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The study aimed to evaluate the Artificial Intelligence-assisted Smart
Counseling System in supporting the detection and classification of
adolescent behavioral difficulties and to identify changes in students'
behavioral conditions following the intervention. The study used a
quantitative pretest—posttest control group design with 666 junior high
school students in Medan City: 333 in the experimental group and 333
in the control group. Data were collected using the Strengths and
Difficulties Questionnaire and analyzed by comparing pretest and
posttest scores, as well as classifying them using the Support Vector
Machine method. The results showed that the experimental group's
mean Strengths and Difficulties Questionnaire score decreased from
21.00 (standard deviation = 12.469) at the pretest to 18.05 (standard
deviation = 8.975) at the posttest. However, the analysis indicated that
the difference between the groups at the posttest was not statistically
significant, F(2,663) = 1.578, p = 0.207. Therefore, the evidence was
insufficient to conclude that the Smart Counseling System was
significantly more effective than the control condition. In contrast, the
Support Vector Machine analysis showed strong classification
performance, with accuracy increasing from 98.50% using the original
features to 99.25% after feature engineering for classifying students
into the Normal, Borderline, and Abnormal categories. These findings
indicate that the Smart Counseling System has potential as a
supporting system for the early detection and classification of
adolescent behavioral difficulties; however, its effectiveness as an
intervention requires further investigation through analyses of time-
by-group interactions, effect sizes, and more comprehensive model
validation. Therefore, the Smart Counseling System is better
positioned as a decision-support tool for counselors rather than a
replacement for counselors or a diagnostic instrument.
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1. INTRODUCTION

The teenage years are a stage of development marked by complex physical,
psychological, social, and moral changes. At this stage, teens are expected to build their self-
identity, develop independence, adjust to their social environment, and manage their
emotions and behavior [1, 2]. However, this development process does not always run
smoothly, so various behavioral problems can arise, such as breaking school rules, conflicts
with peers, aggression, skipping classes, impulsive behavior, and actions that go against
social norms. These behavioral difficulties not only affect teenagers' psychosocial
development but can also hinder learning and disrupt the creation of a safe, conducive school
environment [3, 4]. Therefore, guidance and counseling services are needed to identify and
address behavioral problems systematically.

Urban contexts like Medan City bring increasingly complex social dynamics for
adolescent development. Intense social interactions, digital technology development, social
media use, peer influence, and changes in relationships among teens, families, and schools
can all contribute to problematic behavior. Research documents that form the basis of this
study show that juvenile delinquency is related to various factors, including low self-control,
peer influence, parenting patterns, weak parental monitoring, and the social environment.
This situation highlights the importance of strengthening guidance and counseling services
in schools so they can detect students facing behavioral difficulties early and provide
interventions according to their needs.

The development of artificial Intelligence (Al) offers new opportunities to improve
guidance and counseling services through the development of a Smart Counseling System
(SCS). This system can help collect, process, and classify student behavior data so
counselors have more systematic information for determining service needs [5]. In the
research that forms the basis of the study, SCS uses data from the Strengths and Difficulties
Questionnaire (SDQ), which includes 25 items related to emotional, behavioral, social
aspects, hyperactivity, and prosocial behavior. These data are classified into Normal,
Borderline, and Abnormal categories using a Support Vector Machine (SVM) algorithm [6,
7]. With this approach, Al can serve as a tool to support counselors in risk mapping and early
detection, not as a replacement for professional counselors.

Evaluation of Al-assisted counseling systems should be based not only on the
algorithm's ability to classify, but also on changes in students' behavior after receiving the
intervention. Therefore, a controlled pretest—posttest design is important to compare
students' conditions before and after implementing the SCS, as well as to compare them with
a group that did not receive the intervention. The basic study involved 666 middle school
students divided into an experimental group and a control group, with 333 students in each
group. In addition, SVM analysis showed that student data fell into 95 Normal, 174
Borderline, and 397 Abnormal categories, making class imbalance another important aspect
in evaluating the model's performance.

