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Abstract
Purpose This study aimed to create and validate robust machine-learning-based prediction models for antipsychotic 
drug (risperidone) continuation in children and teenagers suffering from mania over one year and to discover 
potential variables for clinical treatment.

Method The study population was collected from the national claims database in China. A total of 4,532 patients 
aged 4–18 who began risperidone therapy for mania between September 2013 and October 2019 were identified. 
The data were randomly divided into two datasets: training (80%) and testing (20%). Five regularly used machine 
learning methods were employed, in addition to the SuperLearner (SL) algorithm, to develop prediction models for 
the continuation of atypical antipsychotic therapy. The area under the receiver operating characteristic curve (AUC) 
with a 95% confidence interval (CI) was utilized.

Results In terms of discrimination and robustness in predicting risperidone treatment continuation, the generalized 
linear model (GLM) performed the best (AUC: 0.823, 95% CI: 0.792–0.854, intercept near 0, slope close to 1.0). The SL 
model (AUC: 0.823, 95% CI: 0.791–0.853, intercept near 0, slope close to 1.0) also exhibited significant performance. 
Furthermore, the present findings emphasize the significance of several unique clinical and socioeconomic variables, 
such as the frequency of emergency room visits for nonmental health disorders.

Conclusions The GLM and SL models provided accurate predictions regarding risperidone treatment continuation 
in children and adolescents with episodes of mania and hypomania. Consequently, applying prediction models in 
atypical antipsychotic medicine may aid in evidence-based decision-making.
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Key points
• The study underscored the significance of predicting 
continuation of mania treatment, particularly among 
children and adolescents, underscoring the necessity for 
further exploration in this domain.
• The findings emphasized the importance of various 
unique clinical and socioeconomic variables, including 
the frequency of emergency room visits for nonmental 
health disorders, as significant predictors of treatment 
continuation.
• The study have the potential to aid treatment decisions 
for mania in the young population, providing a valuable 
clinical reference for physicians in China. Accurate pre-
diction models may assist in evidence-based decision-
making for atypical antipsychotic treatment.
• The study successfully developed and validated robust 
machine-learning-based prediction models for the con-
tinuation of risperidone therapy in children and teen-
agers with mania. The models demonstrated good 
discrimination and robustness in predicting treatment 
continuation.
• While the current study yielded promising results, the 
authors acknowledge the limitations of a limited and 
geographically concentrated dataset. Future studies 
involving larger and more varied participant groups are 
recommended to further enhance the understanding and 
application of prediction models in this field.

Significance
What is already known on this topic
Prior research has highlighted the need for effective pre-
diction models for antipsychotic drug continuation in 
pediatric patients with mental health problems, given the 
complexity of treatment decisions and the lack of com-
prehensive models in this area.

What this study adds
This study introduces robust machine-learning-based 
prediction models for antipsychotic drug continuation 
in children and adolescents with mania. It demonstrates 
the accuracy of the Generalized Linear Model (GLM) 
and SuperLearner (SL) algorithm in predicting treatment 
outcomes. The study also identifies novel clinical and 
socioeconomic variables.

How this study might affect research, practice or policy
The development of accurate prediction models has the 
potential to significantly impact clinical decision-making 
in the treatment of pediatric patients with mania. These 
models could guide healthcare professionals in identify-
ing those most likely to benefit from antipsychotic ther-
apy continuation.

Background
Bipolar disorder, is a common long-term mental health 
disorder with a global prevalence of approximately 4% [1, 
2]. Individuals suffering from mania or manic episodes 
experience frequent and irregular hyperactivity and delu-
sions throughout their lives, which can lead to social and 
occupational issues. The patient may be aggressive and 
impulsive in social situations, lose self-control, or par-
ticipate in dangerous behavior such as speeding, risky 
investments, and other detrimental activities [3]. Addi-
tionally, patients with symptoms of mania that developed 
during their early childhood exhibit more severe symp-
toms, worse premorbid adjustment, cognitive impair-
ment, and extended periods of continuous rapid cycling 
compared to those who developed mania in adulthood 
[4]. As bipolar disorder is a chronic mood disorder, the 
severity of manic symptoms may continuously grow and 
persevere into adulthood, denying children the oppor-
tunity for appropriate emotional and cognitive growth. 
Consequently, individuals in manic/hypomanic episodes 
may suffer significant and long-term physical, social, and 
economic difficulties [1, 3, 5–7].

