.333 0.667 0.652

Logistic Regression 0.612 (0.422, 0.708) 0.667 0.095 0.565

Ridge Classifier 0.612 (0.422, 0.708) 0.667 0.095 0.565

Linear Support Vector Classification 0.554 (0.313, 0.600) 0.667 0.077 0.457

Support Vector Machine 0.907 (0.716, 0.935) 1.000 0.272 0.826

AdaBoost 0.694 (0.587, 0.848) 0.667 0.143 0.717

Gaussian Naïve Bayes 0.659 (0.515, 0.790) 0.667 0.118 0.652

Bernoulli Naïve Bayes 0.601 (0.400, 0.687) 0.667 0.091 0.543

Table 3. The performance of the machine learning algorithms using selected variables based on the 30% untouched validation dataset.

Machine learning algorithm AUC (95% CI) Recall Precision Accuracy

Random Forest 0.883 (0.645, 0.920) 1.000 0.231 0.783

Gradient Boosting 0.872 (0.623, 0.899) 1.000 0.214 0.761

Bagging 0.860 (0.601, 0.877) 1.000 0.200 0.739

Gaussian 0.849 (0.580, 0.855) 1.000 0.188 0.717

Decision Tree 0.849 (0.580, 0.855) 1.000 0.188 0.717

k-Nearest Neighbour 0.837 (0.558, 0.833) 1.000 0.176 0.696

Logistic Regression 0.802 (0.493, 0.768) 1.000 0.150 0.630

Ridge Classifier 0.802 (0.493, 0.768) 1.000 0.150 0.630

Linear Support Vector Classification 0.802 (0.493, 0.768) 1.000 0.150 0.630

Support Vector Machine 0.767 (0.428, 0.703) 1.000 0.130 0.565

AdaBoost 0.671 (0.536, 0.811) 0.667 0.125 0.674

Gaussian Naïve Bayes 0.647 (0.493,0.768) 0.667 0.111 0.630

Bernoulli Naïve Bayes 0.531 (0.275,0.550) 0.667 0.071 0.413

AUC: area under the ROC curve.
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and Random Forest is significantly different (p= 0.044). In
Table 3, the machine learning models that performed the
best with selected variables (using feature selection) and
the 30% untouched validation data are Random Forest,
Gradient Boosting, and Bagging. There is no significant dif-
ference in performance between Random Forest and
Gradient Boosting (p= 0.183), and Bagging (p= 1.000).
It also shows that Gradient Boosting is performing signifi-
cantly better when compared with Bagging (p= 0.261).

Feature selection is a strategic process in machine learn-
ing that involves carefully choosing the most important
variables from a pool of potential factors, not only reducing
the number of variables to enhance computational effi-
ciency but also diminishing the risk of overfitting, ultim-
ately making the model more cost-effective and boosting
overall performance. Therefore, when the seven selected
variables (selected using recursive feature elimination) are
incorporated in the machine learning models, the perform-
ance of certain models improves while others deteriorate
relative to the models’ performances utilizing all variables,
as evidenced by the AUC values mentioned above. The
Support Vector Machine, AdaBoost, and Gaussian Naïve
Bayes machine learning models demonstrate a decline in
performance when only selected variables are used in the
model building. Conversely, the remaining models
suggest an improvement in performance. The Random
Forest model, when utilizing selected variables, achieves
the better AUC value as compared when using all variables.
The difference in performance is statistically significant
with p= 0.018. Support Vector Machine model with all
variables has the highest predictive AUC value compared
to Random Forest model with selected variables;
however, the difference is not significant (p= 1.000).
Thus, Random Forest model with selected variables is

chosen as the best model since it has the least number of
variables and the best predictive performance.