Research on the use of Artificial Intelligence (Al) in adolescent mental health has
progressed rapidly. Zhang, through a systematic scoping review of 88 studies, found that Al
is most commonly used for diagnosis, followed by monitoring and evaluation, therapy, and
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prognosis [8]. The study also showed that machine learning is the most commonly used Al
method, but most research still focuses on diagnostic functions, so the intervention aspect
and evaluating changes in adolescents' conditions have not been explored in depth. Next,
Komisarow & Hemelt conducted an experimental study with 56 teenagers and compared Al-
based counseling, human counselors, and human-Al collaboration through a pretest—posttest
design [9]. The results show that chat-based counseling can reduce negative feelings and
improve mood, but Al alone is less effective than human counseling. Zhang et al.'s research,
through the development of BetterMood, also shows the potential of Al counseling services
that mimic human interaction to overcome the limited access to face-to-face counseling for
teens and young adults [10].

Although previous research has shown the potential of Al in supporting adolescent
mental health, a research gap remains in integrating counseling interventions, evaluating
behavior changes, and classifying risk using machine learning in a single study design. Liu
et al.'s research shows that most Al studies on adolescent mental health focus on diagnosis
and prediction [11]. Meanwhile, Turki et al. focused more on comparing the effectiveness
of different forms of counseling on mental health indicators [12]. Meanwhile, Razi et al., in
a scoping review of 24 studies, found that Al has potential in risk prediction, classification,
service personalization, and improving access to adolescent mental health services.
However, issues remain, including algorithmic errors, reliance on self-reported data, privacy
concerns, transparency, and limited validation in real-world conditions [13]. Thus, research
is still needed to examine whether Al systems that can classify behavioral difficulties can
also produce measurable changes after counseling interventions, especially in the context of
education in Indonesia and the city of Medan.

The novelty of the study "Evaluating an Al-Assisted Smart Counseling System for
Adolescent Behavioral Problems: A Controlled Pretest—Posttest Study and SVM
Classification Analysis™ lies in integrating three components: counseling intervention
evaluation, a controlled pretest—posttest design, and Support Vector Machine (SVM)
classification. Unlike previous studies that often separate Al classification from counseling
effectiveness, this study uses SVM to map students' behavioral problem levels and then
assesses changes in students' conditions after interventions by comparing experimental and
control groups. This approach creates a "classification—intervention—outcome" framework,
so Al is evaluated not only based on technical accuracy but also on its relevance to changes
in student behavior. In addition, this study adds contextual novelty by applying it to school
students in Medan City, generating empirical evidence on implementing an Al-based Smart
Counseling System in the Indonesian education setting. This approach aligns with recent
findings that research on Al in adolescent mental health still requires more validation in real-
world contexts, stronger longitudinal/experimental designs, and system development that
still places professionals as the main decision-makers.

2. METHOD

This study uses a quantitative, experimental approach to evaluate the application of
the Smart Counseling System (SCS), assisted by Artificial Intelligence (Al), in reducing
behavioral difficulties among adolescents in junior high schools in Medan City. The research
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uses a pretest—posttest control group design, in which participants' conditions are measured
before and after the intervention in both an experimental and a control group. This design
allows researchers to observe changes within groups and compare changes between the
group that received the intervention and the group that did not. In a controlled experimental
design, measuring participants before the intervention is important to identify their initial
conditions so researchers can evaluate changes after treatment objectively [14]. Based on the
research design, the participants were 666 junior high school students in grades 7-9, with
333 in the experimental group and 333 in the control group.

The research design is laid out operationally in Table 1. The experimental group
receives an initial measurement (pretest), then an intervention in the form of an Al-assisted
Smart Counseling System, and finally a final measurement (posttest). The control group also
gets pretests and posttests but does not receive the SCS intervention during the study. Using
a control group lets us see whether changes in the experimental group's scores are due to the
intervention rather than natural changes or other factors in the control group. If the 666
participants are assigned to the experimental and control groups completely at random, this
design is called a randomized pretest—posttest control group design. On the other hand, if
participants come from already formed classes or schools without individual randomization,
the more accurate term is quasi-experimental pretest—posttest control group design. [15].
This distinction matters so the methodological design matches the procedures actually
carried out in the research.

