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Abstract: Online counseling has transformed mental health services by offering a convenient and cost-effective
alternative to traditional in-person therapy. This study investigates the role of technology in counseling by
analyzing user reviews of the Bicarakan.id app from the Google Play Store. A machine learning approach was
employed to identify critical patterns and themes within the reviews. Text pre-processing methods such as
tokenization, stop-word removal, and TF-IDF vectorization were applied to a dataset of 125 user reviews. The
Elbow method helped determine the optimal number of clusters, which was three. Clustering performance was
assessed using the Silhouette score, with three clusters yielding the highest average score of 0.4939, indicating a
moderate level of clustering effectiveness. Cluster 1 primarily contained positive reviews, emphasizing user
satisfaction with the app's services. Cluster 2 included more specific feedback on users' experiences with
counselors and app features. Cluster 3 focused on the app's accessibility and ease of use while raising concerns
about data privacy and the lack of offline consultation options. The study underscores the significance of using
user feedback to enhance and improve technology-driven mental health solutions.
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Introduction

In recent years, online counseling has significantly reshaped mental health services,
offering a convenient and cost-effective alternative to traditional face-to-face therapy
(Yamamoto et al., 2021). Technological advancements, mainly through mobile apps and digital
platforms, have paved the way for more flexible and accessible counseling services (Lattie et
al.,, 2022). The COVID-19 pandemic, which restricted in-person interactions, further
highlighted the importance of online counseling. Research has demonstrated the effectiveness
of online counseling in addressing various mental health issues, such as depression and anxiety.
For instance, Rahmadiana et al (2021) developed an internet-based intervention for college
students struggling with these conditions, yielding promising results. In Indonesia, platforms
like Bicarakan.id enhance access to professional counseling, improving mental health
outcomes. Integrating technology in mental healthcare presents opportunities and challenges
(Figueroa & Aguilera, 2020; Gruber et al., 2021). On one hand, online counseling platforms
can reach a broader audience, including those with limited access to traditional services.

On the other hand, the success of these platforms depends heavily on user engagement
and the responsiveness of developers to feedback (Q. Chen et al., 2021). User reviews on app
stores like Google Play provide valuable insights into users' experiences, satisfaction, and areas
of concern, which can guide developers in refining their services (Kaveladze et al., 2022).
These reviews often highlight technical issues, unmet needs, and features users appreciate.
Analyzing such reviews can offer critical information for enhancing the app's design and
functionality.
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This study aims to investigate the role of technology in counseling by analyzing user
reviews of the Bicarakan.id application. The research employs a machine learning technique,
specifically unsupervised learning with k-means clustering, to uncover recurring themes and
patterns in these reviews (Lund & Ma, 2021). Text pre-processing methods, such as
tokenization, stop-word removal, and TF-IDF vectorization, were applied to reviews gathered
from the Google Play Store (Chai, 2023; Vel, 2021). The Elbow method helped determine the
optimal number of clusters, which were then analyzed to identify dominant sentiments,
recurring issues, and positive feedback about the app (Hamka & Ramdhoni, 2022; Monica et
al., 2021). The k-means clustering method, an unsupervised approach, grouped the reviews
into distinct clusters, providing a clearer understanding of user feedback and highlighting
strengths and improvement areas (Ashabi et al., 2020). This study ultimately offers detailed
insights into the role of user feedback in the ongoing development of technology-driven mental
health solutions. Additionally, the findings are expected to provide actionable
recommendations for developers and mental health service providers to improve the quality
and effectiveness of online counseling, ensuring that user needs and expectations are better
met.

Technology integration into mental health services and education has seen significant
advancements, mainly through machine learning (ML) and Natural Language Processing
(NLP) techniques. Xu et al (2024) studied web-based counseling services with a focus on repeat
users, applying hierarchical clustering to group users into three categories based on their
behavior and suicide risk. Their findisngs highlighted the importance of tailored interventions
to enhance the effectiveness of online mental health services. Rahman et al (2020) reviewed
the role of Online Social Networks (OSNs) in mental health detection, emphasizing the value
of machine learning and multimethod approaches for early identification and intervention. This
study showcased how data-driven social platforms can be crucial in recognizing and addressing
mental health concerns (Rahman et al., 2020).