SHAP analysis

In order to properly understand the predictions made by the
machine learning model, SHAP analysis was employed.
This study utilized the knowledge gained from the best-
performing model (Random Forest with selected variables),
which was carefully selected and optimized. The diagram of
the SHAP analysis is shown in Figure 2. The y-axis repre-
sents the variable name arranged in a descending order of
significance, with occupation being the most significant,
followed by the presence of concomitant disease, religion,
income, aid in medication, marital status, and finally the
total number of medications used each day.

The SHAP value is represented on the x-axis, while the
gradient colour reflects the initial value of the variable. The
orientation of the bar (left or right) for each characteristic
indicates whether the effect is favourable or unfavourable.
According to the SHAP analysis provided, the variable
occupation exhibits the largest spread of SHAP values,
indicating that it has a substantial influence on medication
adherence. Higher values, represented by the colour red,
appear to consistently correlate with a negative impact on
adherence. This implies that individuals who are not
unemployed or retired (based on Table 1) tend to exhibit
low levels of adherence to their prescription. The presence
of concomitant disease is associated with a distinct cluster
of red dots on the positive side of the SHAP value axis.
This indicates that having concomitant diseases may have
a beneficial impact on adherence, presumably because indi-
viduals with these medical conditions are more mindful of
their health. The relationship between income and

Figure 2. SHAP value for Random Forest model with selected variables.

10 DIGITAL HEALTH



adherence is inconclusive, as indicated by the presence of
both red and blue dots dispersed around the zero line.
This suggests that while higher income is associated with
improved adherence for certain individuals, it does not
exert a significant influence for others. There are many
red dots to the right of the zero line, suggesting that
having aid in medication using the traditional and modern
way of using pillbox, timetable, and applications is gener-
ally associated with better adherence. The distribution of
marital status reveals that the red dots are positioned to
the right of the zero line, indicating that individuals who
are married (higher values) exhibit greater adherence to
their medications. Lastly, there is a slight spread, but
many dots are mostly centred around zero but incline
more towards the left of the zero line, which might indicate
that total medicine taken per day has a slight negative effect
on medication adherence.

Discussion
Evaluating the association between self-reported adherence
and medicine belief can yield valuable insights into indivi-
duals’ choices to adhere with their treatment regimen. This
study is the first to utilize 13 machine learning models to
forecast and identify the elements that influence adherence
levels among Malaysian arthritis patients. The algorithms
for machine learning were created utilizing variables
linked to adherence to arthritis medicine that were deter-
mined by recursive elimination methods. The present
study’s findings indicate that (i) the performance of
machine learning models was enhanced by utilizing fea-
tures selected through recursive feature elimination and
k-fold validation approach; (ii) the three best-performing
machine learning models, Random Forest (AUC= 0.883),
Gradient Boosting (AUC= 0.872), and Bagging (AUC=
0.860), outperform all other models when constructed
using selected features; (iii) SHAP enables the evaluation
of features related to the medication adherence of patients
with arthritis.

In examining medication adherence among a multi-
ethnic population in Malaysia, it is essential to consider
the unique cultural, social, and economic factors that char-
acterize this region. Cultural beliefs can significantly shape
patients’ views on medication efficacy and safety; for
instance, some patients perceive modern medications as
potentially harmful, adopting a fatalistic attitude towards
treatment outcomes.47 Additionally, economic factors
play a critical role, as cost-sharing practices and limited
access to medications may disproportionately affect those
from lower socioeconomic backgrounds, who may priori-
tize immediate financial constraints over long-term health
needs.48 This economic disadvantage often amplifies per-
ceived medication risks, leading to decreased adherence
rates among economically marginalized groups.49 Given
these contextual influences, studying the medication

beliefs of multi-ethnic arthritis patients is crucial to under-
standing adherence behaviours and identifying targeted
strategies that can improve health outcomes across
diverse populations.