Table 1. Research Design and Procedure

Group Pretest (O1) Treatment Posttest (O:)
Experimental (n = SDQ Artificial Intelligence-assisted Smart Counseling SDQ
333) assessment System assessment
SDQ SDQ

Control (n = 333) Did not receive the Smart Counseling System

assessment assessment

The independent variable was the Artificial Intelligence-assisted Smart Counseling
System intervention, and the dependent variable was adolescent behavioral difficulties.
Behavioral difficulties were measured using the Strengths and Difficulties Questionnaire
(SDQ). The SDQ is an instrument consisting of 25 items covering five dimensions:
emotional symptoms, conduct problems, hyperactivity/inattention, peer relationship
problems, and prosocial behavior. Each dimension comprises five items and uses a three-
point response scale. The SDQ can screen for psychosocial problems among adolescents,
but its factor structure and each subscale's reliability should be interpreted in line with the
target population's characteristics. Furthermore, research involving Indonesian adolescents
has shown that the self-report version of the SDQ can identify behavioral problems.
However, screening results should be interpreted as an initial screening measure rather than
as a substitute for clinical or professional assessment [16].

The research data were then processed to support two analysis goals: evaluating
behavior changes and Al-based classification. In the first stage, the SDQ responses were
checked for completeness, coded, and scored, which resulted in individual participants'
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behavior difficulty scores. In the second stage, the SDQ data were used as input for a Support
Vector Machine (SVM) model. The SVM classified participants into Normal, Borderline,
and Abnormal categories based on their response patterns. SVM is relevant because it can
handle classification in high-dimensional feature spaces and supports the development of
data-driven decision support systems [17].

Research on Support Vector Machines shows that the algorithm can classify data
effectively, especially when the data has a relatively large number of features. SVM's ability
to find the optimal separating boundary (hyperplane) makes it suitable for various
classification problems and for developing data-driven decision support systems. In this
study, SVM is used to classify patterns of student behavioral difficulties based on responses
to the Strengths and Difficulties Questionnaire, providing supporting information for early
detection and guidance and counseling services [18].

During the intervention stage, the experimental group received the Al-assisted Smart
Counseling System program, which was designed as a support system for guidance and
counseling services. The system provides behavior classification based on SDQ data so
counselors can get an initial picture of students' conditions and determine the need for
follow-up. In this study, Al is not positioned as a replacement for counselors, but as a
supporting tool for early detection and professional decision-making. After the intervention,
both the experimental and control groups completed the SDQ again as a posttest. The
changes in scores between the pretest and posttest were then analyzed to determine whether
behavior difficulties changed differently between the two groups [19].

The effectiveness of the intervention was analyzed using Mixed ANOVA, with
measurement time (pretest and posttest) as the within-subject factor and research groups
(experiment and control) as the between-subject factor. This analysis examined three main
effects: changes in scores over time, differences in scores between groups, and the time-by-
group interaction. The interaction effect is the main focus because it shows whether the
change in behavior difficulty in the experimental group differs significantly from that in the
control group. Before doing the Mixed ANOVA, the data were checked through appropriate
assumption tests, including normality and homogeneity of variance. If the parametric
assumptions were not met, alternative analyses could be used depending on the
characteristics of the data [20].

Meanwhile, the SVM model evaluation was done using a confusion matrix, accuracy,
precision, recall, and F1-score. These indicators are necessary so the model's performance is
judged not only by the total number of correct predictions, but also by its ability to recognize
each category of behavioral difficulties. This becomes especially important if the data are
imbalanced across the Normal, Borderline, and Abnormal categories. Research on SVM
classification with high-dimensional data shows that feature selection can help reduce
complexity, remove redundant features, and improve prediction performance [21]. Thus, the
SVM analysis in this study aims not only to produce a high-accuracy model but also to
provide more consistent classification information to support counseling services.
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Figure 1. Flow of Assisted SCS Research Methodology

The image shows that the research does not stop at developing the SVM algorithm,
but connects behavioral data — Al classification — counseling intervention — behavior
change. This framework strengthens the research's position because the success of SCS is
evaluated from two perspectives at once, namely the effectiveness of the intervention
statistically and the performance of the classification computationally. The SDQ also has
empirical support in adolescent populations, including validity evidence for screening
psychosocial problems [22].

