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ABSTRACT

Approaches to artificial intelligence and machine learning (AI/ML) continue to advance in the field of drug development. A
sound understanding of the underlying concepts and guiding principles of AI/ML implementation is a prerequisite to identifying
which AI/ML approach is most appropriate based on the context. This tutorial focuses on the concepts and implementation of
the popular eXtreme gradient boosting (XGBoost) algorithm for classification and regression of simple clinical trial-like datasets.

Emphasis is placed on relating the underlying concepts to the code implementation. In doing so, the aim is for the reader to gain

knowledge about the underlying algorithm and become better versed with how to implement the algorithm functions for relevant

clinical drug development questions. In turn, this will provide practical ML experience which can be applied to algorithms and

problems beyond the scope of this tutorial.

JEL Classification: Artificial Intelligence and Machine Learning

1 | Introduction

The goal of this tutorial is to enable the reader to understand and
implement the XGBoost machine learning (ML) algorithm for
both classification and regression tasks. The implementation is in
the R programming language, utilizing open-source packages and
open-source clinical trial-like datasets given the wide use of R in
the field of clinical pharmacology and pharmacometrics. The ideal
audience for this guide is those familiar with clinical trial data and
some proficiency in R coding, but with no significant experience
in hands-on implementation of machine learning algorithms.
Significant emphasis will be given to the conceptual framework
that underpins the XGBoost algorithm to help the reader cultivate
intuition behind the methods. This tutorial will not only aid the

reader in understanding the implementation itself, but also ad-
dress some of the “black box” vernacular that is common with
artificial intelligence (AI) approaches. Note that XGBoost is only
one of the many choices available for AI/ML algorithms. It was
selected for this tutorial because of its popularity, flexibility, and
generally good performance across a range of datasets.

1.1 | Tutorial Structure

For readers new to XGBoost, an introductory description and
brief history of the algorithm are provided in addition to some
features that differentiate it from existing methods for classifica-
tion and regression.
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The “AI/ML Applications in Drug development” section pro-
vides an overview of the types of use cases where XGBoost and
general artificial intelligence/machine learning (AI/ML) ap-
proaches have been applied in drug development.

The “Working Example” section provides an overview of the
problem, including the underlying dataset used for the im-
plementation of the classification example. The focus for this
hands-on example is to provide comprehensive code implemen-
tation details. A second dataset and corresponding regression
problem are then described, and details of adapting the code
from classification to regression are provided.

The “Background Concepts” section contains the underlying
technical aspects of the XGBoost algorithm accompanied by a
basic numeric example. The basic example borrows data from
the working example but only for illustration purposes. The sec-
tion concludes with an overview of the common hyperparame-
ters and optimization features of XGBoost.

The “Data Pre-processing” section briefly covers the importance
of understanding the clinical and biological context of the data.
Within this section, the “Code for Data Preprocessing and Model
Preparation” provides step-by-step instructions for preparing the
data for building the XGBoost model. These include common
transformations of different data types (categorical and ordinal
variables) using R data wrangling packages such as dplyr.

The “Code Implementation for Classification” section covers
step-by-step instructions for implementing the classification
working example. Detailed descriptions of the code including
function inputs and outputs are included. Code for model im-
plementation and evaluation are also included. Special attention
is given to hyper parameter tuning for optimizing the model
performance and as a key general ML principle. Subsequently,
in the “XGBoost for Regression” section, code is provided for
adapting the code for a regression problem on a separate dataset.
The reader is encouraged to generate this model based on learn-
ings from the classification example.

Lastly, the “Discussion/conclusions” section outlines a sum-
mary of the tutorial and reemphasizes the types of applications
appropriate for XGBoost. Important caveats of using the over-
simplified case study are discussed.

A supplemental glossary file accompanies the tutorial, which
contains essential terms defined throughout the main body of the
tutorial. Words bolded in the main body indicate that they are de-
fined in the glossary. In the glossary, a definition is provided with
references. In this setting, more informal references were selected
(online tutorials and websites) to lower the barrier to access to rel-
evant teaching material. The reader is encouraged to refer to the
glossary and references as needed. The data for the working ex-
ample and model files are located in a GitHub repository (https://
github.com/metrumresearchgroup/ascpt-ml-tutorial/).

2 | What Is XGBoost?

XGBoost is a powerful and efficient learning method based
on an implementation of gradient-boosted decision trees. It is

typically used for supervised learning tasks, particularly re-
gression and classification problems. At a high level, XGBoost
works by combining weak learners, such as decision trees, se-
quentially, with each new learner effectively correcting errors
made by the previous ones. Similar to other supervised learning
methods, such as neural networks, XGBoost seeks to minimize
a loss function, such as mean squared error for regression prob-
lems or crossentropy loss for classification problems. XGBoost
does so by sequentially building trees to fit the negative gradient
of the loss function with respect to the predictions, in contrast to
neural network training via backpropagation.

The history of XGBoost is intertwined with the broader evolution
of machine learning, particularly the field of ensemble learn-
ing techniques. Ensemble methods, which combine multiple
models to improve predictive performance, have been around
since the early days of machine learning. The development of
boosting, an ensemble method, was significantly advanced by
Jerome Friedman's seminal work on gradient boosting in 2001
[1]. Friedman's gradient boosting machine (GBM) provided a
powerful framework for combining weak learners (typically de-
cision trees) to form a strong predictive model. Building on this
foundation, the introduction of XGBoost by Tiangi Chen and
Carlos Guestrin marked a major leap forward in the efficiency
and scalability of gradient boosting algorithms [2]. Their 2016
work, “XGBoost: A Scalable Tree Boosting System,” presented
at the ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining (KDD), demonstrated how novel
algorithmic optimizations and system designs could signifi-
cantly enhance the performance of gradient boosting models for
real-world data. Specifically, XGBoost includes an array of tech-
niques to handle missingness, imbalanced data via weighting
and large datasets in addition to other powerful software-level
optimizations.