Both direct and indirect techniques of measurement can
be used to categorize conventional methods of evaluating
drug adherence. One of the most accurate yet invasive
methods is the direct approach, which measures drug con-
centrations or its metabolite in blood or urine.50 Patient
questionnaires, pill counts, prescription fill rates, clinical
outcome assessment, and electronic medication monitors
are examples of indirect approaches.51 Every technique
has advantages and disadvantages, and one could serve as
the benchmark for a different strategy. The Morisky
Medication Adherence Scale (MMAS) is a patient question-
naire that is widely utilized for evaluating medication
adherence. MALMAS, on the other hand, was created in
Malaysia and slightly modified to fit the environment
here. This approach relies on patient recollection and
could be biased depending on the patient’s reaction.
Utilizing a validated and well-structured questionnaire, pre-
viously assessed for reliability and validity, ensures that the
questions are meticulously crafted to reduce the propensity
for socially desirable responses.52

The accuracy of a medication adherence screening tool
was examined in a systematic review and meta-analysis
of the MMAS-8 by Moon et al.53 The results showed that
almost half of the studies examining diagnostic accuracy
used a reference standard that was either highly risky or
had unclear descriptions in terms of both the assessment
of risk of bias and applicability. Despite reports that
Cronbach’s alpha is inappropriate for assessing a test’s
internal consistency and reliability, all the research in this
study employed it. However, Moon et al. pointed out that
while MMAS-8 is being developed, individual research
that calculated sensitivity and specificity used the cut-off
value of 6, as recommended by Morisky. More details
regarding the MMAS-8’s diagnostic accuracy may have
been given if they had addressed sensitivity and specificity
using various cut-off values. Since Morisky proposed 6 as
the cut-off value in MMAS-8 during its development,
most research report criteria validity results with 6 as the
cut-off value. Since the accuracy of the assessment
method employed above has flaws, it is best to apply alter-
nate dichotomous methods such as machine learning.

There have been no studies on the impact of machine
learning algorithms on predicting arthritis patients’ adher-
ence to treatment, though. The research gap has been
filled by this work. Regression-based model using
Artificial Neural Network was utilized by Aziz et al.54 to
predict the medication adherence level of hypertension
patients using machine learning with root mean square
error of 1.42. With an AUC of 0.62, a 2019 study by
Desai et al.19 used logistic regression to predict medication
adherence in fibromyalgia patients. Eleven machine
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learning classifiers using Support Vector Machine predicted
medication adherence with an AUC of 0.82 for patients
with heart failure, according to Karanasiou et al.44

Ten-fold stratified cross-validation and the synthetic minor-
ity over-sampling technique were employed in the study to
balance the data. The model trained using basic
Classification and Regression Trees has the highest predic-
tion accuracy of all the classifiers they used, and they also
proposed that predictive models with adequate accuracy
can be used to better manage patients with heart failure
and increase their adherence.

Son et al.55 employed a support vector machine algo-
rithm to predict the level of medication adherence in indivi-
duals suffering from heart failure. Due to the limited dataset
consisting of only 76 patients, the study employed
leave-one-out cross-validation. Their predictive model
achieved an accuracy of 77.63%, and their feature selection
analysis indicated that a longer term of diagnosis may result
in non-adherence to medication, while a greater degree of
education can enhance medication adherence. While Wu
et al.42 utilized 14 machine learning algorithms to construct
a predictive model for examining the medication adherence
of individuals with type 2 diabetes. The ensemble model
yielded the highest AUC of 0.82 when employed to con-
struct the prediction model. The accuracy of the model
was validated by two-way cross-validation and evaluated
using AUC. Mirzadeh et al.56 employed machine learning
techniques to predict adherence to medications in persons
at elevated risk of atherosclerotic cardiovascular disease.
Their study employed Classification and Regression
Trees, Support Vector Machine, AdaBoost Regression,
and Gradient Tree Boosting methods to train the predictive
model. The models were then validated using 4-fold cross-
validation. Their investigation indicated that all three of the
algorithms employed, particularly the Support Vector
Machine, are appropriate for predicting medication adher-
ence among persons with a high susceptibility to athero-
sclerotic cardiovascular disease. Additionally, they
acknowledged that factors such as understanding of medi-
cation, involvement, social assistance, empowerment, and
self-assurance amid emergencies are crucial elements that
impact adherence to medication. Overall, this research indi-
cated that machine learning algorithms employing k-fold
validation are effective approaches for patient prediction
as this approach optimizes the utilization of small dataset,
mitigates the risk of overfitting, and offers a thorough per-
formance evaluation. Nevertheless, the AUC and accuracy
obtained in this study surpass those of the previously pub-
lished study that employed similar performance measures.
The cross-validated AUC values provided impartial estima-
tions of the performance of the machine learning classifiers
trained with small data. It is crucial to recognize that when
the sample size is limited, complex machine learning clas-
sifiers typically demonstrate reduced performance.
Nevertheless, our study revealed that the machine learning

