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ABSTRACT
Objective  There is little evidence for finding optimal 
antipsychotic treatment for schizophrenia, especially in 
paediatrics. To evaluate the performance and clinical 
benefit of several prediction methods for 1-year 
treatment continuation of antipsychotics.
Design and Settings  Population-based prognostic 
study conducting using the nationwide claims database 
in Korea.
Participants  5109 patients aged 2–18 years who 
initiated antipsychotic treatment with risperidone/
aripiprazole for schizophrenia between 2010 and 2017 
were identified.
Main outcome measures  We used the conventional 
logistic regression (LR) and common six machine-
learning methods (least absolute shrinkage and selection 
operator, ridge, elstic net, randomforest, gradient 
boosting machine, and superlearner) to derive predictive 
models for treatment continuation of antipsychotics. 
The performance of models was assessed using the 
Brier score (BS), area under the receiver operating 
characteristic curve (AUROC) and area under the 
precision-recall curve (AUPRC). The clinical benefit of 
applying these models was also evaluated by comparing 
the treatment continuation rate between patients who 
received the recommended medication by models and 
patients who did not.
Results  The gradient boosting machine showed the 
best performance in predicting treatment continuation 
for risperidone (BS, 0.121; AUROC, 0.686; AUPRC, 
0.269). Among aripiprazole models, GBM for BS (0.114), 
SuperLearner for AUROC (0.688) and random forest for 
AUPRC (0.317) showed the best performance. Although 
LR showed lower performance than machine learnings, 
the difference was negligible. Patients who received 
recommended medication by these models showed a 
1.2–1.5 times higher treatment continuation rate than 
those who did not.
Conclusions  All prediction models showed similar 
performance in predicting the treatment continuation 
of antipsychotics. Application of prediction models 
might be helpful for evidence-based decision-making in 
antipsychotic treatment.

BACKGROUND
Schizophrenia is a challenging mental health 
disorder that is characterised by a wide range of 
psychological symptoms such as hallucinations, 
delusions and extremely disordered thinking and 

behaviour that impair daily functioning.1 Early-
onset schizophrenia (EOS) is generally defined as 
schizophrenia onset before the age of 18 years. 
In childhood, the incidence of schizophrenia is 
extremely rare, but the incidence increases steeply 
in adolescence.2 Compared with adulthood-onset 
schizophrenia, EOS has more severe negative symp-
toms, premorbid adjustment, impaired cognitive 
function and worse treatment efficacy.3 4 As schizo-
phrenia is a lifelong mental health disorders, the 
symptom severity of EOS could deteriorate over 
time and persist into adulthood,3 4 which causes 
significant and long-lasting health, social and finan-
cial burdens. Therefore, the clinical management of 
EOS deserves separate attention.

Antipsychotics are a keystone of pharmacological 
treatment for schizophrenia. To date, most clinical 
guidelines recommended atypical antipsychotics 
as the first-line pharmacological treatment for 
patients with schizophrenia at any age.5 However, 
due to the different pharmacological mechanisms 
of each antipsychotic and the clinical heterogeneity 
of schizophrenia (disease severity, symptoms and 
comorbidities),4 6 it is difficult to make a decision 

Summary box

What is already known about this subject?
	► Antipsychotics are a mainstay of early-onset 
schizophrenia treatment. However, there is no 
clear evidence on how to determine the most 
appropriate antipsychotic medication for each 
patient, especially for paediatric patients.

What are the new findings?
	► Most machine learning algorithms did not 
outperform the conventional logistic regression 
in predicting the treatment continuation of 
antipsychotics in children and adolescents with 
schizophrenia.

	► Regardless of the modelling algorithms, the 
recommendation of antipsychotics for each 
patient by prediction models had a clinical 
benefit in terms of treatment continuation.

How might it impact clinical practice in the 
foreseeable future?