3 | Advantages of XGBoost Compared With
Alternative Methods

There are many supervised learning algorithms available, with lo-
gistic regression for classification and linear regression for regres-
sion being perhaps the most widely known. In addition to these
classic methods, a wide range of AI architectures exists, from a
vast range of neural network methods, nonlinear “kernel” methods
such as support vector machines, tree-based methods, and various
ensemble methods. Every architecture comes with performance
and implementation overhead tradeoffs, with more complex meth-
ods offering potential state-of-the-art performance but typically
at a high implementation cost. While XGBoost can at first appear
complex to understand and tune compared with other methods,
its superior performance and versatility often make it worth the
investment, especially in scenarios where high accuracy and pre-
dictive power are crucial. Implementation time overhead is par-
tially mitigated by the powerful software features of the XGBoost
framework, such as automatic hyperparameter tuning and robust
missingness handling. Moreover, XGBoost is advantageous due
to its ability to efficiently handle large datasets, its robustness
against overfitting thanks to regularization, and its flexibility in
tuning through various hyperparameters. Additionally, XGBoost
has robust open-source implementations in many major program-
ming languages such as Python, C++, Julia, and R [3], with every
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implementation providing the same powerful features, allowing
the user to use their preferred language. It should be emphasized
that XGBoost's strength is best demonstrated on large, complex
datasets. Smaller datasets may be more appropriately analyzed
with simpler methods. In ML terms, XGBoost has lower bias be-
cause the model is more flexible but higher variance because it is
more sensitive to the data than parametric methods such as logis-
tic regression or linear regression.

One of the notable features of XGBoost is its ability to handle
missing data during training and prediction phases. This capa-
bility is achieved through a process called sparsity-aware split
finding [2]. Additionally, XGBoost includes features like built-in
crossvalidation, which is essential when evaluating algorithm
performance. The algorithm also benefits from being able to
run on multiple cores during training, significantly speeding
up computation times and making it scalable for larger datasets.
Table 1 provides a comparison of XGBoost to established meth-
ods for classification and regression.

4 | AI/ML Applications in Drug Development

Exploration of ML algorithms that aid in clinical drug devel-
opment questions is becoming widespread. The ability to pre-
dict the likelihood of achieving a clinically meaningful risk or
outcome is a focus across new AI/ML tools as they permeate
through the drug development landscape. As these methods
evolve, predictions and outputs from AI/ML models should be
validated, with assumptions stated, and clinical relevance over
existing models/methodologies highlighted. It is also imper-
ative that clinical development teams are familiar with these
methods in order to critically assess conclusions supported
by AI/ML.

ML algorithms, such as XGBoost, can be used to support predic-
tions of the risk of disease worsening [4, 5], patient response to a
therapy type [6], clinical outcomes or response [7, 8], or the risk
of an adverse event occurring [9, 10]. XGBoost has been utilized

TABLE 1 |
classification and regression methods.

Comparison of XGBoost properties to established

Logistic/linear
Considerations XGBoost regression
Accuracy High Moderate
Flexibility High Moderate
Regularization Yes Yes
Efficiency High Moderate
Feature importance Yes Yes (Indirectly)
Complexity Moderate to High Low
Computation Moderate to High Low
Tuning Required Minimal
Interpretability Moderate High
Ideal data quantity High Low to moderate

Note: Bold items are defined in the supplemental glossary.

in ML efforts to determine cancer-related mutations in cell-free,
circulating tumor DNA, where the feature importance aspect of
the algorithm improved data dimensionality and overall model
interpretability [11]. ML-based models are being explored for
risk assessment in clinical settings. For instance, they are being
used to assess the risk of mortality in individuals experiencing
first-episode psychosis, which could aid in determining the most
appropriate therapy [12]. Additionally, they are being applied
to predict the risk of developing Type 1 diabetes earlier (before
symptoms arise), using data from electronic health records [13].
Furthermore, ML algorithms are also being investigated to aid
in therapeutic drug monitoring, including both prediction of
the correct therapeutic dose and prediction of drug concentra-
tion or exposure, in contrast to traditional Bayesian approaches
[14, 15]. Finally, digital or virtual twin models are beginning to
gain traction within the medical community [16].

ML is being used to strengthen and improve existing quantita-
tive approaches in clinical development to build upon dose find-
ing and selection methodologies. ML algorithms can help predict
drug concentration, supplement or enhance pharmacokinetic
model prediction, and can be applied in the development of crit-
ical exposure-response models informing optimal dose selec-
tion across different patient populations and age groups [17-21].
ML-based tools are being developed to aid clinicians in decision
making—such as predicting the optimal therapeutic dose based
on the likelihood of achieving a predefined pharmacodynamic
response [22].

In the clinic, AI is highly prevalent in the fields of medical im-
aging and radiomics [23-27]. The application of AI has been
prominent in oncology, advancing cancer imaging and detection
[24, 25]. Furthermore, ML and deep learning algorithms have
become prevalent in the radiomics processing of large medical
dataset evaluations [28]. Ge and colleagues have reviewed nu-
merous examples of using AI/ML to extract data from PET/CT
images and successfully classify tumors based upon EGFR mu-
tational status [29]. Despite the widespread use, more learning
is needed on how AI/ML and DL algorithms can be more rele-
vant in the clinic. During the model building process, developers
should consider any potential data or subgroup imbalances, how
to minimize such effects, improve the integrity of data annota-
tions, support translation from research to clinical settings, and
avoid bias [23, 25, 27, 30]. For example, while datasets of natural
images such as those used to train generative AI methods are
vast in size, medical datasets are much smaller, and patient char-
acteristics, protocols, and data preprocessing methods can vary
substantially across institutions [27].

Outside of the purview of XGBoost, we note that AT is also
being used to mine and extract information from electronic
health record data with natural language processing. These
efforts help in structuring, interpreting, and organizing med-
ical datasets for use in current and future clinical research
endeavors [31-34].

