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Abstract

Large Language Models (LLMs) can analyze large datasets
semantically. However, research on applying LLMs for men-
tal health text classification is relatively new and developing.
Existing methods often use supervised, deep, and reinforce-
ment learning, which rely heavily on fine-tuning and reward
models. To investigate whether LLMs can assist in recom-
mending mental health apps based on user reviews, our study
collected approximately 200k user reviews from 73 mental
health mobile applications. We instructed selected LLMs to
classify individual reviews into 1-5 star ratings, subsequently
averaging these results to derive an overall rating for each app
reflecting current user feedback. While the best supervised
learning method in our experiments achieved an F1-Score
of 0.79 which required significantly more human effort, the
GPT-4 and Gemini 1.5 Pro delivered a strong ‘out-of-the-box’
performance with an overall F1-Score of 0.76. We provide
further statistical comparisons and discussions of the perfor-
mance of these models for the text classification task. Using
a crowdsourcing platform to determine agreement levels, we
observed that human ratings align closely with GPT ratings.
In addition, we analyze specific features and concerns high-
lighted in mental health app reviews. Alongside our analysis,
we make our data available for further experimentation and
benchmarking.

Datasets — https://github.com/Sensify-Lab/MHARD

1 Introduction

According to the WHO!, around 970 million people glob-
ally are affected by mental health conditions. With more
than 10,000 mental health mobile applications (apps) avail-
able, individuals depend on app ratings, user reviews, social
media feedback, and personal recommendations for decision-
making (Schueller et al. 2018).

These apps offer scalable resources for individuals lack-
ing access to traditional care; however, reliable methods are
needed to assess their quality, which should take into ac-
count app ratings and large-scale user reviews (Nguyen et al.
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2024; Schueller et al. 2018; Miner et al. 2016). Large Lan-
guage Models (LLMs) have demonstrated outstanding per-
formance across a wide array of natural language processing
(NLP) tasks, including text classification (Yang, Cao, and
Fan 2024; Sun et al. 2019; Howard and Ruder 2018), sen-
timent analysis (Raffel et al. 2020; Miner et al. 2016), and
language generation (Radford et al. 2019; Yang et al. 2019;
Liu et al. 2019). These models, pre-trained on vast amounts
of text data, exhibit remarkable capabilities in generating
high-quality, human-like text with minimal task-specific fine-
tuning (Brown et al. 2020; Vaswani et al. 2017; Devlin et al.
2018). Recent studies have highlighted LLLMs’ potential to
improve text classification without extensive feature engi-
neering (Sun et al. 2019; Yang et al. 2022; Clark et al. 2020).
This has sparked interest in comparing the efficacy of LLMs
with traditional supervised machine learning (ML) models
in text classification tasks (Howard and Ruder 2018; Arslan
et al. 2021). With the goal of building an app recommenda-
tion system from reviews, we first need to explore whether
LLMs can accurately classify ratings. This context offers a
valuable testbed for evaluation when compared to supervised
ML models. Since the use of LLMs for mental health app re-
view classification is under-explored, we focus on evaluating
“out-of-the-box” LLMs for these reviews, expecting that our
findings will generalize to other online review systems. Our
study addresses the following research questions (RQs):

* RQ1: How does the performance of LLM compare to
supervised machine learning models regarding a text clas-
sification task, specifically for mental health apps?

* RQ2: What is the impact of LLM-generated predictions
on mental health app rankings?

* RQ3: What is the estimated level of agreement between
human rating evaluations and LLM-generated ratings in
app review assessments?

* RQ4: What aspects lead to divergent ratings in mental
health apps?

To address these questions, we collected over 200,000 user
reviews from 73 mental health apps. We utilize three differ-
ent embeddings in combination with five supervised classifi-
cation algorithms along with three additional deep-learning
methods and compare their performance with advanced LLM-
generated ratings. Particularly, we aim to benchmark the per-
formance of GPT (Ouyang et al. 2022), Gemini (Reid et al.
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2024), and Llama (Touvron et al. 2023), in a 5-class classifi-
cation task. Figure 1 illustrates each stage of the process. Our
results indicate that LLMs generally achieve comparable per-
formance. Where discrepancies exist, we engaged Amazon
Mechanical Turk (MTurk) workers to provide human assess-
ments of star ratings and their rationale. We found that over
half of the GPT-4 generated ratings align closely with human
judgments, particularly within the mental health app domain.
This research contributes to understanding the practical im-
plications of deploying LLMs in real-world applications and
highlights their potential to enhance the reliability and effi-
ciency of app recommendation and rating systems, offering
valuable insights that can extend into broader and diverse
domains.