Pharmacotherapy, along with electroconvulsive therapy 
and psychosocial therapy, is one of the principal treat-
ments of manic/hypomanic episodes [8, 9]. Most profes-
sional guidelines advocate atypical antipsychotics and 
mood stabilizers as first-line treatments for individuals 
of any age who suffer from mania or hypomania [10, 11]. 
For instance, second-generation antipsychotics (SGAs), 
lithium, and valproate, have been found to be more effec-
tive than placebos. However, due to inconsistencies in 
the pharmacological mechanisms of antipsychotics and 
the clinical variability of mania, deciding on the course 
of treatment is challenging. Furthermore, there is a scar-
city of information concerning the selection of the most 
appropriate atypical antipsychotics for the continued 
treatment of patients during the maintenance phase, par-
ticularly in pediatric patients. Assessing treatment effects 
and responses becomes challenging due to treatment-
emergent affective switch (TEAS) and subsyndromal 
mood fluctuations throughout remission [12]. Conven-
tional predictive modeling methodologies such as logistic 
regression and Cox regression may be less successful at 
capturing higher-order interactions or nonlinear effects, 
which can be attributed to the abundance and intricacy 
of longitudinal individual-level data in clinical and claims 
data. Although most machine learning (ML) methods do 
not outperform traditional logistic regression in terms 
of discriminating and validation performance [13], there 
are no relevant studies in which treatment durability in 
manic/hypomanic episodes clinical pharmacotherapy is 
evaluated using ML. In the present study, a variety of con-
ventional ML techniques were employed in addition to 
SuperLearner, which is an integrated ML technique that 
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aimed to forecast teenage bipolar disorder medication 
adherence. This forecast was achieved by merging mul-
tiple pre-established prediction algorithms into a unified 
optimal algorithm. The objective of the present study was 
to develop and validate robust clinical prediction models 
to predict the persistence of atypical psychotropic medi-
cines (risperidone) in adolescents and children in manic/
hypomanic episodes, as well as to explore prospective 
variables that may be beneficial for clinical treatment.

Methods
Clinical and administrative claims data were utilized from 
4,552 patients aged 4–18 who began atypical psychiatric 
therapy (risperidone, 0.5 to 2 milligrams once a day) for 
manic episodes (mania/hypomania/depression/mixed 
episodes) between September 2013 and October 2019 in 
Chengdu Secondary People’s Hospital, Chengdu, Sich-
uan Province, China. The data currently cover patients 
with mental health disorders from five southwestern 
provinces and one autonomous region of China, includ-
ing reports on the status and treatment of approximately 
500,000 patients, with a significant proportion of patients 
over the age of 35. These patients were mostly covered by 
the Urban and Rural Resident Basic Medical Insurance 
(URRBMI), which is required for Chinese urban resi-
dents. The database contains demographic factors such 
as age, gender, and health insurance information (e.g., 
frequency of outpatient visits for mental health disor-
ders). The clinical data comprised information provided 
by medical professionals, such as diagnoses, prescrip-
tion medications, therapeutic methods, and comorbidi-
ties. Psychiatric professionals conducted examinations 
to identify code groups in accordance with the 10th edi-
tion of the International Classification of Diseases (ICD-
10) until an agreement was reached on which codes may 
be grouped as part of the same condition, the diagnoses 
were grouped based on similarities in symptoms, etiol-
ogy, or clinical presentation by psychiatric profession-
als, this strategy was employed to streamline the analysis 
and facilitate comparisons between different conditions, 
ensuring a coherent and manageable framework for the 
study. In the psychiatric department, patients were first 
evaluated by observation and psychometric testing. 
Serum corticosteroid, thyroid, and cerebrospinal fluid 
examinations were also conducted, and using the diag-
nostic classification criteria for mental illness (ICD-10), 
the diagnosis was determined based on the symptoms 
and examination results. Regarding loss to follow-up in 
the clinical setting, the record would be discontinued 
if a patient did not return or reply to any contact. Only 
the dataset with no missing values was included in the 
present study, and the missing data were assessed via a 
k-nearest neighbor (KNN) algorithm. First, data on indi-
viduals who were administered risperidone and with 