Despite the benefits, online counseling faces several technological challenges, including
the need for internet access, devices, and software to conduct sessions (Jena, 2020). These
issues are particularly prominent in rural areas, where clients and counselors may need help
accessing the necessary technology despite a preference for online counseling over traditional
face-to-face options. Nevertheless, studies suggest that online counseling can be as effective as
in-person therapy. The accessibility of technology further enhances its effectiveness by
providing access to professional services that would otherwise be too costly in person (Amos
et al., 2020). Additionally, online counseling removes physical barriers so clients do not need
to travel to an office. It makes the support they need more reachable. New strategies, like
mobile app-based surveys and social media health initiatives, reflect the growing potential of
online mental health services (Ifdil et al., 2020).

Goldberg et al (2020) demonstrated the potential of machine learning and NLP in
predicting the therapeutic alliance by analyzing psychotherapy session recordings. This study
offered valuable insights into how technology could overcome challenges in therapy. Le Glaz
et al (2021) explored trends and techniques in machine learning and NLP within the mental
health domain, focusing on symptom extraction, disease severity classification, and therapy
comparison. They also highlighted ethical considerations and the need for improvements in
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NLP technology to enhance its application in mental health. Chen et al (2020) examined how
NLP is used in clinical trial text analysis, employing techniques like performance analysis and
topic modeling to visualize research trends and collaborations in clinical (Chen et al., 2020).

Omoregbe et al (2020) evaluated a mental health app by conducting sentiment and
thematic analysis of user reviews, identifying both positive and negative aspects, and offering
recommendations for improving the app’s design. Hiremath & Patil (2022) developed a clinical
decision support system using aspect-based sentiment analysis of drug review data, finding that
the Support Vector Machine (SVM) algorithm provided the best accuracy in sentiment
detection, which could help develop more effective clinical decision tools. Halim et al (2020)
introduced a machine-learning framework for emotion recognition in email text, achieving an
accuracy of 83%, presenting a new method for identifying emotions from limited text features.

Okoye et al (2022) proposed an EPDM+ML model to analyze student teaching
evaluations using text mining and machine learning. This model effectively predicted student
recommendations based on sentiments and emotions expressed in feedback. Omoregbe et al
(2020) developed a medical diagnosis chatbot using NLP and fuzzy logic to diagnose tropical
diseases in Nigeria, with the system showing promising usability scores, indicating its potential
for personalized medical diagnoses. Ramos-Lima et al (2020) assessed the use of machine
learning techniques in diagnosing trauma-related disorders such as Acute Stress Disorder
(ASD) and Post-Traumatic Stress Disorder (PTSD), concluding that while machine learning is
beneficial due to the clinical and etiological diversity of patients, its practical application in
clinical settings remains a challenge (Ramos-Lima et al., 2020)

Unlike many studies focusing on the broader use of machine learning and NLP in mental
health and education, this research explicitly investigates the use of technology in online
counseling. This study offers unique insights into how counseling apps can be improved based
on real user experiences by employing a clustering approach to analyze user feedback. These
findings contribute to developing more adaptable and responsive technology-based mental
health solutions, providing a foundation for creating more effective and user-centered
counseling applications in the future.

