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Abstract

Background: We aimed to address gaps in global understanding of cultural and social variations by employing a high-
performance machine learning model to predict adolescent substance use across three national datasets.

Objective: This study aims to develop a predictive model for adolescent substance use using multinational datasets and machine
learning(ML).

Methods: The study utilized the Korea Y outh Risk Behavior Web-Based Survey(KYRBS) from South Korea(n=1,145,178) to
train ML models. For externa validation, we employed the Youth Risk Behavior Survey(YRBS) from the USA(n=1,690,108)
and Norwegian nationwide Ungdata surveys(Ungdata) from Norway(n=793,879). After developing diverse tree-based models,
we further evaluated feature importance.

Results: The study utilized nationwide adolescent datasets for ML model development and validation, analyzing data from
1,145,178 KYRBS adolescents, 54,709 YRBS Asian subset participants, and 720,812 from Ungdata. The random forest model
was the top performer on the KYRBS, achieving an AUROC of 80.8%(95% ClI, 80.7-80.8) with sensitivity of 72.9%(72.8-73.0),
specificity of 72.9%(72.9-73.0), accuracy of 72.9%(72.8-73.0), and balanced accuracy of 72.9%(72.8-73.0). The model's
AUROQOC scores were 73.2% for YRBS and 75.7% for Ungdata in external validation. The top features for predicting substance
use were smoking status, body mass index (BMI), and alcoholic consumption.

Conclusions: With multinational datasets from South Korea, USA, and Norway, the findings of this study underscore the
potential efficacy of ML models in predicting adolescent substance use with smoking status, body mass index, and acoholic
consumption identified as key predictors. The random forest model exhibited notable performance in this prediction. These
findings could be a basis for future studies exploring more comprehensive factors influencing adolescent substance use or
developing intervention strategies based on these predictors.
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ABSTRACT

Background: We aimed to address gaps in global understanding of cultural and social variations by
employing a high-performance machine learning model to predict adolescent substance use across
three national datasets.

Objectives: This study aims to develop a predictive model for adolescent substance use using
multinational datasets and machine learning(ML).

Methods: The study utilized the Korea Youth Risk Behavior Web-Based Survey(KYRBS) from
South Korea(n=1,145,178) to train ML models. For external validation, we employed the Youth Risk
Behavior Survey(YRBS) from the USA(n=1,690,108) and Norwegian nationwide Ungdata
surveys(Ungdata) from Norway(n=793,879). After developing diverse tree-based models, we further
evaluated feature importance.

Results: The study utilized nationwide adolescent datasets for ML model development and
validation, analyzing data from 1,145,178 KYRBS adolescents, 54,709 YRBS Asian subset
participants, and 720,812 from Ungdata. The random forest model was the top performer on the
KYRBS, achieving an AUROC of 80.8%(95% CI, 80.7-80.8) with sensitivity of 72.9%(72.8-73.0),
specificity of 72.9%(72.9-73.0), accuracy of 72.9%(72.8-73.0), and balanced accuracy of
72.9%(72.8-73.0). The model's AUROC scores were 73.2% for YRBS and 75.7% for Ungdata in
external validation. The top features for predicting substance use were smoking status, body mass
index (BMI), and alcoholic consumption.

Conclusions: With multinational datasets from South Korea, USA, and Norway, the findings of this
study underscore the potential efficacy of ML models in predicting adolescent substance use with
smoking status, body mass index, and alcoholic consumption identified as key predictors. The
random forest model exhibited notable performance in this prediction. These findings could be a
basis for future studies exploring more comprehensive factors influencing adolescent substance use

or developing intervention strategies based on these predictors.
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Introduction

Substance use among adolescents remains a global concern, with a myriad of health challenges.[1, 2]
When initiated at an early age, these behaviors can escalate to more serious health disorders.[3] As
globalization increases and cultural integration continues, substance use patterns varies widely,
making paramount to understand these patterns across a diverse cultural landscape.[4] Conventional
statistical methods have long been employed to examine the predictors and outcomes of adolescent
substance use.[5, 6] With recent advancements, machine learning (ML) is emerging as a promising
tool to provide a fresh perspective on this intricate matter.[7]