2 Related Work
2.1 Evaluating Mental Health Applications

There are many examples of research that have been con-
ducted to evaluate the use and reliability of applications for
a variety of mental health challenges. Bakker et al. (2016)
conducted a systematic review, stressing the importance of
evidence-based development of mental health apps. Grainger
et al. (2020) emphasized the need for rigorous reporting and
systematic methods in analyzing health app reviews, espe-
cially regarding app store searches and app appraisal for pa-
tient or clinician-focused apps. Chandrasekaran et al. (2025)
highlighted the need for mental health apps to be thoroughly
validated within their intended context to ensure accuracy and
trustworthiness. Others have shown the advantages of recom-
mender systems for mental health apps, such as a reduction
in choice overload and improvement to the digital therapeu-
tic alliance (Kuo and Li 2023; Etemadi et al. 2023; Ricci,
Rokach, and Shapira 2021). Wisniewski et al. (2019) eval-
uated top-rated health apps for mental health and comorbid
conditions. They analyzed their attributes, effectiveness, and
quality of consumer ratings and found a correlation between
update frequency and app quality.

While researchers have analyzed mental health mobile
applications for managing psychological difficulties (Bade-
sha, Wilde, and Dawson 2022) and the perspectives of users
regarding these applications (Nguyen et al. 2024; Funnell
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et al. 2022), the same user feedback can be leveraged to de-
termine ratings and provide app recommendations to users
accordingly. Insights from user reviews have been used in
mental health apps (Alqahtani and Orji 2020), and qualitative
thematic analysis is used to assess user feedback on mental
health apps (Malik, Ambrose, and Sinha 2022). However,
we hypothesize that predicting ratings from user reviews to
generate mental health app recommendations is objective and
might be more reliable.

Several studies (Haque and Rubya 2022; Jo et al. 2023;
Balaskas et al. 2022) have utilized mental health user reviews
to gain insights into the mobile mental health application
ecosystem to understand user needs. However, these stud-
ies have typically collected only a few thousand data points
(number of user reviews n = 4923, 3268, 600, respectively).
In our study, we gathered a much larger dataset (n = 200,973)
to enhance efficiency and significantly expand the depth of
analysis. Specifically, we conduct multi-class classification to
predict user ratings, which can help build a recommendation
system for mental health applications. In addition, leverag-
ing this extensive dataset can yield substantial benefits for
application designers, policymakers, and researchers, similar
to advancements seen in the medical field (Bond et al. 2023;
Aryana, Brewster, and Nocera 2019).

2.2 LLMs for Classification Tasks

Numerous studies have focused on applying traditional NLP
methods and data mining techniques to classify and summa-
rize opinions in various contexts (Alzetta et al. 2024; Yang,
Cao, and Fan 2024). The use of pre-trained transformer-based
models, such as BERT and RoBERTa, has shown promis-
ing results in detection tasks using social media text data
(Tian et al. 2023). Furthermore, self-supervised pre-trained
language models have been proven beneficial for text classifi-
cation tasks, providing a more efficient alternative to training
models from scratch (Myagmar and Li 2019). The versatil-
ity and effectiveness of language models in improving text
classification accuracy and performance have made them
a valuable tool in domains like sentiment analysis, news
article evaluation, and job description classification (Zhao,
Zhang, and Hopfgartner 2021; Skondras, Zervas, and Tz-
imas 2023). Research has also explored the feasibility of



LLMs and GPT models in decision-making (Brin et al. 2023;
Checco et al. 2021). However, challenges such as model in-
terpretability and ethical considerations persist in integrating
these advanced models into decision-making frameworks.
Despite these challenges, the research highlights the transfor-
mative impact of LLMs and GPT models in revolutionizing
decision-making processes and improving predictive capabil-
ities across various domains.

Specifically, LLMs are transforming text classification
tasks by using their extensive training on vast corpora to cat-
egorize and analyze textual data accurately. Understanding
these models facilitates nuanced and context-aware classifi-
cation across various applications, from sentiment analysis to
topic detection (Devlin et al. 2018; Brown et al. 2020). Their
ability to discern intricate patterns in data demonstrates their
pivotal role in improving automation and insight extraction
in numerous sectors. Research on applying LLMs for classi-
fication tasks extends to various applications. Studies have
explored LLMs to predict product reviews (Databricks 2023),
which demonstrates how LLMs can streamline the process
of sifting through vast quantities of user feedback to identify
prevalent themes and sentiments, enhancing decision-making
and responsiveness in customer-centric industries. Liu et al.
(2023) benchmark LL.Ms on recommendation tasks such as
rating predictions focusing on the Beauty category from the
Amazon recommendation dataset. Limited research has ex-
plored user classification tasks based on health app reviews.
A recent review of empirical evaluations of Al-based lan-
guage assessments has highlighted many advantages of using
LLMs to analyze natural language for assessing mental health
instead of relying on traditional rating scales, such as richer
information and a broader range of expression (Kjell, Kjell,
and Schwartz 2024). Our work builds on this foundation
by focusing on LLMs for review classification and rating
estimation, specifically within the context of mental health
applications, aiming to make automated assessments more
accurate and useful in this important area.