	► The use of prediction models might help 
identify appropriate antipsychotic treatments in 
children and adolescents with schizophrenia.

copyright.
 on A

pril 23, 2024 by guest. P
rotected by

http://m
entalhealth.bm

j.com
/

E
vid B

ased M
ental H

ealth: first published as 10.1136/ebm
ental-2021-300404 on 13 A

pril 2022. D
ow

nloaded from
 

http://gut.bmj.com/
http://orcid.org/0000-0002-5100-5739
http://orcid.org/0000-0002-3678-9862
http://orcid.org/0000-0003-3467-7805
http://dx.doi.org/10.1136/ebmental-2021-300404
http://dx.doi.org/10.1136/ebmental-2021-300404
http://dx.doi.org/10.1136/ebmental-2021-300404
http://crossmark.crossref.org/dialog/?doi=10.1136/ebmental-2021-300404&domain=pdf&date_stamp=2022-04-13
http://mentalhealth.bmj.com/


2 Jeon SM, et al. Evid Based Ment Health 2022;0:1–8. doi:10.1136/ebmental-2021-300404

Digital mental health

about which medication could maximise the treatment outcome 
for each individual patient. Consequently, it is necessary to 
attempt multiple antipsychotics as a trial-and-error approach 
for most patients before identifying an effective antipsychotic,7 
which causes delayed treatment of early phase and exposes 
patients to unwarranted risk of side effects. Given the challenges 
in antipsychotic treatment for schizophrenia, a prediction model 
for identifying the treatment response before initiating treatment 
would be a beneficial approach to increase treatment effective-
ness and decrease the risk of side effects.

Although some previous studies have developed predic-
tion models to determine the treatment response of antipsy-
chotics,8–12 there were some concerns regarding those studies. 
First, most only applied the conventional regression method 
without considering other approaches, such as machine learning 
methods, which have the potential to improve prediction.8 9 
Second, few studies included children or adolescents. The differ-
ence between adult-onset schizophrenia and EOS has been 
reported in several previous studies, and the treatment response 
of children and adolescents in the gradual process of develop-
ment in the dopamine and neurotransmitter system may differ 
from that of adults with a stable system.13 Third, most studies 
used the complicated predictors that clinicians cannot easily 
access, such as genetics type10 and imaging data.11 Furthermore, 
to our best knowledge, only one study evaluated the clinical 
benefit (improvement of treatment continuation for 1 year) of 
this kind of prediction model in selecting antipsychotic treat-
ment for schizophrenia.12

OBJECTIVE
This study was conducted to compare several prediction 
modelling algorithms for predicting the treatment continua-
tion of antipsychotics using the nationwide population-based 
claims data of children and adolescents with schizophrenia. 
The focus of this study was on risperidone and aripiprazole, 
the two most frequently prescribed medications in this popu-
lation.14 In addition, we preliminary evaluated whether these 
prediction models could improve the treatment continuation 
of antipsychotics when applied to personalised treatment 
recommendation.

METHODS
Data source
We used the database provided by the Health Insurance Review 
and Assessment (HIRA) Service, a government-affiliated 
agency that reviews the accuracy of national health insur-
ance claims, which are mandatory for all Korean populations. 
The HIRA database includes variables that identify individual 
characteristics, such as age, sex and economic vulnerability 
(ie, approximately 2.8% of the total population who qualify 
for medical insurance advantage beneficiaries). Clinical data 
include information billed by healthcare providers such as 
diagnoses, prescriptions, procedures and devices. The diag-
nosis was identified by the international classification of 
disease, 10th revision (ICD-10) codes. There were no missing 
values in this database.

This study was approved by the Institutional Review Board 
of Kyungpook National University (IRB number: KNU 2018–
0141), and the requirement for informed consent was waived. 
The Transparent Reporting of a Multivariable Prediction Model 
for Individual Prognosis or Diagnosis guideline was used to 
develop and validate the prediction model in this study.15

Study participants
First, data of all patients who were prescribed antipsychotics and 
diagnosed with schizophrenia (ICD-10: F20–F29) between 2008 
and 2017 were collected. Each patient was required to have a 
look-back period of at least 2 years to identify the new users 
of antipsychotics for the first episode of schizophrenia. Patients 
who had any history of schizophrenia diagnosis or antipsychotic 
prescription in the first 2 years (2008/2009) were excluded 
because their look-back period was insufficient. The first date of 
antipsychotic prescription was defined as the index date for each 
patient. Moreover, patients who were not included in the age 
range of 2–18 years at the index date were excluded. To reduce 
the heterogeneity of disease severity within populations,16 
patients who were under psychiatric hospitalisation at the index 
date or prescribed multiple/long-acting injection-type antipsy-
chotics at the index date were excluded. Finally, patients who 
used risperidone or aripiprazole as the first-line antipsychotic 
treatment were selected. Most patients (approximately 75%) in 
our data set used one of these two medications, and these two 
medications are the only Korea Food & Drug Administration-
approved atypical antipsychotics for treating schizophrenia in 
children and adolescents17 (online supplemental figure S1).