Existing studies provide insights into the epidemiology and sociocultural correlates of
substance use among adolescents in distinct landscapes.[5, 6] However, there remains a paucity of
studies employing ML techniques to predict substance use across multinational datasets, which could
offer more granular, accurate, and potentially actionable insights.[8]

In this study, our primary focus was on developing a ML-based prediction model for
adolescent substance use. We began the model development process using comprehensive datasets
from South Korea and extended our validation process by utilizing datasets from the United States
and Norway.[9] This validation process, followed by model refinement, ensured applicability of our
model beyond a specific region but achieved accuracy in predicting substance use across distinct
cultural and national contexts. By integrating these global datasets, we developed a predictive model
that reflects our collaborative international research. Our novel approach equips stakeholders with a
sophisticated tool informed by global data. This helps address and preempt adolescent substance use

effectively across different national contexts.
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Methods

Study design and participants

This study was primarily designed to develop a ML model for substance use prediction among
adolescents utilizing three distinct nationwide datasets: KYRBS from South Korea[10], YRBS from
the United States[11], and Ungdata from Norway[12]. KYRBS was initially used to train the ML
model, followed by the external validation process utilizing the YRBS and Ungdata.

The discovery dataset, KYRBS, constitutes 1,145,178 participants[13] who primarily
represents Korean adolescents - a demographic largely comprised of East Asians. Meanwhile, YRBS,
which began with 1,690,108 participants, was narrowed down to 54,709 after exclusions due to
missing and inconsistent data. Since the YRBS encompasses a diverse racial spectrum of American
adolescents, we strategically extracted the Asian subset of YRBS for subsequent validation to
observe the gradual difference in culture. Similarly, from the initial count of 793,879 in the Ungdata,
only 720,812 participants were selected after data processing. During the data processing phase,
certain variables in the extra validation cohort from the YRBS and Ungdata were found to be absent.
To manage this issue, values for these missing variables were imputed using the median from the
discovery dataset, KYRBS.

In order to evaluate the generalizability of our model across diverse cultural groups, we
employed a phased validation approach. Initially, our model was validated using an Asian subset of
the YRBS, which shares some cultural similarities with our discovery dataset. This allowed us to
assess the model performance in a context with moderate cultural divergence. Subsequently, we
expanded our validation to include a dataset from Norway, representing a significantly different
cultural background. This phased approach, starting with a dataset that shares some cultural overlap
and progressively moving to a completely different cultural context, provided a rigorous test of the

model's robustness and versatility across varying cultural backgrounds.[14]

https://preprints.jmir.org/preprint/62805 [unpublished, non-peer-reviewed preprint]
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Adolescents aged between 13 and 18 years who completed their respective surveys were
included. Our primary outcome, substance use, was derived from the question "Have you ever
consumed illicit substances at least once in your lifetime". We distinguished smoking and alcohol
from other substances in our analysis, recognizing their unique consumption patterns and
sociocultural implications, and health effects.[15] Substances other than smoking and alcohol are
distinguished primarily due to concerns regarding their potential for misuse and health risks.[16]
This decision was made to ensure that our model captures nuances specific to each substance,
thereby enhancing the specificity and relevance of our predictions. Integral covariates under
consideration spanned across factors including age, sex, region, BMI, academic achievement,
household income, smoking status, alcoholic consumption, stress status, sadness and despair, suicidal

thinking, and suicide attempts.[13, 17]

Model development and validation
Utilizing the KYRBS, we developed a predictive model to extrapolate the behavioral patterns of
Korean adolescents regarding substance use. Due to rigorous substance regulations and law
enforcement measures in South Korea, accessibility and consumption of substances are notably
limited.[18] Consequently, the number of instances representing substance usage within the KYRBS
was sparse (n=14,548; 1.27%). Given the intricate nature of the data, we employed tree-based
models, specifically focusing on the random forest algorithm due to its powerful predictive
capabilities. It was further validated by assessing the AUROC score compared to other tested models
in evaluating the risk of substance use among adolescents.