5 | Working Example

For this tutorial, the task is to predict which patients will have
recurrence of breast cancer using nine predictive features in
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the open-source dataset “Breast Cancer” from the UC Irvine
Machine Learning Repository (Table 2) [35]. This dataset is a
common example and benchmark in the Machine Learning
literature and consists of 286 patients with breast cancer. Since
the outcome is binary (recurrence = yes or no), this is a binary
classification task. Notable features of the dataset include imbal-
anced classes, with 201 out of 286 patients having no recurrence;
mostly ordered categorical type data for the predictors; and miss-
ing values for covariates. Note that we selected this dataset as
a baseline to illustrate the implementation details of XGBoost,
with the goal of understanding the method rather than compar-
ing XGBoost's performance to other approaches or achieving
state-of-the-art results for this particular benchmark.

For a regression task, we consider a second dataset from a study
on alcoholic drinks and liver function. This dataset can also be

TABLE 2 | Breast cancer dataset features and their properties used
in the working example.

Variable name Type Description

Binary (Target)

Class Dependent Variable
of the analysis.
Coded as “no-

recurrence-events,”

“recurrence-events”

Age Ordinal Age of the patient at

the time of diagnosis

Whether the
patient is pre- or
postmenopausal at
time of diagnosis

Menopause Binary

Tumor size Ordinal The greatest diameter
(in mm) of the

excised tumor

Inv nodes Ordinal The number (range
0-39) of axillary
lymph nodes that
contain metastatic
breast cancer visible
on histological

examination

Node caps Binary Lymph node capsular

invasion (yes or no)

Deg-malig Ordinal The histological
grade (range 1-3)

of the tumor

Breast Binary Left or Right

Breast-quad Categorical Quadrant of the
breast (left-up,
left-low, right-up,

right-low, central)

Irradiat Binary Has radiation therapy

been used (yes or no)

Note: For each feature, the variable type is described, along with a brief
description.

found on the UCI Machine Learning Repository [36]. In this ex-
ample, the task is to predict the number of daily drinks based on
several biomarkers of liver function, such as alkaline phospha-
tase levels. The model building is similar to the classification
example, but we will discuss several key differences.

6 | Background Concepts
6.1 | Conceptual Foundations

The purpose of this section is to provide the reader with an
understanding of the fundamental concepts pertaining to the
XGBoost algorithm. Gaining an understanding of these con-
cepts enables users to understand which applications are ideally
suited for using XGBoost, how the syntax of code implementa-
tion relates to the mechanism of the algorithm, and how to eval-
uate/tune a model. As stated earlier, this section is intended to
be bottom-up, beginning with the basic building blocks of the
algorithm before advancing to more complex aspects using intu-
itive examples and illustrations.

6.2 | XGBoost Algorithm Concepts

The approach in XGBoost for assembling multiple weak learn-
ers (decision trees) to build a strong learner is based on gradi-
ent boosting. Conceptually, gradient boosting builds each new
weak learner sequentially by correcting the errors, that is, the
residuals, of the previous weak learner. Prediction for a new
data point then makes use of the entire sequence of learners
to arrive at a final prediction. In this manner, a more accurate
overall prediction is generated. Note that more generally, gra-
dient boosting performs sequential correction using the nega-
tive gradient of a loss function. For the most commonly used
loss functions, these negative gradients are vectors of residu-
als, that is, actual minus predicted, so we will continue to use
this intuitive terminology.

XGBoost uses decision trees as the weak learners and iteratively
combines them into a single strong learner. Normal decision
trees split the target based on the levels (or continuous value) of
a feature into decision nodes. This process continues producing
additional decision nodes until arriving at a final node, that is,
a leaf node. The longest path from the parent node to the leaf
node is called the tree depth (referred to as “tree_depth” in the
R code). The general aim of decision trees was to generate leaf
nodes with groups of targets that are as homogeneous as possi-
ble. The completed decision tree can then take new data as input
and classify the input based on the decision node splits derived
during training to classify the input.

Decision trees in XGBoost are used differently compared to
the typical approach of making predictions directly. Instead,
XGBoost trees are built to fit the residuals of the previous tree (or
initial prediction) to improve the prediction iteratively. To help
illustrate this overall process, an example is provided in Figure 1
with sequential steps. The decision tree embedded in this exam-
ple is specific to the residual tree-building step of XGBoost with
the intent to provide a clear depiction of how XGBoost proceeds
algorithmically.
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FIGURE1 | XGBoost numerical example.
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In the example presented, the key concepts of gradient boost-
ing are discussed. Practicality, XGBoost has additional al-
gorithmic features that help improve its performance and
accuracy (discussed later). Second, the mathematical ap-
proach to gradient boosting differs somewhat between regres-
sion and classification. Here we focus on gradient boosting
for classification in line with the example, but the reader is
encouraged to examine the additional resources highlighted
for background on regression.

Mathematically, gradient boosting can be summarized as

FLx)=Fyx)+eT,(x)+eT,(x)+ ... +eT(x), (1)
where k is the number of trees, x is the vector of features, F
is the current strong learner, F, is the initial prediction (e.g.,
mean), ¢ is the learning rate, and T, is the kth decision tree
that helps in correcting the residuals from the previous pre-
diction. It is important to note that for binary classification,
Equation (1) predicts the log-odds which is defined here as
the natural logarithm of the ratio of yes to no for the target.
Because these need to be converted to class probabilities, we
perform the inverse logit transform given by Equation (2).
Which is the logistic function

1

px) = Tref®

@

where p is the class probability and x is a record (row of the data).
This is interpreted as the probability of a recurrence event oc-
curring. Once a decision threshold is selected (using ROC anal-
ysis, for instance), the final binary classifier can be defined. The
probabilities in Equation (2) will be used to calculate the resid-
uals at each step.