2.3 Crowdsourced Labeling and Annotation

Crowdsourcing has become a widely adopted and effective
method for managing labeling and annotation tasks of large
datasets by using the collective intelligence of a large group
of individuals. Researchers have used crowdsourcing for
more efficient and cost-effective labeling purposes, often
using platforms like MTurk to assign tasks from various
labeling-intensive fields such as computer vision and natural
language processing to a large number of workers (MacLean
and Heer 2013; Su, Deng, and Fei-Fei 2012; Borromeo and
Toyama 2015; Snow et al. 2008). However, one of the pri-
mary drawbacks is the potential for low-quality labels due
to the varying levels of expertise among crowd workers (Al-
lahbakhsh et al. 2013). This inconsistency in annotations can
compromise the overall quality of the labeled data and im-
pact the performance of downstream tasks (Sheng, Provost,
and Ipeirotis 2008). Despite these drawbacks, crowdsourcing
remains a popular choice for labeling tasks due to its cost-
effectiveness and scalability (Drutsa et al. 2020; Rodrigues
and Pereira 2018). In our study, we use crowdsourcing to com-
pare the labels generated by models with the labels originally
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provided by app users. This comparison helps us understand
and justify which rating they prefer. By evaluating how well
the models’ labels match up with those from actual users, we
can provide a stronger reason for selecting one app over the
other based on the accuracy and relevance of the labels.

3 Method

We collected user reviews from mental health apps to predict
ratings using supervised and self-supervised models. Figure
1 illustrates an overview of methods used in this study.

3.1 Dataset

In this study, we collected user reviews from mental health
mobile apps (with over 100k downloads) from the Google
Play Store using SerpAPI? tool. To maintain consistency and
privacy, non-English texts (8.16%) were excluded, and per-
sonal information was anonymized during text cleaning, like
replacing the usernames with numbers. The resulting Mental
Health App Reviews Dataset (MHARD) contains 200,973
user ratings and reviews across 73 unique apps, spanning be-
tween March 29, 2011, and July 11, 2023. It also includes ad-
ditional attributes such as the number of likes and responses
from the respective app business owners. The distribution of
user ratings in our dataset is imbalanced, with approximately
60% of the ratings being five stars, 12.5% four stars, 5.5%
three stars, 4.4% two stars, and 17.2% being only one star.
This imbalanced dataset reflects the distribution (known as
the J curve) found in online rating systems (Hu, Pavlou, and
Zhang 2009). To address performance discrepancies across
classes 1-5, we manually created two additional balanced
datasets from the original dataset. Two-star ratings have the
lowest 8,898 reviews. Therefore, our first balanced dataset
(n = 44490) applied random undersampling without replace-
ment. To match the original data size, our second balanced
dataset (n = 200k) used random oversampling with replace-
ment, resulting in 40,000 reviews for each class.

Since these ratings are not linearly scaled, we treat them
as an ordinal categorical variable. Recognizing the ability
of emojis to convey emotions and sentiments, they were
retained in the user reviews. (e.g., “I love the meditation
and the content, but I wish that I didn’t have to pay to get
everything on the app! It’s kind of maddening ” - rated 4 out
of 5). The collection of this dataset captured a broad range of
user reviews, from positive (77.43%) to negative (14.47%),
as determined and annotated by VADER?. To protect privacy,
we de-identified users’ information by converting usernames
into numerical IDs.

3.2 Supervised Machine Learning

For the supervised machine learning approach, our com-
parative analysis focused on three embeddings: FastText
(Bojanowski et al. 2017), all-MiniLM-L12-v2 (Wang et al.
2020), and BERT-Large (Devlin et al. 2018). Data preprocess-
ing, including normalization, tokenization, and removal of
stop words, was autonomously managed by the language

2SerpAPI: https://serpapi.com
*https://pypi.org/project/vaderSentiment/



models. The chosen ML classification algorithms are K-
Nearest Neighbor (KNN) (Peterson 2009), Random Forest
(RF) (Breiman 2001), Decision Tree (DT) (Song and Ying
2015), Support Vector Machine* (SVM) (Hearst et al. 1998),
and Neural Networks (NN) using PyTorch (Subramanian
2018). The selection of these algorithms was guided by their
demonstrated efficacy and varied methodologies in handling
classification tasks (Kowsari et al. 2019). Altogether, we cate-
gorize these 15 combinations of embeddings and classifiers as
traditional machine learning. For instance, the use of BERT-
Large embeddings paired with a neural network architecture.
This hybrid approach enhances flexibility for specific tasks
and can accommodate alternative frameworks such as RNNG.
Furthermore, we include three state-of-the-art deep learn-
ing models in our experiment: direct BERT-Base 3 classifier
(number of parameters = 110M), BERT-Large © classifier(n
= 340M), and RoBERTa-Large (Liu et al. 2019) classifier (n
= 355M).We chose BERT and RoBERTa for classification
tasks due to their strong foundations in the transformer archi-
tecture introduced by (Naseer, Asvial, and Sari 2021). BERT,
developed by Google, is effective in various NLP tasks be-
cause of its bidirectional context understanding. ROBERTa,
developed by Facebook Al, enhances BERT by using a larger
training dataset, training for longer durations, and removing
the next sentence prediction objective, resulting in improved
performance and robustness.

For our evaluation, we measure the Precision (P), Recall
(R), F1-Score (F), and Accuracy (Acc.) of the classification
models (Yacouby and Axman 2020; Chicco and Jurman 2020;
Thabtah et al. 2020; Zhou et al. 2023). We use an 80-20 split
for training and testing. Neural networks have been fine-tuned
to attain acceptable performance. We explored how different
layer configurations affect the classification task performance,
identifying neural networks as optimal due to their flexibility.
Our architecture starts with a fully connected layer to reduce
input dimensionality, followed by a ReLLU activation and a
0.5 dropout rate to prevent overfitting. Similar to the first
sequence, another layer sequence refines feature reduction,
leading to a final linear layer that categorizes inputs into five
classes.

