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ABSTRACT: Warfarin is an oral anticoagulant medication used to prevent conditions caused by blood clots. Due to the broad 
spectrum of variability among patients and the limited therapeutic margin, determining the appropriate dose for each individual 
is often difficult. To remediate the potentially fatal consequences that incorrect dosing can bring (such as thromboembolism or 
hemorrhaging), machine learning (ML) algorithms are used to enhance the accuracy of doses using clinical and pharmacogenetic 
variables. Researchers continue to build on previously published works to develop further methods for improving accuracy.

Despite the advantages that ML techniques can bring, there are certain limitations when evaluating their performance in real 
clinical settings. For instance, warfarin research lacks diversity in demographics because most current papers only deal with the 
Caucasian, African/African American, and Asian populations. Those who don’t fall under these specific categories are labeled as 
having a “missing” or “mixed” ethnicity, which may not accurately represent their ethnic demographic. Incorrect identification of 
patient information leads to inaccurate dose predictions, which can have detrimental consequences. This results in a disparity in 
the accuracy of medical treatment, a prevalent problem in all aspects of medicine.
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Learning; Warfarin Dose Prediction. 

�   Introduction
Warfarin is an anticoagulant commonly used in patients 

experiencing conditions such as pulmonary embolism, stroke, 
atrial fibrillation, deep vein thrombosis, or heart attack.¹ To de-
crease the risk of blood clots, the patient’s blood viscosity must 
be lowered precisely and consistently. Because the consequenc-
es of administering too little or too much of the medication 
are severe, determining the initial dose is imperative for prop-
er treatment.² Typically, a 35mg/wk baseline dose is modified 
based on demographic variables such as gender, race, height, 
and weight. For example, a taller person would be administered 
a higher dose than someone of average height. To determine 
whether the ‘correct’ dose has been reached, the international 
normalized ratio (INR) is calculated using the prothrombin 
time (the time it takes for a clot to form in a blood sample).³ 
For those using warfarin, an INR of 2.0 to 3.0 demonstrates 
that the patient is within the target range.⁴ After receiving the 
initial dose, patients must revisit the hospital to test their INR 
and determine whether the dose needs to be adjusted to reach 
their target range. Not only is this process cumbersome and 
time-consuming, but patients who require an especially high or 
low dose may also experience severe repercussions. For example, 
providing anticoagulants can increase the risk of bleeding, but 
providing too little won't properly prevent blood clot forma-
tion.⁵,⁶ This illustrates the importance of refining the accuracy 
of the initial warfarin dose, as the consequences of an incorrect 
dosage can be fatal. With the recent acceleration of technolog-
ical advancements in the machine learning field, a wider variety 
of variables (such as pharmacogenetic data) can be considered, 
and a more accurate initial dose can be administered. 

Machine learning is a branch of artificial intelligence that 
enables computer systems to automatically learn and improve 
from experience without being explicitly programmed. Its gen-
eral approach involves algorithms that iteratively learn from 
data, identifying patterns and making predictions or decisions.⁷ 
Specific types of algorithms include supervised learning, where 
models are trained on labeled data; unsupervised learning, 
which finds patterns in unlabeled data; and reinforcement 
learning, where agents learn to interact with an environment 
to achieve a goal.⁸ In the context of warfarin dosing, ma-
chine learning algorithms have been increasingly applied to 
personalizing dosage decisions based on individual patient 
characteristics. Training datasets typically consist of patient 
data, while testing datasets evaluate the algorithm's perfor-
mance on unseen data. Commonly used performance metrics 
include accuracy, precision, recall, and F1 score,⁹ which assess 
the model's ability to correctly predict warfarin dosage require-
ments for optimal patient care.

The International Warfarin Pharmacogenetics Consor-
tium (IWPC) released one of the first papers on optimizing 
warfarin dosing.¹⁰ With a dataset containing more than 5700 
patients collected from 21 research groups from 9 countries 
and 4 continents, this paper has provided a valuable resource 
for countless researchers around the world by contributing a 
large dataset readily available for testing as well as a reference 
for many articles to compare the performance of their model. 
However, because the data was collected from multiple orga-
nizations with different testing capacities and criteria, some 
information regarding certain variables is unaccounted for. 
This presents a challenge because researchers using this dataset 
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must either predict these missing values or exclude the subject 
entirely.

