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Abstract

Background: The Processing Speed Index (PSI) of the Korean Wechsler Intelligence Scale for Children - Fifth Edition (K-
WISC-V) is highly correlated with ADHD symptoms and serves as an important indicator of cognitive function. However,
restrictions on how frequently PSI testing can be performed prevent PSI determination on a daily or short-term basis. Therefore,
an accessible and objective technique for predicting PSI scores is needed to help improve monitoring and intervention for
children with ADHD.

Objective: To overcome the limitations of K-WISC-V and collect PSI scores in the short term, this study aimed to develop a
machine learning-based technique to use data collected from serious games to predict the PSI scores of children with ADHD.

Methods: Sixty children (6-12 years old) with ADHD were recruited. The participants completed an initial PSI assessment using
K-WISC-V followed by 25 min of engagement with serious game content. Data from the game sessions were used to train
machine learning models, and the models’ performance in predicting PSI scores was evaluated using the root mean squared error
(RMSE), mean absolute error (MAE), and mean absolute percent error (MAPE), with K-fold cross-validation (k=4) applied to
ensure robustness.

Results: Sixty children (6-12 years old) with ADHD were recruited. The participants completed an initial PSI assessment using
K-WISC-V followed by 25 min of engagement with serious game content. Data from the game sessions were used to train
machine learning models, and the models’ performance in predicting PSI scores was evaluated using the root mean squared error
(RMSE), mean absolute error (MAE), and mean absolute percent error (MAPE), with K-fold cross-validation (k=4) applied to
ensure robustness.

Conclusions: The PSI prediction model using serious games data shows promise for providing an objective assessment tool for
ADHD. By accurately predicting PSI scores, this approach could complement traditional subjective evaluations, allowing for
continuous tracking of patient status and optimized treatment planning. The use of serious games offers a novel, engaging way to
gather meaningful cognitive data outside traditional clinical settings, potentially improving accessibility and adherence.
However, the results remain to be validated in larger, more diverse populations, and the long-term feasibility of using serious
games in clinical and educational settings needs to be explored. Clinical Trial: The initial phase of this study (IRB No.
2021-10-080) was approved by the Institutional Review Board of Kye Myung University Hospital, certified by KOLAS in South
Korea. The subsequent phase was registered with the Korea Clinical Research Information Service (CRIS Registration No.
KCT0009862), accredited by WHO. Further details are provided in the Methods section.
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Abstract

Background: The  Processing  Speed  Index  (PSI)  of  the  Korean  Wechsler  Intelligence  Scale  for

Children - Fifth Edition (K-WISC-V) is highly correlated with ADHD symptoms and serves as an

important indicator of cognitive function. However, restrictions on how frequently PSI testing can be

performed prevent PSI determination on a daily or short-term basis. Therefore,  an accessible and

objective technique for predicting PSI scores is needed to help improve monitoring and intervention

for children with ADHD.

Objective: To overcome the limitations of K-WISC-V and collect PSI scores in the short term, this

study aimed to develop a machine learning-based technique to use data collected from serious games

to predict the PSI scores of children with ADHD.

Methods: Sixty children (6-12 years old) with ADHD were recruited. The participants completed an

initial  PSI  assessment  using  K-WISC-V followed  by 25 min  of  engagement  with  serious  game

content. Data from the game sessions were used to train machine learning models, and the models’

performance in predicting PSI scores was evaluated using the root mean squared error (RMSE),

mean absolute error (MAE), and mean absolute percent error (MAPE), with K-fold cross-validation

(k=4) applied to ensure robustness.

Results: SVR had the best performance among the individual models, with the lowest RMSE of

11.288  and  an  MAE  and  MAPE of  7.874  and  7.375%,  respectively.  The  ensemble  combining

AdaBoost and Elastic Net achieved consistent results on the test set, with an RMSE of 10.089, MAE

of  7.126,  and  MAPE of  6.946%.  The  best  overall  performance  was  achieved  by  the  ensemble

integrating AdaBoost, Elastic Net, and SVR, which recorded the lowest RMSE of 10.072, an MAE

of 6.798, and a MAPE of 6.611%. The predictive accuracy of this model was highest for PSI scores

near the mean value of 100, demonstrating its reliability for clinical applications.