3.3 Large Language Model

We used several leading LLMs offered by the OpenAl’,
Meta® and Google DeepMind®. We initiated our experiment
with GPT-3.5 Instruct (Model: “gpt-3.5-turbo-instruct”), dis-
tinguished by its succinct execution of commands. Subse-
quently, during our experiment, we incorporated the most up-
dated version (as of March 2024) of GPT-3.5 Turbo (“gpt-3.5-
turbo-1025"). For a broader analysis, we employed the ad-
vanced GPT-4 (“gpt-4-0125-preview”), which provides an ex-
panded context window. As part of the benchmarking model
comparison, we included Gemini 1.5 Flash (“gemini-1.5-

*10% of the dataset was utilized due to computational limitations
>https://huggingface.co/google-bert/bert-base-uncased
Shttps://huggingface.co/google-bert/bert-large-uncased
https://openai.com/
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flash”) and Gemini 1.5 Pro (“gemini-1.5-pro”), both recently
updated in September 2024. Additionally, we compared
lightweight Llama 3.1 with 8 billion parameters ( “Llama-3.1-
8B-Instruct” '°) and a more recent Llama 3.3 with 70 billion
parameters ( “Llama-3.3-70B-Instruct” ).

We set the temperature setting to O to control randomness
in order to increase reproducibility in generated outputs. In-
spired by prompt recommendations made by Bsharat, Myrza-
khan, and Shen (2023), we conducted iterative testing with
different Zero-shot (i.e., when no examples are given) prompt
variations on a sample dataset to fine-tune performance for
our specific classification task. For our final predictions and
comparisons, we utilized the following prompt for all selected
LLMs:

Prompt: “You are an Expert APP RATER specializing
in MENTAL HEALTH applications. Your task is to
ACCURATELY CLASSIFY the review into one of the
rating classes where 1 being the lowest and 5 being
the highest. Only return a single number from Classes:
[1, 2, 3,4, 5] {input data}”

This prompt formulation provided clear instructions to the
model for consistent and accurate predictions across differ-
ent instances. We implemented error handling for instances
where GPT did not return a single number. The error rate for
GPT-4 is 0.3% (n = 502), compared to lower GPT-3’s error
rate of 0.1% (n = 191). In our final comparison, the dataset
comprises 200,471 entries.

3.4 Amazon Mechanical Turk

MTurk is a widely used platform for crowdsourcing tasks
that require human intelligence (Sheehan 2018). On this plat-
form, requesters recruit online workers globally to complete
Human Intelligence Tasks (HITs). As a result, MTurk can
be efficiently used to gather labels to create datasets for su-
pervised learning models and other tasks, supporting the de-
velopment of various ML applications. To address our third
research question, we used MTurk to determine which rating
source for a review was most appropriate and investigated
the rationale behind their choice. To accomplish this task, we
presented the MTurk workers with two questions for each
review:

* Q1: Two raters have assigned a star rating (1-5) to a re-
view posted by a user of a mental health application.
Based on your interpretation of the review displayed,
which star rating is the most appropriate?

* Q2: What about the review led you to choose the rating?
(Check all that apply).

For Q2, two researchers manually inspected reviews with
discrepancies between GPT and user ratings, focusing on
common themes and specific issues mentioned. After identi-
fying these themes, we generated a potential list of response
options (see Figure 6). We then created a HIT for workers
to review each discrepancy. The average completion time of
the task was 23 seconds, and workers were compensated

Yhttps://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
"https://huggingface.co/meta-llama/Llama-3.3-70B-Instruct



$0.1 USD for each task completed (equivalent to $15 per
hour). To ensure English proficiency and quality, workers
were required to be based in the US and have a HIT approval
rate of at least 90% to qualify for participation in the task.
Thirty-four unique workers labeled a total of 1,728 discrepan-
cies in predictions between GPT-4 predictions and reviewers’
star ratings.

4 Results

4.1 Individual Review Classification: Supervised
ML Models and LLMs

Table 1 presents an extensive comparison of evaluation met-
rics across various algorithms for supervised learning in the
testing dataset (i.e., 20% of the original dataset). Evaluating
the average performance across traditional ML, classifiers
such as Neural Networks (NN) have the highest average F1-
Score of 0.70, followed by Random Forest (RF) (F1-Score of
0.67), K-Nearest Neighbor (KNN) (F1-Score of 0.67), Sup-
port Vector Machine (SVM) (F1-Score of 0.66). The Decision
Tree (DT) has the lowest performance with an F1-Score of
0.61. The embeddings MiniLLM !? with overall average F1-
Score of 0.65 and BERT-Large'? (F1-Score of 0.65) generally
yielded better results than FastText 14 (F1-Score of 0.61), de-
spite FastText’s advantage of requiring significantly fewer
computational resources. Evaluating the state-of-the-art ML
models, all three deep learning classifiers outperformed tradi-
tional ML models in terms of average F1-Score and overall
accuracy (i.e., 0.8). The RoBERTa classifier archives the high-
est F1-Score of 0.79. However, when examining individual
rating classes, the random forest model showed better per-
formance for classes 2, 3, and 4 in precision. Although these
deep learning models achieve superior performance with ex-
tensive parameter fine-tuning, this process is computationally
intensive.