Table 2. Variables, Indicators, and Analysis Techniques

Variable Indicator Instrument/Method Analysis
SCS-Al Implementation of the Smart Counseling . Descriptive
, Smart Counseling System -
Intervention System analysis
Behavioral Emotional symptoms, conduct problems, 25-item Strengths and
R hyperactivity/inattention, peer relationship  Difficulties Questionnaire ~ Mixed ANOVA
difficulties - X
problems, and prosocial behavior (SDQ)
. . Accuracy,
Behgylorgl Normal, Borderline, and Abnormal Support Vector Machine precision, recall,
classification (SVM)
and F1-score
Behavioral Differences between pretest and posttest Strength_s and_leflcuItles Mixed ANOVA
changes scores Questionnaire (SDQ)
Model Classification accuracy SVM and confusion matrix ~ Model evaluation

performance
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With this design, the study produced two types of empirical evidence. The first is
evidence of changes in students' behavioral difficulties after the SCS intervention, based on
a comparison of the experimental and control groups. The second is evidence about Al's
ability to classify patterns of behavioral difficulties based on SDQ data. The integration of
these two pieces of evidence serves as the basis for evaluating the feasibility of SCS as a
data-driven guidance and counseling support system in schools in Medan.

3. RESULTS AND DISCUSSION
3.1. Results

Based on the results presented in the attached manuscript, the Results section needs
revision to ensure consistency with the correct statistical outputs. In particular, the ANOVA
results showed a p-value of 0.207 for the posttest; therefore, it would be inappropriate to
conclude that the intervention was effective based on differences between groups.
Furthermore, Table 6 should not be described as a Wilcoxon test because the F column is
inconsistent with the output of a Wilcoxon analysis. The Z value, positive ranks, negative
ranks, and effect size will not be fabricated because these values are not available in the
manuscript. Therefore, the following presentation provides a more statistically accurate and
academically appropriate interpretation.

3.1.1. Test of Homogeneity

Before analyzing differences in behavioral difficulty scores, we conducted a test of
variance homogeneity using Levene's Test. The results showed a significance value 0f 0.901
for the pretest scores and 0.975 for the posttest scores. Both values were greater than 0.05,
indicating that the variances across groups met the assumption of homogeneity. Therefore,
the data met one of the assumptions required for subsequent parametric analysis.

Table 3. Results of the Homogeneity of Variance Test
Measurement Levene Statistic dfl df2 Sig. Interpretation
Pretest SDQ 0.105 2 663 0.901 Homogeneous
Posttest SDQ 0.026 2 663 0.975 Homogeneous

3.1.2. Comparison of Pretest and Posttest Scores Across Groups

The ANOVA results indicated no statistically significant difference between groups
at the pretest stage, with F(2, 663) = 0.909; p = 0.404. This finding indicates that participants'
initial conditions across the compared groups were statistically comparable. At the posttest
stage, the analysis yielded F(2, 663) = 1.578; p = 0.207. Since the p-value was greater than
0.05, there was no statistically significant difference between groups in the posttest
measurement. Therefore, based on the available between-group analysis, this study does not
provide sufficient statistical evidence that participants who received the Smart Counseling
System (SCS) had significantly different posttest scores compared with the comparison
groups.
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Table 4. Results of the Analysis of Differences in SDQ Scores Across Groups
Measurement F df Sig. (p) Interpretation
Pretest SDQ 0.909 2, 663 0.404 Not significant
Posttest SDQ 1.578 2,663 0.207 Not significant

These findings are important because the p-value of 0.207 at the posttest stage cannot
be used as a basis for concluding that the SCS intervention was effective. Descriptive
changes or observed score differences alone are insufficient to establish a treatment effect.
Therefore, conclusions about the intervention's effectiveness should be based on an analysis
that directly examines the interaction between measurement time (pretest—posttest) and
group (experimental-control), as expected in a Mixed ANOVA. Since the interaction output
is not available in the provided manuscript, the effectiveness of the intervention cannot be
definitively established based solely on the available ANOVA results.

