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Abstract

This paper explores various prompting techniques and
database structures in the context of GPT-based models to
extract and evaluate insights from mental health counseling
reviews. We develop a pipeline that processes raw data, ap-
plies different configurations of GPT prompting (including
different batch sizes, with and without examples and expla-
nations), and compares GPT-derived ratings with a manually
established ground truth. Through systematic experimenta-
tion, we assess the accuracy of each prompting approach, and
our findings highlight the impact of data processing and batch
prompting configurations on model accuracy. Our results pro-
vide guidance for leveraging large language models in struc-
tured, sensitive data contexts such as mental health review
analysis.

Introduction
The widespread adoption of online mental health counseling
has led to an increasing volume of publicly available feed-
back, such as reviews on platforms like Google. These re-
views provide valuable insights into user experiences, satis-
faction, and the perceived quality of care offered by mental
health services. However, given the unstructured nature of
this feedback, extracting structured, actionable insights from
these reviews is challenging. Manually analyzing such a
large dataset for attributes like Friendliness, General Rating,
Flexibility, Ease, and Affordability is labor-intensive, prone
to bias, and lacks scalability. As such, there is growing in-
terest in employing natural language processing (NLP) tech-
niques, specifically large language models like GPT (Gener-
ative Pre-trained Transformer), to interpret and summarize
these reviews.

Recent advancements in generative models, particularly
the GPT family, have shown promising capabilities in var-
ious NLP tasks, including summarization, sentiment anal-
ysis, and question answering. With refined prompt engi-
neering, GPT-based models can generate structured insights
from unstructured text data, making them valuable tools for
domains where data exists in text-heavy formats. In the con-
text of mental health counseling reviews, where subtle nu-
ances and complex themes are common, prompt engineer-
ing enables these models to capture specific aspects of user
feedback accurately. However, significant challenges remain
in ensuring that the insights generated are both accurate and

reliable, as GPT’s responses can vary widely depending on
how it is prompted.

Prompt engineering has emerged as a critical technique
to improve the performance and reliability of large lan-
guage models. Prompting refers to the strategic formu-
lation of input questions or instructions to guide models
in generating accurate and contextually relevant responses.
Studies have demonstrated that different prompt configu-
rations—such as phrasing, context length, or using exam-
ples—can significantly influence the model’s output (Brown
2020). In sensitive domains like mental health, where accu-
racy is paramount, the choice of prompt design can impact
the quality and interpretability of insights derived from user-
generated data. Thus, this project explores various prompt-
ing strategies, including single vs. batch prompting, and
methods that involve additional contextual examples or ex-
planations, to enhance the model’s ability to generate accu-
rate and interpretable insights.

Additionally, data preprocessing plays a crucial role in
determining the quality of insights derived from language
models. Raw review data, especially from open-source plat-
forms like Google, often contains noise, spelling variations,
and informal language, which may hinder the model’s ability
to consistently interpret the data. Cleaning and processing
the data before feeding it into GPT can potentially improve
model performance by removing irrelevant or misleading
information. This study assesses the impact of data pre-
processing by comparing the model’s performance on raw
versus cleaned review data across various prompting tech-
niques.

The project aims to determine the optimal prompting
technique and data configuration to achieve high alignment
with a manually established ground truth. By establish-
ing a ground truth, this study provides a baseline against
which different prompting and data processing strategies can
be measured. We systematically compare single and batch
prompting, as well as batch prompting with examples and
explanations, for both raw and cleaned data. Specifically, the
project evaluates the accuracy of these strategies by compar-
ing GPT’s ratings on six attributes—Ranking, Friendliness,
General Rating, Flexibility, Ease, and Affordability—with
human-assigned scores.

Our findings contribute to the broader field of AI-driven
mental health analysis by identifying prompt engineering



techniques that enhance the interpretability and accuracy of
language models in structured review analysis. This study
also sheds light on the role of data preprocessing and the im-
pact of structured versus unstructured data formats on model
performance. Ultimately, the goal is to create a methodolog-
ical framework for applying GPT-based models to mental
health review analysis in a way that maximizes interpretabil-
ity, accuracy, and reliability.

To answer whether GPT models, when effectively
prompted, produce structured, attribute-based insights that
align closely with human-derived ground truths, we address
the following research questions:
1. How does prompt configuration (e.g., single versus

batch, optimum batch size, with or without examples and
explanations) affect the accuracy of GPT-generated rat-
ings for mental health counseling reviews?

2. What is the impact of data preprocessing on the model’s
performance, and does cleaned data consistently lead to
more accurate and reliable insights than raw data?

This paper will discuss the methodology and results in
detail, demonstrating how prompt engineering and data han-
dling can refine GPT’s analysis capabilities in the context
of mental health counseling reviews. The results are ex-
pected to provide actionable insights into the best practices
for leveraging large language models in fields where inter-
pretive accuracy is essential.