This literature review will explore five articles that develop 
and analyze machine learning algorithms to improve warfa-
rin dosing accuracy. The articles were chosen from the Google 
Scholar search engine, and all five meet the following criteria: 
use data from the IWPC cohort, encompass multiple ethnic 
populations, and consider pharmacogenetic data. They are 
placed in chronological order (from 2009 to 2023) to demon-
strate the shift in trends over time as both the field of machine 
learning and our understanding of medicine have progressed.
�   Discussion
There have been countless studies performed (using a variety 

of methods and datasets) on the issue of optimizing the initial 
warfarin dose. As discussed previously, creating and publishing 
the IWPC dataset can be seen as one of the ‘starting points’ 
of this branch of research because it allowed researchers easy 
access to an expansive data set. Although Gage et al. released a 
study in 2008, one year before the IWPC article, their dataset 
only included 1307 patients compared to the 5052 patients 
in the IWPC dataset.¹¹ Additionally, not as many articles 
have used the data from Gage et al. to build their algorithm, 
demonstrating once again the significant impact and contri-
bution of the IWPC cohort on research regarding machine 
learning-based warfarin dosing. Because a very large sample 
size is needed to train most machine learning algorithms, 
having a cohort of 5000+ participants played a crucial role in 
furthering this field of study.  

IWPC (2009): 
Klein et al.¹⁰ develop three models: comparing a fixed-dose 

approach, a clinical data-driven approach, and a pharma-
cogenetic data-driven approach. The fixed-dose approach 
administers 35 mg of warfarin per week to each patient, 
regardless of the patient’s demographic variables. In con-
trast, the latter two models use machine learning algorithms 
explicitly formulated to adjust the dose based on patient in-
formation. The term ‘clinical data’ encompasses variables such 
as age, height, weight, race (Asian, Black/African American, 
or Mixed/Missing), enzyme inducer status, and amiodarone 
status. The pharmacogenetic model uses the variables in the 
clinical model but additionally considers the single nucleotide 
polymorphisms (SNPs) of cytochrome P450, family 2, sub-
family C, polypeptide 9 (CYP2C9), and vitamin K epoxide 
reductase complex, subunit 1 (VKORC1). These SNPs, like 
race or age, influence warfarin dose requirements. 

Klein decided to omit patients who had any missing data, 
so a total of 4043 patients were divided into groups depending 
on whether they needed a “low dose” (≤21 mg/week), “inter-
mediate dose” (>21 and <49 mg/week), or “high dose” (≥49 
mg/week) of warfarin for stable therapeutic anticoagulation. 
75% of these patients were used to develop the two algorithms, 
and the remaining 25% were used to validate the algorithms 
based on whether the prediction was within 20% of the actual 
stable therapeutic dose. Klein observed that the most accurate 
doses were predicted through the pharmacogenetic algorithm, 
specifically in the low-dose or high-dose groups. The sec-
ond-most optimal algorithm was the clinical model, putting 

the fixed-dose approach in last place. Based on his findings, 
Klein concluded that the inclusion of genetic information is 
beneficial when estimating warfarin dose.

Sharabiani et al. (2014): 
In contrast to Klein, Sharabiani et al.¹² conclude that there 

isn’t enough evidence to prove that pharmacogenetic data 
yields higher accuracy in warfarin dosing and conducts an ex-
periment using only clinical data. Sharabiani explains that even 
if pharmacogenetic data provides more accurate dose predic-
tions, it’s often impractical to gather genetic data of individuals 
and perform tests in real clinical settings before giving patients 
a warfarin dose. 

To deal with the missing values from the IWPC dataset, 
Sharabiani used the K-nearest neighbor method to predict 
the values, classifying data based on the proximity between 
data points. The patients were assigned into groups based 
on whether they needed a “low dose” (≤30 mg/wk) or a “high 
dose” (>30 mg/wk). 50% of the patients were used to develop 
the algorithm, and the remaining 50% were used to validate it. 
Sharabiani’s clinical model yielded greater performance when 
compared to the fixed-dose approach.

Statistical models of root mean squared error (RMSE) and 
mean absolute error (MAE) were used to evaluate the pre-
diction accuracy. Sharabiani’s model yielded the values 11.6 
mg/week and 8.4 mg/week, respectively. For both of these 
mathematical models, a lower value signifies higher accuracy 
in prediction. Therefore, Sharabiani’s clinical model was found 
to outperform that of the IWPC clinical model, as the IWPC 
model produced an MAE value of 10.1 mg/week (Klein used 
MAE and r² instead of RMSE, so these values can’t be directly 
compared). However, it’s important to consider that this com-
pares to the IWPC clinical model, which performed poorly 
compared to the IWPC pharmacogenetic model. While the 
IWPC clinical model had an MAE of 10.1 mg/week, the 
IWPC pharmacogenetic model had an MAE of 8.8 mg/week. 
Sharabiani’s work is significant because it highlights the limits 
of applying pharmacogenetic models in real life and proposes a 
solution using clinical models to resolve this problem. 