In addition to the supervised ML models, the performance
of various LLMs is reported in Table 2. The findings re-
veal that all selected full-scale LLM models (e.g. excluding
Gemini 1.5 Flash and Llama 3.1-8B) outperform traditional
supervised models in terms of average F1-Score. GPT-4 and
Gemini 1.5 Pro both achieve an F1-Score of 0.76, which
is comparable to the direct BERT (F1-Score of 0.78) and
RoBERTa (F1-Score of 0.80) models. LLama 3.3 demon-
strates competitive performance with a similar F1 score (0.75)
and has the highest average accuracy of 0.75. During these
experiments, GPT-3.5 Turbo (F1-Score of 0.71), Gemini 1.5
Flash (F1-Score of 0.65), Llama 3.1-8B (F1-Score of 0.61)
were notable for their cost-effectiveness and optimized com-
puting speed. Moreover, Table 2 shows varied performance
across different classes. Specifically, classes 1 and class 5
have higher scores in Precision, Recall, and F1-Score across
most models and embeddings, showing a stronger predictive
performance for these classes. However, classes 2, 3, and 4

12all-MiniLM-L12-v2:https://huggingface.co/sentence-
transformers/all-MiniLM-L12-v2

BBERT-Large-uncased: https://huggingface.co/google-bert/bert-
large-uncased

1*FastText: https:/fasttext.cc/docs/en/supervised-tutorial.html
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Embedding  Classifier | P R F | Acc.
KNN 0.58 0.63 0.60 | 0.63

SVM 0.63 0.73 0.66 | 0.73

FasText RF 073 0.69 0.61 | 0.69
NN 0.67 0.59 0.62 | 0.59

DT 056 0.55 056 | 0.55

KNN 0.65 0.72 0.67 | 0.72

SVM 0.67 0.74 0.66 | 0.74

MiniLM RF 0.75 0.73 0.65 | 0.73
NN 0.70 0.66 0.68 | 0.66

DT 0.60 0.60 0.60 | 0.60

KNN 059 0.66 0.62 | 0.66

SVM 065 0.73 065 | 0.73

BERT-Large RF 0.73  0.74 0.67 | 0.74
NN 0.73 0.67 0.70 | 0.67

DT 0.61 0.60 0.61 | 0.61

BERT (Base) 0.76 0.80 0.77 | 0.80
BERT (Large) 0.77 0.80 0.78 | 0.80
RoBERTa 0.78 0.80 0.79 | 0.80

Table 1: Performance comparison of traditional machine
learning and deep learning models, measured by Precision
(P), Recall (R), F1-Score (F), and Accuracy (Acc.). Bolded
numbers indicate the highest values in each category.

exhibit significantly lower scores for the same metrics, sug-
gesting that all models struggle with accurately classifying
instances from these categories. This pattern is consistent
across the supervised ML models. Figure 2 displays a similar
trend of variability in the performance of predicted ratings
for the best-performing supervised learning model, BERT-
Large with Neural Networks, alongside GPT-4. The majority
of user ratings of 5 were misclassified as 4, and most of the
user ratings of 1 were misclassified as 2 in both predictions.
To further evaluate prediction on minority classes, we cre-
ated two additional balanced datasets and presented results
in Section 4.3.

4.2 Aggregated App Ratings: Performance
Comparison

The integration of BERT-Large with a neural network clas-
sifier resulted in the top F1-Score (0.70) among the tradi-
tional supervised ML models. For self-supervised learning,
the GPT-4 model achieved an F1-Score of 0.76 and the high-
est overall accuracy of 0.75, demonstrating superior perfor-
mance. Thus, we selected these optimal performance models
for comparative analysis at the aggregated app level, mean-
ing we evaluated the models based on their performance,
focusing on individual app instances. Figure 3 illustrates the
distributions of precision and F1-Scores for each app for both
models. GPT-4 demonstrates superior performance over the
supervised learning model, with higher mean values in both
distributions. These difference were statistically significant
in Recall (t = —6.66, p < .001), Precision (t = —4.28,
p < .001), and F1-Score (t = —5.48, p < .001). Therefore,
this indicates that the GPT-4 model, on average, tends to
predict with greater balanced accuracy.