The ML model trained with the KYRBS was proceeded with external validation using the
YRBS and Ungdata. We utilized the Asian subset of YRBS for our initial external validation. After
achieving optimal model performance, we further validated our model using Ungdata. This external

validation process facilitated the calibration and evaluation of our model, ensuring consistent
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performance across heterogeneous adolescent cohorts.

To further strengthen the validity of our results, hyperparameter tuning was pivotal in our
methodology. To ensure resilience and optimizing the performance of our random forest model, we
performed hyperparameter tuning using GridSearchCV, focusing on maximizing the AUROC score
to determine the best combination of hyperparameters. Various metrics such as AUROC score,
accuracy, sensitivity, specificity, and balanced accuracy were utilized to evaluate the performance of

the model.[13, 19]

Performance assessment

The tools and techniques we employed for assessment were consistent. Our evaluation metrics
comprised AUROC, accuracy, sensitivity, specificity, and balanced accuracy. To provide a visual
representation of the model efficacy, we utilized visualization techniques, notably the receiver

operating characteristic (ROC) curve.[20]

Software and libraries

All computations, model training, validation, and evaluation process were executed using Python
3.11.4 (Python Software Foundation, Wilmington, DW, USA). Key libraries from our toolbox
included Scikit-learn 1.2.2, NumPy 1.24.0, and Pandas 2.1.0 for ML tasks and data wrangling.

Visualization was facilitated using Matplotlib 3.7.2 and Seaborn 0.12.2.

Ethical statement

The study protocol was approved by the Institutional Review Board of the Korean Disease Control
and Prevention Agency (KDCA), U.S. Centers for Disease Control and Prevention (CDC),
Norwegian Social Research institute (NOVA)[21], and Kyung Hee University (KHUH 2022-06—

042), and all participants provided written informed consent. This research followed the guidelines
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outlined in the transparent reporting of a multivariable prediction model for individual prognosis or

diagnosis (TRIPOD) statement.[22]
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Results

Demographic characteristics

This research utilized a detailed exploration using nationwide adolescent datasets from South Korea,
aiming to design and validate a ML model to predict substance usage tendencies among adolescents.
The primary demographic consisted of adolescents aged between 13 and 18 years (Figure 1 and
Figure 2).

We collected data from the Korea Youth Risk Behavior Web-based Survey (KYRBS) , the
Youth Risk Behavior Survey (YRBS), and the Norwegian nationwide Ungdata surveys (Ungdata),
and subsequently standardized the covariates for the ML predictive modeling process. Within the
primary cohort from the KYRBS to develop the prediction model, the sex distribution was as
follows: male (48.42%) and female (51.58%). For the initial external validation cohorts of an
external validation process, the YRBS (Asian subset) features a sex distribution of: male (49.02%)
and female (50.98%). In the second validation step, the Ungdata has the following sex distribution:
male (49.74%) and female (50.26%) (Table 1).

It is important to highlight that both the primary and the extra-validated cohorts included
adolescents from a diverse range of socioeconomic backgrounds, such as household income.
Moreover, risk behavioral habits, such as alcoholic consumption and different types of smoking
status, were taken into account. The comprehensive scope of these cohorts ensures robust
representativeness, which is crucial for the development and subsequent evaluation of the predictive
ML model being examined.[13]

Given these demographic details, our ML-based predictive model provides detailed insights
into the potential risks associated with substance consumption among adolescents. This study not
only seeks statistical significance but also provides a deeper understanding of adolescent behavior,

offering valuable insights for potential interventions.

https://preprints.jmir.org/preprint/62805 [unpublished, non-peer-reviewed preprint]
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Machine learning model results
As illustrated in Figure 3, extensive model evaluations revealed that the random forest was the
optimal model for predicting substance use among adolescents. The primary model, sourced from the
KYRBS and assessed with a 95% CI, disclosed that the random forest model notched an area under
the receiver operating characteristic curve (AUROC) score of 80.75% (95% CI, 80.69-80.82) with
detailed analysis on a sensitivity of 72.91% (95% CI, 72.84-72.98), specificity of 72.91% (95% ClI,
72.85-72.98), accuracy of 72.91% (95% CI, 72.84-72.98), and balanced accuracy of 72.91% (95%
ClI, 72.84-72.98). Other models exhibited the following scores: CatBoost at 80.56% (95% CI, 80.49-
80.63), AdaBoost at 80.54% (95% ClI, 80.47-80.61), LightGBM at 80.48% (95% CI, 80.41-80.55),
and XGBoost at 80.12% (95% CI, 80.05-80.19).