Conclusions: The PSI prediction model using serious games data shows promise for providing an

objective  assessment  tool  for  ADHD.  By  accurately  predicting  PSI scores,  this  approach  could

complement traditional subjective evaluations, allowing for continuous tracking of patient status and

optimized treatment  planning. The use of serious games offers a novel,  engaging way to gather

meaningful cognitive data outside traditional clinical settings, potentially improving accessibility and

adherence. However, the results remain to be validated in larger, more diverse populations, and the

long-term feasibility of using serious games in clinical and educational settings needs to be explored.

Trial  Registration: The initial  phase of  this  study (IRB No.  2021-10-080) was approved by the

Institutional Review Board of Kye Myung University Hospital, certified by KOLAS in South Korea.

The subsequent phase was registered with the Korea Clinical Research Information Service (CRIS
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Registration No. KCT0009862), accredited by WHO. Further details are provided in the Methods

section.

Keywords: ADHD, Prediction, Machine Learning, Ensemble, Symptom Tracking, Processing Speed,

Serious Games 
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Introduction

Attention  deficit/hyperactivity  disorder  (ADHD)  is  a  neurodevelopmental  disorder  that

progresses throughout childhood and continues into adulthood [1]. Assessment and management play

a  critical  role  in  determining  the  optimal  timing  for  interventions and  enhancing  treatment

effectiveness [3, 4], but  the diagnosis of mental health conditions such as ADHD is predominantly

based  on  subjective  judgments  from patients,  families,  and  healthcare  providers [2].  Moreover,

evaluating patient symptoms outside clinical settings,  such as at  home or school,  often relies on

observation rather than objective measures [3].

Individuals with ADHD exhibit slower processing speeds (PS), that is, the ability to respond

to a given stimulus within a limited time frame. Slower PS impairs the ability to process and respond

to  information efficiently [5,  6],  and  reduced PS  has  been shown to negatively affect  academic

performance, adaptability, anxiety, and social competence. Thus, PS is a critical indicator of ADHD

and can provide valuable insights into symptom severity[7]. The Processing Speed Index (PSI),  a

measure of PS, was initially introduced in the Wechsler Intelligence Scale for Children, Third Edition

(WISC-III) [8], and has been a primary assessment tool since the Fourth Edition (WISC-IV) [9]. PSI

is closely  linked  to  daily  functioning  and  offers  a  valuable  method  for  quantifying  symptoms,

highlighting its importance in managing ADHD. However, PSI has several limitations. Effective PSI

measurement  requires  trained  professionals,  such  as  clinical  psychologists  or  physicians,  to

administer  and interpret  specialized  tests. In  addition,  repeated  assessments  can  lead  to  practice

effects, reducing data validity [10-12]. The recommended usage interval for WISC is 1 to 2.6 years,

making it difficult to collect PSI measurements continually [13-15]. 

In  the present  study,  machine learning was used to develop a  new approach designed to

overcome the limitations of PSI. The machine learning-based PSI prediction model uses behavioral

data  from children  diagnosed with ADHD collected  from Neuro World,  a  serious  game type of

software  as  a  medical  device  (SaMD)  powered  by  artificial  intelligence  (AI).  The  predictive

performance of various machine learning models was compared, and an optimized ensemble model

for PSI prediction was created.

Methods

Recruitment 

The initial phase of this study was reviewed and approved by the Institutional Review Board

(IRB) of Kye Myung University Hospital (IRB No. 2021-10-080), which is certified by KOLAS

(Korea  Laboratory  Accreditation  Scheme),  a  nationally  recognized  accreditation  body  in  South
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Korea.  The  subsequent  phase  of  the  study  was  registered  with  the  Korea  Clinical  Research

Information Service (CRIS Registration No. KCT0009862), accredited by WHO. Participants were

recruited  from the  Department  of  Psychiatry  at  Kye  Myung University  Hospital.  A total  of  30

children with ADHD were recruited between December 2021 and December 2022 (IRB No. 2021-

10-080), and an additional 30 children  diagnosed with ADHD  were recruited between December

2022  and  March  2023  (CRIS  Registration  No.  KCT0009862). The  entire  clinical  procedure  is

illustrated in Figure 1.

Figure 1. Clinical trial process. A total of 60 children diagnosed with ADHD were recruited. After

completion of consent forms by the participants, a psychological assessment was conducted for 1

hour using K-WISC-V. After the K-WISC-V assessment, the children performed a digital assessment

using Neuro World software for 25 minutes.