Related Work
The use of large language models (LLMs), particularly gen-
erative models like GPT-3 and GPT-4, has significantly ad-
vanced natural language processing applications in inter-
preting and analyzing unstructured data across a wide range
of domains, including sentiment analysis (Liu 2017), opin-
ion mining (Cambria et al. 2020), and health informatics
(Shickel et al. 2018). These studies highlight the potential
for LLMs to automate qualitative analysis in sensitive do-
mains; however, the accuracy and reliability of these insights
depend heavily on prompt engineering, data structure, and
model configuration.

Prompt engineering, the process of crafting inputs to
guide model outputs, is essential for improving model ac-
curacy and relevance. As noted by (Brown 2020), prompt
structure—including phrasing, examples, and contextual
length—significantly influences model output, impacting
the consistency and reliability of responses. This impact is
especially notable in healthcare contexts where interpreta-
tive precision is critical. Our study builds on this foundation
by experimenting with various prompt configurations, such
as single, batch, and example-enhanced prompts, to deter-
mine the optimal approach for structured analysis of mental
health reviews.

Additionally, the evolving capabilities of LLMs in knowl-
edge retention and retrieval present both opportunities and
challenges in handling complex, knowledge-intensive tasks.
Large pre-trained models like GPT-3 and GPT-4 store ex-
tensive factual knowledge within their parameters (Min
et al. 2023; Li et al. 2024). However, their ability to re-
trieve and manipulate stored information accurately remains

limited, as demonstrated in tasks requiring precise informa-
tion retrieval and provenance tracking (Lewis et al. 2020;
Petroni et al. 2020). This limitation has motivated the devel-
opment of Retrieval-Augmented Generation (RAG) frame-
works, which combine parametric memory (from language
models) with non-parametric memory (retrieved knowledge)
to improve factual accuracy and context relevance (Lewis
et al. 2020). The RAG model architecture has demonstrated
particular promise in healthcare by supporting tasks requir-
ing reliable information retrieval, offering a mechanism for
LLMs to access and integrate external structured data dy-
namically.

In line with the RAG approach, recent advancements in
database-interactive NLP systems have shown that combin-
ing LLMs with retrieval mechanisms allows for enhanced
information synthesis in both structured and semi-structured
contexts (Karpukhin et al. 2020). By enabling dynamic
querying of databases, RAG models facilitate more pre-
cise question-answering in knowledge-dense fields, allow-
ing for accurate, contextually aware responses. This hybrid
approach has been successfully applied in service review
analysis, where LLMs can retrieve and synthesize struc-
tured information for contextually relevant output. For ex-
ample, LLM-based database interaction frameworks have
demonstrated improved performance in healthcare-specific
question-answering, where LLMs are augmented with rela-
tional or NoSQL databases to generate responses that align
with real-world clinical contexts (Karpukhin et al. 2020).

Our project leverages these insights by implementing
a retrieval-augmented strategy that integrates GPT-based
models with multiple prompting strategies. This setup, akin
to the RAG framework, allows our model to retrieve struc-
tured and semi-structured data dynamically, thereby enhanc-
ing accuracy and relevance in analyzing mental health re-
views.

Insights using GPT
Figure 1 illustrates the flow of our work. Our objective is to
test different prompting strategies to figure out which strat-
egy returns the most accurate responses. The figure outlines
the workflow, starting from data collection and preprocess-
ing, to the evaluation of GPT outputs using varied prompt-
ing strategies. This workflow highlights the step-by-step
methodology we employed to assess the impact of prompts
on data analysis accuracy and consistency.

We collect the data from publicly available Google re-
views, then we clean this data. We next evaluate ground truth
manually for several attributes, which we discuss in details
in the following sections. We then subject both our raw data
and cleaned data to several prompting strategies, calculating
the accuracy for each, concluding which prompting strategy
performs the best in our scenario.

Data set generation
We begin by collecting raw data, consisting of comments
from Google reviews on five mental health centers in Birm-
ingham, Alabama. The data contains the name of the com-
menter, the year the comment was posted, the rating out of 5,



Figure 1: Flow Diagram

and the body of the comment. This data is stored in separate
CSV files, one file for each health center.

Next, we establish our ground truth. We manually evalu-
ate the comments, giving each a score from 0 to 5 on Rank-
ing, Friendliness, General Rating, Flexibility, Ease, and Af-
fordability, 1 being lowest and 5 being highest. We give a 0
when the attribute cannot be evaluated from the comment.

Next, we clean and preprocess the dataset of mental health
counseling reviews for subsequent analysis. We perform text
normalization tasks, such as removing special characters,
fixing spelling errors, and standardizing formatting. The
cleaned data is stored in a folder for downstream process-
ing, enabling comparative analyses of model performance
on unprocessed vs. processed data.

Prompting strategies
We consider the following prompting strategies.

1. Batch Prompting: After preprocessing, both raw and
processed comments are grouped into batches of sizes
1, 10, 25, 50, and 100 and are prompted consecutively.
The resultant scores are collected and saved, which are
then aggregated to get the overall average scores for each
prompting type.