Model | Class | P R F | Acc.
1 0.86 0.71 0.78
2 0.27 055 0.36
GPT-3.5 Instruct 3 032 041 0.36
4 033 054 041
5 093 0.76 0.84
Avg 078 0.69 0.72 | 0.69
1 090 0.56 0.69
2 023 0.69 0.35
GPT-3.5 Turbo 3 030 0.34 0.32
4 032 052 040
5 092 0.76 0.83
Avg 0.78 0.67 0.71 | 0.67
1 0.87 072 0.79
2 028 0.60 0.38
GPT-4 3 030 041 034
4 045 039 042
5 092 0.88 0.90
Avg | 079 0.75 0.76 | 0.75
1 0.76  0.85 0.80
2 026 044 033
Gemini 1.5 Flash 3 020 025 0.22
4 027 0.62 0.38
5 095 0.60 0.73
Avg | 0.76 0.62 0.65 | 0.62
1 0.82 0.83 0.83
2 034 037 0.36
Gemini 1.5 Pro 3 0.34 045 0.39
4 0.38 0.56 0.46
5 093 0.81 0.86
Avg | 079 0.74 0.76 | 0.74
1 093 0.08 0.14
2 0.13 021 0.16
Llama 3.1 (8B) 3 0.19 0.60 0.29
4 036 045 040
5 085 0.82 0.84
Avg | 074 0.61 0.61 | 0.61
1 0.79 0.87 0.83
2 029 040 034
Llama 3.3 (70B) 3 035 024 0.28
4 039 054 045
5 092 0.82 0.87
Avg | 077 075 0.75 | 0.75

Table 2: Comparison of different LLMs (self-supervised
learning) with Precision (P), Recall (R), F1-Score (F) and
Accuracy (Acc.) Bold numbers represent the highest values
across each model for their respective evaluations within each
class.

To address RQ2 and consider the influence on average nu-
merical app ratings, we treat ratings as numerical values for
each mental health app and determine the mean for both user
ratings and model-generated predictions. Figure 4 demon-
strates a strong correlation between the predicted ratings
and the actual average app ratings, as indicated by the high
R-squared values for both supervised and self-supervised
models. GPT model’s performance reflects marginally higher
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Figure 2: Confusion matrix of user ratings versus supervised
learning: BERT-Large with Neural Networks (top) and GPT-
4 (bottom).

R-squared and lower RMSE, with a slightly better accuracy
in prediction. In examining the top 10 apps ranked by the
users, GPT-4 average predictions successfully identified 8
of these apps (Gratitude, Moodpress, Intellect, Breath Ball,
Healthy Minds, Dare, Mood Tracker, Daylio Journal). From
the original top 10 rankings, the Voidpet Garden appeared
at No.20 and Finch at No.14 by GPT-4. Conversely, GPT-4
included the Voice and Stop Panic apps within its top 10.

4.3 Performance on Balanced Datasets

Similar to Ishikawa, Yakoh, and Urushihara (2022); Ahmed
and Ghabayen (2022); Shaikh et al. (2021), further evaluat-
ing the imbalance in our dataset would provide additional
observations about model behavior. Thus, we conducted ex-
periments on two additional crafted balanced datasets using
the hybrid BERT-NN model, GPT-4, and the direct BERT-
Large classifier. The results are presented in Table 3. When
classes were uniformly distributed, we observed consistent
performance patterns compared to the original unbalanced
dataset for GPT-4 and hybrid BERT-NN. Conversely, the
BERT classifier (Avg F1-0.77) outperforms GPT-4 (F1-0.59)
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Figure 3: Distributions of Precision (top) and F1 Scores (bot-
tom) across 73 apps. The Precision from GPT had higher
values (M = 0.78, SD = 0.06) than the supervised model
(M = 0.73, SD = 0.07). The F1-Score from GPT had
higher values (M = 0.76, SD = 0.07) than the supervised
model (M = 0.69, SD = 0.07).

D1 (n=44k) D2 (n=200k)
Class Hybrid GPT-4 BERT Hybrid GPT-4 BERT
1 064 071 067 064 070  0.84
2 042 054 052 042 054 081
3 037 045 046 038 045 077
4 040 049 051 041 049  0.67
5 069 076 068 070 076 077
Avg 051 059 057 051 059 077

Table 3: Comparison of F1-scores in two balanced datasets.
The hybrid model uses BERT-Large with neural networks,
while BERT refers to the direct BERT-Large classifier. Bold
numbers represent the highest values for each model within
each dataset for each class.

in the second balanced dataset due to the increased number
of samples for classes 2-4, allowing BERT to train more
effectively (i.e. Class-2 F1-0.81)

4.4 MTurk Study Findings

Our study aimed to assess the alignment between LLM pre-
dictions and human evaluations. We identified 49,757 in-
stances where GPT-4’s predicted ratings diverged from user
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Figure 4: Correlation between actual user and predicted app
ratings using supervised (top) and GPT-4 models (bottom).

ratings. To further investigate, we randomly selected 1,728
of these reviews and asked human annotators on MTurk to
determine the most appropriate rating. The results indicate a
substantial alignment with GPT ratings over the original user
ratings. Specifically, MTurk workers agreed to approve 1050
(60.76%) reviews to match the ratings generated by GPT.
88 (5.09%) reviews were undecided, tagging them as “nei-
ther.” Meanwhile, only 588 (34.03%) reviews were distinctly
tagged with the original user rating. Moreover, responses in
which individuals disagreed with the GPT rating were more
likely to be evaluated as “neither agreeing nor disagreeing”
in subsequent assessments (Figure 5). The majority of MTurk
workers believe there is an overwhelming positive benefit.
Figure 6 illustrates all rationales behind the choices made by
MTurk workers participants.

