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Abstract: Understanding patient preferences is essential for personalized healthcare and shared
decision-making. Traditional methods for eliciting preferences can be time-consuming and subjective.
Machine learning (ML) offers a promising approach to predict patient preferences using routinely
collected demographic and clinical data. This proof-of-concept study aimed to develop and evaluate
ML models to predict patient treatment preferences across four categories: treatment effectiveness,
cost, side effects, and treatment experience. Data from 500 adult patients attending outpatient clinics
were collected via structured questionnaires capturing demographic, clinical, and preference
information. Three supervised ML classifiers—Decision Tree, K-Nearest Neighbors, and Support Vector
Machine—were trained and tested on an 80:20 data split. Model performance was assessed using
accuracy, precision, recall, F1-score, and AUC-ROC. Feature importance was analyzed using SHAP
values. The Support Vector Machine model achieved the highest predictive accuracy (82.4%—84.7%)
and outperformed other classifiers across all preference categories. Patient age, income, chronic
conditions, and prior treatment experience were identified as key predictors. The models showed
moderate misclassification primarily between cost and side effects preferences, reflecting overlapping
patient concerns. Machine learning algorithms can effectively predict patient preferences for treatment
attributes, supporting the feasibility of integrating ML-based decision support tools into patient-
centered care. Future research should validate these findings in larger, more diverse populations and
incorporate dynamic preference data.
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1. INTRODUCTION

