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Abstract
Background: Pediatric populations are more vulnerable to drug-induced liver injury (DILI) due to distinct pharmaco-
kinetic profiles and ongoing physiological maturation processes. However, early identification and assessment of DILI
in pediatric patients present significant clinical challenges, primarily due to the inherent complexity of pediatric cases
and substantial limitations in available clinical data.
Objective: This study introduces a framework that integrates clustering analysis with dynamic classifier selection (DCS)
techniques to enhance pediatric DILI prediction. The proposed method addresses challenges such as patient heterogen-
eity and class imbalance, while optimizing predictive performance to support clinical decision-making.
Methods:We investigated a retrospective cohort of 12,555 pediatric inpatients across six hospitals in Chongqing, China.
The dataset encompassed a wide range of biomedical parameters, including laboratory results and liver function profiles,
along with clinical documentation spanning demographic characteristics, medical histories, and medication regimens.
Patients were stratified into four distinct clinical subgroups based on silhouette coefficient. A diverse pool of base clas-
sifiers was generated with varied initialization strategies and hyperparameter optimizations tailored to each patient clus-
ter. The classification process was further refined through the implementation of Dynamic Classifier Selection with
Multiple Classifier Behavior (DCS-MCB) methodology, which adaptively customizes model selection based on the dis-
tinctive clinical profiles of each subgroup.
Results: The Clustering-enhanced DCS-MCB framework demonstrated superior performance compared to conven-
tional machine learning models across evaluation metrics. The ensemble learning models consistently outperformed indi-
vidual classifier models, with the presented study achieving the highest F1-score (0.926), MCC (0.917), G-mean (0.959),
demonstrating the strength of this hybrid approach in addressing the complexities of pediatric DILI prediction.
Conclusion: The integration of clustering analysis with dynamic classifier selection has demonstrated efficacy in complex
real-world clinical settings. This methodology provides a more robust, precise, and clinically adaptable framework for
patient stratification and drug safety surveillance.
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Introduction
Adverse drug reactions (ADRs) in children are receiving
increasing attention. ADRs are defined as “a noticeable
harmful or unpleasant reaction resulting from an interven-
tion related to the use of a medicinal product”.1,2 Due to
the ongoing maturation of children’s physiological systems,
such as in aspects of drug absorption, metabolism,
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transport, elimination, as well as the use of off-label and
unlicensed drugs, they are more susceptible to specific types
of ADRs,3,4 with an incidence rate 2–4 times higher than
that in adults. Adverse reactions typically signal the need
for caution in future administration, requiring prevention,
special treatment, adjustment of the dosage regimen, or dis-
continuation of the drug. According to a study based on a
pediatric active monitoring system, approximately 15 chil-
dren per 1000 experience adverse reactions.5 The majority
of observed ADRs primarily affect the skin (e.g., rash, urti-
caria) and the gastrointestinal system (e.g., diarrhea, nausea,
vomiting).6,7

Drug-induced liver injury (DILI) is a rare but severe
ADR, resulting from an adverse reaction to drugs or other
exogenous agents,8 which can progress to acute liver failure
(ALF). DILI can be categorized into two types: intrinsic and
idiosyncratic DILI. Intrinsic DILI is dose-dependent, mean-
ing the risk and severity of liver damage increase with
higher drug doses, and it is more predictable as it is closely
tied to the drug’s pharmacological properties and mechanis-
tic pathways. In contrast, idiosyncratic DILI is
dose-independent, occurring unpredictably in only a small
proportion of patients regardless of dosage, administration
route, or treatment duration, and its complex causes involve
genetic, immune-mediated, and metabolic factors unique to
the individual. DILI is a common cause of pediatric liver
disease.9 According to data from the U.S. Acute Liver
Failure Study Group, DILI accounts for more than 50%
of acute liver failure cases.10 DILI is a complex process dri-
ven by multifactorial etiologies and the combined effects of
polypharmacy, with diverse underlying causes of adverse
reactions among different pediatric patients. Providing clin-
ical decision support for pediatric DILI presents a signifi-
cant challenge. A pivotal concern lies in identifying the
most appropriate treatment regimen to aid in the prognosis
of DILI, considering the vast array of complex therapeutic
alternatives. This can be effectively resolved through a
comprehensive understanding of each patient’s disease
characteristics and medication profiles.

ADRs are preventable,11 and the application of machine
learning shows promise in assisting in the diagnosis of
DILI. For example, Tracy L. Sandritter12 employed an
Electronic Health Records (EHRs)-based screening tool to
identify potential pediatric DILI cases, identifying 12
patients over two years as possible or probable cases of
DILI, and emphasized the need for future improvements
to better identify and define DILI. In the context of predict-
ing ADRs events, Ze Yu et al.13 developed predictive mod-
els using seven machine learning algorithms on a cohort of
1746 patients, with the best performance achieved by gradi-
ent boosting decision trees (GBDT), yielding a precision of
44%, recall of 25%, and F1 score of 38.88%.