3.1.3. Changes in Scores in the Experimental Group

Descriptively, the experimental group, consisting of 333 students, showed a change
in scores from pretest to posttest. The mean pretest score was 21.00 (SD = 12.469), whereas
the mean posttest score was 18.05 (SD = 8.975). Thus, the mean score decreased by 2.95
points following implementation of the SCS program. This descriptive finding indicates a
tendency toward reduced behavioral difficulty scores among students in the experimental

group.

Table 5. Descriptive Statistics of the Experimental Group
Measurement N Mean SD Mean Change
Pretest 333 21.00 12.469 -
Posttest 333 18.05 8.975 -2.95

However, this decrease in the mean score should not be directly interpreted as
evidence of intervention effectiveness. Changes within a single group may be attributable to
individual variation, natural changes during the study period, students' experiences outside
the intervention, or other uncontrolled factors. To establish that the observed decrease was
attributable to the SCS intervention, changes from pretest to posttest should be evaluated in
comparison with the control group, particularly through the time x group interaction effect
in a Mixed ANOVA. Since this output is not available in the current manuscript, the
appropriate interpretation is that the experimental group demonstrated a descriptive decrease
in scores, rather than that the SCS intervention has been inferentially proven effective.

3.1.4. Analysis of the Smart Counseling System Classification Using SVM

In addition to analyzing changes in behavioral difficulty scores, the study conducted
classification using a Support Vector Machine (SVM) based on Strengths and Difficulties
Questionnaire (SDQ) data. The dataset consisted of three categories: Normal, Borderline,
and Abnormal. The data distribution indicated that the Abnormal category was the largest,
comprising 397 observations, followed by the Borderline category with 174 observations
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and the Normal category with 95 observations. This distribution indicates class imbalance,
which should be considered when interpreting the classification model's performance.

Table 6. Distribution of the SVM Classification Dataset
Category Number Percentage
Normal 95 14.25%
Borderline 174 26.09%
Abnormal 397 59.61%
Total 666 100%

The model development results showed that the linear SVM with feature engineering
achieved an accuracy of 0.9925, an improvement over the 0.9850 accuracy obtained using
the original features. Feature engineering integrated SDQ subscales and interaction terms,
enabling the model to capture more complex patterns in the data. The manuscript also
indicates that this improvement was associated with reduced misclassification within the
Borderline category.

Table 7. SVM Model Performance
Model Features Accuracy

Linear SVM Original features  0.9850

Linear SVM Engineered features 0.9925

These results indicate that the SVM demonstrated very high classification
performance on the SDQ dataset used in the study. However, interpret the high accuracy
cautiously because the dataset has an imbalanced class distribution. Therefore, model
evaluation should ideally be complemented by a confusion matrix, precision, recall, and F1-
score for each class, particularly to determine whether the predominance of the Abnormal
category substantially influences the high accuracy. The current manuscript does not provide
all of these values; therefore, they should not be added without the corresponding original
analytical outputs.

Overall, the findings indicate two main results. First, the experimental group’s mean
score decreased from 21.00 to 18.05, indicating a descriptive change following
implementation of the SCS program. However, the between-group comparison at posttest
yielded F = 1.578 and p = 0.207, indicating that the observed difference was not statistically
significant. Therefore, based on the available data, the study cannot conclude that the Smart
Counseling System significantly reduced behavioral difficulties compared with the control
group. Second, from an artificial intelligence perspective, the SVM model demonstrated
very high classification performance, achieving 99.25% accuracy after feature engineering,
indicating the potential of SCS as a data-driven behavioral classification support tool.