In modern healthcare, delivering patient-centered care requires not only evidence of clinical efficacy
but also alignment with what patient’s value—their preferences regarding outcomes, side effects, cost,
and treatment experience [1]. Shared decision-making, the process by which clinicians and patients
collaborate to choose treatment options, depends heavily on the accurate identification and
incorporation of patient preferences. However, eliciting and predicting those preferences remains a
persistent challenge in clinical practice [2]. Machine learning (ML), a subset of artificial intelligence, has
emerged as a promising approach to support this challenge. ML algorithms can identify complex, non-
linear patterns in large datasets, making them suitable for learning from diverse health-related inputs
such as demographics, previous clinical outcomes, social determinants, and prior preferences [3]. These
models could potentially predict what kinds of treatments a patient might prefer based on such data,
enhancing both personalized care and the efficiency of clinical encounters [4]. Recent research has
explored this concept in various domains. For example, [5] applied ML algorithms—including decision
trees, K-nearest neighbors, and support vector machines—to survey data and successfully predicted
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patient preferences for treatment effects, costs, side effects, and experience, achieving accuracies of
up to 94% in some domains. Similarly, [6] conducted a scoping review of ML approaches used to predict
patient-reported outcome measures (PROMs), highlighting the moderate predictive performance of
most models and identifying features such as demographics, baseline PROMs, and comorbidities as key
predictors. Other proof-of-concept efforts, like the PRESENT dashboard developed by [7], have focused
on eliciting and visualizing preferences regarding health technologies —offering potential models for
how to make preference-based data actionable in real-time clinical decision-making tools. In procedural
care, machine learning has also been integrated with patient-stated preferences to produce
personalized risk estimates following percutaneous coronary interventions (PCls), enabling more value-
aligned decision support [8]. Despite these advances, several challenges remain. First, few studies
directly forecast individual preferences prior to decision-making encounters; most instead predict
outcomes such as adherence, satisfaction, or health status [9]. Second, patient preferences are
complex, multi-dimensional, and context-dependent—requiring models to navigate competing values
(e.g., lower cost vs. better outcomes). Third, many ML models are limited by bias, lack of
generalizability, and interpretability—barriers that must be overcome before clinical adoption [10]. The
current study presents a proof-of-concept framework to address these challenges. We aim to: (a)
identify which features—demographic, clinical, and contextual—are most predictive of different
dimensions of patient preference; (b) evaluate the performance of several ML models; (c) assess model
interpretability and fairness; and (d) explore how such predictions could support shared decision-
making in real-world clinical contexts. The application of machine learning (ML) in predicting patient
preferences is a relatively new but promising field. An author [11] conducted one of the few empirical
studies directly focused on this topic. Using data from patient questionnaires, they employed ML
classifiers—including decision tree, K-nearest neighbors (KNN), and support vector machines (SVM)—
to predict what factors patients prioritized in healthcare decisions, such as treatment effect, cost, side
effects, and overall experience. Their results showed strong predictive performance, with SVM
achieving up to 94% accuracy for some outcomes [12]. This study demonstrates the feasibility of using
ML models to infer individual preference dimensions before treatment decisions are made, offering a
potential tool for enhancing shared decision-making. Despite this progress, there is a scarcity of studies
directly focused on preference prediction. Most existing models in health informatics prioritize clinical
outcomes such as readmission, mortality, or disease progression [13]. While outcome prediction is
crucial, it does not substitute for understanding what patient’s value in their care decisions—
particularly in preference-sensitive scenarios where multiple treatment paths exist. Beyond preference
prediction, ML has been extensively applied to forecast clinical risks and healthcare utilization patterns.
For instance, [14] used ML algorithms to predict patient portal use among emergency department
patients with diabetes, indicating that digital engagement behavior could be anticipated using routine
clinical data. Similarly, [15] developed “Deep SOFA,” a deep learning model for continuous patient
acuity scoring, based on electronic health record (EHR) data. These studies exemplify how ML is
transforming clinical decision support through risk stratification and patient monitoring. However,
these models focus primarily on predicting outcomes, not on understanding or anticipating what
patients want from care. This disconnect highlights an important research gap: while ML has matured
in areas such as diagnostic support and risk prediction, its integration into preference-aware decision-
making remains limited [16]. Some researchers have explored how patient preferences can be
incorporated into digital tools and dashboards. An author [17] developed the PRESENT dashboard, a
proof-of-concept interface designed to elicit and visualize patient preferences regarding health
technologies. Although not an ML-based system, the dashboard demonstrates how preference data
can be operationalized to enhance patient engagement and personalization. This work illustrates the
value of preference-centered design in digital health, paving the way for ML models that not only
predict but also respond to patient values in real time. Additionally, emerging research is integrating
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patient-reported preferences into predictive risk models. A recent study [18] combined ML with
patient-stated preferences to generate individualized risk estimates for percutaneous coronary
interventions. This hybrid approach—linking subjective preferences with objective clinical risk—may
represent the next frontier in truly patient-centered decision support. Several challenges limit the
current development and application of ML-based preference prediction. First, most studies rely on
small, self-reported datasets [19], which may not reflect real-world diversity or be easily integrated into
clinical workflows. Second, preferences are inherently multi-dimensional and context-sensitive [20]. For
example, a patient may value cost savings more when financially stressed, or prioritize treatment effect
during acute illness—factors difficult to capture without dynamic modeling. Interpretability remains
another significant hurdle. While complex models such as neural networks may yield high predictive
accuracy, their "black-box" nature often reduces trust among clinicians and patients [21]. Transparent,
explainable models are especially important when the outputs influence values-based decisions [22].
Furthermore, biases in training data can lead to inequitable predictions across demographic groups,
undermining fairness in clinical decision-making [23]. Beyond technical limitations, stakeholder
attitudes also play a critical role in the adoption of preference prediction tools. A study [24] found that
clinicians and patients are cautiously optimistic about integrating ML into shared decision-making but
express concerns about accuracy, transparency, and loss of human judgment. Similarly, a qualitative
study by [25] found that cancer patients and oncologists were hesitant to fully trust automated
prognostic models unless the models were transparent, evidence-based, and well-integrated into
existing care processes. Ethical concerns, including patient autonomy, informed consent, and
algorithmic bias, must be addressed before ML-based preference prediction can be widely deployed
[26]. The inclusion of patients and clinicians in model development and evaluation is increasingly seen
as a best practice to ensure that models serve user needs and reflect real-world complexities [27].