Outcome
Treatment continuation is an important proxy measure of anti-
psychotic effectiveness, reflecting drug efficacy, safety and toler-
ability for both patients and clinicians.18 Hence, the treatment 
continuation was measured as the outcome of interest in this 
study. The treatment continuation was defined as the continuous 
treatment of their first-line antipsychotic medications for at least 
1 year without stopping over 60 days of missed prescription 
or any event of all-cause treatment discontinuation. All-cause 
treatment discontinuation included the occurrence of any of 
the following events during the follow-up period: suicide (X60–
X84, Y87), psychiatry hospitalisation, emergency department 
visit with any mental disorder and switch to or addition of other 
antipsychotics. Patients who met all these criteria of treatment 
continuation were assigned as 1; all others were assigned as 0.

Predictors
Approximately 60 predictors, including patient’s demographic 
factors (sex, age and type of insurance) and clinical character-
istics (inpatient or outpatient visit, diagnosis and prescription 
records), were measured for 1 year before the index date. For 
risperidone and aripiprazole, respectively, each variable was 
constructed as a binary or continuous predictor (online supple-
mental tables S1 and S2). Continuous predictors were normalised 
using min–max scaling, which is a simple method to rescale the 
values of the predictor range of 0 to 1. Data normalisation is the 
transformation of predictors to a fixed range, which is essen-
tial for preparing data for prediction modelling.19 The predic-
tors observed less than 10 times for either medication were not 
included in the model development.20 There were no missing 
values for any predictors because we used claims data.

Development and validation of prediction models
We developed two separate prediction models for the 1-year treat-
ment continuation of patients with risperidone and of those with 
aripiprazole. The respective clinical benefit of the recommended 
antipsychotic treatment agent (ie, risperidone or aripiprazole) 
was investigated based on these individual prediction models. 
The following seven different prediction algorithms were inves-
tigated in this process: (1) multivariable logistic regression (LR), 
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Table 1  Baseline characteristics of patients treated with risperidone and aripiprazole

Risperidone (n=5109) Aripiprazole (n=3393)

Treatment continuation for 1 year (n, %) 724 (14.2) 471 (13.9)

Demographics* (n, %)

 � Sex

 � Male 3195 (62.5) 1944 (57.3)

 � Female 1914 (37.5) 1449 (42.7)

 � Age (years, mean±SD) 13.8±3.4 14.1±3.4

 � Insurance type

 � Health insurance 4343 (85.0) 3182 (93.8)

 � Medical aid 766 (15.0) 211 (6.2)

Comorbidities of mental health disorders† (n, %)

 � First diagnosis of schizophrenia at index date 1969 (38.5) 1648 (48.6)

 � Anxiety disorder 776 (15.2) 741 (21.8)

 � Depression 1257 (24.6) 1184 (34.9)

 � ADHD 1161 (22.7) 694 (20.5)

 � Somatoform disorder 105 (2.1) 91 (2.7)

 � Reaction to severe stress and adjustment disorder 438 (8.6) 325 (9.6)

 � Other neurotic disorders 56 (1.1) 50 (1.5)

 � Mental retardation 532 (10.4) 184 (5.4)

 � Other behaviour and emotional disorders with onset generally occurring in childhood and adolescence 124 (2.4) 66 (1.9)

 � Emotional disorders with onset specific to childhood 285 (5.6) 135 (4.0)

 � Nonorganic disorder 127 (2.5) 114 (3.4)

 � Tic disorder 192 (3.8) 220 (6.5)

 � Bipolar disorder 120 (2.3) 117 (3.4)

 � Autism spectrum disorder 277 (5.4) 145 (4.3)

 � Other mental health disorders 1150 (22.5) 819 (24.1)

Prescriptions of other psychotropics† (n, %)

 � Anticholinergic drugs 34 (0.7) 18 (0.5)