However, conducting research on DILI data encounters
substantial challenges, primarily stemming from the follow-
ing factors: (1) The intricate interactions among different

medications, the prevalence of polypharmacy, and the
impact of diverse underlying diseases such as sepsis and
leukemia demand the application of sophisticated data ana-
lysis methods. (2) Data-related issues, like incompleteness,
sparsity and imbalanced class distributions, pose significant
difficulties in the analysis of real-world data. (3) There are
also confounding elements involved, such as variability in
clinical practices and the underreporting of adverse
events.14 To address these challenges effectively, we pro-
posed a framework that integrates clustering and DCS tech-
niques to facilitate accurate and personalized clinical
decision making.

Clustering algorithms play a crucial role in profiling
patient subgroups that are associated with a wide array of
suspected triggering factors related to different diseases
and medications. These algorithms operate proactively by
partitioning data into distinct, non-overlapping clusters
based on feature similarity., ensuring that the patterns
within each cluster are highly similar while remaining dis-
tinct from those in other clusters.15 The clustering problem
has been extensively studied in diverse fields, including sta-
tistics and artificial intelligence. For example, Qianqian
Yu16 proposed a novel clustering-based method for predict-
ing potential associations between lncRNA and diseases.
This method achieved an AUC exceeding 0.8, outperform-
ing three other comparative methods. Similarly, Utkarsh
Agrawal et al.17 introduced a new ensemble classification
phase that followed the ensemble clustering stage, which
improved the final classification outcomes for unclustered
data. Peng Gaong Sun et al.18 used clustering algorithms,
Markov clustering algorithms, and molecular complex
detection to decompose the human PPI network into dense
clusters. In the medical domain, identifying biological clus-
ters such as patient subgroups with distinct characteristics,
has been demonstrated to be both feasible and of great sig-
nificance for optimizing treatment strategies. Therefore,
developing frameworks that assign patients into groups
can not only enhance the accuracy of classification but
also enable researchers to gain deeper insights into the intri-
cate relationships within the patient data.

Single classifiers often fall short when it comes to
solving intricate classification problems. In contrast, multi-
classifier systems incorporating DCS19,20 present a promis-
ing solution to common challenges like data incompleteness
and imbalanced class distributions that are frequently
encountered in EHRs data. These systems are capable of
effectively handling such complexities by integrating a var-
iety of feature selection and undersampling techniques dir-
ectly on the original dataset. DCS enables the identification
and selection of the most capable classifiers for each query
instance. Notable examples include methods such as
META-DES,21 multiple classifier behavior (MCB), and
modified local accuracy (MLA). Typically, the process
commences with an estimation of the classifiers’ competi-
tiveness, grounded in the local region of the feature space
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in which the query samples are located. Subsequently, in
accordance with specific selection criteria, the competence
level of the base classifiers, such as accuracy or ranking,
is evaluated by leveraging the samples within this local
region. Finally, only the combination of classifiers that
meet a certain competence level, or the single best-
performing classifier, is selected. DCS has also demon-
strated its efficacy in adeptly handling data characterized
by imbalanced class distributions.22

The integration of clustering techniques and DCS meth-
ods offers a hybrid strategy that capitalizes on the advan-
tages of both to enhance predictive accuracy. Clustering
categorizes patients into subgroups based on shared charac-
teristics, allowing for a more tailored and precise applica-
tion of classifiers. For instance, Wu23 introduced a hybrid
multi-clustering and bagged classifier generation
(HMCBCG) method, achieving impressive results with an
accuracy of 99.81%, an F1-score of 99.86%, and a
G-mean of 99.78%. Such evidence underscores the poten-
tial of combining clustering and DCS techniques to improve
classification performance, especially when dealing with
complex and imbalanced datasets like those prevalent in
medical research. Building upon this existing knowledge,
our research adopts a hybrid approach specifically designed
for predicting. Initially, patients are clustered into distinct
groups based on clinical features such as underlying dis-
eases and laboratory test results. Subsequently, DCS meth-
ods are employed to select the most competent classifiers
for each subgroup, tailoring the classification process to
the specific characteristics of each cluster. This approach
not only enhances predictive performance but also increases
the adaptability and robustness of the model. By tackling
the heterogeneity within patient populations, this method
facilitates personalized clinical decision support, advances
predictive modeling for pediatric DILI, and demonstrates
its potential to improve predictive accuracy and patient out-
comes in real-world clinical settings.