Method

This study employs an exploratory quantitative approach, utilizing text data analysis to
uncover hidden patterns and structures through clustering techniques. The primary objective is
to classify data based on shared characteristics. This chapter begins with a detailed explanation
of the data collection process, followed by a thorough description of the pre-processing steps
necessary to prepare the data for analysis. Subsequently, the text transformation process using
TF-IDF is outlined, enabling the conversion of textual data into a numerical format suitable for
clustering. The chapter then delves into the K-means clustering method, discussing the optimal
number of clusters and applying the Manhattan distance metric to enhance clustering accuracy.
The entire process is illustrated in a flowchart (Figure 1) to provide a comprehensive overview,
clearly depicting the study's methodology.
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Figure 1. Bicarakan.id User Review Clustering Flowchart

The dataset utilized in this study comprises user comments from the Bicarakan.id online
counseling application sourced from the Google Play platform. Data was extracted using the
Google-play-scraper module in Google Colaboratory on Monday, July 22, 2024. One hundred
twenty-five reviews were gathered, encompassing comment text, user ratings, and posting
dates. The choice of Google Play reviews reflects their authenticity, as they capture real user
experiences, including satisfaction levels, complaints, suggestions, and expectations regarding
the services provided by Bicarakan.id.

Text pre-processing represents a crucial phase that significantly influences the accuracy
and effectiveness of NLP models by systematically cleaning and preparing text data for
analysis (Siino et al., 2024). This process begins with a cleaning step, which involves removing
punctuation, special characters, numerical values, common words (stopwords), and emojis
from the review text to eliminate elements that do not contribute to the analysis (Palomino &
Aider, 2022). Next, slang words are normalized to standard forms, ensuring clarity and
consistency in the extracted tokens (Javed & Kamal, 2018). Case folding is applied to convert
all text into lowercase, followed by tokenization, which segments sentences into individual
words. Finally, stemming is conducted to reduce inflected words to their root forms (Anreaja
et al., 2022). These sequential steps produce a clean and uniform dataset optimized for further
analytical processing.
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TF-IDF Transformation
Term Frequency-Inverse Document Frequency (TF-IDF) transformation is implemented
to quantify the importance of words within a document relative to their frequency across the
entire dataset (Cahyani & Patasik, 2021). The formula for TF-IDF is expressed as:
w;j = TF;; X IDF (1)

N
IDF = log (d—f]> (2)
Where w;; denotes the weight of the j — th word in the i — th review, TF;; represents
the frequency of the j — th word in the i — th review, N is the total number of reviews, and
DF; indicates the number of reviews containing the j — th word. This transformation enables
the representation of textual data in a numeric format, facilitating meaningful analysis in
subsequent clustering processes.

K-Means Clustering

K-means clustering is a widely utilized method in data analysis to partition data into
distinct groups based on similarity (Oti et al., 2021). This study applied the K-means algorithm
to analyze user reviews of the online counseling application Bicarakan.id. The process begins
with determining the optimal number of clusters, a critical step to ensure meaningful
segmentation. The EIbow Method was employed for this purpose, which involves running the
K-means algorithm for a range of cluster numbers and plotting the WCSS against the number
of clusters (Al Azies et al., 2024). The optimal number of clusters is identified at the "elbow
point," where the reduction in WCSS begins to level off, signifying the most appropriate
clustering configuration (Naeem & Wumaier, 2018).

The Manhattan Distance Metric was used to calculate the distance between data points
and cluster centroids. Also known as the “city block distance"”, this metric computes the
absolute differences across attributes, offering a robust alternative to Euclidean distance by
being less sensitive to outliers (Amer & Abdalla, 2020). This feature makes it especially
suitable for high-dimensional and sparse text data, where attribute values vary significantly.
The formula for Manhattan distance is expressed as:

dijy =2k=1 |- Ykl 3)

Here, d; ; represents the distance between data points i and j, with i as the cluster centroid
and j as the data point. n denotes the number of attributes or dimensions, while x; and y,, refer
to the k — th attribute values of points x and y, respectively (Faisal & Zamzami, 2020). Once
distances are calculated, each data point is assigned to the cluster with the nearest centroid. The
centroids are then recalculated based on the mean position of all points within each cluster.
This process is repeated iteratively—reassigning points and updating centroids until the
centroids stabilize and no significant changes occur in the clustering (Oti et al., 2021). This
iterative refinement ensures accurate and meaningful groupings, contributing to a robust
dataset analysis.
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Silhouette Index

