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Abstract

In this paper, we investigate the use of predictive analytics and machine learning to
improve patients” adherence to prescribed medications. By analyzing past patient data, we
are able to create a model that may foresee adherence behaviors based on characteristics
like age, gender, health status, and income. In order to analyze and identify major drivers
of non-adherence and enable personalized therapies, our method incorporates cutting-
edge machine learning techniques. The methodology takes into account each individual’s
situation while making suggestions, leading to a more proactive and specific strategy for
improving drug adherence. Predictive analytics allows healthcare providers to foresee
adherence issues, intervene at the right time, and boost patient outcomes. This research
contributes to the developing landscape of healthcare by utilizing the potential of machine
learning for precision medicine in drug management, addressing a vital part of patient care
and public health

Subject Classification: 68Q32.

Keywords: Machine learning, Predictive model, Patient adherence, Medication management.

1. Introduction

Optimizing healthcare results depends in large part on patients
following their prescribed drug schedules. Medication non-adherence is a
major problem that can lead to poor health and higher healthcare costs. In
this work, we look at how predictive analytics and machine learning can
be used in the field of drug management to help solve this problem [1].
Patient care that is both individualized and highly efficient will require
increasingly sophisticated technological tools in the future. Adherence to
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medication regimens is a multifaceted phenomenon that is affected by a
widerange of variables. When it comes to meeting the unique requirements
of each patient, standard medical care often falls short [2]. To close this
knowledge gap, this research will use machine learning algorithms to
analyze past patient data to create a predictive analytics model. Patterns
and predictors of non-adherence are identified by the model, allowing
healthcare providers to engage proactively and tailor their approach [11].

By helping healthcare [3] providers anticipate and respond to
adherence difficulties before they increase, this study has the potential to
radically improve drug management. This patient-centered, machine
learning-driven strategy aims to improve patient outcomes and develop
healthcare practices by increasing the precision and efficacy of
interventions. This research [4] adds to existing literature on the use of
technology and data-driven insights to improve medication adherence
and patient care in today’s dynamic healthcare system. Effective healthcare
requires an appreciation for the importance of medication adherence.
Complexities [5] in drug administration, such as forgetfulness, adverse
effects, and cost, call for creative approaches to treatment. The research
examines past interventions and assesses traditional tactics, highlighting
the limitations of each in the context of the dynamic nature of patient care
today [12]. This section delves into predictive analytics and describes how
data-driven methods might radically alter healthcare by enabling accurate
forecasting of patient compliance. This enables preemptive interventions,
encouraging a personalized approach to patient care, signifying a
paradigm change in healthcare delivery [6].

2. Proposed Method
2.1 Data Collection
2.2.1 Source of Patient Data

It is critical to locate a wide variety of thorough patient data sources.
Possible data sources include electronic health records (EHRs), pharmacy
records, and data from wearable medical devices [7]. Here, we take a look
at the many data sets that might be mined for insights into patients’
propensity to take their medications as prescribed.
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Figure 1

Proposed system architecture

2.2.2 Data Preprocessing

Raw data must be preprocessed as shown in Figure 1 to ensure quality
and uniformity before being analyzed. Taking care of missing data,
standardizing file formats, and dealing with anomalies are all part of this
process. For the sake of openness, it is crucial that these preprocessing
processes be discussed.

2.2 Feature Selection

Understanding how demographic factors like age, gender, and
ethnicity affect adherence trends and feeding them into the predictive
model is essential. By looking at a patient’s entire medical history, from
childhood diseases to the present, we can learn a lot about their likelihood
of sticking to their treatment plan [8]. Socioeconomic factors, including
income, education level, and access to healthcare, have a critical influence
in influencing adherence. Inclusion and deep processing of these factors
in the model enhance its applicability across varied patient populations,
ensuring a comprehensive understanding of the multiple influences on
medication adherence.

2.3 Machine Learning Algorithms

2.3.1 Selection Criteria

Choosing appropriate algorithms involves considering the nature of
the problem and the characteristics of the data [9]. This section outlines
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the criteria used for selecting machine learning algorithms, such as
accuracy, interpretability, and scalability.