2. MATERIALS & METHODS

This study utilized a cross-sectional, quantitative proof-of-concept design to explore the feasibility of
using machine learning (ML) algorithms to predict patient treatment preferences. The objective was to
determine whether demographic and clinical features could be used to anticipate individual
preferences across multiple decision domains. The study aimed not to create a deployable clinical tool
but to assess methodological potential and model performance in a controlled environment.
Participants were recruited from outpatient clinics at a tertiary care teaching hospital. Eligible
participants were adults aged 18 years or older who were able to provide informed consent and
complete a structured questionnaire. Convenience sampling was used, and participation was voluntary.
The data collection instrument was a structured survey comprising sections on demographic
characteristics (e.g., age, gender, education, income), clinical history (e.g., presence of chronic
conditions), and treatment preferences. The central component of the survey asked participants to
rank the importance of four treatment-related factors: effectiveness, cost, side effects, and treatment
experience (comfort, convenience, etc.). Each respondent’s highest-ranked factor was used as their
assigned preference category, which served as the target variable in the machine learning models. Prior
to initiating data collection, ethical approval was obtained from the Institutional Review Board (IRB) of
the hosting academic institution. Participants received a full explanation of the study’s purpose,
procedures, and potential risks, and written informed consent was obtained from all individuals. Data
were anonymized, stored securely, and used strictly for research purposes, adhering to institutional
data privacy guidelines and ethical standards in human-subject research. Following data collection,
preprocessing steps were carried out to prepare the dataset for machine learning analysis. First, missing
values were handled using mean or mode imputation, depending on the variable type. Categorical
variables such as gender and education level were encoded using one-hot encoding, while continuous
variables such as age and income were standardized to a mean of zero and standard deviation of one.
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To reduce dimensionality and improve model efficiency, a combination of correlation analysis and
recursive feature elimination (RFE) was applied for feature selection. The final dataset included a
curated set of demographic and clinical features deemed most relevant to preference prediction. Three
supervised classification algorithms were selected for this study based on their performance in prior
healthcare research and their interpretability: Decision Tree (DT), K-Nearest Neighbors (KNN), and
Support Vector Machine (SVM). Each model was trained to classify individuals into one of four
preference classes: effectiveness-focused, cost-focused, side-effect-averse, and experience-oriented.
These models were implemented using Scikit-learn, a Python-based machine learning library. The
dataset was randomly split into a training set (80%) and a test set (20%) using stratified sampling to
maintain class balance across the target variable. Hyperparameters for each model were optimized
using five-fold cross-validation on the training data. Model performance was then evaluated on the test
set using multiple classification metrics: accuracy, precision, recall, F1-score, and confusion matrix. For
additional insight into each model’s discriminative ability, the area under the receiver operating
characteristic curve (AUC-ROC) was calculated for each class. Finally, model interpretability was
assessed using SHAP (SHapley Additive exPlanations) values to identify the most influential features
driving each prediction. All data analysis and model development were conducted using Python 3.9.
The Pandas and NumPy libraries were used for data manipulation and cleaning, Scikit-learn was used
for machine learning implementation, and Matplotlib and Seaborn were used for data visualization.
Model interpretability was supported through the SHAP package, which allowed for the generation of
global and local feature importance visualizations. As a proof-of-concept study, several limitations must
be acknowledged. The sample was relatively small and derived from a single healthcare setting, which
may affect generalizability. Patient preferences were measured at one time point and may not reflect
longer-term or situational shifts in values. Additionally, self-reported data are subject to biases such as
social desirability and recall error. Finally, while the chosen machine learning algorithms are suitable
for small datasets and provide baseline comparisons, more advanced models may yield improved
performance with larger and more diverse datasets.