Experimental Methodology

After the participants completed consent forms, they underwent a psychological assessment

of PSI using K-WISC-V, which took 1 hour. The participants were provided with a 10-minute break

after the psychological assessment and performed gameplay with the developed functional game

content  for  25  minutes.  To  ensure  participant  comfort,  a  pause  button  was  provided,  allowing

participants to stop if they experienced dizziness or required a break.

K-WISC-V: Processing Speed Index (PSI)

WISC is widely recognized as a comprehensive instrument for assessing cognitive functioning

in  children  [16]. WISC-V has  been translated  and culturally  adapted for  use in  Korea,  and this

version is known as the Korean Wechsler Intelligence Scale for Children - Fifth Edition (K-WISC-

V). K-WISC-V is targeted to children and adolescents (aged 6 to 16 years and 11 months) [17] and

includes core indices for the Verbal Comprehension Index (VCI), Perceptual Reasoning Index (PRI),

Working Memory Index (WMI),  and PSI [18]. Each assessment  is  conducted  individually,  with
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scores  calculated  based on established criteria  and converted  to  age-  and gender-specific  scaled

scores. The index scores are standardized with a mean of 100 and a standard deviation of 15 [19],

enabling comparisons of an individual’s abilities with those in the same age group.

PSI,  a  critical  component  of K-WISC-V, assesses visual PS and psychomotor efficiency by

measuring reaction time, spatial navigation, discrimination, and accuracy.  Attention and hand-eye

coordination are the major contributing factors to PSI  [20]. Symbol search and coding, two core

subsets of PSI, are described in Table 1.  PSI captures learning efficiency, attentional control, and

executive functioning, which are related to various  cognitive dimensions in children.  Higher PSI

scores indicate faster and more accurate visual decision-making, reflecting greater efficiency in time

management for learning tasks and assessments [21].

Table 1. Detailed description of PSI core subset 

Task Description

Symbol Search

A target symbol is given to the participants, who are asked to identify and

mark the matching symbols in a given set within a limited time. This task

assesses visual search speed and coordination-discrimination ability.

Coding

A set of numbers are matched with symbols, and participants are required

to  write  down the  symbols  corresponding  to  a  given  set  of  numbers

within  a  limited  time.  This  task  evaluates  visuomotor  coordination,

associative learning ability, and visual short-term memory.

Serious Game Content for Processing Speed Measurement

PS indicates the ability to quickly complete simple tasks while maintaining focus. To evaluate

PS of children diagnosed with ADHD, the software Neuro World developed by Woorisoft Co. Ltd

(South Korea) was utilized (Figure 2). Neuro World consists of five different serious game content

modules  designed  for  rapid  completion.  Each  content  module  requires  5  minutes  of  game

engagement.  During the digital  assessment,  participants were provided with Neuro World for 25

minutes.  The sequence of content modules was randomized, and the next content module began

automatically after completion of the previous content module. The difficulty of each content module

was dynamically adjusted based on the participant's performance as follows:

 Play Speed: As the difficulty level increased, the speed of content progression accelerated,

intensifying the sense of urgency during task performance.

 Number of Items to Remember: The cognitive load was gradually increased by requiring
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the participants to memorize a larger number of items. 

Previous studies have shown that variability of response time is strongly correlated with ADHD [22-

24]. Therefore,  the game content was designed to gradually reduce the effective time available for

problem-solving  as  the  difficulty  increased,  requiring  participants  to  process  information  more

quickly and efficiently.

Figure 2.  Five  Neuro  World  serious  game  content  modules  used  to  evaluate  processing  speed:

Content  1  –  Identifying  and  moving animals,  Content  2  –  Rearranging sequences,  Content  3  –

Avoiding obstacles, Content 4 – Dual obstacle avoidance, Content 5 – Memory matching.

Various data were collected during the performance of the Neuro World content modules to

evaluate cognitive performance: 𝑥1, total number of trials conducted in one content module;  𝑥2,

accuracy rate;  𝑥3, total score;  𝑥4, total number of screen touches;  𝑥5, unnecessary actions during

content module performance, calculated as the difference between the total number of screen touches

and the number of touches  required for  correct  answers;  𝑥6, highest  level  of performance;  7𝑥 ,

average level of performance;  𝑥8, standard deviation of performance level;  𝑥9 and  𝑥10, average

time to touch the screen after a task was presented (i.e., response time) and its standard deviation;

𝑥11 and 𝑥12, average time to the final touch required to complete each game (i.e., task completion

consistency) and its standard deviation; and 𝑥13 and 𝑥14, average decision-making time, calculated

as the difference between the final and first touch times, and its standard deviation. 