Thus, the findings suggest that SCS has potential as a support system for detecting
and classifying behavioral difficulties among adolescents. However, based on the available
outputs, its effectiveness as an intervention to reduce behavioral difficulties has not yet been
statistically established. To establish the intervention effect, subsequent analyses should use
a complete Mixed ANOVA, reporting the F value, p-value, and effect size for the time x
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group interaction. If the researchers intend to use the Wilcoxon test, Table 6 should instead
be recalculated using the Wilcoxon Signed-Rank Test and reported with positive ranks,
negative ranks, ties, Z, p-value, and effect size. These values should not be inferred from the
current table because the original Wilcoxon output is not available.

3.2. Discussion

The research results show that there was no significant difference between groups at
the pretest stage, with values of (F(2,663)=0.909) and (p=0.404), indicating that the initial
condition of the participants was relatively comparable. The homogeneity test also showed
that the pretest and posttest variances met the assumption of homogeneity, with significance
values of 0.901 and 0.975, respectively. These conditions provide an adequate
methodological basis for comparing changes in participants' conditions after the
intervention. However, at the posttest stage, the differences between groups were not
significant, with (F(2,663)=1.578) and (p=0.207). These findings suggest that although
scores changed within the experimental groups, the available statistical evidence is not
sufficient to claim that the Smart Counseling System (SCS) is significantly more effective
than the control group. Methodologically, conclusions about effectiveness should be based
on the time x group interaction in a Mixed ANOVA, not just on posttest score comparisons.
So, interpret the results carefully as evidence of a trend of change, not as definitive proof of
the intervention's effectiveness.

Descriptively, the experimental group's average score decreased from 21.00 (SD =
12.469) on the pretest to 18.05 (SD = 8.975) on the posttest, a drop of 2.95 points. This
pattern indicates that after participating in the SCS program, behavioral difficulty scores
shifted downward. The findings are relevant to the literature on technology-based
interventions for adolescents. Cen, through a systematic scoping review of 88 studies, found
that Al has been used in various aspects of adolescent mental health, including diagnosis,
monitoring, intervention planning, and therapy [23]. However, the study also showed that
Al applications remain much more focused on diagnosis and assessment than on
interventions, with 78 studies on diagnosis, 19 on monitoring/evaluation, 10 on treatment,
and 6 on prognosis. Therefore, the trend of score decreases in this study is promising, but it
also highlights the need for stronger experimental research to confirm whether these changes
are caused by the SCS intervention.

Research findings can also be compared with the development of research on Al as
a medium for psychological intervention. Recent literature shows that Al use in adolescent
mental health is no longer limited to screening processes, but is shifting toward chat-based
counseling, conversational agents, digital therapeutics, and decision support systems. A
systematic review on Al in child and adolescent interventions identified 38 studies using Al
as conversational agents, game-based platforms, or robotic systems for psychotherapy and
developmental support. However, the presence of Al as an intervention medium does not
automatically guarantee therapeutic success. Xuanfeng, in a scoping review on Al-based
mental health support and therapy for adolescents, showed that Al has potential in risk
prediction, classification, personalized support, and improving service access. However,
challenges remain aroundeal-world validation, algorithmic errors, privacy, transparency, and
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reliance on self-reported data [24]. This study's findings support that argument: SCS shows
strong technological potential, but the effectiveness of its interventions can't be concluded
from the drop in scores in the experimental group alone.

From a measurement perspective, using the Strengths and Difficulties Questionnaire
(SDQ) in this study has a strong empirical basis because the SDQ is a 25-item instrument
designed to measure various aspects of psychosocial adjustment and behavioral difficulties
in children and adolescents. Kim & Song's research on more than 10,000 children showed
that the five-factor structure of the SDQ emotional symptoms, conduct problems,
hyperactivity, peer problems, and prosocial behavior has psychometric support and that high
scores are linked to an increased likelihood of independently identified psychological
disorders. [25]. Li also showed that combined profiles of self-assessment and parent
assessments using the SDQ can provide useful information for predicting healthcare usage
and psychiatric diagnoses [26]. Timmons et al.'s research shows that the SDQ can screen for
disruptive behavior in at-risk teenagers, so using it in studies of adolescent behavioral
problems has empirical relevance [27]. Thus, choosing the SDQ as a data source for the SCS
is justified, especially since the instrument captures behavioral and psychosocial dimensions
relevant to early detection needs in schools.