Methods

Data collection
This study is a retrospective prognostic investigation utiliz-
ing data from pediatric inpatient records at six tertiary hos-
pitals in Chongqing, China. According to the World Health
Organization, childhood encompasses ages 0–10 years,
while adolescence includes ages 10–19 years. Therefore,
this study covers both children and adolescents within the
study population. The initial cohort of this study consists
of all pediatric patients hospitalized between January 1,
2013, and December 31, 2023, who were diagnosed with
DILI during their hospitalization. First, we conducted
screening using ICD-10 codes to identify potentially eli-
gible cases. Subsequently, the research team invited clini-
cians to participate in the verification process to ensure

that the diagnosis met the criteria for DILI. The data we
used were the first data records of patients upon admission,
at which time the patients had not been diagnosed with
DILI.

Exclusion criteria were as follows: (1) Absence of drug
exposure: Patients who had not been exposed to drugs
with a known potential to cause liver injury were excluded.
(2) Incomplete or missing clinical data: Individuals with
incomplete clinical data or a lack of essential medical infor-
mation required for diagnosis were not included. (3)
Unclear etiology: Patients in whom the cause of liver injury
could not be confidently linked to either specific drug
exposure or underlying diseases were excluded. This cat-
egory included cases where liver injury was caused by com-
mon etiologies such as viral hepatitis or genetic liver
disorders. This study included 1190 pediatric cases that
were confirmed to have DILI. Additionally, a control cohort
was formed through randomly sampling from the cases that
were confirmed not to have DILI, excluding those with
incomplete or missing clinical data. In the end, data from
12,555 patients were included in this study.

Statistical analysis
In the descriptive analyses, laboratory indices and other
continuous variables were characterized using means and
interquartile ranges (IQRs), while categorical data were pre-
sented as counts and percentages. A two-step variable selec-
tion approach was implemented: (1) Univariate screening:
Continuous predictors were evaluated using the
Mann-WhitneyU test, appropriate for data with non-normal
distributions, while binary variables, such as gender and
medication usage, were assessed through the χ2 test or
Fisher’s exact test, depending on the sample size.
Variables demonstrating statistical significance (p-value <
0.05) were shortlisted for subsequent analysis, considering
the dataset’s high dimensionality. (2) Automated refine-
ment: The variables selected from the univariate analysis
underwent an automated selection procedure within the
DCS framework. This step identified the most relevant pre-
dictors, balancing model complexity with predictive accur-
acy, as detailed in the Results section.

Specialized and standardized case report forms were
designed for all cases, which captured a range of factors
associated with pediatric DILI. These factors included are
as follows: (1) Demographic information (e.g., gender,
age); (2) Medication information (e.g., antibiotics, acet-
aminophen, non-steroidal anti-inflammatory drugs, drug
counts); (3) Disease information (e.g., pneumonia, sepsis,
leukemia); (4) Chief complaints (e.g., fever, cough, vomit-
ing); (5) Hospital examination results (e.g., alanine trans-
aminase (ALT), aspartate transaminase (AST), alkaline
phosphatase (ALP), gamma-Glutamyl transferase (GGT),
international normalized ratio (INR), total bilirubin
(TBIL), direct bilirubin (DBIL), indirect bilirubin (IBIL));
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Table 1. Demographic and clinical profile of patients.

Characteristic
label= 0 (n= 11,373)
No.(%)/median (IQR)

label= 1 (n= 1190)``No.(%)
/median (IQR) P value

Demographic Female 4391 (38.61) 440 (36.97) 0.267

Male 6982 (61.39) 750 (63.03)

Age 5.57 (2.00–9.00) 6.01 (2.00–9.00) 0.001

Medication Antibiotics 8513 (74.85) 560 (47.06) <0.001

Acetaminophen 219 (1.93) 14 (1.18) 0.027

NSAIDs 2395 (21.06) 224 (18.82) 0.062

Isoniazid 54 (0.47) 13 (1.09) 0.043

Ribavirin 2531 (22.25) 221 (18.57) 0.002

Cytarabine 93 (0.82) 163 (13.70) <0.001

Methotrexate 84 (0.74) 113 (9.50) <0.001

Drug counts 24.22 (16.00–29.00) 41.18 (31.00–49.00) <0.001

Diagnosis Pneumonia 4043 (35.55) 490 (41.18) <0.001

Septicaemia 824 (7.25) 567 (47.65) <0.001

Leukaemia 470 (4.13) 675 (56.72) <0.001

Radiotherapy 516 (4.54) 770 (64.71) <0.001

Coagulopathy 615 (5.41) 275 (23.11) <0.001

Ulcers 217 (1.91) 129 (10.84) <0.001

Illness counts 4.26 (2.00–6.00) 8.18 (6.00–10.00) <0.001

Self-reported Symptoms Fever 2416 (21.24) 327 (27.48) <0.001

Cough 2063 (18.14) 254 (21.34) 0.009

Mental deficiency 1751 (15.40) 168 (14.12) 0.231

Vomiting 1521 (13.37) 85 (7.14) <0.001

Soreness 2259 (19.86) 205 (17.23) 0.023

Loss of appetite 1848 (16.25) 173 (14.54) 0.114

Jaundice 125 (1.10) 41 (3.45) <0.001

Yellowing of the skin 177 (1.56) 38 (3.19) 0.002

Others Hospitalization counts 1.37 (1.0–1.0) 3.86 (1.00–6.00) <0.001

Hospital Days Count 12.76 (6.00–14.00) 28.25 (13.00–37.00) <0.001

(continued)
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and (6) Other information (e.g., number of hospitalizations,
length of hospital stay). Table 1 displays the demographic
and clinical characteristics of the patients. Specifically,
label= 0 represents patients who were not diagnosed with
DILI, and label= 1 represents patients diagnosed with
DILI.