mania, hypomania, or other manic episodes (ICD-10: 
Manic Episodes (F30): Including codes for hypomania 
(F30.0), mania without psychotic symptoms (F30.1), and 
mania with psychotic symptoms (F30.2). Bipolar Affec-
tive Disorder (F31): Including codes for bipolar disorder 
with current hypomanic episode (F31.0), bipolar disorder 
with current manic episode without psychotic symptoms 
(F31.1), and bipolar disorder with current manic episode 
with psychotic symptoms (F31.2)) between 2013 and 
2019 were gathered. To identify the first episode of mania 
in new users of antipsychotics, every patient needed to 
have a retrospective period (refers to the recorded or 
monitored period) of a minimum of two years. Patients 
with a history of bipolar disorder diagnosis or any other 
antipsychotic/mood stabilizer prescription in the first 
two years were disregarded due to the absence of a suit-
able look-back time. The index date for each patient was 
the first date of antipsychotic medication treatment. 
Finally, those using risperidone as their first-line anti-
psychotic treatment were chosen because risperidone 
and olanzapine were the most frequently utilized drugs 
in the present complete dataset. Despite not being the 
first option to control manic or hypomanic episodes, 
risperidone is effective for acute episodes of mental ill-
nesses [14–16]. This study was performed in accordance 
with the good research practices and Ethics and the pro-
tocol was approved by the research ethics committee of 
Chengdu Secondary People’s Hospital (2022CYFYIRB-
BA). All participants among health professionals, case 
managers, community health workers and patients were 
asked consent to participate, having signed a written dec-
laration of informed consent. Informed consent was also 
obtained from all subjects and/or their legal guardian(s).

Outcomes
Treatment persistence is a powerful determinant of anti-
psychotic medication success since it reflects pharmaco-
logical effectiveness, safety, and tolerability for patients 
and clinicians. Discontinuation is widely perceived as a 
concern during remission from manic/hypomanic epi-
sodes. As a result, treatment persistence over one year 
was an outcome of interest for the present study [2]. The 
continuation of therapy was characterized as continuing 
treatment with a primary antipsychotic medication for a 
duration of at least one year without stopping more than 
60 days of prescriptions or experiencing any event of dis-
continuation from treatment for any cause. Any of the 
following occurrences during follow-up constituted all-
cause treatment discontinuation: (a) Immediate adverse 
effects; (b) Long-standing/extended adverse effects; (c) 
Patient preference (typically upon symptom relief ); (d) 
Guided by healthcare professionals (e.g., regimen simpli-
fication, therapeutic education and support); (e) Unsat-
isfactory response; (f ) Development of new physical 
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health conditions or interactions with other medications: 
(i) Chronic or progressive diseases (e.g., heart or kidney 
conditions); (ii) Transient/self-limiting conditions (e.g., 
pregnancy, breastfeeding, drug overdose/self-poisoning). 
Patients who satisfied all the treatment criteria were 
assigned a 1 (yes), while others were assigned a 0 (no).

Predictors
With clinical and administrative claims data collected 
from the psychiatry department and insurance company, 
potential risk indicators were identified based on several 
feature selection methods. Twenty-eight predictors were 
also included: patient demographic information (gender 
and age) and clinical characteristics, including number 
of inpatient visits for mental health disorders, number of 
route visits for mental health disorders, number of emer-
gency room visits for mental health disorders, number 
of outpatient visits for mental health disorders, number 
of routine visits for nonmental health disorders, number 
of inpatient visits for nonmental health disorders, num-
ber of outpatient visits for nonmental health disorders, 
number of emergency room visits for nonmental health 
disorders, depression, anxiety disorder, ADHD (attention 
deficit hyperactivity disorder), intellectual disability, per-
sonality disorders, substance use disorder, somatic symp-
tom disorder, other mental health disorders, neurological 
and neuromuscular problems, cardiovascular disease, 
renal and urologic disorders, gastrointestinal disease, 
metabolic disorders, asthma, diabetes mellitus, anticho-
linergic drugs, SSRI/SNRI (selective serotonin reuptake 
inhibitors and serotonin-norepinephrine reuptake inhibi-
tors), and MAO (monoamine oxidase) inhibitors. Such 
predictors were measured during the year before the 
index date. Moreover, each variable was formulated as a 
binary or continuous predictor. Continuous predictors 
were normalized by utilizing min-max ratios, and the sig-
nificance of these predictors on the outcomes was vali-
dated using two random forest-based feature selection 
methods (recursive feature elimination (RFE) [17] and 
Boruta [18]) in addition to the traditional regularization 
technique LASSO (least absolute shrinkage and selection 
operator) regression [19]. Ultimately, the most significant 
predictors were determined.

Statistical analysis
The total dataset was randomly split into training (80%) 
and testing (20%) datasets. Subsequently, seven distinct 
ML prediction models were formulated for risperidone 
therapy continuation over one year for patients aged 
4–18. The seven distinct prediction algorithms were (1) 
generalized linear model (GLM); (2) stochastic gradient 
boosting machine (GBM); (3) generalized additive model 
(GAM); (4) random forest (RF) algorithm; (5) support 
vector machine (SVM); and (6) SuperLearner (SL). GLM 

serves as a statistical model extending linear regression, 
GBM operates as an ensemble machine learning tech-
nique constructing a sequence of weak predictive mod-
els, subsequently amalgamating them to form a more 
robust predictive model. GAM, an extension of GLM, 
offers increased flexibility for modeling intricate relation-
ships. RF, an ensemble learning approach, creates numer-
ous decision trees during training, yielding the class 
mode for classification problems or mean prediction for 
regression issues. SVM, a supervised machine learning 
algorithm, is applied for classification or regression tasks. 
Finally, SuperLearner functions as a meta-algorithm 
that amalgamates diverse models to enhance predictive 
performance.