A brief numerical example is developed here that uses a subset
of the breast cancer dataset. We show the steps to perform the
details of the calculation of Equation (1).

In Figure 1, Step 1 a subset of the breast cancer dataset is pro-
vided with features including tumor size (ordinal) and radia-
tion (binary yes/no) with the outcome class (recurrence [yes]/
nonrecurrence [no]). Because of the ordinal nature of tumor
size, it is assigned ordered integer values to represent each or-
dered level of the feature as noted in parenthesis in the Table
of Figure 1, Step 1. The initiation of XGBoost starts with an
initial prediction defined as F, based on Equation (1), which
is calculated as the observed log-odds, that is, log (# yes/# no)
shown in Figure 1, Step 2. Note that this initial prediction is
identical for all observations. In theory, any initial prediction
can be used, including the output of another classifier such as
logistic regression.

Next, the residuals for this prediction must be calculated as Res_
FO = (Observed—Predicted). Given that we are working with
probabilities, observed values for recurrent events are defined
as 1 while observed values for nonrecurrent events are defined
as 0. The residuals are then calculated for F, shown in Figure 1,
Step 2. Mathematically speaking, these values arise as the gra-
dient of the crossentropy loss, but conceptually is not critical to
understand this fact.

The next step highlights a key aspect of gradient boosting: A
decision tree is built to predict the residuals. This approach it-
eratively corrects the errors of the previous prediction, making
gradual improvements that result in a strong learner. This ap-
proach contrasts with methods like random forests, which use
bootstrap aggregating (“bagging”) to train multiple trees in-
dependently on random subsets of the data and combine their
outputs, rather than iteratively refining predictions. The steps to
build the residual tree are as follows.

An initial node called the root node is specified, which contains
all the current residuals, derived either from the initial predic-
tion or from a previous tree. For simplicity, let's begin with resid-
uals from the initial prediction, as seen in Figure 1, Step 3. The
features are now used to split the root node into leaf nodes. For
the sake of illustration, we will compare two proposed thresh-
olds of tumor size and demonstrate how the “better” split is cho-
sen based on something called maximum gain.

The metric used for determining optimal splits is based on the
similarity score (SS) given by

s (XL, residuall-)2

B : 3
Y [priorpl. x (1 —priorpi)] +A ®

where residual, is the ith residual in the node, prior p, is pre-
vious predicted probability, A is the regularization parameter,
and n is the total number of residuals in the leaf. The param-
eter A will be discussed later; for now, assume it is 0. An ini-
tial split for the leaf nodes is produced by using a threshold of
tumor size above 1. The SS score is derived for each node as
shown in Figure 1, Step 3. Note that in the SS, the residuals
are summed first before squaring. Also note that initially, the
prior p, values are simply the initial probabilities, p, derived in
Figure 1, Step 2.

To determine an overall value for the quality of the split, a metric
called gain is calculated, given by

Gain = SSLeft leaf T SSRight]ea.f - SSParent’ (4)

where SS q ears SSrignt leat> @0d SSpyren; are the similarity scores
for the left, right, and parent nodes. Recall that the parent node
is the node from which the leaf nodes originated, which is cur-
rently the root node. Gain is calculated for different features
with different thresholds chosen. The split resulting in the high-
est gain value is then determined to be optimal. In Figure 1, Step
3, the gain is calculated for the tumor size split using the thresh-
old >1.1In Figure 1, Step 4, the same calculations are carried out,
instead using a tumor size threshold of > 2. Note that the gain
for tumor size > 2 is higher, which is based on the split using this
threshold results in leaves with more homogenous groupings of
residuals. Hence, the tumor size threshold > 2 results in the bet-
ter split, and thus is kept going forward.

Building off the initial split using tumor size, the tree can be
grown with additional leaf nodes to further separate the residuals.
For simplicity, let us assume that the tree can be grown further
using radiation (yes/no) as in Figure 1, Step 5. Note that since ra-
diation is binary, no threshold is needed. Hence, gain values can
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be compared directly across different categorical features. Notice
now that the resulting tree depth is 2 (the longest path from the
root node to a leaf node). In XGBoost, the user specifies the maxi-
mum tree depth such that the tree can grow no larger, which pre-
vents overfitting and reduces overall model complexity.

We now have a “best” tree for classifying the current residuals
(i.e., Resp). The reader is encouraged to check how a data point
given by row in the data table of Figure 1, Step 1 leads to a spe-
cific leaf node. For example, the data in row one start at the root
node, go to the right node (tumor size >2), then go to the left
leaf node (radiation = no) which contains the residual for that
observation.

Before computing F,(x), we need to convert the leaf nodes of
T,(x) into a log-odds form as they were derived based on prob-
abilities. To calculate the output value for each leaf (LO) into a
log-odds form, we use a formula very similar to the SS given by

Lo Yo, residual;

B Y, [prior p; x (1 - priorp;)| + e

®)

where the variables are defined similarly as in Equation (3).
The calculation for each leaf node is shown in Figure 1, Step 5.
Each observation, therefore, begins in the root nodes and then
arrives at a leaf node with a specific log-odds value defined by
Equation (5). For example, row 2 in Figure 1, Step 1 arrives at
the blue node Figure 1, Step 5. In other words, T, (row 2) =0.66.

We are now ready to generate F; as we have T}, F;, and €, which
is the learning rate hyperparameter (referred to as “learn_
rate” in the R code). Here we will assign it the value of 0.3.
Conceptually the learning rate helps reduce overfitting, but
a very low value will require a greater sequence of trees to be
generated. From Equation (1), we have F;(x) = Fy(x) + €T, (x).
F,(x) is calculated as shown in Figure 1, Step 6 for the data
from the first row, noting that T,(row 1) = 1.5. To determine
the probability of cancer recurrence based on F,, that is, our
target, we convert F,(x) to a probability via Equation (2). At
this point, the residuals of F;(x) may be calculated, and the
process can repeat with a new tree for F,(x). The reader is en-
couraged to calculate the remaining values for F;(x) and the
residuals for F; (x).