2.3.2 Model Training and Validation

Detailing the process of training the selected algorithms on the
dataset and validating their performance is critical [13]. Discussing the use
of training and validation sets, cross-validation techniques, and model
evaluation metrics ensures the reliability and generalizability of the
predictive model.

3. Predictive Model for Patient Adherence
3.1 Model Architecture

Detailing the architecture of the prediction model is critical for
transparency and replicability. This segment describes the model’s internal
organization, including its various levels and interconnections [10].
Explaining the structure of the model used to predict patient adherence is
helpful whether the model is a support vector machine (SVM), a decision
tree, or a Naive Bayes classifier.

a. Support Vector Machine:

For classification and regression, a popular supervised machine
learning approach is support vector machines (SVM). In the context of
predictive analytics for patient adherence, below is a step-by-step
mathematical model for a support vector machine:

1. Data Preparation:
Let D be the dataset with n instances and m features. Each instance i
is represented as xi with corresponding binary labels yi

2. Objective Function:
The SVM aims to find a hyperplane with weights w and bias b

that separates the data with the largest margin while minimizing
classification errors. The objective function is given by:

Minimize%” w|* +CZi=1"max(0,1-yi(w-xi—b)) 1)
Where, ||w]| is the Euclidean norm of the weight vector, and C is

the regularization parameter controlling the trade-off between
maximizing the margin and minimizing classification errors.
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3. Decision Function:
The decision function for a new instance x is given by:

fx)=w-x -b 2)

4. Constraints:

The constraints ensure that each instance is on the correct side of the
decision boundary with a margin of at least 1:

yi(w-xi—-b)=>1 3)

5. Hinge Loss:

The term max(0,1-yi(w-xi—b)) represents the hinge loss, penalizing
instances that are misclassified or close to the decision boundary.

6. Lagrange Multipliers:

Introduce Lagrange multipliers (ai) to convert the inequality
constraints into equality constraints:

L(w,b,a) = % lw]|* +CXi=1"max(0,1-yi(w-xi—b))
—si =1 ailyi(w-xi—b)-1] (4)

7. Dual Form:

Derive the dual form of the optimization problem by finding the
saddle point of the Lagrangian. The dual form involves maximizing:

W(a)= z:l:lai—%z:jzlaia jyi yj(xi-xj) (5)

subject to Z;aiyizo and 0<ai<C for all i.

b. Decision Tree:

1. Objective Function:

The objective is to find the optimal splits that minimize impurity,
commonly represented as:

T
Minimize )" Impurity(Dt)

t=1

Where, T is the number of terminal nodes (leaves), and Dt is the
dataset in the t-th leaf.
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2. Splitting Criteria:
Choose a feature f and a threshold t to split the dataset into subsets
left_Dt and right_Dt:

: . Dy )
Impurity,,, o= Impurity(D) —[ | ’D qu X Impurlty(Dleﬂ )}

D .
_[ |Il)f|t XImpurlty(Dright)}

3. Recursive Splitting:

Repeat the splitting process for each subset until a stopping criterion
is met.

4. Decision Rules:

Formulate decision rules for each leaf node based on the majority
class:

Decision _Rule(Dt) = Majority _ Class(Dt)

c. Naive Bayes:

1. Data Preparation:

Prepare a dataset D with n instances and m features. Each instance i
is represented as xi with corresponding binary labels yi.

2. Prior Probability:
Calculate the prior probability of adherence (P(Adherent)) and non-

adherence (P(Non-Adherent)):

P ( A dherent) _ Number of Ad:erent Instances

P(NOI’I _A dherent) _ Number of Non—:dherent Instances

3. Conditional Probability:

For each feature xj given the class, calculate the conditional
probability using the assumption of feature independence:

. _ Number of instances with xj
P(JC] | Adherent) ~ Number of Adherent instances

. _ Number of Non-Adherent instances with xj
P(X] | Non - Adherent) = Number of Non-Adherent instances
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4. Likelihood Calculation:

Calculate the likelihood for a given instance’s feature values under
each class:

Likelihood(Adherent) = P(Adherent) x ﬁ P(xj | Adherent)
j=1

Likelihood (NonAdherent) = P(NonAdherent) x ﬁ P(xj|Non Adherent)
=1

5. Posterior Probability:
Calculate the posterior probability for each class:
P(Adherent | x1,x2, ..., xm)x Likelihood (Adherent)

P(Non - Adherent | x1,x2, ...,xm)oc Likelihood (Non - Adherent)

6. Prediction:

Classify the instance as Adherent or Non-Adherent based on the
class with the higher posterior probability.

4. Results and Discussion

Predictive findings from three machine learning models Support
Vector Machine (SVM), Decision Tree (DT), and Naive Bayes (NB) are
summarized in Table 1. Key performance parameters such as Accuracy,
Precision, Recall, F1 Score, and Area Under the Curve (AUC) were used to
assess these models, yielding insightful information on their usefulness in
a specific predictive analytics setting.

The Support Vector Machine (SVM) model showed excellent
predictive abilities, with an Accuracy of 89.33%. The model’s ability to
accurately detect positive instances while minimizing false positives is
demonstrated by its Precision score of 87.52%.

Table 1
Result for predictive analysis using Machine learning model
Model Accuracy | Precision Recall F1 Score AUC
SVM 89.33 87.52 91.55 90.89 90.23
DT 91.23 90.44 92.33 89.56 89.22
NB 90.56 92.45 90.12 90.54 88.45
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In addition, SVM showed its competence in catching a sizable fraction
of genuine positive events with a Recall of 91.55%. The model’s strong
performance is reflected in its F1 Score of 90.89%, which is a balance of
Precision and Recall. The Area Under the Curve (AUC) value of 90.23%
implies a high discriminatory power, making SVM well-suited for the
prediction task. The Accuracy of the Decision Tree (DT) model was even

higher, at 91

.23 percent as shown in Figure 2.
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Representation of evaluation parameter comparison
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Comparison of Accuracy of proposed method

The model’s accuracy in classifying positive examples (90.44%) and
its efficiency in catching true positives (92.33%) are highlighted by the
Precision and Recall metrics, respectively. Nonetheless, as compared to
SVM, the F1 Score of 89.56% indicates a somewhat less optimal balance
between Precision and Recall. The AUC of 89.22% highlights the DT
model’s prediction capability and reveals its great discriminatory potential.
The Naive Bayes (NB) model was able to obtain an Accuracy of 90.56%,
proving its proficiency in producing accurate predictions. With a Precision
of 92.45% and a Recall of 90.12%, it appears that positive instances are
being accurately identified. The F1 Score of 90.54% strikes a well-balanced
performance between Precision and Recall. However, as compared to SVM
and DT, the AUC of 88.45% indicates a somewhat weaker discriminatory
power as shown in Figure 3, 4 and 5.
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Overall, SVM performed very well, and the trade-off between
Precision and Recall was reasonable. The Decision Tree model had high
Accuracy and Recall, making it useful in situations where it was important
to capture positive examples. When reducing the number of false positives
is crucial, Naive Bayes optimized for high Precision performs well.

5. Conclusion

This research presents a predictive analytics strategy for improving
medication adherence by utilizing individual patients’ demographic,
health, and socioeconomic information. The models” in-depth examination
of these factors yields individualized insights that help healthcare
providers anticipate risks of non-adherence and design interventions to
address them. Beyond simple prediction, advanced analytics in healthcare
are helping to usher in a new era of preventative and individualized health
care. Models have shown promise in predicting patients” compliance, but
further development and validation are necessary before they can be used
in practice. Furthermore, continuous monitoring is required due to ethical
concerns around data protection and model interpretability. Still, the
findings highlight the enormous potential of machine learning-driven
predictive analytics in improving drug management, which should lead to
better, patient-centered healthcare for everyone. To fully realize their
potential in improving patient outcomes, future research should
concentrate on making these models scalable, interoperable, and easily
integrated into preexisting healthcare systems.
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