Even so, this study's results also need to consider the debate about the SDQ's validity
and reliability in adolescent groups. Tripathi & Alam, using data from 23,980 Finnish
adolescents, found that the SDQ structure works better in early teens, but some models fit
the mid-teens poorly, and a few subscales have low reliability [28]. The author even warns
that using the total score or SDQ subscales requires careful consideration. In contrast, Nassif
et al. support the SDQ's construct validity through a multitrait-multimethod approach, and a
study of 1,489 Australian teenagers also supports the SDQ's internal structure and its
relationships with variables such as loneliness, belonging, depression, and bullying [29].
These differences suggest that the SDQ's quality can be influenced by age, population,
culture, and reporting methods. Therefore, the SCS classification results based on the SDQ
in this study should be seen as a screening and early-detection tool, not a psychological
diagnosis or a definitive determination of teen delinquency.

The strongest findings in this study actually came from the SVM classification
analysis. The dataset consisted of 95 students in the Normal category, 174 in the Borderline
category, and 397 in the Abnormal category. Thus, the Abnormal category dominates the
dataset, so class imbalance must be considered when interpreting the model. The linear SVM
model with the original features achieved an accuracy of 0.9850, while after feature
engineering, the accuracy increased to 0.9925. These results show that SVM can recognize
the SDQ response patterns used in the study with high accuracy. These findings align with
systematic reviews on machine learning in mental health diagnosis prediction, which
identify SVM as one of the algorithms frequently used alongside random forest, deep neural
networks, and other methods [30]. However, the review also emphasized the need for larger,
more diverse datasets, as well as longitudinal data so that models can capture the dynamics
of mental health over time.

The increase in SVM accuracy after feature engineering also shows how important
data representation is in Al systems. SDQ data includes not only individual scores but also
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relationships among emotional, behavioral, hyperactivity, peer, and prosocial dimensions.
When this information is represented through more informative features, the model can pick
up patterns that were not fully visible in the original features. The findings show an accuracy
increase from 98.50% to 99.25%, indicating that feature engineering adds useful information
for the model. However, this high accuracy should not be taken immediately as proof that
the model is completely reliable. A recent meta-analysis of 188 studies involving 4,794,001
adolescent participants shows that Al models in mental health assessment can provide good
discrimination, but their performance varies depending on the type of outcome, data source,
and validation method; the AUC for internal validation ranges from 0.75-0.85, while
external validation ranges from 0.76-0.96. This comparison highlights the importance of
distinguishing accuracy on research datasets from the model's ability to generalize to new
populations.

Class imbalance is another important aspect to discuss. Since the Abnormal category
accounts for 397 of 666 data points, the model can achieve high accuracy if most predictions
correctly identify the majority class. Therefore, SVM performance should be reported not
only by accuracy, but also by precision, recall, F1-score, and a confusion matrix for each
category. This approach lets researchers assess whether the model can truly identify the
Normal and Borderline categories, which have smaller sample sizes, or whether it only
excels at identifying the Abnormal category. This aligns with Yang et al.'s recommendation
that developing Al in adolescent mental health requires transparency in model reporting,
data management, analytical processes, and proper validation before applying it in practice
[31]. So, an accuracy of 99.25% is promising, but it still needs to be complemented with
class performance indicators and external validation to be considered a strong, generalizable
model.