 � Antianxiety drugs 1489 (29.1) 1097 (32.3)

 � SSRI/SNRI 1369 (26.8) 1169 (34.5)

 � TCA 107 (2.1) 76 (2.2)

 � MAO inhibitor 196 (3.8) 187 (5.5)

 � Methylphenidate 892 (17.5) 445 (13.1)

 � Nonstimulants for ADHD 178 (3.5) 178 (5.2)

 � Antiepileptic drugs 612 (12.0) 358 (10.6)

 � Lithium 58 (1.1) 41 (1.2)

Comorbidities of paediatric chronic conditions†‡ (n, %)

 � Neurologic and neuromuscular 128 (2.5) 57 (1.7)

 � Cardiovascular 71 (1.4) 50 (1.5)

 � Respiratory 1 (0.0) 5 (0.1)

 � Renal and urologic 59 (1.2) 31 (0.9)

 � Gastrointestinal 81 (1.6) 63 (1.9)

 � Haematologic or immunologic 12 (0.2) 13 (0.4)

 � Metabolic 220 (4.3) 160 (4.7)

 � Other congenital or genetic defects 122 (2.4) 65 (1.9)

 � Malignancy 26 (0.5) 7 (0.2)

 � Neonatal 3 (0.1) 1 (0.0)

 � Asthma 798 (15.6) 550 (16.2)

 � Diabetes mellitus 54 (1.1) 30 (0.9)

 � Seizure 397 (7.8) 242 (7.1)

Prescriptions of other general medications† (n, %)

 � Antipyretics, analgesics 2960 (57.9) 2113 (62.3)

 � Antihistamines 3423 (67.0) 2341 (69.0)

 � Other antiallergic agents 7 (0.1) 11 (0.3)

 � Cardiovascular system drugs 363 (7.1) 311 (9.2)

 � Respiratory system drug 3629 (71.0) 2420 (71.3)

 � Drugs for diabetes mellitus 7 (0.1) 7 (0.2)

Continued
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(2) least absolute shrinkage and selection operator (LASSO), (3) 
ridge, (4) elastic net, (5) random forest, (6) gradient boosting 
machine (GBM) and (7) SuperLearner. Although LR could be 
categorised into machine learning algorithms, it was consid-
ered as a conventional prediction model in this study because it 
does not require a complex process of tuning hyperparameters 
compared with other algorithms.

The data set for each medication was randomly divided into 
training (75%) and test (25%) data sets. The training data set 
was used to tune the final prediction model, and the remaining 
test data set was only used to evaluate the performance of the 
finalised model. The multivariable LR was fitted using the back-
ward stepwise algorithm based on the Akaike information crite-
rion. In machine learning methods, the grid search method was 
used to identify the regularisation parameter of LASSO/ridge/
elastic net and some hyperparameters of random forest/GBM. 
In this process, we selected the final hyperparameters that maxi-
mised the area under the receiver operating characteristic curve 
(AUROC) in the fivefold CV of the training data set. Super-
Learner, an ensemble method, was generated by combining six 
tuned models (backward stepwise LR, LASSO, ridge, elastic net, 
random forest, and GBM) into a single prediction model; the 
optimal weight for combining these models was determined using 
the fivefold CV process. The detailed methods used to develop 
each model are described in online supplemental method S1.

Statistical analysis
Demographics of study population
The data of patients using risperidone and aripiprazole (demo-
graphics, medical history and medications) were presented as 
number (%) for categorical predictors and mean (SD) for contin-
uous predictors. The differences between the training set and test 
data set were compared using independent two-sample t tests 
(for continuous variables) and χ2 tests (for categorical variables).

Performance evaluation of candidate algorithms
The performance of the finalised prediction models was eval-
uated in the test data set of each medication. To evaluate 
the performance of predicting algorithms using these two 
approaches, the following eight metrics were used: Brier score 
(BS), AUROC area under the precision-recall curve (AUPRC), 
sensitivity, specificity, accuracy, f1-score and the Matthews 
correlation coefficient (MCC) (online supplemental figure S2). 

Among these metrics, BS, AUROC and AUPRC were selected as 
the main metrics to evaluate the algorithms’ performance. More-
over, the importance of predictors was calculated as the relative 
value to the highest value (1.00) of each model based on their 
beta coefficient (backward stepwise LR, LASSO, ridge and elastic 
net) or the decrease in accuracy/Gini score (random forest and 
GBM).