models exhibited strong performance, despite the relatively
small sample size of 151 individuals. This was particularly
evident when utilizing selected variables, as opposed to
employing all variables. The enhancement was evident in
the cross-validated AUC values, demonstrating that satis-
factory performance may still be attained with limited data.

The findings of this study suggest that machine learning
algorithms utilizing Recursive Feature Elimination had
superior performance compared to all other machine learn-
ing models developed utilizing the whole set of features,
except for Support Vector Machine, AdaBoost, Gaussian
Naïve Bayes, and Bernoulli Naïve Bayes. Feature selection
algorithms play a crucial role in enhancing the effectiveness
of machine learning algorithms.57 Feature selection algo-
rithms enhance the performance of machine learning
models by lowering the dimensionality of predictors, there-
fore allowing for a suitable number of predictors to be
used.58 The study saw an improvement in the model’s per-
formance as the number of predictors decreased. This is
because all the models containing selected variables exhib-
ited significant clinical factors that contribute to the predic-
tion of adherence. However, different case can be seen in
Support Vector Machine as the AUC value decreases
when less variables are used (selected variables from the
recursive feature elimination). This may be due to
Support Vector Machines that are susceptible to overfitting,
particularly when working with a high number of features.
When irrelevant or noisy features are used, the Support
Vector Machine may overfit the training data by collecting
noise rather than the underlying patterns. This further
strengthens the choice of Random Forest with selected vari-
ables as the best model. The selected features in this study,
listed in descending order of relevance, are occupation type,
existence of concomitant disease, religion, income, aid in
medication, marital status, and total medicine consumed
per day.

Machine learning models are commonly referred to as
black box models. This study utilized SHAP analysis to
demonstrate that the association between input variables
and clinical outcomes in the data may be elucidated. The
study utilized SHAP to gain a deeper comprehension of
the association between specific variables linked to adher-
ence levels in patients with arthritis. Medication adherence
is a multifaceted phenomenon with numerous intercon-
nected factors. This study elucidates various characteristics
correlated with patients’ compliance to arthritis medica-
tions. Comprehending the connections between adherence
and demographic elements is crucial due to the wide
range and intricacy of medicine consumption patterns.
The results of this study demonstrate that non-adherence
relates to several factors, including unemployment,
having a concurrent illness, having a high or low income,
not using a timetable or pillbox as a medication aid, being
unmarried, and taking a high total number of medications
per day.
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Unemployed individuals and pensioners frequently face
difficulties in complying with their medicine regimes.
Unemployment may result in difficulties affording neces-
sary medications and healthcare costs, which can lead to
inconsistent adherence.59 The lack of a well-defined daily
regimen, commonly found in employment, might lead to
lapses in memory or inconsistent drug adherence.
However, elderly individuals who receive pensions may
face challenges in managing complex prescription sche-
dules as a result of health issues associated with aging,
despite having a stable income.60 The elderly frequently
face challenges in adhering to medication, which can be
attributed to forgetfulness, limited comprehension of medi-
cation schedules, physical impairments in administering the
prescription, or financial limitations.61 Their capacity to
appropriately handle medications may be further compli-
cated by cognitive decline, social isolation, and mobility
concerns. The complex nature of these difficulties under-
scores the significance of addressing not just economic con-
cerns but also social and healthcare-related components to
improve medication adherence among vulnerable people.