The proposed framework
Figure 1 depicts the overall implementation pathway fol-
lowed in this study. Step A represents the clustering phase,
during which the pediatric DILI data are partitioned into
distinct subgroups using the silhouette coefficient and
k-means algorithm, as detailed in the Methods’ clustering
section. Subgrouping considers several factors including
diseases (e.g., sepsis, leukemia), laboratory indices (e.g.,
ALT, TBIL), and drug treatment regimens (e.g., antibiotics,
acetaminophen, NSAIDs). Step B represents the classifier
pool generation stage. Various strategies are used such as
different cluster initialization configurations, heterogeneous
models with hyperparameter optimization, and data sam-
pling. These strategies are implemented to address the
data-related challenges including imbalanced class distribu-
tion, creating a pool of base classifiers that embrace mul-
tiple optimal solutions. The final stage is the dynamic
selection phase. Classifying a new query sample usually
has three key steps. First, define the competence region
using methods like KNN, decision space, or the potential
function model. Second, set selection criteria to assess
base classifiers’ performance, considering metrics such as
data complexity, model ranking, and diversity. Finally,

determine the method for selecting base classifiers, which
could be choosing a single classifier, dynamic classifier
selection, or dynamic ensemble selection (DES). By assign-
ing different test samples to their corresponding classifiers,
we can effectively carry out the decision-making process.

Clustering. K-means is a classical unsupervised learning
algorithm employed to partition a dataset into multiple clus-
ters, grouping similar data points around a cluster center.
The algorithmic workflow adopted in this study is as
follows:

1. The K-means clustering algorithm was applied to
perform clustering and stratification analysis on
patients with similar characteristics, with the number
of clusters (K) ranging from 2 to 10. For each
patient’s data, the distances to all cluster centers
were computed, and the patient was assigned to
the closest cluster. This approach ensured that each
patient’s data was allocated to the cluster with the
minimum distance to its center. The formula used
for this calculation is as follows:

dis(Xi, Cj) =
�����������������∑m
t=1

(Xit − Cjt)
2

√

In the formula above, Xi represents the i-th object where
1≤ i≤ n, Cj represents the j-th cluster center where 1≤ j≤
k, Xit denotes the t-th attribute of the i-th object where 1≤

Table 1. Continued.

Characteristic
label= 0 (n= 11,373)
No.(%)/median (IQR)

label= 1 (n= 1190)``No.(%)
/median (IQR) P value

Laboratory Tests ALT 29.98 (14.00–30.00) 169.43 (81.25–176.05) <0.001

AST 56.11 (24.40–63.58) 181.62 (128.90–187.80) <0.001

AST/ALT 1.78 (1.17–2.18) 1.34 (0.64–1.70) <0.001

ALP 188.01 (132.5–220.1) 190.28 (114.90–204.10) 0.667

GGT 40.55 (10.4–45.6) 71.84 (15.22–78.75) <0.001

TBIL 21.59 (5.0–22.6) 24.63 (6.20–25.70) 0.107

DBIL 3.26 (0–3.90) 11.81 (1.10–15.30) <0.001

IBIL 18.34 (13.41–19.70) 10.85 (4.20–10.88) <0.001

INR 1.09 (0.97–1.12) 1.12 (0.96–2.10) 0.035

Serum Albumin 0.049 (0–1) 0.036 (0–1) 0.027
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t≤m, and Cjt denotes the t-th attribute of the j-th cluster
center.

(2)The optimal number of clusters K (ranging from 2 to
10) was determined according to the silhouette coeffi-
cient, a commonly used metric to evaluate the quality
of clustering results. This coefficient measures both the
compactness and separation of clusters. The silhouette
coefficient s(i) for each sample i is defined as:

s(i) = b(i)− a(i)

max (a(i), b(i))

where a(i) is the average distance between sample i and all
other samples within the same cluster (intra-cluster cohe-
sion), b(i) is the average distance between sample i and
all samples in the nearest neighboring cluster (inter-cluster
separation).

In this study, the silhouette coefficient, a metric that
quantifies both intra-cluster cohesion and inter-cluster

separation, was used to evaluate the clustering quality.
The cluster number corresponding to the highest silhouette
coefficient was regarded as the optimal K, representing the
most balanced clustering result. Once the optimal K was
identified, the data were grouped into K clusters, thus laying
the foundation for subsequent analyses.