Previous studies have demonstrated that ADHD exhibit deficits in sustained attention [25-28].

Based on these findings, we divided the total content performance into two phases and aimed to
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quantitatively assess whether participants' performance improved over time or deteriorated due to

reduced concentration, thereby capturing changes in their cognitive task-solving processes. The 14

variables were recorded separately in the two phases: 𝑥1:14 (initial phase) and 𝑥15:28 (later phase).

The 28 features  were extracted from each of the 5 content  modules,  resulting in  a total  of  140

variables (𝑥1:140) [29].

Data Preprocessing

To extract the appropriate variables from the data to enhance the model’s predictive performance,

the correlation-based feature selection (CFS) method was applied. CFS is a filter-based method that

identifies an optimal set of variables by maximizing the correlations of the variables with PSI while

minimizing correlations between variables [30]. The effectiveness of the selected variable set in CFS is

measured using <Equation 1>. In this equation, Merits represents the cumulative correlation between

the variables and the external variable; k denotes the number of variables;  ŕ zi  represents the average

correlation between variables and the external variable; and ŕii  denotes the average intercorrelation

between variables [31-33].  The value of  Merits corresponds to the usefulness of the variable set for

prediction; a higher value indicates a stronger correlation with the target class and reduced redundancy

among variables. Merits not only signifies that the variable set is more closely aligned with the target

class  but  also  contributes  to  improved  model  performance  by  reducing  irrelevant  or  redundant

information.

M erits=
k ŕzi

√k+k ( k−1 ) ŕii

(1)

Using the CFS method, six variables were selected from 140 content variables. In addition, the

variables gender and age were included, resulting in a total of eight variables used as inputs for the

machine learning models in the analysis. The selected variables are listed in Table 2.

Table 2. List of input variables for the machine learning model

Index Variable (𝑥n)

1 Content1_answer_rate_back (𝑥16)

2 Content2_touch_count_diff_back (𝑥47)

3 Content3_user_touch_count_back (𝑥74)

4 Content5_total_score_front (𝑥115)

5 Content3_first_touch_time_mean_front (𝑥65)
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6 Content1_decision_time_mean_front (𝑥13)

7 Gender

8 Age

Machine Learning Models Used for Predicting PSI

To predict the PSI scores of children diagnosed with ADHD, we collected performance data

from serious  games,  trained  various  machine  learning  models  using  the  selected  variables,  and

compared the predictive performance of the models. Specifically, we utilized 4 different machine

learning models: Random Forest, AdaBoost, Support Vector Regression (SVR), and Elastic Net. The

characteristics of each model are described below.

Random Forest is an algorithm that enhances prediction performance by ensemble learning with

multiple decision trees [34]. The Random Forest algorithm constructs regression trees, processes an

input vector composed of feature values corresponding to specific training instances, and averages

the predicted outputs from each tree  [35]. After  creating several training data subsets,  a bagging

method is applied to reduce correlations among different decision trees to reduce variance [36]. This

bagging characteristic enhances the predictive accuracy and stability of the Random Forest algorithm

[34].

AdaBoost (Adaptive Boosting) is a boosting algorithm that iteratively trains a series of weak

learners and combines them to form a robust ensemble model [37]. Unlike other boosting methods,

AdaBoost applies the relative instead of absolute error, giving more weight to examples with lower

values [38]. Additionally, AdaBoost continues to run even if the error rate exceeds 0.5 and supports

user-defined iterations, allowing performance improvement over initial iterations [38].

Support  Vector  Regression  (SVR) is  a  model  that  solves  regression problems by extending

binary  classification  through  convex  optimization  formulations  [39].  SVR  generalizes  Support

Vector  Machines  (SVM) to  adapt  to  regression  problems and introduces  an  ε-insensitive  region

(tube)  to  reformulate  the  optimization  problem[40].  Compared  to  other multivariate  regression

models, SVM can learn nonlinear functions with the kernel trick, which maps independent variables

in  a  higher  dimensional  feature  space [41].  The  ε-insensitive  region  approximates  continuous

functions well and balances model complexity with prediction errors [40].