The Silhouette Index is employed in this study to evaluate the effectiveness of the
clustering results (Shutaywi & Kachouie, 2021). The Silhouette score for a data point (x;),

denoted as s(x;), is calculated using the following formula:
b(x;)—a(x;)
max{b(xy),alx)}

(4)

s(x;) =
In this equation:
1. s(x;): the Silhouette score for the ii-th data point.
2. a(x;): the average distance between the ii-th data point and all other points within the
same cluster.
3. b(x;): the minimum average distance between the ii-th data point and all points in other
clusters.
The Silhouette score ranges from -1 to 1:
a. A positive s(x;) value is achieved when a(x;) < b(x;), indicating that the data point is
well-clustered.
b. The maximum score of s(x;) = 1 occurs when a(x;) = 0, signifying perfect clustering.
c. Negative values are undesirable, as they occur when a(x;) > b(x;), indicating that the
dissimilarity within the cluster is greater than the dissimilarity with points in other
clusters.

The average s(x;) across all points in a cluster represents the average Silhouette width
for that cluster. Similarly, the mean s(x;) across all cluster data points provides the average
Silhouette width for the entire clustering solution. A higher average Silhouette width indicates
better-defined and more cohesive clustering results (Shutaywi & Kachouie, 2021).

Result and Discussion

This chapter presents the process and findings of analyzing user reviews of the
Bicarakan.id application utilizing the K-means clustering method. This approach effectively
categorized reviews into three primary clusters, each representing distinct themes and focal
points. The analytical workflow encompasses several key stages, including text pre-processing,
vectorization, identifying the optimal number of clusters, applying the clustering algorithm,
and interpreting the clustering outcomes.

Before undergoing analysis, the collected data is subjected to a rigorous pre-processing
phase, which involves cleaning, normalizing slang words, converting text to lowercase (case
folding), tokenization, removing common words (stopwords), and stemming. This step ensures
that the text data is transformed into a structured and consistent format suitable for clustering.
A comparative summary of the reviews before and after pre-processing is presented in Table
1, highlighting the transformation of raw text into a more refined and analyzable form.
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Table 1 Text Pre-processing Results

Before Pre-processing

After Pre-processing

Thank you. This application is the best and
coolest == {]

Thank you. This application is the best and
incredible.

Thanks to this application, you don't need to
take your friends far to the mental hospital.

Thanks to this application, you don't need to
take friends to the mental hospital.

This application can reduce crazy people in

our environment (&) /b

This application reduces crazy people in the
environment.

For those of you who feel uneasy and
stressed, all you have to do is stop by this

app; we guarantee it will be beneficial 4

Feeling uneasy and stressed? Don't worry;
visit this application, and you will be helped
by professionals.

Text Transformation and Cluster Determination

Following the pre-processing phase, the data is converted into a TF-IDF matrix, where
each word in the reviews is assigned a weight based on its frequency and uniqueness across the
dataset. This transformation is a critical step in text clustering, as demonstrated in prior research
(Wahyuningsih & Chen, 2024) which emphasizes how text vectorization enhances clustering
accuracy, particularly with the K-means algorithm. The TF-IDF value reflects the significance
of a word in the entire set of reviews; a higher value denotes greater importance, while a value
of zero indicates the absence of the word in a specific review.

Determining the optimal number of clusters is a pivotal aspect of cluster analysis, as it
directly influences the interpretability and quality of the results. An appropriate number of
clusters ensures accurate groupings, where each cluster exhibits internal homogeneity and clear
distinctions from other clusters. This study employs the Elbow Method, a widely used
technique in cluster analysis to identify the optimal number of clusters.