Dynamic classifier selection. Under the assumption that data
from different groups may exhibit distinct patterns and rela-
tionships, an appropriate classifier for instances from each
group is selected in this phase. Class imbalance poses a sig-
nificant challenge, potentially leading to biased classifica-
tion results that prioritize the majority class. DCS has
demonstrated its effectiveness in dealing with imbalanced
data.

Classifier Pool Generation: The goal is to create a pool C
containing m base classifiers that are both accurate and
diverse. These base classifiers need to include a variety of
models capable of achieving optimal results on the training
data. The base classifier pool is generated by using various

Figure 1. Experimental path diagram for this study.
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initializations (clustering the data into diverse groups) and
setting different parameters (each classifier is configured
with distinct hyperparameters tailored to the data it is
trained on). This approach ensures that the resulting classi-
fier pool can generate informed predictions across a wide
range of datasets, thereby improving overall classification
performance.

DCS based on Multiple Classifier Behavior
(DCS-MCB): This is a dynamic selection technique based
on the behavior knowledge space (BSK) and classifier local
accuracy.19 Given a new test sample xj, its competent region
θj is estimated. Subsequently, the BSK algorithm is used to
compute the output profiles of the test sample and those of
the corresponding region. The similarity S(x̃j, x̃k) between
the output profiles of the test sample x̃j and the output pro-
files of its competent region x̃k ∈ θj is computed using the
following formula.

S(x̃j, x̃k) = 1

M

∑M
i=1

T (xj, xk)

where

T (xj, xk) = 1 if ci(xj) = ci(xk),
0 if ci(xj) ≠ ci(xk).

{

Samples with a similarity below the specified threshold
are excluded from the competence region θj. As a result,
the size of the competence region varies, depending on
the similarity between the query sample and the samples
within its competence region. After all similar samples
have been selected, the competence of each base classifier
is estimated by its classification accuracy within the defined
competence region. If a classifier notably outperforms
others in the pool, with the competence level surpassing a
predefined threshold, it is used to classify the test sample.
Otherwise, a majority voting rule will be applied, integrat-
ing all classifiers in the pool. The flowchart of the frame-
work is presented in Figure 2.

In our study, separate base classifier pools are con-
structed for distinct data clusters. The DCS-MCB method
is employed to ensure accurate classification of instances
within each cluster. This approach allows for a thorough
assessment of the base classifiers’ performance across their
full range of capabilities. To further validate the model’s
robustness and reliability, the data undergoes multiple
rounds of cross-validation. This iterative validation not
only reinforces the model’s stability but also boosts its over-
all predictive performance, ensuring it can be effectively
applied in various clinical settings.

In summary, we utilized a framework integrating cluster-
ing and dynamic selection techniques to enhance predictive
accuracy in pediatric DILI. First, we identified the optimal
number of clusters using the silhouette coefficient and
applied the K-means algorithm to cluster the DILI data.
Subsequently, we selected base classifiers with performance

surpassing a predefined threshold to create a classifier pool.
In the final dynamic selection stage, we applied DCS-MCB
to tailor classifier selection for each query sample, ensuring
accurate and reliable predictions. The model’s stability was
validated through multiple rounds of cross-validation, ren-
dering it appropriate for a wide range of clinical uses.

Results
This study presents a framework integrating clustering and
dynamic classifier selection (DCS-MCB) to enhance the
accuracy and robustness of prediction models for DILI in
children. The results demonstrate that the proposed model
outperforms traditional models, demonstrating its potential
for use in clinical settings. It can assist in the early identifi-
cation of high-risk pediatric DILI patients, enabling precise
interventions, and improve the overall efficiency of health-
care services.

Data processing
Figure 3 depicts the data processing workflow in this study.
First, the data was divided into a training set and a test set.
Subsequently, the training set was clustered into four clus-
ters (c_0 to c_3) using silhouette coefficients and k-means
clustering criteria. The clustered training sets were further
split into training subsets (c0_train to c3_train) and valid-
ation subsets (c0_val to c3_val). According to the character-
istic disparities among each cluster, four distinct base
classifier pools were constructed (the specific criteria are
detailed in the “Dynamic Classifier Selection” section of
the Results). Each pool might contain base classifiers with
diverse or similar characteristics. For instance, if the evalu-
ation metrics of the KNN algorithm in cluster_0 all exceed
0.8, it is incorporated into pool_0. On the contrary, if its F1
score in cluster_1 is less than 0.8, it is excluded from
pool_1. Eventually, four distinct base classifier pools
were formed, and the DCS-MCB algorithm was employed
to integrate these pools.