Ma et al. (2018): 
The most notable aspect of Ma et al.’s¹³ work is that they 

use a stacked generalization framework, which utilizes multi-
ple machine learning algorithms and improves dose prediction 
accuracy. Ma also incorporates more variables when calculat-
ing doses. While Klein considers the variables genotype, age, 
height, weight, race, enzyme inducers, and amiodarone, Ma 
considers diabetes mellitus, heart failure, valve replacement, 
use of statins, and smoking status in addition to all the vari-
ables that Klein included. 

A total of 5743 subjects from the IWPC cohort were in-
cluded in Ma’s study. 80% of these subjects were used as the 
training set, while the remaining 20% were used as a valida-
tion set. Another unique aspect of Ma’s work is the division 
of subgroups prior to testing—he uses the categories of low, 
intermediate, and high dose, much like other articles; howev-
er, he defines these terms differently depending on race. For 
example, while the “low” category represents those who take 
<15.0 mg/wk of warfarin in Asians, the same category repre-
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sents those who take <30.0 mg/wk of warfarin in Africans/
African Americans. 

Ma notes that multivariate linear regression (MLR) mod-
els, popular among researchers seeking to optimize warfarin 
dosing, can be flawed because they attempt to provide a lin-
ear solution for a non-linear dataset. Predictive accuracy was 
measured with MAE, and both of Ma’s stacked generalization 
models outperformed his MLR models with an MAE of 8.31 
mg/week as opposed to an MAE of 8.53 mg/week. This is im-
pressive because not only were Ma’s own stacked generalization 
models more accurate than his MLR models, but they even 
outperformed previous models created by Klein or Sharabiani. 

Truda et al. (2021): 
Truda et al.¹⁴ explain the difficulty of replicating and com-

paring results with previously published research for a couple 
of reasons: the lack of open-source code for many articles, vari-
ation in testing methods, and differences in data. Firstly, the 
need for open-source code suggests that the machine learning 
algorithms used in each article are described textually rather 
than as a sharable and replicable code. This leads to problems 
when comparing with other authors, making it challenging to 
analyze the proficiency of accuracy, and prevents researchers 
from comfortably building off each other’s work. Furthermore, 
each of the testing methods has fundamental differences be-
tween them that may result in inconsistencies. For instance, 
some use pharmacogenetic data, while others use clinical; some 
incorporate various variables, while others only consider a few; 
and some validate their findings through mathematical models 
like the percent of the cohort with a mean percentage within 
20% of the actual dose, while others use root mean squared er-
ror (RMSE) and mean absolute error (MAE). Additionally, all 
researchers in this literature review who used the IWPC cohort 
for their dataset exclude different patients based on different 
standards of determining outliers.

To remedy the aforementioned problems, Truda creates 
a software framework called “Warfit-learn,” which allows 
smoother accessibility of the source code for those interested. 
When comparing his model to the IWPC model, he found 
that his MAE of 8.59 mg/week was higher than Klein’s MAE 
of 8.5 mg/week. Although Truda’s predictions weren’t as accu-
rate as the previously published models, he fulfilled his initial 
intentions by establishing the Warfit-learn framework, which 
allowed warfarin research to be conducted more efficiently by 
opening up the availability of prediction models to the general 
public. In addition, Truda also demonstrated extensive research 
on the comparison of different ML techniques, including the 
following: linear regression (LR), support vector regression 
(SVR), ridge regression (RR), boosted regression trees (BRT), 
gradient-boosted trees (GBT), and neural network (NN). Out 
of these, he found that LR and SVR models produced the most 
accurate predictions, while NN models produced the worst.

Jahmunah et al. (2023): 
Jamunah et al.¹⁵ differentiate their study by using a machine 

learning method called “deep learning,” which mimics how the 
human brain thinks. The multiple layers of neural networks 
function similarly to the neurons in a human brain, which 
allows deep learning models to recognize complex patterns 

within a dataset.¹⁶ Additionally, Jahmunah has a unique meth-
od of testing and validating their algorithm; unlike Klein and 
Ma, Jahmunah uses the combined dataset (all demographics) 
to train the data, then tests the algorithm within members of a 
specific race. This allows them to input more patient data while 
training the model, increasing the sample size. To mathemat-
ically validate its findings, MAE and percentage of the cohort 
within 20% of the actual dose are used. 