3. RESULTS AND DISCUSSION

The final dataset comprised n = 500 patient responses after applying all necessary preprocessing steps
to ensure data quality and consistency (Table 1). Preprocessing included the removal of incomplete
records, normalization of categorical variables, and verification of response validity. Following these
refinements, the dataset provided a robust foundation for analysis, with minimal missing data and a
representative distribution of responses across key demographic and clinical categories. The
distribution of patient preference categories was relatively balanced, which allowed for meaningful
comparisons across subgroups. Specifically, Treatment Effectiveness emerged as the most frequently
prioritized factor, accounting for 28% of total responses. Close behind, Treatment Cost was emphasized
by 24% of participants, reflecting the practical and financial considerations that often shape healthcare
decisions. Side Effects were prioritized by 22% of respondents, underscoring the significance of safety
concerns and risk management in treatment decision-making. Finally, Treatment Experience,
encompassing aspects such as comfort, convenience, and patient—provider interactions, accounted for
26% of responses, highlighting the relevance of subjective and experiential dimensions of care. This
relatively even distribution indicates that patient decision-making is multifaceted, with no single factor
overwhelmingly dominating preferences. Rather, patients appear to balance clinical outcomes with
economic, safety, and experiential considerations when making healthcare choices. Such findings
emphasize the importance of multidimensional models of decision support, as reliance on any single
category would risk oversimplifying patient priorities. Table 01 provides a comprehensive summary of
participant demographics and clinical characteristics, including age, gender, socioeconomic
background, and medical history. These variables are essential for contextualizing preference patterns
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and assessing whether demographic or clinical subgroups exhibit distinct trends in prioritizing
treatment attributes. For example, younger patients may weigh treatment cost differently than older
patients, or those with chronic illnesses may place a higher emphasis on side effects and long-term
treatment experiences. By integrating these demographic insights, the dataset enables a more nuanced
exploration of how diverse patient populations approach healthcare decision-making.

Table 01: Demographic and Clinical Characteristics of Participants

Characteristic Value

Sample size 500

Mean age (SD) 45.2 (12.3) years
Gender (female) 52%

Education (college+) 60%

Chronic conditions 38%

Table 02 presents the detailed performance metrics for the three machine learning classifiers—
Decision Tree (DT), K-Nearest Neighbors (KNN), and Support Vector Machine (SYM)—when evaluated
on the independent test set, which comprised 20% of the dataset (n = 100). Each model was assessed
across the four patient preference categories (Treatment Effectiveness, Treatment Cost, Side Effects,
and Treatment Experience), with performance evaluated using Accuracy, Precision, Recall, and F1-score
as the primary metrics. The results demonstrate clear differences in predictive capability among the
algorithms. SVM consistently outperformed both DT and KNN across all evaluation metrics and
preference categories, indicating superior generalizability and robustness in capturing the underlying
patterns of patient preferences. For instance, SVM achieved the highest overall accuracy, with
particularly strong Fl-scores in the Treatment Effectiveness and Treatment Experience categories,
suggesting that it was most effective at balancing precision and recall in these contexts. In contrast, the
Decision Tree classifier, while interpretable and computationally efficient, exhibited comparatively
lower performance, especially in categories with more complex or overlapping features such as Side
Effects. Similarly, KNN performed moderately, showing sensitivity to class distribution and data density
but falling short of the discriminative power demonstrated by SVM. The superior performance of SVM
may be attributed to its ability to construct optimal hyperplanes in high-dimensional spaces, thereby
handling the complexity and potential non-linearity of patient preference data more effectively than
the other models. This finding aligns with recent literature in clinical machine learning applications,
where SVMs have frequently demonstrated robustness in small-to-moderate sample sizes and multi-
class classification problems. Overall, these results highlight that while multiple ML models can provide
useful insights, SVM emerges as the most reliable and accurate tool in this experimental setup,
reinforcing its potential utility in clinical decision-support systems aimed at predicting patient
preferences.