Notably, we left the test set unprocessed, maintaining its
data independence. When the DCS-MCB algorithm pre-
dicts the test set, it first identifies the cluster (c_0 to c_3)
that each data point belongs to. Then, it chooses the corre-
sponding base-classifier pool (pool_0 to pool_3) for predic-
tion. This data-processing approach ensures that the test set
utilizes the most suitable base-classifier pool for prediction.
It sets this method apart from traditional machine-learning
models, leading to more accurate predictions.

Clustering analysis
As described in the Methods section, we first utilized the sil-
houette coefficient to determine the optimal value of K
within the range of 2–10. Subsequently, we applied the
k-means algorithm to cluster the data into K groups.

Shi et al. 7



Figure 4 presents the silhouette coefficient plot of this study,
with the x-axis representing the number of clusters and the
y-axis representing the silhouette score. A higher silhouette
score implies a better clustering result. From this evaluation,
we concluded that four clusters resulted in the optimal out-
come within the potential range of clusters. Consequently,
patients were divided into four distinct subgroups, discriminat-
ing those with complex underlying diseases from those with
milder conditions. This stratification enables a more accurate
analysis of the DILI incidence across different populations.

Subsequently, the k-means algorithm was applied to
cluster the data into four groups. Table 2 presents the com-
position of each cluster, with the ratio of 0:1 for each cat-
egory shown in parentheses. A detailed examination of
the data clusters indicated that complex diseases were
more prevalent in cluster_0 and cluster_2. For example,
in the training set, 50.84% of patients in cluster_2 had a sep-
sis diagnosis, compared to just 1.43% in cluster_1. The dif-
ferences between cluster_1 and cluster_3 were mainly
driven by variations in laboratory indicators and medication
use. For instance, the proportion of patients using ambroxol
in cluster_0 was 21.59%, but in cluster_3, this figure
increased significantly to 53.31%.

Figure 5 showcases a heatmap designed to visualize the
normalized features of patients. The four distinct clusters,

namely cluster_0 through cluster_3, are clearly demarcated
by prominent green dashed lines. Along the x-axis, the fea-
tures are listed, while the y-axis represents the patients. The
color-coded scale serves as an intuitive guide for the feature
values, with darker hues indicating higher values. This heat-
map offers a comprehensive view of the distribution pat-
terns of features across diverse patient clusters. It reveals
information about how features are distributed among the
clusters. Each cluster exhibits unique feature prominence,
accompanied by block-wise missing data. Notably, trad-
itional statistical and machine learning techniques are found
to be inadequate for effectively managing such missing data
patterns. The clustering patterns unveiled in this heatmap
underscore the inherent heterogeneity in feature expression
among patient subgroups. This heterogeneity emphasizes
the need for customized and tailored methods for predicting
DILI.

Dynamic classifier selection
Evaluation metrics comprised conventional ones and those
for imbalanced class distributions, such as accuracy (ACC),
precision-recall area under the curve (PR-AUC), F1-score,
recall, precision, Matthews correlation coefficient (MCC),

Figure 2. The integration of clustering and DCS framework flowchart.
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and geometric mean (G-mean). Formulas for these metrics
are:

True Positives (TP): Correctly predicted positive cases
True Negatives (TN): Correctly predicted negative cases
False Positives (FP): Incorrectly predicted positive cases
False Negatives (FN): Incorrectly predicted negative
cases

ACC (Accuracy):

Accuracy = TP+ TN

TP+ TN+ FP+ FN

It indicates the proportion of correct model predictions.
PR-AUC: It is the area under the Precision-Recall curve and

reflects the trade-off between precision and recall of the model
across various thresholds. It is obtained by graphing the
Precision-Recall curve and computing the area under that curve.

Recall:

Recall = TP

TP+ FN

It represents the proportion of all positive class samples
that are correctly predicted by the model.

Precision:

Precision = TP

TP+ FP

It shows the proportion of all samples predicted as posi-
tive that are indeed positive.

F1 score:

F1 = 2 ×
Precision × Recall

Precision+ Recall

It is the weighted average of Precision and Recall, used
to balance the Precision and Recall performance of the
model.

Matthews correlation coefficient (MCC):

MCC = (TP × TN)− (FP × FN)����������������������������������������������
(TP+ FP)(TP+ FN)(TN+ FP)(TN+ FN)

√

It is a comprehensive metric for assessing the classifier’s
performance, ranging from −1 to 1. A value of 1 implies
perfect classification, 0 implies random classification, and
−1 implies completely incorrect classification.

G-mean:

G-mean =
���������������������
Recall × Specificity

√
where specificity is given by the formula:

Specificity = TN

TN+ FP

It measures the balanced performance of the model
for both positive and negative classes. The higher the

Figure 3. Overview of data processing flow in this study.

Shi et al. 9



G-mean value, the better the model performs for both
classes.