The finalised prediction models (for each medication) were 
used to estimate their predicted treatment continuation for 
the specific medication, and then the medication with a rela-
tively high probability of treatment continuation was labelled 
as the optimal medication. If the patient received the identical 
medication with the labelled optimal medication, they were 
classified as ‘recommended,’ and others were classified as ‘non-
recommended’. The Kaplan-Meier survival analysis and log-rank 
test were used to analyse the difference in treatment continua-
tion in the recommended group versus the non-recommended 
group (online supplemental figure 3).

All p values <0.05 were considered to be statistically signif-
icant, and all analyses were conducted using SAS Enterprise 
Guide V.6.1 (SAS Institute, Cary, North Carolina) and R soft-
ware V.3.6.1 (R foundation, Vienna, Austria).

FINDINGS
Table 1 shows the characteristics of study participants and the 
proportion of 1-year treatment continuations for risperidone and 
aripiprazole. There were 5109 patients in the risperidone cohort 
and 3393 patients in the aripiprazole cohort, and approximately 
14.0% of them were continuously prescribed their initial medi-
cation for 1 year. The mean age of patients in the risperidone and 
aripiprazole cohorts was 13.8 (SD 3.4) and 14.1 (SD 3.4) years, 
respectively. Male patients were more prevalent (risperidone 
57.3%; aripiprazole 62.5 %), and most patients were covered 
by the national health insurance (risperidone 85.0%; aripipra-
zole 93.8%). For 1 year before the index date, selective serotonin 
reuptake inhibitors (risperidone 26.8%; aripiprazole 34.5%) 
and antianxiety medications (risperidone 29.1%; aripiprazole 
32.3%) were the top two psychotropic medications prescribed 
to patients. Depression was the most frequent diagnosis among 
the comorbidities of mental health disorder (risperidone 24.6%; 
aripiprazole 34.9%). The prescription of other medications and 
the utilisation of the healthcare system showed similar distribu-
tion in both cohorts. Overall, the distribution of characteristics 

Risperidone (n=5109) Aripiprazole (n=3393)

 � Antibiotic preparations 3600 (70.5) 2460 (72.5)

 � Narcotic analgesics 67 (1.3) 52 (1.5)

Utilisation of healthcare system† (n, %)

 � Number of any route visits for mental health disorders 1.70±3.4 1.95±3.70

 � Number of inpatient visits for mental health disorders 0.07±2.23 0.13±2.89

 � Number of outpatient visits for mental health disorders 1.62±2.16 1.81±2.21

 � Number of emergency room visits for mental health disorders 0.01±0.09 0.01±0.11

 � Number of any route visits for non-mental health disorders 12.08±13.41 12.43±12.67

 � Number of inpatient visits for non-mental health disorders 0.19±0.97 0.17±0.62

 � Number of outpatient visits for non-mental health disorders 11.92±13.21 12.28±12.53

 � Number of emergency room visits for non-mental health disorders 0.04±0.29 0.04±0.25

*Assessed on the cohort entry.
†Assessed for 1 year before the index date.
‡The paediatric complex chronic conditions were classified according to the modified criteria of Feudtner et al.
ADHD, attention deficit hyperactivity disorder; MAO, monoamine oxidase inhibitor; SNRI, selective norepinephrine reuptake inhibitor; SSRI, selective serotonin reuptake inhibitor.

Table 1  Continued
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between the training data set and test data set showed no statis-
tical difference (online supplemental tables S3 and S4).

Table 2 shows the performance of the machine learning and 
backward stepwise LR models for predicting the treatment 
continuation of both risperidone and aripiprazole in the test 
data set. Machine learning algorithms demonstrated better 
performance than the conventional stepwise LR in predicting 
the treatment continuation of both risperidone and aripiprazole; 
however, the performance of other machine learning algorithms 
also showed a close value to these metrics (online supplemental 
figure S4 and table S5). GBM was the best modelling algorithm 
in predicting the treatment continuation of risperidone, with 
the lowest BS value (0.121) and the highest AUROC (0.686) 
and AUPRC (0.269) values, closely followed by SuperLearner 
(BS 0.121; AUROC 0.685; AUPRC 0.262). In the prediction of 
aripiprazole, GBM, SuperLearner and random forest exhibited 
the best performance in terms of BS (GBM 0.114), AUROC 