First, a seed and “tune Length” were selected for com-
plexity and hyperparameter tuning using the “caret” 
package. Furthermore, although GLM is a machine learn-
ing approach, it was employed as a traditional prediction 
model in the present study. GLM was used in this man-
ner because, unlike other methods, a complicated pro-
cedure for adjusting hyperparameters is not needed. The 
SL algorithm was also used to forecast treatment con-
tinuance over one year. The SL algorithm is an integrated 
machine learning technique that uses cross-validation to 
identify the optimum weighted combination of several 
candidate learners [20]. Additionally, the selection of an 
algorithm in advance is not necessary. The SL algorithm 
is theoretically capable of selecting the optimal set of 
algorithms from a variety of alternatives and combining 
the results of the relevant options. Potential algorithms 
can fall into either parametric or nonparametric catego-
ries, and the algorithms all perform k-fold cross-valida-
tion on the datasets. Tenfold cross-validation was applied 
to the dataset to divide it into k = 10 almost equal-sized 
sets of mutually exclusive and exhaustive enumerations, 
this method was utilized to adjust the hyperparameters if 
applicable [21]. For each k-fold, one of the k-sets served 
as the validation set, while the remaining sets served as 
the training set. Each technique was applied to the train-
ing set to create an estimator, while its performance 
(known as risk or squared error) was evaluated using the 
validation set. The performance of the validation dataset 
had to be evaluated, as overly flexible algorithms strive to 
exploit random fluctuations in training data to improve 
accuracy. The process was repeated until each set had 
functioned as both a training and validation dataset, 
and predictions for all observations had been obtained. 
Subsequently, predictors and algorithms that were insig-
nificant were discarded. To accommodate varying data 
complexity levels, the statistical properties of the algo-
rithms had to be diverse. Moreover, bootstrap resampling 
was utilized with 25 repetitions to ensure that the results 
were generalized [22]. The area under the receiver oper-
ating characteristic curve (AUC) was the fundamental 
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metric for assessing model prediction performance. As 
a result, this approach was employed to select and pre-
serve the best-performing final model. DeLong’s test 
was employed to compare the AUCs between two mod-
els, with the results being deemed statistically significant 
if the p value was less than 0.05. Sensitivity, specific-
ity, positive predictive value (PPV), negative predictive 
value (NPV), F1-score, recall, and precision were all 

utilized to evaluate prediction performance. Internal 
validation measures such as intercept and slope values, 
which should gradually approach 0.0 and 1.0, respec-
tively, were also used to assess model generalizability in 
large, clustered datasets. Validated prediction models 
were constructed using data over two years (2013–2015), 
and findings from 2016 as longitudinal data may yield a 
higher predictive value. The model was then evaluated 
using the anticipated variables from 2013 to 2015 and 
the outcomes from 2016. R 4.0.5 was used to perform all 
analyses (R foundation, Vienna, Austria).

TRIPOD statement
The present study adhered to the Transparent Reporting 
of a Multivariable Prediction Model for Individual Prog-
nosis Or Diagnosis (TRIPOD) initiative for designing 
algorithms that can be tested using other datasets with 
wholly different circumstances [23].

Results
Table  1 exhibits the demographics of the participants 
and the percentage of individuals continuing 1-year ris-
peridone treatment in children and adolescents. There 
were 3,621 patients in the training dataset (80% of total 
dataset) and 911 patients (20% of total dataset) in the 
testing dataset, with approximately 14.7% receiving ris-
peridone medicine continuously over one year. The mean 
ages of patients in the training dataset and test dataset 
were 15.2 (SD 4.7) years and 14.8 (SD 4.5) years, respec-
tively. Male patients outnumbered females (55.5% in 
the training dataset and 57.1% in the test dataset), and 
most patients (96.8%) were covered by national health 
insurance. Depression was the most common disorder 
among mental health problem comorbidities (training 
29.8%, testing 31.3%). Relatively equal distributions for 
other pharmaceutical prescriptions and healthcare sys-
tem consumption were observed from both datasets. The 
most identified discontinued events were Unsatisfactory 
Responses (138 in the training dataset, 32 in the testing 
dataset). Additionally, there was no significant difference 
between the training and test datasets in the distribution 
of baseline variables or outcome measures of interest. 
Figure 1 indicated the methodology flow gram employed 
for prediction model development.