4.5 Thematic Analysis of App Reviews

Overall, while GPT provides a balanced view. To address
our fourth research question, we manually analyzed selected
reviews (n=529) with discrepancies between GPT-generated
ratings and actual app store ratings. Users expressing dissatis-
faction, like in reviews stating, “Says free, Asks for payment
ASAP, Avoid, A scam” or “I’ve sent three emails, no response”
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Figure 5: Ratings agreement distribution with human evalua-
tion.

drove the lower GPT rating. Additionally, reviews containing
unclear, contradictory, or irrelevant content also contributed
to the rating misalignment.

GPT assigned a lower rating with decreases ranging from
1 to 4 stars in 296 cases (56%). This tendency may be due
to GPT focusing on minor issues or critiques mentioned in
the reviews, such as syncing problems, premium features,
and functionality tweaks. While this feedback highlights the
app’s usefulness, it also points out limitations that prevent
a perfect score, aligning generally with MTurk ratings. For
example, one review stated, “I use this every night and do
look back at it whenever I'm asked how my mental health
has been. Great for tracking the basics.” This captures basic
sentiment and minor drawbacks that may not justify a 5-star
rating. Similarly, another review noted, “I like that one of
the accessory options is hearing aids. I've never seen that in
any game before...I LOVE that representation* although the
user desired additional features without cost. Most users still
find the app highly useful, especially for managing anxiety
or depression, and they value the free content even if some
features require payment. They might also have lower expec-
tations from an app compared to a therapist, which affects
their valuation of the app despite its imperfections. Many
users who gave 5-star ratings highlighted its positive features
but experienced issues affecting their overall satisfaction. For
instance, one user mentioned, “This is a great app for using
CBT techniques for self. Although it’s not like talking to a
real person, give it a chance.”

On the other hand, GPT gave higher ratings than the origi-
nal in 232 cases (44 %), with increments of only 1 or 2 stars.
This suggests GPT tends to be more optimistic. For example,
one review stated, “Well, this app gives a new type of expe-
rience. I found this app to have a positive impact on my life.”
While the user rated the app 4 stars, GPT assigned it 5 stars,
which aligns with MTurkers’ evaluations. This indicates that
users who leave highly positive reviews may rate conserva-
tively (4 stars), while GPT more optimistic approach leads to
higher ratings. In cases where MTurkers aligned with GPT
with more moderate 2-star ratings compared to the original
1-star reviews, users expressed mixed feedback. While some
appreciated features like meditation, many were frustrated by
technical issues, data loss, and inadequate support. Common
sources of disappointment included changes in the payment
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structure, with previously free content now locked behind
paywalls, repetitive meditations, limited accessibility, and a
lack of emotional logging options. Additional frustrations in-
cluded streak resets and missing playlist controls. For reviews
with original 3-star ratings, GPT often interpreted them as
more positive, assigning 4- or 5-star ratings. In these cases (n
= 12), users highlighted the app’s insightful features for self-
understanding, mood tracking, and goal-setting. However,
they also noted drawbacks such as spelling errors, unclear
session guidelines, and the need for additional features like
voice recording and customized affirmations. Users acknowl-
edged the clean UX design but expressed a desire for greater
affordability and expanded health insurance coverage.

5 Discussion

Community participation has shown increasing effectiveness
in supporting individuals with mental health disorders (Saha
and Sharma 2020). Our work explores new approaches and
attempts to assist users in selecting mental health apps based
on ratings. To achieve this, we framed four key RQs and
discussed how we answered each of our RQs based on our
analysis and the results obtained.

To address RQ1, our findings indicate that both LLM and
supervised machine learning techniques can effectively clas-
sify user feedback. As discussed in Section 4.1, the overall
F1-Score of 0.76 achieved by the GPT-4 model and Gemini
1.5 Pro is particularly noteworthy due to the inherent ad-
vantages of self-supervised learning methods, which require
significantly less human effort than supervised approaches.
Similarly, Llama 3.3 also achieves comparable performance.
On the other hand, with smaller-sized LLMs, Gemini 1.5
Flash delivers low latency and cost optimization, though it
demonstrated lower performance compared to Gemini 1.5 Pro
in our experiments and other benchmark tasks (Team et al.



2024). The “out-of-the-box” performance of these LLMs
demonstrates the potential for effective text classification
tasks without the need for extensive labeled datasets. This
capability reduces the labor-intensive process of manual label-
ing (Yang, Cao, and Fan 2024). Meanwhile, the combination
of the BERT-Large and Neural Network achieved an opti-
mal balance of precision and recall. We found that GPT-4
and GPT-3.5 Instruct were superior to GPT-3.5 Turbo. How-
ever, GPT-3.5 Instruct is a cost-effective choice for resource-
limited projects. Despite the high accuracy, less than 1% of
GPT requests returned unexpected results. These included
bracketed numbers, lengthy explanations, or error messages.
Furthermore, we encountered challenges with rate limitations
and the extensive time required to process over 200k requests.