For the initial external validation, the independent YRBS Asian dataset was utilized. The
random forest model displayed an AUROC score of 73.20%, followed by a sensitivity of 67.89%,
specificity of 68.26%, accuracy of 68.20%, and balanced accuracy of 68.08%. In the subsequent
external validation, the random forest model yielded an AUROC score of 75.69%, coupled with a
sensitivity of 72.38%, specificity of 72.69%, accuracy of 72.68%, and balanced accuracy of 72.54%.

Across all evaluations, both internal and external, the random forest model consistently
exhibited a predominant performance, particularly in terms of the AUROC score, cementing its

adoption for the study objective.

Feature importance

Figure 4 illustrates the importance of various features as determined by the random forest model in
predicting substance use among adolescents. Specifically, smoking status was identified as the most
significant predictor, accounting for 27.8% importance. This was closely followed by body mass
index (BMI), with 14.7% and alcoholic consumption at 12.5%. Other notable features include sex

(10.65%), suicide attempts (9.20%), and suicidal thinking (7.90%). The remaining factors, in
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descending order of importance, were household income, sadness and despair, academic

achievement, stress status, age, and region.

Code availability

Based on the results of ML model, we established a web-based application for policy implementation
or health system management to support in their decision-making process for cases involving
substance use in adolescents (website: https://predictsubstance.streamlit.app/). An example of a web
interface and the results are shown in Figure S1. Custom code for the website is available online at

https://github.com/centerfordh/predict_substance/.
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Discussion

Our study stands out as one of the first comprehensive machine-learning based approaches to predict
adolescent substance use on an international scale. One of our critical insights revolves around the
influence of cultural diversity on substance use, drawing datasets from South Korea, the United
States, and Norway. Moreover, the outcome revealed that the random forest model proves to be
commendable. It displayed predictive capabilities with an AUROC score of 80.75% (95% CI, 80.69-
80.82) in the discovery dataset. Our model consistently exhibited robust performance across external
validation sets, achieving AUROC scores of 73.20% and 75.69% in each respective dataset. Upon
closer inspection, we discerned pivotal features influencing adolescent substance use predictions.
Smoking status emerged as the predominant predictor for substance use, followed by BMI and
alcoholic consumption. To apply our findings to real-world scenarios, we devised a cutting-edge
web-based platform. We believe that this tool will serve as an insightful methodology for the public
to navigate potential substance-related challenges.

The role of smoking status and alcoholic consumption in broader adolescent substance use
cannot be understated. Neurobiological evidence indicates that nicotine, especially when introduced
during formative years, can alter the brain reward pathways, making other substances more
appealing.[23] Similarly, alcohol can modify neurotransmitter levels during these formative years,
making the brain more susceptible to effects from other substances.[24] Smoking and drinking
during adolescence often signal risk-taking behaviors[25], leading to further experimentation with
other substances.