Table 2; Fig. 2 denote the performance of the machine 
learning techniques, including the SL model, for predict-
ing risperidone treatment continuance. The GLM and SL 
models outperformed the other machine learning algo-
rithms regarding discrimination power and calibration 
capabilities. GLM was the best and most robust model-
ing approach for predicting risperidone treatment con-
tinuation, producing the highest AUC value (0.823, 95% 
CI: 0.792–0.854) and the lowest slope (1.004) and inter-
cept (-1.248) values, which were closely followed by SL 

Table 1 Baseline demographic parameters and indicators 
included in the training and testing datasets
Variables Training

(3,621)
Testing
(911)

Age (year) 15.2 ± 4.7a 14.8 ± 4.5
Male 2,021 (55.5%)b 520 (57.1%)
Anxiety disorder 899 (24.7%) 227 (24.9%)
Depression 1,058 (29.8%) 285 (31.3%)
Intellectual disability 353 (9.7%) 81 (8.9%)
Personality disorders 262 (7.2%) 70 (7.7%)
Somatic Symptom disorder 171 (4.7%) 31 (3.4%)
Substance use disorder 455 (12.5%) 110 (12.1%)
Other mental health disorders 870 (23.9%) 204 (22.5%)
SSRI/SNRIs 13,187 

(21.2%)
3,325 
(22.3%)

Anticholinergic drugs 16,333 (1.2%) 4,147 (0.9%)
MAO inhibitors 10,646 (5.5%) 2,669 (4.9%)
Neurological and neuromuscular 
diseases

138 [3.8%] 40 [4.4%]

Cardiovascular diseases 62 (1.7%) 17 (1.9%)
Renal and urological disorders 51 [1.4%] 11 [1.2%]
Gastrointestinal diseases 36 [1.0%] 12 [1.3%]
Metabolic disorders 145 [3.0%] 30 [3.3%]
Asthma 477 [13.1%] 120 [13.2%]
Diabetes mellitus 98 [2.7%] 26 [2.9%]
Number of any route visits for mental 
health
disorders

2.32 ± 2.41 2.70 ± 2.45

Number of inpatient visits for mental 
health disorders

0.50 ± 2.43 0.73 ± 3.19

Number of outpatient visits for mental 
health
disorders

3.44 ± 3.62 3.70 ± 3.49

Number of emergency room visits for 
mental health disorders

1.21 ± 2.81 1.40 ± 2.33

Number of any route visits for nonmen-
tal health disorders

17.52 ± 15.26 17.71 ± 13.93

Number of inpatient visits for nonmental 
health disorders

1.34 ± 2.41 1.30 ± 3.02

Number of outpatient visits for nonmen-
tal health disorders

18.70 ± 16.73 16.97 ± 17.60

Number of emergency room visits for 
nonmental health disorders

1.91 ± 1.76 1.87 ± 1.49

Continuous treatment 543 (14.9%) 129 (14.2%)
a Values represent mean (standard deviation)
b Values represent n (%)

Abbreviations: MAO, monoamine oxidase inhibitor; ADHD, attention deficit 
hyperactivity disorder; SSRI, selective serotonin reuptake inhibitor; SNRI, 
selective norepinephrine reuptake inhibitor
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Table 2 Performance measures for assessing the predictive accuracy of mania treatment continuation prediction models
Reference modelc AUC P valued Sensitivity Specificity PPV NPV F1 

Score
Intercept Slope Recall Preci-

sion
Generalized Linear 
Model (Reference)

0.82
(0.79–0.85)

NA 0.71 0.73 0.72 0.82 0.73 -1.24 1.00 0.73 0.75

Support Vector Ma-
chines with Linear 
Kernel

0.82
(0·79–0·85)

0.73 0.72 0.73 0.72 0.76 0.78 -1.23 1.14 0.77 0.76

Generalized Additive 
Model using LOESS

0.82
(0·78–0·86)

0.58 0.73 0.74 0.75 0.88 0.74 -1.25 1.12 0.73 0.75

Stochastic Gradient 
Boosting

0.81
(0·78–0·84)

0.49 0.70 0.76 0.73 0.89 0.74 -1.26 1.19 0.72 0.75

Random Forest 0.78
(0·75–0·81)

0.02 0.70 0.88 0.74 0.83 0.71 -0.29 1.78 0.74 0.75

Super Learner 0.82
(0·79–0·85)

0.84 0.74 0.72 0.74 0.89 0.74 -1.24 1.01 0.74 0.74

c As the reference model, we employed a generalized linear model
d Using the DeLong’s test, we compared the area under the curve of each machine-learning-based prediction model with the reference model