To address RQ2, we aggregated GPT-4 prediction at
the app level and found a significant correlation between
GPT-generated average ratings and original user evaluations,
closely aligning with App Store overall rankings, as discussed
in Section 4.2. This suggests that LLMs are potentially suit-
able for assessing app quality via large text corpora.

Investigating RQ3 with a human study, we found GPT pre-
dictions align closely with MTurk evaluations, which could
provide a reliable measurement that captures user sentiments
effectively and with less subjectivity. However, GPT tends
to assign lower scores to reviews affected by bots, spam, or
mixed feedback, where users share both positive and negative
comments or leave random text and emojis. Such reviews,
despite originally receiving higher star ratings, often raise
issues like technical glitches or frequent changes in app per-
missions. The alignment between LLM classifications and
MTurk feedback across diverse review sentiments demon-
strates potential applicability to broader platforms, including
user-generated reviews on Google Maps and Amazon product
reviews. This highlights the potential of LLMs in analyzing
user reviews and underscores the necessity for enhancements
in scalability and performance.

Answering our RQ4, rating discrepancies in mental health
apps arise primarily due to differences in how users and GPT
prioritize praise and criticism within reviews. As mentioned
in Section 4.5, users often balance their high ratings with crit-
ical feedback, such as expressing satisfaction with an app’s
features while simultaneously wishing for more free options.
In such cases, GPT tends to focus on the critiques, leading to
lower ratings than users initially provided. This discrepancy
occurs especially when reviews contain mixed sentiments,
where the overall tone may be positive but includes notable
drawbacks. GPT tends to emphasize these negative aspects
more heavily, resulting in divergent ratings. Furthermore,
when reviews highlight minor flaws alongside otherwise pos-
itive feedback, GPT often overweight the critical points, di-
verging from user ratings that may have downplayed these
issues in their final assessment.

Finally, our dataset contribution will be highly valuable to
the community, similar to (Singh et al. 2022), in response to
the need for large-scale, well-labeled mental health datasets
with fast reproducible methods to facilitate their heuristic
growth. Our work highlights the broader implications of us-
ing Al-driven systems, like GPT, to evaluate mental health
apps, where accurate interpretation of user feedback is crucial
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for app adoption and trust. One could argue that Al might be
more objective than individuals in rating systems, especially
if rating scores are crucial for recommendations. Our work
has implications for understanding how Al systems interpret
user feedback. Specifically,as it suggests how Al-mediated
rating systems might shape online communities’ perceptions
and decisions regarding widely used digital apps, platforms,
and services.

5.1 Limitation & Future Work

Our exploration into various Zero-shot prompting designs
revealed that shorter and more straightforward prompts yield
greater effectiveness compared to those that are longer and
more intricate. While we maintained a consistent optimal
prompt across all LLM models, future work could explore the
use of different GPT prompting (e.g. Few-Shot) for further
improvement.

Since the majority of user reviews (91.84%) in our dataset
are in English, we included only English reviews to maintain
controlled conditions and ensure a fair comparison. However,
future work could explore incorporating multilingual reviews
using multilingual supported BERT model and LLMs to gain
deeper insights into each mental health app by language.
Additionally, user ratings over time could be examined using
a longitudinal approach, analyzing the running average of
each app rating and comparing it with model effectiveness.

In addition, we acknowledge that LLMs have been pre-
trained on vast amounts of data, which may include con-
tent similar to the review data collected in this study. Con-
sequently, we recognize that fine-tuned supervised models
could potentially outperform LLLMs in certain scenarios, par-
ticularly when substantial resources are available for fine-
tuning. Nevertheless, the primary objective of this study is to
demonstrate the feasibility and practicality of utilizing “out-
of-the-box” LLMs for review classification and app rating
analysis. Our findings underscore the competitive perfor-
mance of LLMs and their potential to streamline classifica-
tion tasks in resource-constrained environments. Moreover,
integrating LLM-generated explanations for each prediction
could improve interpretability and transparency. While this
study focuses on LLMs in the context of mental health app
reviews, its implications extend to other domains, such as
product, service, and platform reviews that lack explicit rat-
ing scales, relying solely on textual content for evaluation.
Additionally, as mentioned in the survey paper (Hadi et al.
2023), this approach could also be applied to news articles,
sports, and entertainment applications.

6 Conclusion

Our research demonstrates the effectiveness of LLMs in
multi-class classification across large datasets. The GPT-4,
Gemini 1.5 Pro, and Llama 3.3 had noteworthy performance
in categorizing user reviews into ratings, with a compara-
ble performance of state-of-the-art supervised learning tech-
niques. Our results highlight the efficiency of LLMs in pro-
cessing and understanding user feedback, eliminating the
complexities of fine-tuning and reward dependencies. We
provide recommendations for future mental health app de-
velopment, emphasizing improved accessibility, enhanced



customer support, and other key features. Furthermore, we
discovered that most crowdsourced workers concurred more
with the GPT-4-derived ratings than the original user ratings.
We foresee such methodologies contributing to the devel-
opment of app recommendation systems that improve user
decision-making. The potential for applying these approaches
extends to various review contexts, such as those on enter-
tainment and online retail. To encourage further research in
this area, we have made our MHARD dataset available at
https://github.com/Sensify-Lab/MHARD.git
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