Both smoking and alcoholic consumption align closely with societal expectations and peer
pressures. Societal dynamics and peer interactions, which normalize or even glorify smoking and
drinking, serve as powerful catalysts pushing adolescents beyond smoking or drinking.[26] In many
cultures, both behaviors are viewed as rites of passage that expose adolescents to other available

illicit substances.[27]

https://preprints.jmir.org/preprint/62805 [unpublished, non-peer-reviewed preprint]
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Psychological factors also play a role. Many adolescents resort to smoking or drinking as

coping mechanisms for stress or emotional turmoil.[28, 29] These initial coping behaviors may

prompt adolescents to seek stronger stimuli for more intense experiences, potentially resulting in
substance addiction or misuse.[30]

Our study further emphasized the relationship between BMI and substance use, as another
predictor of adolescent substance use. From a physiological perspective, substances can modulate
metabolic rates and appetite. Adolescents engaged in substance use might experience weight
changes, due either to the direct effects of the substance or inconsistent dietary habits.[31]
Additionally, the role of BMI extends beyond mere physiological changes. Adolescents with “non-
standard” BMIs often face societal challenges such as weight-centric bullying and entrenched
societal ideals regarding body standards. The prevailing societal standards of an ideal body can lead
some adolescents towards substance use, either as a means to conform to societal expectations or as
relief from the associated mental distress.[32]

Another noteworthy observation was the understated importance of academic achievement
and stress status. Although stress is traditionally considered influential in adolescent behaviors[33,
34], its limited representation in our study may be attributed to data constraints. These variables were
absent in our extra validation dataset, and we resorted to imputing these values using the median
from our primary training cohort. This modification might have contributed to its reduced
importance in our results.

The results of our study offer significant insights into both clinical and political implications.
We underscore the vital role of factors such as smoking status, BMI, and alcoholic consumption in
predicting substance use among adolescents. These critical determinants enable clinicians to identify
and monitor at-risk adolescents more effectively, assisting in their decision-making process.[35]
Following further refinement, this model has potential commercial viability[36], especially when

combined with a streamlined self-report questionnaire. The existence of multiple models assessing

https://preprints.jmir.org/preprint/62805 [unpublished, non-peer-reviewed preprint]
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substance use further attests to the commercial potential of our model[37, 38]. Emphasizing
characteristics predictive of substance use is essential, suggesting the need for systems to alert
parents about potential risks their children might face. Since parental intervention has proven to be
effective in preventing adolescent substance use[39], establishing an early detection system becomes
paramount.

Findings from this study must be interpreted in light of several limitations. The external
validation datasets revealed an abundance of missing values which could have potentially degraded
the overall predictive accuracy of the model. To address this issue, we resorted to interpolation using
the median value from our discovery dataset.[40] Additionally, our study used discovery dataset
derived from adolescents in South Korea. This biased discovery dataset could unexpectedly reflect
the specific racial and cultural features unique to Korean adolescents. While our model underwent
external validation from diverse cultural and demographical landscape, we also acknowledge that it
may reduce sample diversity and potentially cause overfitting issues.[41] Furthermore, this study did
not pinpoint a definitive causal link between the significant risk factors and adolescent substance use.
In other words, it remains unclear whether substance use influences other factors or if those factors
stimulate substance use. Thus, further comprehensive studies are needed to elucidate this intricate
cause-and-effect relationship.

Despite these limitations, this study offers significant contributions. By utilizing extensive
datasets from South Korea, the United States, and Norway, our ML model boasts enhanced
prediction accuracy, highlighting its global relevance and robustness.[42] Our strategic phased
validation approach, beginning with the Asian subset of the YRBS and progressing to the distinct
Ungdata from Norway, underlines the model versatility across diverse socio-cultural backgrounds.
This phased validation not only ensures consistent model evaluation but also establishes its
capability in different cultural contexts.[43] Moreover, the features incorporated into the model are

derived from simple questionnaires. The primary advantage of our model-based platform is its

https://preprints.jmir.org/preprint/62805 [unpublished, non-peer-reviewed preprint]
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exceptional accessibility, allowing users to gather insights through straightforward surveys. This ease
enables swift evaluations and widens its scope of use, equipping both clinicians and individuals with
valuable insights conveniently. Our findings provide relative importance of numerous factors. These
results can guide decision-making process by identifying key areas for the prevention of substance

use among adolescents.
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Conclusions

This study introduced a ML model using data from three distinct national cohorts to predict
adolescent substance use. Among five unique predictive models, the random forest model
consistently revealed a notable performance (AUROC: KYRBS, 80.75% [discovery]; YRBS,
73.20% [extra-validation]; and Ungdata, 75.69% [extra-validation]). Further analysis of feature
importance revealed that factors such as smoking status, BMI, and alcoholic consumption contribute
to a risk of substance use. The findings of this study indicate the potential of ML-driven predictive
models to swiftly predict the likelihood of substance use among adolescents using a simplistic
survey. It is anticipated that with further refinement and development, these models could be broadly

employed as efficient tools for preventing adolescent substance use.
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Table 1. Demographic characteristics of KYRBS from South Korea (2005-2022), YRBS from

United States (1998-2022), and Ungdata from Norway (2014-2021).