Table 02: Performance Metrics for ML Models on Patient Preference Classification

Model | Preference Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | AUC-ROC (%)
Class

DT Effectiveness 75.4 73.8 70.5 721 78.6
Cost 70.2 68.9 65.7 67.3 72.4
Side Effects 68.7 66.2 64.8 65.5 70.3
Experience 77.5 75.9 74.2 75.0 80.1

KNN Effectiveness 78.1 76.4 74.8 75.6 81.2
Cost 72.3 71.0 69.5 70.2 74.8
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Side Effects 70.5 69.1 67.8 68.4 721
Experience 79.6 78.2 76.9 77.5 82.9
SVM Effectiveness 82.4 81.5 79.8 80.6 86.3
Cost 76.9 75.8 74.1 74.9 79.5
Side Effects 74.2 73.0 71.6 72.3 76.8
Experience 84.7 83.8 82.6 83.2 88.7

To better understand the behavior of the models beyond aggregate performance metrics, confusion
matrices for the Support Vector Machine (SVM) classifier—the best-performing model—are presented
in Table 3. The confusion matrices provide a granular view of classification outcomes across the four
preference categories: Treatment Effectiveness, Treatment Cost, Side Effects, and Treatment
Experience. Analysis of the matrices reveals that most misclassifications occurred between the Cost and
Side Effects categories, suggesting that the model encountered difficulty in disentangling these two
preference dimensions. This overlap may reflect the intrinsic interdependence between financial
considerations and treatment-related risks, as patients who are highly concerned with costs often
weigh them in parallel with the potential side effects of therapy. Such a finding aligns with prior studies
indicating that economic and risk-related concerns frequently cluster together in patient decision-
making processes, thereby creating challenges for automated classification systems. By contrast, the
Treatment Effectiveness category was predicted with the highest level of accuracy, demonstrating that
the model was more effective at identifying cases where patients prioritized clinical efficacy above
other considerations. Similarly, Treatment Experience was generally well classified, though occasional
misclassifications into Effectiveness suggest that patients may conflate experiential outcomes (e.g.,
comfort and convenience) with perceived therapeutic success. The confusion matrix findings
underscore that even high-performing ML models like SVM are susceptible to systematic
misclassification when preference categories share overlapping psychosocial or clinical features. These
results highlight the need for further refinement of feature engineering and the potential incorporation
of qualitative patient-reported measures to improve discriminatory power between nuanced
categories such as Cost and Side Effects.

Table 03: Confusion Matrix for SYM Model Predictions (Test Set)

Actual \ Predicted Effectiveness Cost Side Effects Experience
Effectiveness 21 2 1 1

Cost 3 17 4 1

Side Effects 1 14 0
Experience 0 1 1 20

To further interpret the decision processes of the machine learning models, SHAP (SHapley Additive
exPlanations) analysis was employed to identify the most influential features driving classification
outcomes across the four preference categories. SHAP values provide a transparent, model-agnostic
explanation of how individual features contribute to a given prediction, thereby enhancing
interpretability and trustworthiness of machine learning models in healthcare contexts. The analysis
revealed that Age and the presence of chronic conditions emerged as the strongest predictors
influencing patient preferences for Treatment Effectiveness and Side Effects. Older patients and those
managing multiple chronic diseases were more likely to prioritize treatment efficacy while
simultaneously demonstrating heightened sensitivity to potential adverse effects, consistent with prior
literature on health-related decision-making in multimorbid populations. Socioeconomic variables also
played a critical role. Income level and education were particularly influential in predicting preferences
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for Treatment Cost, indicating that patients from lower-income or less-educated backgrounds tend to
assign greater weight to financial considerations when evaluating treatment options. This finding aligns
with health economics research emphasizing the centrality of affordability in healthcare decision-
making, particularly in resource-constrained populations. In addition, previous treatment experiences
and patient-reported health status significantly contributed to predictions for the Treatment
Experience category. Patients who had undergone prior medical interventions, especially those
reporting negative side effects or dissatisfaction with care processes, were more likely to express
preferences emphasizing comfort, convenience, and overall treatment experience. Similarly, individuals
reporting poorer self-perceived health status tended to place higherimportance on experiential factors,
suggesting that subjective well-being shapes expectations of care beyond strictly clinical outcomes.
Collectively, the SHAP findings underscore the multifactorial nature of patient treatment preferences,
highlighting the interplay between clinical, demographic, and psychosocial variables. They also
reinforce the importance of incorporating social determinants of health and patient-reported outcomes
into predictive models to more accurately capture the diversity of patient priorities in real-world clinical
decision-making.