P values less than 0.05 are bold

Fig. 1 The methodology flowgram employed for prediction model development and validation
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(AUC: 0.823, 95% CI: 0.791–0.853, slope: 1.016, intercept, 
-1.248). When compared with GLM and SL, SVM, GAM, 
GBM, and RF performed insignificantly in terms of AUC 
(SVM: 0.822, GAM: 0.818, GBM: 0.808, and RF: 0.778). 
Moreover, concerning the accuracy, sensitivity, specific-
ity, PPV, NPV, precision, F1-score, intercept, and slope, 
such models performed worse regarding internal vali-
dation compared to GLM and SL. Although traditional 
algorithms (GLM) and ensemble algorithms (SL) outper-
formed machine learning approaches in terms of AUC, 
the differences were generally not statistically significant. 
Findings were also made that models applying conse-
quent two-year data did not significantly outperform 
those using single-year data (Table 3).

Our supplemental figures respectively displayed the 
essential predictors in the RFE, LASSO, and Boruta mod-
els that contributed to the present outcomes (Supple-
mental material-001 Figs.  1, 2 and 3). All contributions 
of the predictors for each model can be observed in the 
supplemental material. Both the RFE and Boruta pre-
diction models identified the count of emergency room 
visits for nonmental health disorders and the count of 
outpatient visits for nonmental health disorders as the 

main predictors. Furthermore, the number of emergency 
room visits for nonmental health disorders was recog-
nized as the most significant predictor in the LASSO 
regression prediction model due to a positive signifi-
cance value of 40.58. Based on these findings, emergency 
room visits may serve as a significant prospective predic-
tor of the continuation of manic therapy in children and 
adolescents.

Discussion
To the best of our knowledge, the present study repre-
sents the first instance in which a prediction model for 
the continuation of atypical antipsychotic treatment in 
children and adolescents experiencing manic/hypomanic 
episodes has been constructed and validated. The persis-
tence of treatment is crucial for the successful manage-
ment of manic/hypomanic episodes. Sustained treatment 
helps maintain stability in patients over the long term, 
reducing the risk of symptom recurrence. For individuals 
with mania, timely and continuous treatment effectively 
manages mood fluctuations, decreasing the frequency 
and severity of depressive and manic episodes. Further-
more, good treatment persistence improves patients’ 

Fig. 2 The area under the receiver operating characteristic curve (AUC) plot of six prediction models. Abbreviations: GLM, generalized linear models. RF, 
random forests. GBM, stochastic gradient boosting machine. GAM, generalized additive models. SVM, support vector machine. SL, Superlearner
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quality of life, enhances their social functioning, and 
reduces reliance on emergency medical services. There-
fore, emphasizing and promoting the continuity of treat-
ment for mania is paramount for the overall health and 
well-being of patients [24, 25]. Prediction models offer 
valuable insights into the likelihood of treatment continu-
ation for individuals with mania. By incorporating factors 
such as medication adherence patterns, comorbidities, 
and patient demographics, these models assist clinicians 
in making more informed decisions about treatment 
strategies. Understanding patients’ adherence behaviors 
allows clinicians to tailor treatment plans to maximize 
therapeutic effectiveness and minimize the risk of discon-
tinuation. The application of prediction models aims to 
improve health outcomes and enhance the quality of life 
for individuals with bipolar disorder by optimizing treat-
ment adherence and continuity. These models contribute 
to better symptom management, reduced relapse rates, 
and improved overall well-being for patients. Through 
targeted interventions and personalized care plans, clini-
cians can support patients in achieving optimal treatment 
outcomes and maintaining long-term stability. The model 
can help clinicians tailor treatment plans to each patient’s 
specific needs, thereby improving medication adherence 
and reducing the risk of relapse. For example, a high-risk 
score might prompt the clinician to schedule more fre-
quent follow-up appointments or consider adjunct thera-
pies. In addition, the prediction model can be integrated 
with existing electronic health record (EHR) systems to 
streamline its use, when a clinician reviews a patient’s 
chart, the EHR system can provide real-time alerts if the 
model predicts a high risk of treatment discontinuation. 
This integration ensures that clinicians have immediate 
access to actionable insights without additional adminis-
trative burden.