(SuperLearner 0.688) and AUPRC (random forest 0.317). 
Regarding sensitivity, specificity, precision, accuracy, f1-score 
and MCC, all models demonstrated comparable performance 
to each other (online supplemental figure S5). Furthermore, 
although the conventional stepwise LR demonstrated worse 
performance than the machine learning algorithms, the differ-
ence in performance was small. For instance, the range of abso-
lute difference in AUROC was just −0.027 to 0.001 and −0.016 
to 0.006 for risperidone and aripiprazole, respectively.

Figure  1 shows the clinical benefit of using the prediction 
models for improving treatment continuation by supporting 
treatment selection. Patients taking the recommended medi-
cation had a favourable outcome in treatment continuation 
compared with that of patients taking the non-recommended 
medication. In the overall cohort of the test data set, the propor-
tion of patients with a treatment continuation in the recom-
mended group was approximately 1.2 to 1.5-fold greater than 
that in the non-recommended group. Furthermore, during the 
follow-up period, patients in the recommended medication 
group had a significantly higher survival probability of treatment 
continuation than those in the non-recommended medication 
group. This tendency was consistently observed in the subgroup 
analysis stratified for the observed medications, although the 
statistical significance was not obtained in the aripiprazole group 
(online supplemental figure S6).

Table 3 shows the top 10 important predictors in the predic-
tion models (all predictors for each model were presented in 
the online supplemental tables S6 and S7). Age and utilisation 
of healthcare system were important predictors in prediction 
models of both risperidone and aripiprazole. In the prediction 
models of risperidone, four models consistently considered 
anticholinergic use and history of attention deficit hyperac-
tivity disorder as important predictors. Lithium use and bipolar 
disorder diagnosis were considered as important predictors in 
four of the six prediction models of aripiprazole.

Table 2  Performance of machine learning models in predicting 
treatment response

Model

Risperidone Aripiprazole

BS AUROC AUPRC BS AUROC AUPRC

Backward 
stepwise LR

0.124 0.659 0.244 0.117 0.672 0.300

LASSO 0.122 0.678 0.253 0.115 0.681 0.304

Ridge 0.123 0.680 0.255 0.117 0.683 0.307

e-net 0.122 0.676 0.252 0.115 0.683 0.305

Random forest 0.124 0.658 0.250 0.115 0.678 0.317

GBM 0.121 0.686 0.269 0.114 0.682 0.314

SuperLearner 0.121 0.685 0.264 0.115 0.688 0.314

AUPRC, area under the precision-recall curve; AUROC, area under the receiver 
operating characteristic curve; BS, Brier score; e-net, elastic net; GBM, gradient 
boosting machine; LASSO, least absolute shrinkage and selection operator; LR, 
logistic regression.

Figure 1  Treatment continuation for overall populations in the test data set. (A) backward stepwise LR, (B) LASSO, (C) ridge, (D) elastic net, 
(E) random forest, (F) GBM and (G) SuperLearner. GBM, gradient boosting machine; LASSO, least absolute shrinkage and selection operator; LR, 
logistic regression.
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DISCUSSION
To our knowledge, this is the first study to develop and vali-
date prediction models for 1-year treatment continuation of 
antipsychotics in children and adolescents with schizophrenia. 
Although some studies have reported prediction models for 
diverse treatment responses of antipsychotics, there is a scarcity 
of studies particularly conducted in this population. Moreover, 
the majority of previous studies applied only one prediction 
algorithm, whereas the present study has applied and compared 
several modelling algorithms (including both conventional LR 
and modern machine learning). The clinical benefit of prediction 
models for antipsychotic treatment was also evaluated.