When selecting the base classifier pool, we chose a var-
iety of individual and ensemble learning models and evalu-
ated their performance using multiple metrics, such as
ACC, Precision, Recall, F1 score, PR-AUC, MCC, and
G-mean. The performance of candidate models was
assessed against these metrics, and only models with all
metrics above 0.5 were included in the final base classifier
pool. The models finally included in the base classifier pool
are: individual models (Decision Tree [DT], K-Nearest
Neighbors [KNN], Logistic Regression [LR], Linear
Discriminant Analysis [LDA]) and ensemble models
(Random Forest [RF], Bagging, Adaptive Boosting
[ADA], LightGBM [LGB]).

Table 3 shows the performance of DCS-MCB and base
classifiers on original data. Without clustering, DCS-MCB
achieved the highest values in ACC (0.952), F1 (0.750),
Precision (0.745), and MCC (0.724). Meanwhile, Bagging
achieved the highest Recall value of 0.823, and RF

outperformed DCS-MCB in PR-AUC and G-mean, with
values of 0.815 and 0.883, respectively. Table 4 represents
evaluation metrics after data clustering. Almost all base
classifiers improved in all metrics. For instance, DT’s F1
score rose from 0.647 before clustering to 0.858 after.
Notably, unlike pre-clustering results, the proposed
Cluster_DCS-MCB framework consistently outperformed
other classifiers in every metric, achieving the highest ACC
(0.986), PR-AUC (0.970), F1 (0.926), Recall (0.932),
Precision (0.925), MCC (0.917), and G-mean (0.959). As
expected, ensemble models generally outperformed individual
ones, and our proposed framework always outperform other
ensemble classifiers in all comparisons.

Figure 6 shows the normalized confusion matrices for
the four clustering groups. In all four clusters, TP > 0.9,
showing the DCS_MCB model predicts each category
well. Also, misclassification rates (FP and FN) in all four
clusters are < 0.1. In clusters 0 and 1, FP= 0, and FN are
0.087 and 0.059 respectively. In clusters 2 and 3, FP
(0.022 and 0.05) and FN (0.035 and 0.054) increase slightly

Figure 4. The silhouette coefficient plot of this study.

Table 2. Comparison of training and test data across four clusters.

Cluster_0 Cluster_1 Cluster_2 Cluster_3

Train set 3641 (3330:311) 3225 (3089:136) 1015 (556:459) 2163 (2117:46)

Test set 916 (847:69) 781 (752:29) 277 (155:122) 537 (519:18)
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but stay low. These results suggest the model has excellent
error control across all categories and reliable predictive
performance.

These findings highlight the need to customize classifi-
cation models for each data cluster’s unique attributes.
Varying cluster performance shows the importance of
dynamic selection methods that adapt to these differences,
improving the model’s overall accuracy and robustness.
This approach is vital in clinical applications, where accur-
ate, context-specific predictions are key for effective patient
management and treatment planning.

In summary, our study demonstrates that the integration
of clustering and dynamic selection techniques substantially
enhances the accuracy and robustness of pediatric DILI pre-
diction. By stratifying patients into distinct subgroups based
on complex underlying diseases and lab indicators, we
achieved a more detailed analysis of drug effects across dif-
ferent populations. The proposed Cluster_DCS-MCB
framework outperformed all evaluated metrics, highlighting
the effectiveness of this hybrid approach. These results
emphasize the importance of customizing predictive models
to each patient subgroup’s unique features, enabling more
accurate and personalized clinical decision-making. The
approach in this study offers a promising way to advance
precision medicine and improve patient outcomes in com-
plex clinical settings.

Interpretability
Experiments show DCS usually finds the best classifier for
each patient in every cluster, accurately predicting DILI

risk. Whether using a single or multiple classifiers, inter-
pretability methods like SHAP can explain the model’s pre-
dictions. Figure 7 shows the distribution of feature
importance for predicting pediatric DILI risk in one patient
subgroup. Higher ALT levels, chemotherapy exposure,
more diagnosed diseases, longer hospital stays, more med-
ications, and more frequent hospitalizations were found to
significantly increase the predicted DILI risk. The varying
feature importance rankings among different clusters match
clinical expectations, validating the model’s robustness and
reliability. Figure 8 depicts the distribution of significant
DILI factors in two patients, with predicted probabilities
of 0.83 and 0.16. For patient A, elevated GGT, AST/ALT
ratio, and number of diagnosed diseases were predictors.
For patient B, the AST/ALT ratio, D-DIMER levels, and
HBV cAb indicated a lower DILI risk. By identifying key
DILI-risk factors for each subgroup, clinicians can better
understand individual patient profiles and make tailored
medical decisions.