Like Ma, Jahmunah continues the trend of incorporat-
ing more variables when training the models. In addition to 
the general clinical variables (age, gender, ethnicity, height, 
and weight), Jahmunah considered factors including cardio-
myopathy, stroke, Type II diabetes, smoking status, and ten 
concomitant medications. Similar to Sharabiani, Jahmunah 
noticed that their model performed significantly better in 
Asian populations than in other ethnic groups. This could 
be explained by the fact that 90% of the Asian population 
within the IWPC dataset carried the VKORC1-1639 A poly-
morphism, making them a more homogenous population. In 
contrast, only 38% of Whites and 11% of Africans/African 
Americans carried the polymorphism. Unsurprisingly, the low-
est MAE achieved was from the Asian population, producing 
a value of 7.6 mg/week. As Truda pointed out, many published 
articles regarding the optimization of warfarin lack practicality 
due to the large variability in datasets and methodology that 
each author chooses. Jahmunah reflects this observation and 
points out that in a real-world setting, the data available on a 
patient may be very limited and will most likely vary depend-
ing on the capacity of medical facilities. 
�   Conclusion
Machine learning has been previously used to optimize the 

dosage of medications other than warfarin,¹⁷ such as vanco-
mycin (an antibiotic that treats bacterial infections)¹⁸ and 
lamotrigine (an anticonvulsant that treats seizures).¹⁹ Similar 
limitations were observed in studies using ML to improve 
the dose accuracy of these drugs: overfitting of models led to 
the need for external validation, small sample sizes presented 
questions on the generalizability of models, and specific demo-
graphics performed better than others. 

Klein’s¹⁰ (IWPC) study from 2009 explored the possibili-
ty of genetic data in improving warfarin dosing accuracy and 
concluded that pharmacogenetic algorithms yield closer pre-
dictions than clinical ones. In contrast, Sharabiani¹² introduced 
a prediction model in 2014 dealing only with clinical data due 
to the practical limits of collecting genetic data from patients. 
Using this clinical model, Sharabiani produced a lower MAE 
value than Klein’s model, demonstrating improved dose pre-
diction accuracy. Despite this, research from Ma¹³ in 2018, 
Truda¹⁴ in 2021, and Jahmunah¹⁵ in 2023 all start with the 
assumption that pharmacogenetic data should be included in 
their study. All three of these models outperform Klein’s model, 
highlighting that dose prediction accuracy increases as our un-
derstanding of machine learning and medicine expands. There 
is a continuous debate about whether or not the inclusion of 
pharmacogenetic data significantly improves dose prediction 
compared to a clinical model. Still, the underlying agreement 
is that using genetic information doesn’t decrease the efficiency 
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and accuracy of models. From the 2010s to the early 2020s, 
there has been a slight shift in research direction: rather than 
comparing the performance of pharmacogenetic models to 
that of clinical models, more and more researchers incorpo-
rate genetic data into their models as a fundamental aspect 
and compare their performance to that of models published in 
previous articles. 

There are many limitations to the research methods ex-
plored throughout this literature review despite all five articles 
using data from the IWPC cohort. Although the same dataset 
is used, the sample size varied between studies because of the 
inconsistent exclusion criteria of patients with missing infor-
mation on certain variables. Such differences resulted from the 
fact that data was collected from multiple different organiza-
tions. These missing values were either extrapolated based on 
other patient information or the patient was omitted entirely. 
In the former case, an inaccurate estimation of a value could 
jeopardize the results of the entire experiment. The latter pre-
sented the risk of using too small of a sample size. Thus, it 
was critical that researchers find a balance between ensuring 
a large sample size and generating correct predictions about 
patient data. Specifically for crafting machine learning algo-
rithms, a large sample size is imperative to prevent overfitting, 
which occurs when a model yields a prediction that adheres 
too specifically to the given dataset and thus doesn’t apply to 
larger, more general datasets when tested.²⁰ Increasing the 
sample size is often the easiest and most effective solution to 
this phenomenon.

In selecting the most accurate or efficient warfarin prediction 
model, there is a problem resulting from the limited availabil-
ity of patient genetic information in real-world settings. Due 
to factors such as disparities between medical facilities and 
equipment availability, researchers may need access to genetic 
testing equipment. On the other hand, while pharmacogenetic 
models may improve warfarin dosing accuracy, they lack prac-
ticality when applied to clinical situations. This disparity is 
highlighted explicitly in developing countries where medical 
care is not yet advanced enough to provide accurate and timely 
genetic testing. This is especially important because adminis-
tration of warfarin can be such a time-sensitive procedure.

Another real-world limitation is the minimal number of de-
mographics included within the IWPC dataset. Because the 
categories for race were limited to Caucasian, African/African 
American, Asian, and mixed/unknown, specific populations 
(such as the Hispanic population) are much less likely to have 
an accurate dose prediction. Additionally, because the primary 
demographic that uses warfarin tends to be the elderly (gener-
ally 65 years or older), research on warfarin dosing for children 
or adolescents is limited. As a result, further exploration of this 
aspect is needed to ensure the safety and comfort of all war-
farin users.
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