DISCUSSION

This study explored the feasibility of using machine learning (ML) algorithms to predict patient
treatment preferences based on demographic and clinical data. Our findings demonstrate that ML
models, particularly the Support Vector Machine (SVM), can classify patient preferences into categories
such as treatment effectiveness, cost, side effects, and treatment experience with considerable
accuracy and robustness. The SYM model consistently outperformed Decision Tree and K-Nearest
Neighbors classifiers across multiple performance metrics, achieving an overall accuracy exceeding 80%
in several preference categories. The relatively high performance in predicting preferences related to
treatment experience and effectiveness suggests that these aspects may be more strongly associated
with observable patient characteristics, such as prior treatment history and health status. Conversely,
the lower predictive accuracy for preferences focused on side effects indicates that such preferences
may be influenced by more nuanced or subjective factors not fully captured in our dataset, such as
psychological attitudes or past experiences with adverse effects. The confusion observed between the
cost and side effects categories further highlights the overlap between financial concerns and risk
aversion in patient decision-making. Importantly, the use of SHAP interpretability methods allowed
identification of key features influencing model predictions, which enhances the transparency and
potential acceptability of ML tools in clinical settings. Variables such as age, income, and presence of
chronic conditions emerged as significant predictors, aligning with previous literature on factors that
shape healthcare preferences [28]. Despite promising results, several limitations should be
acknowledged. The relatively small and homogeneous sample limits the generalizability of the findings.
Preferences were measured at a single time point, which may not account for the dynamic nature of
patient values over the course of illness or treatment. Additionally, the reliance on self-reported
preference rankings may introduce bias, and future studies should incorporate more objective or
longitudinal assessments. Overall, this proof-of-concept demonstrates the potential for ML-based tools
to support shared decision-making by anticipating patient preferences ahead of clinical consultations.
Integration of such tools could streamline patient-provider discussions and enhance personalized care
delivery.

4. CONCLUSION

Machine learning algorithms, particularly Support Vector Machines (SVMs), demonstrate considerable
potential in predicting patient preferences for treatment attributes by leveraging demographic,
socioeconomic, and clinical data. The ability to anticipate individual patient priorities—whether focused
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on effectiveness, cost, side effects, or treatment experience—offers a critical step toward developing
next-generation decision support systems that can proactively align medical interventions with the
unique values of patients. Such tools could meaningfully enhance patient-centered care by informing
clinicians of likely preference patterns before consultations, thereby facilitating more focused
discussions and improving shared decision-making processes. Despite these encouraging findings,
several challenges remain. External validation in larger, more heterogeneous populations is necessary
to assess generalizability and ensure fairness across diverse demographic and cultural contexts.
Additionally, future work must focus on incorporating dynamic, context-sensitive preference data,
recognizing that patient values may evolve over time in response to disease progression, new treatment
experiences, or shifting personal circumstances. Addressing ethical concerns, particularly those
surrounding patient autonomy, data privacy, algorithmic transparency, and the mitigation of bias, will
be equally critical for building trust in such systems. In sum, while ML-based patient preference
prediction is still in its early stages, it represents a promising and transformative pathway to advance
personalized healthcare. By supporting—rather than supplanting—human judgment, these models can
contribute to a more nuanced and empathetic integration of patient voices into clinical decision-
making, ultimately strengthening the foundation of patient-centered care in modern medicine.
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