On the other hand, having several health disorders may
increase patients’ awareness of the significance of follow-
ing prescribed therapies, as they acknowledge the intercon-
nectedness of different elements of their health.62 Within
the realm of arthritis and related problems like cardiovascu-
lar disorders or diabetes, individuals may acquire a holistic
comprehension of the interdependence of their well-being.
The comprehensive viewpoint can operate as a compelling
incentive for maintaining regular compliance with medica-
tion regimens. Furthermore, persons who are dealing with
the intricacies of many health conditions may develop
more robust relationships with healthcare practitioners,
resulting in enhanced communication and collaborative
decision-making regarding treatment strategies.63 The
implementation of a synergistic strategy in the management
of several health disorders can potentially enhance patients’
sense of empowerment, leading to a greater dedication to
following recommended treatments for both arthritis and
any concurrent illnesses.

Low-income patients may take medications sporadically
because they find it difficult to pay for prescription drugs in
addition to other necessities.64 Anxiety about running out of
scarce resources could lead to sporadic or incomplete
adherence. However, even when they have access to pre-
scription drugs, high-income people may not take them as
directed because they believe their health is unaffected,
resulting in irregular drug schedules.65 Higher earners
may also exhibit irregular adherence due to busy schedules
and a propensity for alternative health approaches. The opti-
mization of health outcomes in both cases still depends on
resolving financial concerns, improving health literacy, and
emphasizing the significance of consistent drug use.

Other than timetables and pillboxes, modern pharmaceut-
ical aids improve adherence. Technology in mobile apps and

smart medicine packaging reminds patients to take their med-
ications on time and track adherence.66 Personalized voice
response systems and text message reminders engage
patients through accessible communication channels.
Pharmacist-led treatments and community support platforms
promote accountability through personalized guidance and
peer support.67 Customized medicine programmes for life-
style and preferences improve adherence.

This study also demonstrates that married patients more
adhere to medications than single or divorced people.
Spouse support is vital for reminding people to take their
medicines.68 Joint health management encourages shared
responsibility for each other’s health in married couples.
Divorced or single individual may forget to take their medi-
cation because of a lack in this support structure. Marriage’s
emotional and practical support appears to improve medica-
tion adherence, underscoring the social dimension’s impact
on health behaviours.

When prescribed a high number of pills each day for
chronic illnesses such as arthritis, adherence can be difficult.
The intricacy of several medications, each with its own
dosage and schedule, can cause disorientation and forgetful-
ness.69 Arthritis often involves long-term treatment, and the
cumulative effect of numerous medications may contribute
to physical discomfort or unwanted side effects, potentially
discouraging individuals from adhering to the prescribed
regimen. High pill burdens can lower quality of life,
driving intentional non-adherence as a coping tactic.70 To
improve adherence in arthritis, patients simplifying prescrip-
tion regimens, providing clear instructions, and addressing
cost and side effect concerns are crucial.