While previous researchers have reported various pre-
dictive models for antipsychotic treatment continuation 
[26], their predictive power was relatively low. Addi-
tionally, there is a paucity of studies referring to bipolar 
disorder treatment persistence, especially in pediatric 
and young adult populations. However, the present type 
of study was essential given the diagnostic criteria of 
mixed-state mania and the identification of the manic 
symptoms of mild and severe mania in juveniles [27]. In 
addition, various modeling techniques, including tradi-
tional linear regression and modern machine learning 
as well as a novel SuperLearner, were evaluated in the 
present study. The predictors in this study incorporated 
readily available clinical and claim data rather than labo-
ratory data, enhancing the generalizability and stability 
of the findings. Two ML-based prediction models (GLM 
and SL) utilizing both clinical and claims data demon-
strated strong prognostic and predictive performance 
(AUC > 0.82) and validation power (intercept near 0, 
slope close to 1.0) for medication continuation in mania 
patients over one year. However, prediction models that 
utilized the 2-year data failed to significantly outperform 
models that used single-year data (p > 0.05). Furthermore, 
numerous key predictive factors were revealed, such 
as the number of emergency room visits for nonmental 
health disorders and the number of outpatient visits for 
nonmental health disorders. The clinical record data uti-
lized in the present study may provide significant infor-
mation regarding risk prediction that medical claims 
data do not (for example, comorbidities and medication 
history). The findings also highlight the significance of 
health insurance coverage. Consequently, compared with 
using models that rely on only one of the datasets, more 
information was obtained by using models that rely on 
clinical data from screening procedures as well as indi-
vidual patient characteristics from medical claims data. 

Table 3 Performance measures for assessing the predictive accuracy of mania treatment continuation prediction models. Single-year 
data are from 2016, and two years of data are from 2013–2015
Model AUC Intercept Slope

(single year) (consecutive 2-year) (single year) (consecutive 
2-year)

(single year) (con-
secu-
tive 
2-year)

Generalized Linear Model 
(Reference)

0.82
(0.79–0.85)

0.82
(0.79–0.85)

-1.24 -1.24 1.00 1.01

Support Vector Machines 
with Linear Kernel

0.82
(0.79–0.85)

0.82
(0.79–0.85)

-1.23 -1.24 1.14 1.14

Generalized Additive Model 
using LOESS

0.82
(0·78–0·86)

0.81
(0·78–0·85)

-1.25 -1.25 1.12 1.12

Stochastic Gradient Boosting 0.81
(0·75–0·81)

0.81
(0·75–0·81)

-1.26 -1.26 1.19 1.17

Random Forest 0.78
(0·75–0·81)

0.77
(0·75–0·80)

-0.29 -0.28 1.78 1.76

Super Learner 0.82
(0·79–0·85)

0.82
(0·79–0·85)

-1.24 -1.24 1.01 1.00
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Although risperidone is not the first choice for the treat-
ment of manic or hypomanic episodes, it is still acknowl-
edged in China as yielding significant therapeutic efficacy 
and relatively low side effects. The present findings high-
light the significance of combining clinical and claims 
data for creating ML prediction models to predict risper-
idone treatment persistence in young patients with mania 
and mixed episodes.

In the present study, a selection of standard machine 
learning algorithms failed to outperform the conven-
tional GLM when predicting antipsychotic medication 
treatment persistence. However, the superior discrimi-
nating performance of the GLM was insufficient in 
revealing a clear advantage over other machine learning 
techniques. Previous studies have suggested that Super-
Learner algorithms may enhance competence when 
compared with traditional linear regression and machine 
learning algorithms [28]. However, the effectiveness of 
the SuperLearner algorithm was comparable to that of 
the other algorithms utilized in the present study. The 
SuperLearner did not outperform the GLM algorithm 
in the training set, and GLM produced equivalent or 
higher AUCs in the validation set. Such results support 
earlier research findings, including those of Christodou-
lou et al. [13], who compared the performance of linear 
regression and other machine learning models for clini-
cal predictive modeling algorithms. Christodoulou et al.’s 
findings revealed little indication that machine learning 
outperformed linear regression models in predicting 
clinical risk. By adjusting for linear and nonlinear inter-
action predictors between outcomes, machine learn-
ing enhances discriminating performance. Despite such 
findings, the techniques suffer the drawback of requir-
ing sophisticated hyperparameter adjustments, involv-
ing vast data and expenses, and possessing interpretation 
complexity. In contrast, traditional regression approaches 
are easier to comprehend and require less time to process 
clinical data.

Since the selection of input variables, potential algo-
rithms, and their specifications is advisable before exe-
cuting an analysis, the present authors evaluated the risk 
factors that are frequently included in mania assessment 
tools, which may also be utilized for claims data. Further-
more, to gain a better understanding regarding critical 
risk variables, two random forest-based feature selec-
tion approaches and a classic LASSO regression method 
for predictor importance maps were assessed. However, 
care was taken when using random forest approaches to 
evaluate the outcomes of machine learning predictions 
due to the occurrence of random variations in numer-
ous decision logs. Nonetheless, risk variables such as 
administered drugs, sex, age, and comorbidities, as well 
as socioeconomic factors such as health insurance-
related data, appeared to yield a significant influence on 