A few comments are made regarding the example. First, the
origins of Equations (3) and (5) are derived from minimizing
the loss function for classification, and details can be found in
the reference provided here: https://www.youtube.com/watch?
v=ZVFeW798-21&t=359s [37]. Second, it should be noted here
that since XGBoost is ideal for large complex datasets, testing all
possible features and splits can be computationally infeasible.
XGBoost instead employs various algorithms to more efficiently
select meaningful features and splits. Details around various
optimizations that XGBoost utilizes are briefly described later
in this section. Third, the SS score is different (and simpler) for
regression. Lastly, XGBoost utilizes several regularization tech-
niques that help address overfitting. As regularization is a key
aspect of XGBoost, these techniques are discussed with simple
examples in combination with other XGBoost hyperparameters
in the next section.

6.3 | XGBoost Hyperparameters

As with most ML algorithms, XGBoost relies on several hyperpa-
rameters that help dictate the training process and overall model
structure. These hyperparameters can either be set explicitly
by the user or automatically tuned. While heuristics and prior
knowledge can guide their selection, best practice is to perform
hyperparameter tuning to optimize model performance. We will
focus on regularization-related hyperparameters, as they play a
critical role in controlling overfitting and shaping the structure
of the final XGBoost model. Other commonly used hyperparam-
eters are described in the code implementation section.

The parameter A, also known as reg_lambda, helps prevent
an XGBoost model from overfitting the data by adding a pen-
alty to the model's loss function. It effectively achieves this by
lowering the split score (SS) function when 4 > 0, which can
be seen in Equation (3). Importantly, if a node has relatively
few observations in it, then a positive value of 4, say 41 = 1, will
lower the SS more significantly in comparison with a node
with many observations. For example, suppose A =1 and the
SS score was recalculated for the green node in Figure 1, Step
3. The new value of SSg,; gy, would be 0.082, about 50% lower
from the original value of 0.16 when A = 0. In contrast, if A =1
and the SS was recalculated for the red node in Figure 1, Step
3, the new value of SSyg; 1; would be 0.13, which is about an
80% lower from the original value of 0.66. Intuitively, this is
because the effect of lambda is inversely proportional to the
number of residuals. Hence, A penalizes nodes with very few
observations by lowering the SS score more so compared to
nodes with more observations.

The hyperparameter y, also known as the tree complexity param-
eter (and referred to as “loss_reduction” in R code), controls the
criteria for how new trees are built, and operates largely indepen-
dent of A. The value of y is used to “prune” trees by preventing
branches that do not result in sufficient gain. If the gain of a split is
<y, that is, Gain <y, where Gain is defined in Equation (5), it im-
plies that the split did not produce a substantial enough increase
of information, that is, the loss function did not significantly re-
duce, and the branch node is removed (or rather, not built in the
first place). Hence the tree becomes simpler. The value of y there-
fore dictates how simple or complex trees will get. For example, if
y was set to 3 in Figure 1, Step 4, then the branch split by tumor
size >2 would be removed since Gain,orsizesz — ¥ =2.21 =3 <0
and therefore, only the root node would remain. However, if = 2,
then this branch would remain.

Another hyperparameter in XGBoost is called the cover, which
is also known as min_child_weight (referred to as “min_n” in
the R code) specifies the minimum sum of instance weights
needed in a child node. For classification, this often correlates
with the minimum number of observations in a node but is not
identical. If the value is high enough, it may prune a leaf with
relatively few observations.

These regularization hyperparameters help prevent the model
from essentially “fitting the noise,” that is, they prevent the
model from overfitting the training set. Regularization reduces
the model's variance, making it less sensitive to the training
data. Optimizing these hyperparameters is a key aspect of
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building a robust XGBoost model, and more generally, under-
standing hyperparameter optimization is key to understanding
model development in machine learning.

6.4 | XGBoost Optimization Features

The concepts described so far are not specific to XGBoost alone,
but rather to the more general class of gradient-boosted tree
methods of which XGBoost is a member. Where XGBoost is dif-
ferentiated is in its optimization features that allow for efficient
model building for large, complex datasets. These features are
briefly described with general descriptions as they are not criti-
cal to the underlying algorithmic process.

1. Approximate greedy algorithm—A greedy algorithm is
used to efficiently generate reasonable quantiles within a
feature that can be used as thresholds to build trees. This is
motivated by the fact that it is not feasible to test all possi-
ble thresholds within a feature for large datasets with high-
dimensional feature sets.

2. Block structure for parallelization—For a feature with
many observations, subsets of the feature/target can be
distributed in parallel across computing cores or machines
and used to generate an approximate histogram of the fea-
ture, for which quantiles are approximated.

3. Weighted quantile sketch—To simplify the search space for
continuous features, histograms are used to set candidate
split points. In the case of imbalanced classes or other data-
dependent situations, weights can be incorporated into
these distribution sketches.

4. Sparsity-aware split finding: This is an approach that
prescribes how to build trees when there are missing ob-
servations for some features. This is especially useful for
real-world data that tends to have missing information,
which does not have to be addressed a priori.

5. Cache aware access: This is a hardware-level feature in
which the cache memory within the CPU is used to do the
first and second derivative calculations, which are compu-
tationally more intensive. Cache memory is very efficient
in comparison to RAM memory or a hard drive.

6. Blocking for out-of-core computation—This feature com-
presses a portion of the dataset onto the hard drive when the
dataset is too large for the cache and RAM. By compress-
ing the data, it reduces the time for writing the data to the
hard drive, which is traditionally very slow. XGBoost will
then bring back compressed portions and uncompress them,
which has a net efficiency without compression of any kind.