Limitations of the study
The primary limitation of our study is the relatively small
sample size, consisting of only 151 respondents, to predict
medication adherence in arthritis patients using machine
learning. The main disadvantage of a small dataset is the
potential for overfitting, where the model learns the training
data too well, capturing noise instead of underlying patterns,
thus performing poorly on new, unseen data. Additionally,
small datasets may not capture the full variability and diver-
sity of the target population, limiting the generalizability of
the findings. However, small datasets can still be reliable if
handled with appropriate techniques. Methods such as
k-fold cross-validation, where the data is divided into k
subsets and the model is trained and validated k times
using different folds, maximize data utilization and reduce
overfitting risks. Additionally, using an untouched validation
set helps assess the model’s performance on entirely unseen
data, providing an unbiased performance estimate.
Moreover, employing feature selection enhances the per-
formance of the model, particularly in cases where the
dataset is small. In such scenarios, the process of feature
selection becomes even more crucial because selecting high-
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quality features can compensate for the limited amount of
data by extracting the most informative aspects of the
dataset.71 There are also other studies that used small datasets
but still able to give a good prediction using machine learn-
ing.72–74 Combining these methods ensures robust model
evaluation and enhances the credibility of findings derived
from small datasets; however, in the future, we plan to
conduct a more extensive study to gather additional data,
with the aim of better representing the broader population
of arthritis patients in Malaysia and across Asia. This effort
aligns with our commitment to advancing this ongoing
research.

In our study, the Random Forest model demonstrated
relatively high accuracy with selected variables; however,
its precision was limited by the imbalanced dataset, which
included only 15 adherent patients out of 136 non-adherent
patients. This limited number of adherent cases represents a
study constraint. Altering the classification threshold could
improve precision, but doing so would reduce comparabil-
ity of our findings with the MALMAS adherence frame-
work, which is based on real-world adherence patterns in
the Malaysian population. When dealing with imbalanced
outcomes, it is important to consider the clinical implica-
tions of prioritizing either accuracy or precision. Although
the model achieved high recall by identifying most adherent
patients, the low precision highlights the risk of false posi-
tives, which could result in unnecessary interventions,
increased costs, and a potential decline in patient trust.
These factors indicate the need to address precision-related
issues before pursuing further development or clinical
registration of the model.

Additionally, the clinical implications of the model’s
low precision are critical to consider. Misclassifying non-
adherent patients as adherent could lead to delays in essen-
tial interventions, resulting in poor health outcomes and
increased healthcare costs.75 It could also lead to an under-
estimation of non-adherence, affecting resource allocation
for targeted interventions. To ensure meaningful clinical
impact, future work should focus on improving precision
through expanded datasets, adjustments to prediction
thresholds, and integration of additional variables, such as
demographics, behavioural factors, and objective adherence
measures like electronic medication monitors. Although the
AUC performance on the validation set shows potential for
clinical applicability, further data collection and model
refinement are essential to establish the model as a reliable
tool for healthcare providers.

Lastly, one other limitation of this study is the reliance
on indirect methods to measure patient adherence, particu-
larly self-reported data. Self-reported adherence is suscep-
tible to overestimation, as patients may provide socially
desirable responses or may lack accurate self-awareness
regarding their medication-taking behaviour. This potential
inflation in reported adherence rates can impact the validity
of the findings, leading to an overly optimistic view of

treatment compliance even though we have utilized a vali-
dated questionnaire designed to minimize bias and reduce
the likelihood of patients either over- or under-claiming
adherence. Nonetheless, interpretations should still be
approached with caution, and future research could
benefit from integrating more objective adherence measures
to further enhance accuracy.

Conclusion
In conclusion, the study’s novelty lies in its innovative
application of machine learning algorithms in the pharma-
ceutical field, specifically targeting medication adherence
– a domain where such applications are relatively unex-
plored. The research employed recursive feature elimin-
ation for feature selection, enhancing the performance of
the machine learning models. SHAP analysis further
explains the influence of these selected variables.

The study underscores the multifaceted nature of medi-
cation adherence, impacted by various factors including
unemployment, concurrent illness, income level, medica-
tion aids, marital status, and the number of daily medica-
tions. Machine learning models, especially those utilizing
Recursive Feature Elimination, proved effective in predict-
ing medication adherence, outperforming models devel-
oped with the complete set of features. This novel
approach not only enhances the analysis but also offers
valuable insights for better patient management, paving
the way for more personalized and effective healthcare
interventions. This pioneering application of machine learn-
ing techniques in the field promises significant advance-
ments in understanding and improving medication
adherence.
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