The Elbow Method involves running the K-means algorithm with varying numbers of
clusters and calculating the WCSS for each configuration. For this study, the number of clusters
tested ranges from 1 to 10. The WCSS values obtained for each cluster configuration are plotted
in Figure 2, with the number of clusters on the x-axis and the corresponding WCSS values on
the y-axis. The "elbow point" in the plot indicates the optimal number of clusters, where the
rate of WCSS reduction sharply decreases, signifying an ideal balance between cluster
compactness and separation.

22500 4

20000 4

17500

15000

12500 A

10000 A

Within-cluster Sum of Square (WCSS)

7500 A

5000

T
]
I
1
I
I
1
I
1
I
I
1
I
1
I
I
]
I
]
1
]
]
I
]
I
]
I
1
1
I
I
1
I
I‘
3

T T T T T T T
4 5 6 7 8 9 10
Number of Clusters

T T
1 2

Figure 2. Determining the Optimal Number of Clusters Using the Elbow Method
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Determining the Optimal Number of Clusters

The Elbow Point marks the stage where the reduction in the WCSS begins to plateau
significantly. At this point, increasing the number of clusters yields minimal improvement in
clustering quality. Based on Figure 1, the rate of decline in WCSS noticeably slows after the
third cluster, indicating that three clusters represent the optimal configuration for this dataset.

The sharp drop in WCSS values up to the third cluster suggests meaningful reductions in
within-cluster variability, while additional clusters beyond this point offer diminishing returns.
This conclusion is further supported by the analysis of Silhouette Scores, which provide an
alternative measure of cluster quality. The average Silhouette scores for varying numbers of
clusters are presented in Table 2, offering critical insights into the cohesion and separation of

the clusters formed in this study.
Table 2 Cluster Performance Evaluation Using Silhouette Score

Total Cluster Average Silhouette Score
k=3
0.494
k=4
0.490
k=5
0.422

Silhouette Score Analysis for Different Cluster Configurations

For the configuration with three clusters, the average Silhouette score is approximately
0.494, indicating moderate cohesion and separation among clusters. This score suggests that
most data points are correctly grouped into their respective clusters, though there is room for
improvement in cluster clarity. When the number of clusters increases to four, the average
Silhouette score decreases slightly to 0.490. This marginal decline indicates that the additional
cluster introduces some overlap or ambiguity, slightly reducing the distinctiveness of the
groupings.

For five clusters, the average Silhouette score drops significantly to 0.422, signaling a
noticeable decline in clustering quality. This reduction suggests increased overlap between
clusters and reduced separation, making the groupings less coherent and clear. These findings
indicate that increasing the number of clusters beyond three or four can lead to over-
segmentation, where data points are unnecessarily divided into too many groups. Such over-
segmentation diminishes the overall effectiveness and interpretability of the clustering results.
The following sections provide a detailed discussion of the results and characteristics of each
cluster.

benefit easy E
sisler200d thank-
8;: ‘God pleasec
=1 i ANHreally

Ge Gin book meet friendly
28 “online

appli?é 10N

A counselor
Figure 3. Word Cloud Cluster 1: Overall Positive Reviews of Bicarakan.id Online Counseling Application
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Cluster One: Positive Feedback on User Experience

Cluster one predominantly represents positive feedback from users regarding the
Bicarakan.id application. Users in this group expressed satisfaction and gratitude for the
services provided, emphasizing that the application effectively facilitated the online counseling
process. The experience was described as comfortable and satisfying, aligning with the findings
of Mayer et al (2022), which underscore the critical role of user experience in fostering trust in
online counseling platforms.

Many users highlighted the application’s direct benefits to their mental well-being, such
as reduced stress levels and increased self-confidence following counseling sessions. These
reviews indicate that the application met users' basic expectations for a practical and effective
counseling service.