Elastic Net, proposed by Zou and Hastie in 2005, was developed to estimate the regression

coefficient β  in situations where p > n [42]. Elastic Net combines the concepts of Lasso and Ridge

Regression to estimate β  [43]. The l2-norm penalty tends to reduce coefficients towards zero while

retaining all predictors in the Elastic Net Model, potentially leading to multicollinearity, whereas the
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l1-norm  penalty  automatically  selects  key  information  and  continuously  reduces  redundant

information [44]. By combining both penalties, Elastic Net effectively mitigates multicollinearity and

enables the group selection of correlated features [45, 46].

Results

SVR  machine learning model  effectively predicts PSI scores from the serious game

performance outcomes of children diagnosed with ADHD 

The predictive performance of the four machine learning models was compared to determine

which was most effective in predicting the PSI scores of children diagnosed with ADHD from their

Neuro  World  content  performance  outcomes  (Table  3).  Among  the  60  initial  datasets  of  the

participants, one was excluded due to missing values,  resulting in a total of 59 datasets used for

analysis. Among the 59 datasets, 47 (80%) were used as training data, while the remaining 12 (20%)

were used as test data for each machine learning model. Given the limited sample size, we utilized

K-fold cross-validation with the number of folds ( k ) set to 4 to enhance the prediction performance

of each model. 

SVR demonstrated the best overall performance on the training dataset, achieving a root mean

squared error (RMSE) of 13.107, mean absolute error (MAE) of 9.933, and mean absolute percent

error (MAPE) of 9.792% (Table 3). The Elastic Net model exhibited the second highest performance

on the training dataset, with an RMSE of 13.458, MAE of 10.580, and MAPE of 10.352% (Table 3).

Random Forest and AdaBoost had higher errors on the training dataset, with RMSE values of 14.307

and 14.269, respectively.

We then investigated the performance of each machine learning model on the test dataset and

found that SVR continued to outperform the other models, with an RMSE of 11.288, MAE of 7.874,

and MAPE of 7.375% (Table 3). Parallel with the performance on the training dataset, Elastic Net

was second, with an RMSE of 12.488, MAE of 8.328 and MAPE of 7.993%, demonstrating its

ability  to  provide  accurate  predictions  (Table  3).  Random Forest  and AdaBoost  again  displayed

weaker  performance.  Random Forest  had an  RMSE of  15.517,  MAE of  13.165,  and MAPE of

12.314%, while AdaBoost had an RMSE of 14.511, MAE of 12.092, and MAPE of 11.324 (Table 3).

Overall, SVR emerged as the most effective model for predicting PSI across both the training and

test datasets.

Table 3. Comparison of machine learning model performance for predicting PSI scores of children

diagnosed with ADHD
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Train Test

Model RMSE MAE MAPE(%) RMSE MAE MAPE(%)

Random Forest 14.307 11.813 11.828 15.517 13.165 12.314

AdaBoost 14.269 11.676 11.738 14.511 12.092 11.324

SVR 13.107 9.933 9.792 11.288 7.874 7.375

Elastic Net 13.458 10.58 10.352 12.488 8.328 7.993

The ensemble of AdaBoost and Elastic Net Model exhibits high training performance

for predicting PSI scores of children with ADHD

The ensemble technique combines the prediction results of multiple individual machine learning

models  to  achieve  superior  accuracy and stability  performance compared with a  single  machine

learning model [47]. Therefore, to enhance predictive performance by leveraging the strengths of

various machine learning models, we applied an ensemble technique using the performance dataset

of children with ADHD playing serious game content modules.  Specifically, we applied ensembles

of the four machine learning models used in this study (Random Forest, AdaBoost, Elastic Net, and

SVR) to the training dataset, and the results of the top five combinations of machine learning models

with the highest RMSE performance are presented in Table 4.  The combination of AdaBoost and

Elastic  Net  achieved the  lowest  RMSE of  12.738,  indicating  the  strongest  PSI  score  predictive

performance. This combination also demonstrated competitive accuracy, with an MAE of 10.116 and

MAPE of 10.086% (Table 4). By contrast,  the combination of Random Forest and Elastic Net  had

the lowest MAE and MAPE scores of 9.878 and 9.816%, respectively,  along with an RMSE of

12.781 (Table 4).  Collectively,  these findings demonstrate that the combination of AdaBoost and

Elastic Net outperformed the individual models by leveraging complementary strengths, improving

overall predictive performance.