7 | Data Preprocessing

Data preprocessing describes the steps taken to initially evalu-
ate and prepare a dataset(s) prior to modeling. Preprocessing in-
volves any filtering, transforming, or encoding of data to ensure
it is in a format compatible with the AI/ML algorithm(s) being
used. Common steps in data preprocessing include reviewing
the dataset, handling null or missing values, and defining rules
for treating missing data, such as removing incomplete entries

or applying imputation techniques. Depending on the dataset
and algorithm, additional steps of encoding (converting them
into a format readable by the algorithm) and scaling the data
(normalizing data to a specific range) may also be performed. It
should be noted that XGBoost, like other tree-based methods, is
effectively scale-invariant since it relies on the relative ordering
of features or categorical splits rather than the absolute values
of features. Hence, scaling is not typically needed. Finally, the
data are split into training, validation, and test subsets [38-40] to
facilitate model building and evaluation.

8 | Code for Data Preprocessing and Model
Preparation

The R code (provided in alternate font) is designed to preprocess
the dataset for a binary classification task, specifically predicting
whether a subject had a recurrence of cancer. Below is a descrip-
tion of the key parts of the code, integrated into the explanation.

1. Data Transformation and Feature Engineering

The code begins by transforming the raw dataset. The mutate
function from dplyr is used to create new variables and trans-
form existing ones:

A logical variable class n is created to indicate whether
the subject had recurrence events (TRUE) or not (FALSE).

« The Class variable is converted into a factor with levels
c (“recurrence-events”, “no-recurrence-events”), en-
suring that “recurrence-events” is the first level because it is
the event of interest, and creating the factors this way will
cause other functions to have the desired behavior by default.

» Theage, tumor size,and inv_nodes variables are con-
verted into ordered factors, preserving the natural order
of these categories. For example, tumor size is ordered
from “0-4” to “50-54” and inv_nodes is ordered from
“0-2” to “24-26”

» Logical variables are created for other binary attributes:
irradiat n for whether the subject received radiation,
node caps_n for whether lymph node capsular invasion
was present, and breast left for whether the tumor was
in the left breast.

This transformation prepares the data for machine learning
models by handling categorical and ordinal data effectively.

2. Defining the Preprocessing Formula

A preprocessing formula, using typical R formula syntax, is de-
fined to specify the target variable and the predictors:

+ The formula class n ~
tumor size f + inv nodes f + node caps +

age f + menopause +

deg malig + breast + breast quad + irradiat
captures the covariate model, with class_n as the target
and the remaining variables as predictors.

This formula serves as the blueprint for subsequent data
preprocessing.
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3. Recipe for Preprocessing with tidymodels

A recipe is created using the recipes package to preprocess the
data. The recipe performs the following steps:

+ Ordinal factors like age f, tumor size f,and inv
nodes f are converted into numeric scores using the
step_ordinalscore () function, ensuring that their or-
dinal nature is preserved in a numeric format.

« Dummy variables are created for categorical variables such
as breast, breast quad, irradiat, menopause, and
node caps. The one_hot = TRUE option ensures that
all levels except the reference level are represented as sepa-
rate dummy variables.

This recipe ensures the data are transformed appropriately for
model fitting.

4. Fitting and Applying Preprocessing

The preprocessing steps are then fitted on the training data to
avoid data leakage:

e The prep (preprocessing XGBoost, training-
(init_split)) function fits the recipe to the training
data, learning the transformations without leaking any in-
formation from the test set.

5. Preparing Data for Model Training and Testing

Finally, the transformed data is extracted and prepared for
model training and testing:

« The bake () function is used to apply the learned transfor-
mations to both the training and testing datasets, resulting
in the x_train and x_test matrices, which contain the
preprocessed features.

« The y train and y_test vectors are extracted using
pull (class_n) to obtain the target variable.

This process ensures that both the training and testing data are
ready for fitting the XGBoost model, with consistent preprocess-
ing applied to both sets.

9 | Code Implementation For Classification

The data and R file code for fitting and evaluating the XGBoost
model is provided in the supplemental materials (https://
github.com/metrumresearchgroup/ascpt-ml-tutorial/), with key
sections described below. Two approaches for implementing the
model are used in this example. The first uses the XGBoost pack-
age interface directly, and the second uses the tidymodels package.
More emphasis is placed on the second approach using tidymodels.

9.1 | Approach 1: Direct Use of XGBoost Package
Interface

The XGBoost package interface (XGBoost function) does not di-
rectly use the R formula modeling syntax but instead uses the

design matrix (x_train) and labels (y_train) from the data prepro-
cessing steps directly as input. Some arguments (e.g., nrounds) are
arguments directly provided to the function, while other argu-
ments to control the model fit are specified as a list in the params
argument. A simple example of fitting an XGBoost model for bi-
nary classification is:

xgboost: :xgboost (data = x_train,
label = y train,

nrounds=15,

params = list (objective =
"binary:logistic")).

e x_train: is the design matrix from the previous prepro-
cessing section where the covariate model is specified.

« label: vector of the dependent variable (binary for binary
classification, continuous for regression).

» nrounds: number of boosting iterations (the value of p in
Equation (1).

« params: additional information for the model, including
the loss function and specification of the type of model (e.g.,
classification or regression).

By default, during training, the loss of the training set is returned
every iteration, which helps in monitoring the training process.
Additional options allow for more information to be returned,
including the loss on a test set. The returned XGBoost fit object
contains information about the model and training process but
is useful only with further analysis functions (e.g., when com-
pared to the results of Im in R). The generic predict function is a
straightforward way to return predictions for the training set or
for new observations.

9.2 | Approach 2: Use of the Tidymodels Package

Alternatively, the tidymodels collection of packages uses a more
standardized and generic syntax to specify the model. The work-
flows subpackage combines data preprocessing with model fit-
ting to aid in common ML tasks. The model, using the recipes
package, is specified similarly to the preprocessing method,
using the R formula syntax:

recipes: :recipe (

Class ~ age f + menopause + tumor size f +
inv_nodes f + node caps +
deg malig + breast + breast quad +
irradiat,

data = training(init split)).