While some users mentioned minor technical issues, such as logging in or registration
challenges, these concerns were relatively independent of their overall positive perception of
the platform. The simplicity and clarity of the feedback in this cluster suggest that the
application delivered on its promise of ease and effectiveness, providing meaningful support
for users' mental health needs

JE— eaSyf consultatlon

think p p Comfor‘ta@ : frlend

sharcounpse T3 ng
help really

S ER S
counsels mm

psychologist-thank frlendly

Figure 4. Word Cloud Cluster 2: Recommendations from Users of the Bicarakan.id Online Counseling
Application
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Cluster Two: Detailed Feedback and Recommendations

The second cluster contains more detailed feedback, often including personal experiences
and recommendations related to the Bicarakan.id application. Users in this cluster shared
stories about feeling genuinely heard and supported by their counselors, emphasizing how the
sessions provided practical solutions to personal challenges.

Positive assessments were frequently directed at the quality of the counselors and app
features, such as the journaling tool, which users found particularly helpful. However,
alongside these positive comments, some users highlighted issues, such as delays in
appointment confirmations and other technical challenges.

This feedback suggests that while users valued the personalized interaction and support
they received, they also sought improvements in certain areas to enhance their overall
experience. The findings in this cluster align with the research by Fontaine et al (2020), which
highlights that personalization and direct engagement with counselors are critical factors in
boosting user satisfaction and engagement in online counseling platforms. Cluster two
appreciates the application’s core features while calling for refinements to improve service
delivery.
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Figure 5. Word Cloud Cluster 3: Review of Features and Usefulness of Bicarakan.id Online
Counseling Application

Cluster Three: Features and Usability

The third cluster emphasizes feedback centered on the features and usability of the
Bicarakan.id counseling app. Users commended the application's attractive interface design,
ease of use, and specific features, such as the journaling tool, which enhanced their overall
experience. The positive feedback about the app's interface design and ease of use aligns with
established principles of human-computer interaction, where intuitive and aesthetically
pleasing designs enhance user satisfaction (Kheder, 2023). Many users highlighted how it
streamlined the scheduling and execution of counseling sessions, particularly benefiting those
who felt awkward or uncomfortable with in-person counseling.

While the feedback could have been more positive, there were recurring concerns about
registration difficulties and pricing. These issues indicate that, although the application
effectively delivers its core services, improvements in accessibility and affordability could
broaden its appeal. The findings in this cluster are consistent with (Xie et al., 2023), who
emphasize that usability and accessibility are critical factors for the success of digital platforms.
Users in this cluster valued the application's functionality and convenience, providing a more
seamless counseling experience.

Conclusions and Recommendations

The Bicarakan.id online counseling application has received predominantly positive
feedback from users on the Google Play Store. Through the K-Means clustering method, three
distinct feedback clusters were identified. Cluster One, highlighted overall user satisfaction,
with reviews focusing on the positive impact of the application on users' mental well-being.
Cluster Two, contained more specific feedback regarding personal experiences with counselors
and application features, alongside critiques related to appointment scheduling and technical
issues. Cluster Three, focused on the ease of access to mental health services and the user-
friendly application interface, concerns about data privacy and the need for offline consultation
options were noted.

The findings indicate that the application effectively meets users' needs for online
counseling, providing valuable support and a satisfactory experience. Nonetheless, there are
opportunities for improvement in technical and operational aspects to elevate the user
experience further. Suggested improvements include addressing registration challenges to
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enhance accessibility, reducing delays in appointment confirmations to streamline processes,
and reviewing service fees to make the platform more affordable and inclusive.

The results of this analysis also underscore the potential for counselors to adopt online
counseling applications like Bicarakan.id as part of their services. This technology enables
flexible service delivery, particularly for clients or students who face obstacles in accessing
face-to-face counseling.

Critical recommendations for maximizing the effectiveness of online counseling
platforms include training counselors in digital competencies used to optimize their use of the
technology; leveraging features like personal journaling tools for emotional reflection and
progress tracking; and maintaining empathetic and responsive communication, both online and
offline, to foster trust and engagement with users. By addressing the identified areas for
improvement and effectively embracing digital tools, the application and its users can
experience enhanced outcomes, further solidifying the role of technology in modern mental
health support.
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