In the present study, machine learning algorithms provided 
better performance than the conventional stepwise LR in 
predicting treatment continuation of antipsychotics. However, 
the increase in performance was too limited to confirm their 

outperformance over the conventional LR algorithm. This 
finding supported previous studies, such as Christodoulou et 
al, that compared the performance of LR and machine learning 
algorithms for clinical prediction modelling. They demonstrated 
no evidence that machine learning has a performance benefit 
over LR models in predicting clinical risk.21 Machine learning 
has the advantage of improving performance by controlling 
both linear and non-linear interactions between outcomes and 
predictors; however, all these algorithms have disadvantages that 
require the tuning of complex hyperparameters, a high burden 
of data and cost and difficulty with interpretation.22 Meanwhile, 
the conventional regression method has the advantage of being 
easy to interpret and consuming less time to develop.22 Hence, 
conventional LR could be an attractive approach for predicting 
the treatment continuation of antipsychotics because of its 
advantages if it shows similar performance to machine-learning.

Table 3  Top 10 important predictors of the prediction models for risperidone and aripiprazole*

Risperidone

Rank Backward stepwise LR LASSO Ridge Elastic net Random forest GBM

1 Number of outpatient 
visits, non-MHD

Number of inpatient 
visits, non-MHD

Number of EM visits, 
MHD

Number of inpatient 
visits, MHD

Age Age

2 Number of any route 
visits, non-MHD

Age Number of inpatient 
visits, MHD

Age Number of any route 
visits, non-MHD

Number of visits, non-
MHDs

3 Number of inpatient 
visits, MHD

Number of EM visits, 
non-MHDs

Number of EM visits, 
non-MHDs

Number of EM visits, 
non-MHDs

Number of outpatient 
visits, non-MHD

Number of outpatient 
visits, non-MHD

4 Number of EM visits, 
non-MHDs

Number of EM visits, 
MHD

Age Number of EM visits, 
MHD

Number of outpatient 
visits, MHD

ASD

5 Age Anticholinergic drugs Anticholinergic drugs Anticholinergic drugs Number of any route 
visits, MHD

Number of any route 
visits, MHD

6 Anticholinergic drugs EBD ASD EBD Number of outpatient 
visits, non-MHD

Number of outpatient 
visits, MHD

7 EBD ASD EBD ASD First diagnosis of 
Schizophrenia

Mental retardation

8 Bipolar disorder Insurance type: Medical 
aid

Number of inpatient 
visits, non-MHD

Insurance type: Medical 
aid

Sex: female Insurance type: 
Medical aid

9 ASD Mental retardation Other congenital or 
genetic defect

Mental retardation Insurance type: Medical 
aid

Seizure

10 Insurance type: Medical 
aid

Sex: female Insurance type: Medical 
aid

Reaction to severe stress 
and adjustment disorder

Other MHDs Antipyretics, analgesics

Aripiprazole

Rank Backward stepwise LR LASSO Ridge Elastic NET Random forest GBM

1 Number of outpatient 
visits, non-MHD

Age Number of EM visits, 
MHD

Age Age Age

2 Number of any route 
visits, non-MHD

Number of inpatient 
visits, non-MHD

Number of inpatient 
visits, non-MHD

Number of inpatient 
visits, non-MHD

Number of outpatient 
visits, non-MHD

Number of any route 
visits, non-MHDs

3 Number of EM visits, 
MHD

Number of EM visits, 
MHD

Number of EM visits, 
non-MHDs

Number of EM visits, 
MHD

Number of any route 
visits, non-MHD

Number of outpatient 
visits, non-MHD

4 Number of inpatient 
visits, non-MHD

Lithium Age Lithium Number of any route 
visits, MHD

ASD

5 Age Number of EM visits, 
non-MHDs

Lithium Number of EM visits, 
non-MHDs

Number of outpatient 
visits, MHD

Number of any route 
visits, MHD

6 Lithium Bipolar disorder Anticholinergic drugs Bipolar disorder First diagnosis of 
Schizophrenia

Number of outpatient 
visits, MHD

7 Tic disorder Sex: female Bipolar disorder Sex: female Antipyretics, analgesics Mental retardation

8 MAO inhibitor Number of any route 
visits, MHD

ASD Number of any route 
visits, MHD

Sex: female Insurance type: 
Medical aid

9 Bipolar disorder Anticholinergic drugs Diabetes mellitus Anticholinergic drugs Antihistamines Seizure

10 ED MAO inhibitor MAO inhibitor MAO inhibitor Other MHDs Antipyretics, analgesics

*The relative importance of predictors in SuperLearner was not evaluated because this algorithm ensembles the predicted probabilities of each model used in construction.
ASD, autism spectrum disorder; BP, bipolar disorder; EBD, other behaviour and emotional disorders with onset generally occurring in childhood and adolescence; ED, emotional 
disorders with onset specific to childhood; EM, emergency room; GBM, gradient boosting machine; LASSO, least absolute shrinkage and selection operator; MAO, monoamine 
oxidase; MHD, mental health disorder.
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Machine learning is generally considered a better approach for 