9.2.1 | Hyperparameter Tuning

As described previously, hyperparameters are user-chosen to help
guide the training process. Unfortunately, there is little intuition
on the optimal selection of training parameters. However, within
XGBoost, a systematic search and crossvalidation scheme within
the training data is typically performed to find approximately op-
timal hyperparameter tuning. In practice, the space of hyperpa-
rameters can be large, and several hyperparameters have similar
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effects in the final model. Therefore, in practice, only a subset of
hyperparameters will be tuned, with the others set to reasonable
default values. Tuning procedures are varied and have a range of
theoretical complexity, implementation difficulty, and computa-
tional requirements. Here, we will use a grid search to perform
the tuning. A grid search can be easily parallelized, and the grid
values to test are easily computed using a regular grid or a Latin-
hypercube to efficiently cover the space of hyperparameters.

Within the tuning process, for each candidate set of hyperpa-
rameters, the training data is again split into training and vali-
dation sets via crossvalidation. Within each fold, the model is fit
using the candidate hyperparameters and evaluated on the hold-
out set using the same objective function as for the final model,
for example, log-likelihood, RMSE, or ROC-AUC. The perfor-
mance metric across the crossvalidation folds is aggregated (e.g.,
mean) and the best set of hyperparameters is chosen for a final
fit of the model using all the training data.

Commonly tuned hyperparameters for XGBoost classification
and regression applications are included below: [41]

« Step size (eta, learning rate): How much weight is given to
each tree. Lower numbers reduce overfitting but increase the
number of trees required and therefore increase the run time.

« Maximum Tree Depth: The maximum depth of any single
tree that can occur (deep trees are not recommended).

o Minimum Number of Observations at Each Leaf (min_n,
min_child_weight): Controls overfitting of each tree by adjust-
ing the minimum number of observations in each leaf node.
Larger values cause less complex trees and less overfitting.

The number of trees to create is an important hyperparameter,
but is commonly fixed in advance. Other tuning parameters
can also be used to control the complexity of the tree and have
slightly different results than the tuning parameters described
above. However, in our experience, and in most occasions, ad-
justing more than a couple of hyperparameters does not yield
improved model fit. Within the tidymodels package, the tune ()
function is used in place of a specific hyperparameter argument
to specify that the parameter will be tuned.

9.2.2 | Crossvalidation and Final Model Fitting

For this working example, two hyperparameters will be tuned:
the maximum tree depth and the minimum number of observa-
tions in a leaf. The crossvalidation scheme as described previ-
ously is specified with the following lines of code:

boost tree(

trees=15,

tree depth = tune(),
min n = tune(),

loss reduction = 0,

sample size = 1.0,

learn rate = 0.3

) $>%

set engine ("XGBoost") %>%
set mode ("classification")

In this code, all the possible hyperparameters are specified,
along with the algorithm used (XGBoost) and the problem type
(classification). Note that all hyperparameters in the code above
have been defined in the “Background Concepts” section except
for “sample_size,” which is another hyperparameter to help re-
duce overfitting. It is fixed at a default value of 1.0. Additionally,
the grid of points to search over is described, here using a Latin-
hypercube design:

grid latin hypercube (

tree depth(range = c(2, 6)),
min n(range = c(1, 15)),
size = 25

)

Twenty-five sets of parameters are used for the crossvalidation
(referred to as “size” in the R code), and the possible ranges for
the hyperparameters are also specified. While increasing the
number of crossvalidation points may give the appearance of
better results, often this is simply noise because many similar
values of the hyperparameters generate very similar final pre-
dictive powers. Therefore, in practice, only reasonable and not
perfect hyperparameters are necessary.

Once the final hyperparameters are selected with some criteria,
for example, receiver operating characteristic-area under the
curve (ROC-AUC), the model is refit on all the training data.
Again, the tidymodels package simplifies this workflow, with
two steps: first, to apply the selected hyperparameters in the
workflow, and second, to fit the model:

final wf <- finalize workflow(
xgb wf,
best auc params

)

final fit <- final wf %>%
last fit(init split)

This fit can be used to perform model evaluation, both ML-
specific checks and standard pharmacometrics modeling
checks. For example, the ROC curve for the test set can be plot-
ted (Figure 2):

final fit %>%
collect predictions() $%>%
roc curve (Class,
'.pred recurrence-events',
event level = "first") %>%
autoplot ()

A confusion matrix created for a default classification
threshold:

final fit %>%
collect predictions () %>%
conf mat (Class, .pred class)
Alternatively, because these classes were imbalanced, the
precision-recall curve may be more informative (Figure 3):

10 of 14

Clinical and Translational Science, 2025



1.004

0.75 1

0.50

sensitivity

0.25 1

0.004 .

0.00 0.25 0.50 0.75 1.00
1 - specificity

FIGURE2 | ROC-AUC curve for classification example.
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FIGURE3 | Precision-recall curve for classification example.

final fit %>%

collect predictions() %>%

pr curve (Class, " .pred recurrence-events',
event level = "first") %>%

autoplot ()

A calibration table analogous to a predicted versus observed
plot for a regression problem can help evaluate the predictive
power of the model on a test set. In Table 3, the test set is di-
vided into quartiles (or any number of groups, e.g., deciles) of the
model predicted probabilities, and the observed and predicted
event rates are computed within each group. Two aspects of the
model are evaluable. First, the predicted and observed should
have similar rates for the accuracy of the model, that is, smaller

TABLE 3 | Calibration table for classification example.