Table 4. Top 5 ensemble model combinations ranked by RMSE performance on the training set for

predicting PSI scores of children with ADHD 

Combination
Training

RMSE MAE MAPE(%)

[AdaBoost, Elastic Net] 12.738 10.116 10.086

[AdaBoost, Elastic Net, SVR] 12.770 10.013 9.938

[Random Forest, Elastic Net] 12.781 9.878 9.816

[Random Forest, AdaBoost, 12.802 10.135 10.071
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 Elastic Net, SVR]

[Random Forest, Elastic Net, SVR] 12.821 9.930 9.829

The ensemble of AdaBoost, Elastic Net, and SVR exhibits high testing performance for

predicting PSI scores of children with ADHD

The performance of  the  ensemble  machine  learning combination  was then  tested  using  the

remaining  12  datasets  of  Neuro  World  content  performance  of  children  with  ADHD.  The

combination of AdaBoost, Elastic Net, and SVR resulted in the lowest RMSE of 10.072, with MAE

and MAPE values of 6.798 and 6.611%, respectively, indicating high performance on the test dataset

(Table  5).  The  combination  of  AdaBoost  and  Elastic  Net,  which  showed  the  highest  training

performance for predicting PSI scores, exhibited the second highest RMSE of 10.089, with MAE and

MAPE values of 7.126 and 6.946%, respectively (Table 5). By contrast, the combination of Random

Forest and Elastic Net, which performed strongly on the training dataset and had the lowest MAE of

9.878, exhibited higher error rates on the test dataset, with an MAE of 7.788. Together, these results

suggest  that  the  ensemble  model  of  AdaBoost  and  Elastic  Net,  which  provided  consistent

performance  on  both  the  training  and  test  datasets,  was  enhanced  by  the  inclusion  of  SVR to

accurately predict the PSI scores of children with ADHD from the test dataset.  

Table  5.  Test  set  results  of  the  top  5  ensemble  model  combinations  from  the  training  set for

predicting PSI scores of children with ADHD 

Combination
Test

RMSE MAE MAPE(%)

[AdaBoost, Elastic Net] 10.089 7.126 6.946

[AdaBoost, Elastic Net, SVR] 10.072 6.798 6.611

[Random Forest, Elastic Net] 10.432 7.788 7.578

[Random Forest, AdaBoost, 

Elastic Net, SVR]
10.384 7.411 7.272

[Random Forest, Elastic Net, SVR] 10.203 7.202 7.035

Comparison of the PSI score predictions of the ensemble model of AdaBoost, Elastic

Net, and SVR with actual PSI scores

Since we found that the ensemble of AdaBoost, Elastic Net, and SVR Model exhibited high test
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performance for predicting the PSI scores of children with ADHD, we visualized the prediction

scores and actual PSI values on a graph (Figure 3). The x-axis presents the actual PSI scores, while

the y-axis presents the scores predicted using the ensemble model of AdaBoost, Elastic Net, and

SVR. The data points on the dashed line ( y=x ) indicate accurate prediction of the actual PSI values.

The regression line, expressed as y=0.58 x+43 , reflects the relationship between the predicted and

actual PSI scores.

PSI scores typically follow a normal distribution with a mean value of 100, and the intersection

of the regression line with the y=x  line near a PSI score of 100 suggests higher prediction accuracy

for  PSI  values  close  to  the  mean.  This  alignment  highlights  the  model's  strong performance in

accurately predicting PSI scores within the most densely distributed range. Furthermore, the majority

of data points closely follow the y=x  line, underscoring the model’s reliability and robust predictive

capability.
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Figure 3. Comparison of actual PSI values with those predicted by ensemble application. The dashed

line ( y=x )  represents matching of the predicted values with the actual PSI values, and the red line (

y=0.58 x+43 ¿  is the regression line of the relationship between the predicted and actual PSI scores.
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Discussion

In this study, we collected 60 datasets of serious game performance of children aged 6 to 12

diagnosed with ADHD. We applied the CFS method to extract six variables from the serious game

performance data, which were input along with gender and age for analysis by machine learning

models. Among the individual machine learning models, SVR was most effective in predicting the

PSI scores of children with ADHD based on performance outcomes. The combination of AdaBoost

and Elastic Net model had the highest training performance for predicting PSI scores, while the

ensemble of AdaBoost, Elastic Net, and SVR model had the highest test performance. 