Nation South Korea United States | Norway
Characteristics KYRBS YRBS Ungdata
Number, n 1,145,178 54,709 720,812
Region, n (%)
Urban 529,880 (46.27) NA NA
Rural 615,298 (53.73) NA NA
Age, years, n (%)
13 196,311 (17.14) 433 (0.79) 147,978 (20.53)
14 197,221 (17.22) 8,718 (15.94) | 145,170 (20.14)
15 197,628 (17.26) 13,665 (24.98) | 147,337 (20.44)
16 190,535 (16.64) 14,025 (25.64) | 131,573 (18.25)
17 189,638 (16.56) 12,460 (22.78) | 92,929 (12.89)
18 173,845 (15.18) 5,408 (9.89) 55,825 (7.74)
Sex, n (%)
Male 554,445 (48.42) 26,817 (49.02) | 358,509 (49.74)
Female 590,733 (51.58) 27,892 (50.98) | 362,303 (50.26)
BMI’, n (%)
Unknown 90,365 (7.89) NA NA
Underweight 85,341 (7.45) 9,604 (17.55) | NA
Normal 801,249 (69.97) 28,321 (51.77) | NA
Overweight 86,541 (7.56) 7,095 (12.97) | NA
Obese 81,682 (7.13) 9,689 (17.71) | NA
Academic achievement, n (%)
Low (0-19 percentile) 123,284 (10.77) NA NA
Lower-middle (20-39 percentile) 268,430 (23.44) NA NA
Middle (40-59 percentile) 325,005 (28.38) NA NA
Upper-middle (60-79 percentile) 287,599 (25.11) NA NA
High (80-100 percentile) 140,860 (12.3) NA NA
Household income, n (%)
Low (0-19 percentile) 48,080 (4.2) NA 315,700 (43.8)
Lower-middle (20-39 percentile) 169,372 (14.79) NA 242,279 (33.61)
Middle (40-59 percentile) 536,547 (46.85) NA 125,524 (17.41)
Upper-middle (60-79 percentile) 298,734 (26.09) NA 28,798 (4)
High (80-100 percentile) 92,445 (8.07) NA 8,511 (1.18)
Smoking status, n (%)
Non-smoker 901,709 (78.74) 48,339 (88.36) [ 581,652 (80.69)
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Smoker

243,469 (21.26)

6,370 (11.64)

139,160 (19.31)

Alcoholic consumption, n (%)

Non-drinker

1,049,989 (91.69)

46,049 (84.17)

323,931 (44.94)

More than 1 time 95,189 (8.31) 8,660 (15.83) | 396,881 (55.06)
Stress status’, n (%)
Low 32,848 (2.87) NA NA
Mild 167,701 (14.64) NA NA
Moderate 473,556 (41.35) NA NA
High 336,723 (29.4) NA NA
Severe 134,350 (11.73) NA NA
Sadness and despair in the past year, n
(%)
No 783,884 (68.45) 40,475 (73.98) | 523,929 (72.69)
Yes 361,294 (31.55) 14,234 (26.02) | 196,883 (27.31)
Suicidal thinking in the past year, n (%)
No 953,344 (83.25) 45,158 (82.54) [ NA
Yes 191,834 (16.75) 9,551 (17.46) | NA
Suicide attempts in the past year, n (%)
No 1,101,092 (96.15) | 51,721 (94.54) [ NA
Yes 44,086 (3.85) 2,988 (5.46) NA
Substance usage, n (%)
No 1,130,630 (98.73) | 45,443 (83.06) | 705,694 (97.9)
Yes 14,548 (1.27) 9,266 (16.94) [ 15,118 (2.1)

Abbreviations: KYRBS, Korea Youth Risk Behavior Web-based Survey; Ungdata, Norwegian

nationwide Ungdata surveys; YRBS, Youth Risk Behavior Survey.