risk prediction. Such results indicate that model per-
formance may depend primarily on a small number 
of necessary predictor variables. The variable with the 
greatest influence on the prediction models in the pres-
ent study was the number of nonmental health visits to 
emergency rooms. According to a previous retrospec-
tive cohort analysis [29], adherence and persistence with 
atypical antipsychotic medication were both expected to 
be associated with higher drug costs and lower medical 
service costs. From the present findings, poor adherence 
or perseverance may result in diseases or occurrences 
that are more expensive than drugs, possibly leading to 
more visits to the nonmental health emergency depart-
ment. A recent prospective observational study [30] in 
the United States also evidenced that a large propor-
tion of emergency patients evaluated for nonpsychiatric 
complaints (for example, chest pain and abdominal pain) 
suffered comorbid mental health problems, including 
but not limited to depression and anxiety, indicating a 
significant association between mental health problems 
and emergency department visits for nonmental health-
related issues.

There are several limitations to the present study. First, 
because mania was recognized in accordance with ICD-
10 codes, the chance of misdiagnosis cannot be ruled 
out, particularly for depression. Vieta et al. [27] discov-
ered that the diagnosis of depression in claims data for 
pediatric populations generally possessed excellent 
validity. However, the number of false positives present 
during diagnosis was more significant in the outpatient 
context. In addition, patients may cease or modify their 
antipsychotic regimen due to deteriorating symptoms 
or additional episodes of mental illness [31] rather than 
poor reactions to first-line antipsychotic medication. 
Several discontinuation cases suggested that deteriorat-
ing mental symptoms were included to identify unsatis-
factory treatment results. Furthermore, including all the 
predictive characteristics that may increase the accu-
racy of prediction models was not feasible, such as the 
type of fine bipolar disorder, disease severity, and loca-
tion of residence, which can be attributed to a lack of 
data. Additionally, the term “mixed mania” is frequently 
used to describe irritated patients rather than euphoric 
patients. In contrast, in the DSM-IV and subsequent 
papers describing adults with bipolar disorder, the word 
“mixed” is used to refer to people who are irritable but 
also gloomy or melancholic. Thus, researchers and doc-
tors should be particularly cautious when making diag-
noses. Next, a previous large network meta-analysis [32] 
showed that most patients with manic/hypomania/mixed 
episodes receiving a combination of lithium, anticon-
vulsants, and second-generation antipsychotics had the 
lowest relapse/recurrence rates and the lowest incidence 
of all-cause discontinuation. As a result, the hope of the 
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present authors is that the prediction of combined medi-
cation treatment can be further discussed in future stud-
ies. Finally, a lack of large samples, the number of “events 
per variable” used for prediction [33, 34], and external 
validation for populations with varying demographic fea-
tures may have led to biases in the present study. Both 
physicians and researchers face significant hurdles in 
diagnosing mania and selecting therapy choices based 
on diverse action mechanisms. The diversity of the dis-
ease and the effect of developmental variables on its 
clinical presentation in the child-adolescent population 
further restrict the existing limits of diagnostic taxon-
omy, prompting researchers to propose the formulation 
of a more precise and comprehensive phenotypic sys-
tem. Additionally, the present results may not be repre-
sentative of the general population, as the populations 
in the dataset used were highly concentrated geographi-
cally. The lack of diversity or inaccuracy in the dataset 
reflected in the predictions when using machine learn-
ing to predict medication persistence may have caused 
ethical issues related to bias, trust, and impact on care 
to emerge. The present authors will explore the ethical 
concerns involved with the future deployment of such 
technology in young patients, considering the advantages 
and risks related to the technology and care delivery, as 
well as organizational and legal issues [35, 36]. Neverthe-
less, a clinical prediction model for medication therapy 
persistence based on machine learning was provided in 
the present study. The present authors also hope to con-
tribute to the advancement of understanding and treating 
the long-term condition of bipolar disorder and to pro-
vide fresh ideas regarding the pharmaceutical treatment 
of mania from both a clinical and administrative stand-
point, thereby improving our modeling capabilities and 
adaptation to a larger population in future studies.

Conclusions
In summary, compared to other algorithms used in pre-
dicting risperidone treatment continuation over one 
year in young patients with mania, the performance and 
analysis of the SL and traditional GLM algorithms dem-
onstrated significant discriminatory power in the training 
dataset and adequate calibration power in the validation 
set. The number of emergency room visits for non-men-
tal health disorders emerged as the most crucial predic-
tor, warranting careful consideration in the continued 
treatment of youth mania. However, due to the relatively 
small population in the utilized dataset, imbalanced and 
biased results may have occurred, which is a factor that 
will be improved in future studies.
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