Discussion
The susceptibility factors for pediatric DILI mainly center
on the interaction among gender, polypharmacy, and under-
lying diseases. Although research shows females are more
sensitive to DILI,24 in our study, the proportion of female
DILI patients (440/1190) was lower than that of males.
This difference might be due to environmental factors or
data inclusion criteria. Pediatric DILI patients have higher
levels of ALP, GGT, TBIL, DBIL, IBIL, and INR than
non-DILI patients, mainly because of hepatocellular apop-
tosis or necrosis.25

Figure 5. Heatmap analysis of patient features across four distinct clusters in pediatric DILI.
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In cases involving multiple drugs, drug combinations
significantly contribute to hepatotoxicity.9 Drugs like acet-
aminophen, antibiotics, NSAIDs, antimicrobial agents, and
antineoplastic agents are known DILI triggers,26–28 which
matches our findings. Also, we observed that drug use pat-
terns and their importance to outcome variables vary among
different patient groups. Drug action mechanisms differ too.
For example, ceftriaxone shouldn’t be given to hyperbili-
rubinemic neonates as it can displace bilirubin, raising
bilirubin levels and reducing unconjugated bilirubin.29

Symptoms from different drug combinations vary between
individuals. Healthcare providers must monitor not just
traditional liver injury signs like nonspecific symptoms
(fatigue, nausea, jaundice, vomiting) and biochemical dys-
functions (elevated ALT and ALP), but also be aware of
common pediatric antibiotics and related drugs causing
severe liver injury. Thus, careful consideration of drug
dosages, frequencies, and timely assessment of potential
symptoms and signs are vital in clinical practice.

Moreover, it is crucial to recognize that misclassification
rates (false positives and false negatives) can give rise
to ethical issues. In the diagnosis of pediatric DILI, for

instance, false positives might result in needless treatment
or hospitalizations. This exposes patients to avoidable med-
ical risks, unwanted drug side-effects, and psychological
distress. Conversely, false negatives can cause delay in
DILI diagnosis and treatment, resulting in more severe liver
damage and potentially life-threatening complications. To
this end, healthcare professionals must always be cognizant
of the potential consequences of misclassifications and util-
ize the model as an auxiliary decision-making tool, not the
sole determinant for decisions. Making treatment decisions
requires comprehensively integrating the physician’s pro-
fessional acumen, rich clinical experience, and the model’s
recommendations to ensure the formulation of more perso-
nalized and reliable treatment strategies, thus optimizing
patient care and outcomes.

The framework proposed in this study addresses a major
shortcoming of traditional methods that treat all patients
alike. By optimizing classifiers for the distinct features of
each patient subgroup, it enhances both prediction accuracy
and robustness. It also proves advantageous in risk stratifi-
cation, providing practical value for the clinical manage-
ment of pediatric DILI. However, this study has several

Figure 6. Normalized confusion matrix for four clustering groups.
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limitations. First, this study was confined to a specific
region. As a result, the applicability of the currently trained
model may have certain limitations. One of the strengths of
our proposed framework is its ability to dynamically update
the models within the classifier pool, thereby ensuring its
continued effectiveness across different scenarios to a cer-
tain extent. Second, underreporting remains a persistent
problem. This phenomenon may lead to the omission of

some pediatric cases, causing the dataset to be skewed
towards more severe cases. Consequently, the dataset
becomes less representative of the general pediatric popula-
tion, which could potentially undermine the generalizability
and accuracy of our findings. Third, medication patterns,
including dosage and frequency, have not been comprehen-
sively taken into account. Additionally, we failed to clearly
differentiate between intrinsic and idiosyncratic DILI. Even

Figure 7. SHAP charts for predicting pediatric DILI risk in one patient subgroup.

Figure 8. Distribution of significant factors in two pediatric DILI patients.
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though we clustered patients according to underlying dis-
eases, medication use, and laboratory parameters, the spe-
cific frequency and dosage of medications, which could
be vital for assessing the risk of DILI, were not incorporated
into the analysis. Finally, the study did not take into account
the influences of factors such as genes, drug components
and chemical structures,30,31 restricts a more in-depth
understanding of DILI etiology and individual risk factors.
Further research is expected to thoroughly explore the
mechanisms, risk factors, and prognosis of pediatric DILI,
and to establish corresponding diagnostic, preventive, and
treatment strategies.

Conclusion
This study delves into a framework integrating clustering
and dynamic classifier selection, with the aim of enhancing
the accuracy and robustness of predictive models for pedi-
atric DILI. The framework identifies the optimal number of
clusters and categorizes patients into distinct subgroups. For
each subgroup, a dedicated base classifier pool is con-
structed. Subsequently, the DCS-MCB method is utilized
to adaptively pinpoint the most appropriate classifiers for
every individual patient. The performance of the proposed
framework is compared with common machine-learning
models, evaluating its superiority, and assessing the impact
of clustering enhancement on both the proposed framework
and traditional baselines. Notably, the results demonstrate
that the developed model outperforms existing approaches,
exhibiting potential in the early identification of high-risk
pediatric patients. By characterizing patient subgroups and
generating cluster-specific classifiers that account for vary-
ing levels of clinical complexity, this framework provides a
foundation for developing precise, clinically actionable
strategies for patient stratification and drug safety
monitoring.
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