Development of Predictive Models for Personalized Warfarin Dose
Optimization using Statistical and Machine Learning Approaches

Keetapat Tananchai | Thita Maraya | Tanakorn Yimyorng | Poramad Boontha | Kanjanapron Matapan | Advisor Asst. Prof. Dr. Phimphaka Taninpong

Faculty of Science, Data Science Program, Chiang Mai University

ABSTRACT

This study aimed to develop and evaluate statistical and machine learning models for individualized warfarin dose prediction using data from the International Warfarin Pharmacogenetics Consortium (IWPC) and hospital-based electronic medical records (EMR). This retrospective
study assessed 39 models, including Linear Regression, Random Forest, and Gradient Boosting Regression Trees (GBRT), along with several ensemble approaches. Predictor variables included demographic and clinical characteristics such as ICD-10 diagnostic codes, laboratory test
results, and medication transaction records. However, pharmacogenetic factors, including CYP2C9 and VKORC1 genotypes, were available only in the IWPC dataset. Model performance was evaluated using R?, mean absolute error (MAE), root mean square error (RMSE), and the
percentage of predictions within 20% of the actual dose (PW20). In the hospital EMR dataset, Lasso regression achieved the best performance (R? = 0.834, MAE = 4.42 mg/week, PW20 = 52.38%). In the IWPC cohort, a stacked ensemble model (RF + SVR + Ridge) showed the best
performance in the Asian subgroup (R2 = 0.262, PW20 =~ 41%), while the same ensemble approach demonstrated superior performance in the non-Asian subgroup (R2 = 0.211, PW20 = 38.10%). These findings highlight the importance of predictive modeling for individualized warfarin

dose optimization, as the accuracy of dose prediction varied across datasets and patient populations.
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settings. However, it has a narrow therapeutic index and considerable interindividual dose variability (Thipsumon Raksintham,

2023). Inappropriate dosing may cause serious bleeding or thromboembolic events, making accurate dose prediction
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essential. Warfarin response is influenced by clinical factors (e.s., age, body weight, medications)

and genetic polymorphisms in CYP2C9 and VKORC1, which significantly contribute to dose

variability. Therefore, machine learning-based predictive models offer a promising approach to &
integrate these factors and improve individualized warfarin dose estimation (Nguyen et al., 2021). e Non-Asian
MAE RMSE MAE RMSE
Model R2 PW20 (%) Model R2 PW20 (%)
(mg/week) (mg/week) (mg/week) (mg/week)
XGBRegressor_100_Lighter 6.671 9.252 0.214 39.81 GBRT_AbsoluteLoss 10.836 14.191 0.197 38.1
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and hospital electronic medical records, and to compare the predictive performance of these models across different dataset

Table 3: The Best Machine Learning Model Performance for Warfarin Dose Prediction Using the IWPC Dataset

The comparison of predictive models showed that the Stacking Ensemble model (RF, SVR, and Ridge) achieved the best

METHODOLOGIES performance in the Asian group, with R? = 0.262 and RMSE = 8.967 mg/week, slightly outperforming the single model
Datasets This study used two datasets: (XGBRegressor). In the Non-Asian group, the GBRT (Absolutel.oss) model provided the best result with Rz = 0.197.

1.IWPC Dataset : The IWPC dataset is a publicly available dataset from the International Warfarin
Pharmacogenetics Consortium, including 5,503 samples (IWPC Consortium, 2009).

2.Hospital Dataset : Clinical data from 100 patients obtained from hospital electronic medical records.

The IWPC dataset was divided into training (70%) and test (30%) sets, while the hospital dataset
was divided into training (80%) and test (20%) sets for model evaluation.

_ ® Features include demographics, clinical

The difference in predictive performance between Asian and Non-Asian populations may be explained by variations in the

frequency of genetic variants related to Warfarin response, particularly VKORC1 and CYP2C9. These variants occur at different rates
across ethnic groups. In particular, Asian populations often carry VKORC1 variants associated with higher sensitivity to Warfarin, which

may help machine learning models better capture the relationship between genetic factors and optimal dosage.
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