Predicted Predicted
quartile n Observed rate rate
1 18 0.111 0.106
2 18 0.111 0.225
3 18 0.222 0.361
4 18 0.556 0.560

residuals. Second, large differences between the lower quartiles
and higher quartiles should be large, which demonstrates the
predictive power of the model. This is because if differences
across quartiles were small, it would indicate that the predicted
probabilities are similar, and hence the model does not have a
high degree of discrimination.

final fit %>%
collect predictions() %>%
mutate (predicted quartile = ntile( .pred re-
currence-events , 4)) %>%
group by (predicted quartile) %>%
summarize(n = n(),
observed = mean (Class ==
"recur rence-events"),
predicted = mean
(" .pred recurrence-events'))

For new data, for example, in simulations, the predict() function
is a simple way to make predictions. The functions available in
the XGBoost and tidymodels packages perform common model
evaluation tasks, but any specific model should be evaluated
within the context it will be used. In general, quantitative evalu-
ation of models in clinical pharmacology and pharmacometrics
typically reports substantially worse performance than nonclin-
ical pharmacology ML applications, such as image recognition.
Hence, performance should be considered within the context of
use and compared against evaluation metrics for alternative ap-
proaches to reliably compare performance.

10 | XGBoost For Regression

For the regression example, the task is to predict the number of
alcoholic drinks consumed based on liver biomarker data using
the open-source dataset [36]. All files, including the data and
code, are located in the GitHub repository (https://github.com/
metrumresearchgroup/ascpt-ml-tutorial/). The analysis work-
flow for regression is generally similar to that for the classi-
fication example presented thus far. Since the outcome is
continuous (number of alcoholic drinks), this is a regression
task. This dataset is already appropriately preprocessed for
regression with XGBoost. For tidymodels and XGBoost in this
context for regression, the three primary changes are: (1) the
mode (tidymodels) or objective (XGBoost.fit) is changed from
classification to regression; (2) the evaluation metric is changed
toroot mean square error (RMSE); (3) the classification-specific
approaches (confusion matrix, ROC-AUC curve) are removed
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example.

and replaced with the familiar model evaluation approaches
for regression.

Within the tidymodels package, updating XGBoost to a regres-
sion problem is set again with the set mode () function:

set mode ( "regression")

The crossvalidation output (metrics) is ones appropriate for
regression:

metrics <- metric set(rmse, rsq trad, rsq)
best rmse <- select best(tuning results, met-
ric = "rmse")

Instead of class labels, the output will be a single real num-
ber for the model prediction given the input covariate vector.
Depending on the hyperparameters, it is not uncommon for the
output to visually look like a series of step functions that have a
particular visual appearance or do not capture extreme values
well. The model evaluation code is a simple predicted versus ob-
served scatterplot, which is more akin to traditional pharmaco-
metrics diagnostic plots compared to the classification example
(Figure 4). Note that the GitHub repository contains final results
for the regression code adaptation, and the reader is encouraged
to refer to it after attempting the implementation.

Other regression variations are available within the XGBoost
package. For example, there are loss functions for quantile re-
gression, Poisson regression, or accelerated failure time survival
models. Detailed explanations are beyond the scope of this tuto-
rial, but the modeling syntax and ideas described here apply to
those types of regression analyses as well.

11 | Conclusion and Discussion

The aim of this tutorial was to provide the reader with a com-
prehensive introduction to the concepts and implementation of
the XGBoost algorithm motivated by clinical drug development
applications. By providing a conceptual framework and a prac-
tical example, it is expected that the reader will be equipped to
better identify practical applications for which XGBoost could
be used. Machine learning algorithms such as XGBoost can be
applied to support research efforts involving drug discovery or
a variety of clinical development questions, spanning from ra-
diomics to predicting clinical outcomes such as risk or response
variables. XGBoost can also play a role in clinical pharmacology
questions, such as aiding in PK profile prediction and optimiz-
ing dose-regimen selection through population PK or exposure—
response analyses [42].

In drug development, XGBoost can be particularly useful in
applications involving Real-World Data (RWD), which encom-
passes large-scale, high-dimensional datasets such as electronic
health records (EHRs), claims data, or patient-reported outcomes
[42]. These datasets are often messy and incomplete, requiring
significant time and resources to preprocess them. XGBoost's
ability to handle missing data, scale to large datasets, and de-
liver strong predictive performance makes it well-positioned
to handle such data. As a best practice, consider fitting simpler
models like linear/logistic regression or decision trees. These
provide a baseline for performance and can highlight if navi-
gating the complexity of XGBoost is necessary. Simple models
may be more interpretable and sufficient for smaller datasets or
applications with limited features.

A key consideration for the use of XGBoost is having a large,
complex dataset. Unsurprisingly, there is no formal definition
of large and complex, so the choice to use XGBoost rather than
more traditional approaches is not always clear. Although, as
mentioned, comparing outputs from different methods is highly
encouraged, as it provides insight to scenarios that may benefit
from more sophisticated approaches.

The textbook and tutorial examples (such as the ones pre-
sented here) are oversimplified and missing much of the nu-
ance and typical challenges. Questions regarding sufficient
model performance and how this is measured should be given
substantially more consideration than what is presented here.
Additionally, even as ML algorithms are promoted as having
the capability to solve a wide variety of modeling questions,
careful thought should be given to model evaluation, much
like traditional pharmacometrics analysis. Limitations of the
model stemming from the flexible structure and underlying
data should also be assessed. Furthermore, more in-depth
model validation should be performed for actual case studies.
Ideally, such a process helps the modeler learn about what their
data does and does not contain. Within this process, feature
engineering, data cleaning, data wrangling, and other tasks
in an ML pipeline are time-consuming and important even
though this example used a generally clean, well-formatted
appropriate dataset and question. Such a convenient setup is
not the norm in practice.
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In summary, there is no doubt that in the proper contexts, ap-
proaches like XGBoost can offer tremendous value and insight
while being less resource-intensive. As the typical rates of clin-
ical data generation continue to rise, the need for new analytical
methodologies, especially those in the AI/ML space, will also
continue to grow.
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