Objective methods for monitoring ADHD symptoms remain limited in both clinical and non-

clinical  settings.  In  home  and  school  environments,  symptom  evaluation  is  often  based  on

observation  due  to  the  lack  of  standardized  measurement  tools.  Even  in  clinical  settings,

reevaluations  typically  occur  only  after  a  significant  period  following  the  initial  psychological

assessment,  making  it  difficult  to  objectively  track  patient  improvement.  PSI  scores,  which  are

closely linked to daily functioning, offer a valuable method for quantifying symptoms and informing

ADHD management. PSI is part of WISC-V, a primary assessment tool for diagnosing ADHD. It is

difficult to use PSI to repeatedly assess children diagnosed with ADHD because of its recommended

usage interval and the lack of professionals qualified to conduct the assessment. To overcome the

limitations of PSI score collection, in the present study, we aimed to develop a model for predicting

PSI scores based on performance on serious games. 

Serious games have primarily been used for long-term training and are an effective means of

monitoring progress between hospital visits. However, existing monitoring methods mainly rely on

subjective evaluations or content-related factors, such as task duration and accuracy rates, which are

weakly  correlated  with  actual  symptom improvement  and underlying  issues.  To overcome these

shortcomings, this study utilized serious game performance data to predict psychological assessment

indices  that  are  practically  used  in  clinical  settings.  By  leveraging  these  predictions,  symptom

improvement can be assessed using clinically relevant measures. Additionally, the predicted indices

can serve as valuable reference data for clinicians, allowing timely intervention during psychological

treatment. This approach offers a more objective, quantitative method for ADHD symptom tracking. 

In this  study, we compared and combined various machine learning models  to enhance the

accuracy of PSI predictions for children with ADHD. We found that  SVR achieved the highest

accuracy, followed by Elastic Net, while Random Forest and AdaBoost had higher errors on both the

training and test datasets. These results reinforce the importance of selecting models based on their

predictive  stability  and  generalizability.  While  SVR  achieved  the  highest  accuracy  in  both  the
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training and test evaluations, the other algorithms—Elastic Net, Random Forest, and AdaBoost—

exhibited strengths. Previous studies have shown that leveraging multiple models can substantially

improve predictive performance [48]. For example, when multiple models were combined to analyze

digital therapeutic log data, accuracy comparisons yielded determination coefficients (R²) ranging

from 0.82 to 0.86 [48]. Our analysis of the predictive stability and accuracy of ensemble approaches

showed that the ensemble combination of AdaBoost and Elastic Net outperformed SVR. The best

overall  performance was achieved by the ensemble integrating AdaBoost,  Elastic Net,  and SVR,

which was superior to any individual model. These improvements suggest that integrating diverse

algorithmic  techniques—such  as  adaptive  boosting,  regularized  linear  regression,  and

complementary model tuning— can significantly improve the reliability of PSI score predictions, a

critical  factor  in  ADHD symptom tracking.  The  effectiveness  of  ensemble  algorithms is  widely

recognized;  for example,  a  study identified a  strong correlation between ensemble accuracy and

composition methods [49], while another study demonstrated that combining deep neural networks

with  traditional  machine  learning  improves  neuroimaging-based  disorder  prediction  [50].  These

results support the idea that algorithmic diversity plays a key role in enhancing ensemble efficacy.

The regression line of our model intersected y=x at a PSI score of approximately 100, indicating

stable  predictive  performance in  the clinically  significant  range (approximately  85–115).  This  is

particularly important for effective monitoring and timely interventions, underscoring the practical

applicability of our ensemble model. Similarly, (REF) et al. found that the regression line for Mini-

Mental State Examination (MMSE) score prediction for mild cognitive impairment (MCI) crossed

y=x near the critical cutoff of 27, indicating high accuracy in distinguishing normal cognition from

MCI and stability in clinically meaningful ranges  [29]. Future research will explore the long-term

reliability of the model for PSI score prediction. Longitudinal studies tracking PSI changes over time

could further validate the model's clinical utility, ensuring its effectiveness in monitoring ADHD-

related cognitive function and informing personalized interventions.