* BMI, body mass index; BMI was divided into four groups according to the 2017 Korean National

Growth Charts: underweight (0-4 percentile), normal (5-84 percentile), overweight (85-94

percentile), and obese (95-100 percentile).

> Stress was defined by receipt of mental health counseling owing to stress.
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Figure 1. Study population. Abbreviations: KYRBS, Korea Youth Risk Behavior Web-based

Survey; Ungdata, Norwegian nationwide Ungdata surveys; YRBS, Youth Risk Behavior

Survey of United States adolescent.
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Figure 2. Model architecture. The original KYRBS was partitioned into original dataset for
model development, with performance assessed using AUROC score. Selected high-
performing models were further validated. The external validations were generated using
YRBS and Ungdata. Abbreviations: AUROC, Area Under the Receiver Operating

Characteristic Curve; KYRBS, Korea Youth Risk Behavior Web-based Survey; Ungdata,

Norwegian nationwide Ungdata surveys; YRBS, Youth Risk Behavior Survey.
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Figure 3. The assessment of five different machine learning algorithms using AUROC score
and ROC curve for initial model construction with the KYRBS, and external validation with
the YRBS and Ungdata. Abbreviations: AdaBoost, Adaptive Boosting; AUROC, Area Under
the Receiver Operating Characteristic Curve; CI, confidence interval; KYRBS, Korea Youth
Risk Behavior Web-based Survey; LightGBM, Light Gradient Boosting Model; ROC,
Receiver Operating Characteristic; Ungdata, Norwegian nationwide Ungdata surveys;

XGBoost, Extreme Gradient Boosting model; YRBS, Youth Risk Behavior Survey.

Nation Datasct Model AUROC Sensitivity Specificity Accuracy Balanced Accuracy
Random forest 80.75(80.69, 80.82) 72.91(72.84, 72.98) | 72.91(72.85, 72.98) | 72.91(72.84, 72.98) 72.91(72.84, 72.98)
CatBoost 80.56(80.49, 80.63) 72.69(72.63, 72.76) | 72.69(72.63, 72.75) | 72.6%(72.63, 72.75) 72.69(72.63, 72.75)
South Korea KYRBS AdaBoost 80.54(80.47, 80.61) 72.77(72.71, 72.83) | 72.77(72.71, 72.83) | 72.77(72.71, 72.83) 72.77(72.71, 72.83)
LightGBM 80.48(80.41, 80.55) | 72.74(72.66, 72.82) | 72.74(72.67. 72.82) | 72.74(72.67, 72.82) | 72.74(72.67, 72.82)
XGBoost 80.12(80.05, 80.19) 72.49(72.42, 72.55) | 72.49(72.42, 72.56) | 72.49(72.42, 72.55) 72.49(72.42, 72.55)

Random forest 73.20 67.89 68.26 68.20 68.08

CatBoost 72.31 66.07 67.01 66.85 66.54

USA YRBS AdaBoost 71.33 65.39 64.93 65.01 65.16

LightGBM 72.08 65.99 68.74 68.27 67.37

XGBoost 70.47 66.42 69.11 68.26 67.76

Random forest 75.69 72.38 72.69 72.68 72.54

CatBoost 71.88 66.92 66.83 66.83 66.87

Norway Ungdata AdaBoost 70.33 67.10 66.59 066.60 06.84

LightGBM 71.90 66.03 66.04 66.04 66.04

XGBoost 70.52 66.42 69.11 68.26 67.76

ROC curve: Random forest on KYRBS
- ROC curve: Random forest on YRS ROC curve: Random forest on ungdata
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Figure 4. Feature importance of the random forest model. Abbreviations: BMI, body mass index.
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