From a guidance and counseling service perspective, this research shows that SCS
can shift the service model from a purely reactive approach to a more preventive, data-based
one. In conventional practice, counselors often rely on teacher reports, observations,
interviews, and students revealing their issues. SCS can help process data systematically so
counselors can identify students showing certain risk patterns early. However, Al
classification results should not be the sole basis for labeling students. The system should be
positioned as an early-warning tool that helps counselors identify who needs further
assessment, not as a tool to label a student as "troubled" or "naughty.” This principle is
becoming increasingly important because recent literature shows that Al in adolescent
mental health still faces issues like ethics, algorithmic bias, privacy, transparency, and
limited validation. So, the ideal SCS implementation is human-in-the-loop: the algorithm
handles initial screening and classification, while professional counselors handle
interpretation, counseling, and intervention decisions.

The research findings also have implications for how we understand juvenile
delinquency. In the text, juvenile delinquency includes rule violations, truancy, uncontrolled
behavior, fighting, and other forms of deviant behavior. However, the SDQ measures
strengths and difficulties, not the full construct of juvenile delinquency. Therefore, using the
term 'reduction in juvenile delinquency' needs to be done more carefully. A decrease in SDQ
scores is more accurately described as a decrease in behavioral/psychosocial difficulties
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measured by the SDQ. Sidhu and Sidhu did show a relationship between the SDQ and
disruptive behavior in at-risk adolescents, but that relationship does not mean that the SDQ
is identical to all forms of juvenile delinquency [32]. This conceptual distinction matters so
research conclusions do not go beyond the constructs actually measured.

Overall, this study produced two distinct but complementary contributions. First, on
the intervention dimension, the experimental group's scores tended to drop from 21.00 to
18.05, but the posttest differences between groups were not significant (p = 0.207), so the
available output does not yet statistically confirm the effectiveness of SCS as an intervention.
Second, on the technology dimension, SVM showed very high classification performance
(99.25% accuracy) after feature engineering, providing preliminary evidence that Al can
help classify student behavioral difficulties. This pattern aligns with recent literature that
positions Al as a promising technology for adolescent mental health assessment and support,
while also emphasizing the need for external validation, experimental research, algorithm
transparency, and professional oversight.

So, the empirical novelty of this study should not rest on claims that SCS has been
proven to reduce juvenile delinquency, but on the effort to integrate counseling
interventions, SDQ measurements, and SVM classification into a single Al-based guidance
and counseling service system. This study shows that Al classification can be highly accurate
even when evidence of intervention effectiveness is still limited. In fact, that difference
becomes an important finding because it shows that an "accurate model™ is not always the
same as an “effective intervention.” Going forward, research should use a full Mixed
ANOVA by reporting the time x group interaction, effect size, confidence interval, and
longitudinal analysis; the SVM model should be tested through cross-validation, external
validation, a confusion matrix, precision, recall, and F1-score. With these improvements,
SCS can evolve from a classification model into a more valid, transparent, adaptive, and
responsible counseling support system for school guidance and counseling services.

4. CONCLUSION

Overall, this study indicates that the Smart Counseling System assisted by Atrtificial
Intelligence has potential as a supporting system for the early detection and classification of
behavioral difficulties among adolescents. However, it cannot yet be considered
demonstrably effective as an intervention because the difference in posttest scores between
the groups was not statistically significant (F(2,663) = 1.578; p = 0.207), although the
experimental group's mean score decreased from 21.00 to 18.05. From a technological
perspective, the Support Vector Machine showed strong classification performance, with
accuracy increasing from 98.50% to 99.25% after feature engineering. Nevertheless, class
imbalance and the incomplete reporting of precision, recall, F1-score, and confusion matrix
indicators remain limitations that should be addressed. Therefore, the Smart Counseling
System is better positioned as a tool for early detection and counselor decision support rather
than a replacement for counselors or a diagnostic instrument. Future research should apply
a complete Mixed Analysis of Variance procedure, including an analysis of the time x group
interaction and effect size, strengthen Support Vector Machine validation through cross-
validation and external validation, address class imbalance, and employ longitudinal designs




5752 https://doi.org/10.58421/gehu.v5i4.1933

and more diverse data sources to enable a more comprehensive evaluation of the system's
effectiveness, accuracy, generalizability, and safety.
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