Our findings suggest that the PSI prediction model utilizing serious games can contribute to the

quantitative  and  objective  tracking  of  ADHD  symptoms.  The  ensemble  approach  effectively

compensates for the limitations of individual models, improving predictive stability and accuracy.

This  method  holds  promise  for  clinical  use,  supporting  continuous  patient  monitoring  and

optimization  of  treatment  plans.  By integrating  these  tools  into  everyday environments,  such as

homes  or  schools,  clinicians  may  gain  valuable  insights  into  cognitive  function  and  treatment

efficacy beyond traditional assessments.
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Limitations

The present study is subject to several  limitations. First, the small sample size may limit the

generalizability of the  PSI score prediction  model, and studies with larger datasets are required to

validate  our findings. Second,  the current study utilized the serious game performance of children

diagnosed with ADHD on their first visit (25 min/1 session) to predict the PSI score. It is possible

that long-term intervention with serious games (e.g. 25 min/day, 5 times/week, for 4 weeks) may

result in different PSI score prediction models, which we will address in a future study. 

Conclusion

This study introduces a novel approach for predicting K-WISC-V PSI scores using data from

serious games designed specifically for children with ADHD. The experimental results showed that

among individual models, SVR had the highest performance, followed by Elastic Net, AdaBoost, and

Random Forest. Furthermore, the ensemble method combining AdaBoost and Elastic Net provided

stable and reliable predictive accuracy, highlighting the potential of integrating models to enhance

overall performance. These findings suggest that this approach can complement existing subjective

methods of treatment  evaluation,  facilitate continuous symptom tracking,  and optimize treatment

planning. The integration of PSI prediction with serious game content improves accessibility for

participants  and offers  a  quantitative,  reliable  assessment  tool,  enabling clinicians  to  objectively

evaluate a patient’s condition in everyday settings (Figure 4). Future research should aim to validate

these  findings  using  larger  datasets  including  patients  of  diverse  ages  and  ADHD  symptom

severities. Expanding the study to incorporate varied demographic and clinical characteristics will

enhance the model’s generalizability and applicability in real-world clinical environments.
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Figure Legend

Figure 1. Clinical trial process. A total of 60 children diagnosed with ADHD were recruited. After

completion of consent forms by the participants, a psychological assessment was conducted for 1

hour using K-WISC-V. After the K-WISC-V assessment, the children performed a digital assessment

using Neuro World software for 25 minutes.

Figure 2.  Five  Neuro  World  serious  game  content  modules  used  to  evaluate  processing  speed:

Content  1  –  Identifying  and  moving animals,  Content  2  –  Rearranging sequences,  Content  3  –

Avoiding obstacles, Content 4 – Dual obstacle avoidance, Content 5 – Memory matching.

Figure 3. Comparison of actual PSI values with those predicted by ensemble application. The dashed

line ( y=x )  represents matching of the predicted values with the actual PSI values, and the red line (

y=0.58 x+43 ¿  is the regression line of the relationship between the predicted and actual PSI scores.

Figure 4. Limitations of Traditional DTx Monitoring and Need for Effective Tracking

Table Legend
Table 1. Detailed description of PSI core subset

Table 2. List of input variables for the machine learning model
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Table 3. Comparison of machine learning model performance for predicting PSI scores of children

diagnosed with ADHD 

Table 4. Top 5 ensemble model combinations ranked by RMSE performance on the training set for

predicting PSI scores of children with ADHD 

Table  5.  Test  set  results  of  the  top  5  ensemble  model  combinations  from  the  training  set for

predicting PSI scores of children with ADHD 
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Supplementary Files
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Figures
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Clinical trial process. A total of 60 children diagnosed with ADHD were recruited. After completion of consent forms by the
participants, a psychological assessment was conducted for 1 hour using K-WISC-V. After the K-WISC-V assessment, the
children performed a digital assessment using Neuro World software for 25 minutes.
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Five Neuro World serious game content modules used to evaluate processing speed: Content 1 – Identifying and moving
animals, Content 2 – Rearranging sequences, Content 3 – Avoiding obstacles, Content 4 – Dual obstacle avoidance, Content 5 –
Memory matching.
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Comparison of actual PSI values with those predicted by ensemble application. The dashed line (y=x) represents matching of
the predicted values with the actual PSI values, and the red line (y=0.58x+43) is the regression line of the relationship between
the predicted and actual PSI scores.
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Limitations of Traditional DTx Monitoring and Need for Effective Tracking.
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