prediction models than conventional LR, but machine learning 
failed to demonstrate its superiority to conventional LR in this 
study. There are some possible explanations for this finding. First, 
the number of sample cases and predictors might be insufficient 
for machine learning algorithms. Machine learning methods 
are data-driven algorithms,22 which show better performance 
than conventional regression models when using massive data 
consisting of numerous predictors.23 Second, most of the predic-
tors used in our study were clinically meaningful predictors 
(socioeconomic factors, concomitant use of other psychotropics 
and comorbidities of mental health disorders), which might limit 
the ability of machine learning to discover the hidden interac-
tion between predictors and outcomes. Previous studies that 
used structured data with clinically meaningful predictors, like 
our study, also reported little difference in performance between 
algorithms.24 25 Third, as this study was conducted using claims 
data, most predictors were formed as categorical variables. 
One previous study suggested that machine learnings are more 
suitable for continuous variables than for categorical variables 
because they are non-parametric models and cannot assume 
linearity for predicting outcome association.26 Furthermore, in 
the sensitivity analysis considering all predictors as categorical 
variables, the performance of models was worse than that of the 
primary analysis (online supplemental table S8).

Furthermore, the patients in the recommended group were 
more likely to continue their first-line treatment than those in 
the non-recommended group. The ratio of treatment continu-
ation rate at the last follow-up between the recommended and 
nonrecommended groups ranged from 1.20 to 1.50. In a recent 
study conducted by Wu et al, mostly on adult patients (mean 
age 36.7 years, SD 14.3) in Taiwan, they developed a predic-
tion model for each antipsychotic medication using the machine 
learning method.12 They reported a similar range of increasing 
treatment success rate (treatment continuation for 1 year) from 
1.16-fold to 1.48-fold when the individualised treatment rule 
was applied according to prediction models compared with 
the non-applied treatment.12 Due to the heterogeneity of data 
source, study definition and patient demographics, it is difficult 
to directly compare the result of the present study with their 
study. However, considering the consistent result with that study, 
the present result provided additional empirical evidence that 
the prediction model has the potential to be a useful tool to 
improve treatment response in clinical practice.

This study has several limitations. First, as schizophrenia was 
determined using the ICD-10 code in our study, the possibility 
of misdiagnosis might not be excluded, especially for EOS. 
Vernal et al have shown that the diagnosis of EOS has generally 
good validity for the paediatric populations in claims data but 
found a slightly higher number of false positives for diagnosis 
in the outpatient setting.27 Second, patients might discontinue 
or change the antipsychotic treatment regimen because of wors-
ening of symptoms or the onset of other mental health disor-
ders, not because they showed a poor response to their first-line 
antipsychotic agent. To overcome this limitation, several events 
indicating the worsening of psychiatric symptoms were included 
to identify poor treatment results.12 28 Third, it was impossible 
to include all predictors that might improve the accuracy of the 
prediction model, such as the type of schizophrenia, disease 
severity and residential area, due to the lack of data. Fourth, 
it is possible there are other machine learning algorithms that 
might outperform conventional regression. Finally, there might 
be potential bias because of the lack of external validation in 
populations with different demographic profiles.29 However, the 

purpose of our study was preliminary research to develop and 
compare the performance of prediction models for antipsychotic 
treatment response. This limitation regarding the generalisability 
may be addressed in future studies through external validation in 
various clinical settings.30

CLINICAL IMPLICATIONS
Machine learning algorithms provided significantly limited 
performance improvement over conventional LR for predicting 
the 1-year treatment continuation of antipsychotics in children 
and adolescents with schizophrenia. Given the difficulties of 
hyperparameter tuning and understanding the result of machine 
learning, conventional LR might still be an attractive approach 
for constructing prediction models. The application of predic-
tion models might be a helpful decision tool for antipsychotic 
treatment at the individual patient level.
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