2. Prompt With Examples: Prompts include three anno-
tated examples, providing the model with context on
how to rate comments. Similar to the previous scenario,
both raw and processed comments are prompted con-
secutively. The resultant scores are collected and saved,
which are then aggregated to get the overall average
scores for each prompting type. The table 1 is an ex-
ample provided along with the prompt for this strategy.

3. Prompt With Explanations: The model is instructed to
provide an explanation for its ratings, adding interpretive
value to the outputs. Again similar to the previous sce-
narios, both raw and processed comments are prompted
consecutively and the resultant scores collected, saved,
and aggregated to get the overall average scores for each
prompting type. The following is an example provided
along with the prompt for this strategy.

The table 2 is an explanation returned by GPT along with
the response for this strategy.

Exploring these prompting strategies allows us to system-
atically evaluate the performance of GPT in diverse real-
world scenarios and assess how prompt design impacts the
quality of model outputs. The ”One At A Time” and ”Batch
Prompting” approaches provide a baseline to measure com-
putational efficiency and consistency, while advanced tech-
niques like ”Prompting with Examples” and ”Prompting
with Explanations” add layers of contextual understand-
ing and interpretability. Including annotated examples in
the prompt has been shown to guide the model in align-
ing outputs more closely with the desired structure and scor-
ing criteria, as demonstrated by (Brown 2020).” Similarly,
prompting with explanations enhances trustworthiness and
transparency in model decisions, aligning with insights from
(Ribeiro, Singh, and Guestrin 2016).

Evaluation Results
Ground Truth
To establish a reliable ground truth, we manually reviewed
and validated the collected data from five counseling cen-
ters in Birmingham, Alabama. This ground truth dataset was
used to evaluate the accuracy of scores assigned to user com-
ments by the LLM for different loading prompts. The accu-
racy represents how closely the LLM-generated aggregate
scores match the manually established ground truth.

The accuracy for the prompts is computed using the fol-
lowing formula:

Accuracy =
Number of Correct Predictions

Total Predictions

Batch Sizes
To evaluate the effect of batch sizes, we experimented with
batches of 1, 10, 25, 50, and 100 comments. Our findings in-
dicate that smaller batch sizes, particularly those below 10,
yield lower accuracy. This decrease in accuracy may be at-
tributed to the limited context provided by smaller batches,



LLM Prompt with Example Explanation
Alabama Psychiatry and Counseling, Mellanie
Herard, 4, 2024, love Dr. Whitt. 5 stars rating
solely based on appointment having future ap-
pointments Dr. Rabbani.

For the above comment, we can give it a Ranking
of 5, Friendliness of 4, Rating of 4, Flexibility of
4, Ease of 4, Affordability of 0, since the comment
doesn’t mention anything about affordability.

We provide an example comment and tell the LLM
how to score it.

Table 1: Example Prompt Strategy

LLM Response with Explanation Explanation
Red Peter Panda,
2.0,The client had technical issues with the online
portal system.,
2.0,The client faced issues with the portal system.,
0.0,No explanation provided,
2.0,The client had issues with scheduling and can-
celing appointments.,
2.0,The client faced difficulties using the online
portal system.,
2.0,No mention of affordability.

When we ask the LLM to provide us with an expla-
nation as well of its scoring, it provides us details
of its scoring reasons.

Table 2: Explanation Prompt Strategy

as some comments are very short and lack sufficient infor-
mation to derive accurate scores. Additionally, the compu-
tational overhead grows linearly with batch size, as the time
required for processing each comment averages 0.5 seconds.

Figure 2 illustrates the accuracy for different batch sizes,
demonstrating that larger batch sizes generally perform bet-
ter. However, the trade-off between accuracy and processing
time should be considered, especially for real-time applica-
tions. Larger batch sizes might also introduce more noise
and could make the model more biased and prone to hallu-
cination.

Figure 2: Accuracy Plot for Prompts with Different Batch
Sizes

Prompting Strategies
We extended our evaluation to assess two advanced prompt-
ing strategies:

1. Providing the LLM with a few examples of how com-
ments should be rated:

(a) Raw comments with examples
(b) Processed comments with examples

2. Requesting the LLM to provide explanations for the as-
signed ratings:

(a) Raw comments with explanations
(b) Processed comments with explanations

The results are presented in Figure 3. We observed that
including examples in the prompts improved accuracy, as
it provided the LLM with a clearer understanding of the
expected output. Accuracy further increased when explana-
tions were requested likely because providing explanations
forces the model to consider its reasoning process more care-
fully. This extra layer of reasoning may help the model make
more thoughtful and precise predictions, especially when the
scoring criteria are nuanced or context-dependent.

Interestingly, the batch prompting strategy with explana-
tions for raw, unprocessed data performed better than for
processed data. We speculate that this could be due to sen-
timent analysis being more effectively conducted on unpro-
cessed data, which retains its original emotional and con-
textual nuances. However, this remains a hypothesis, as our
work is preliminary. A larger dataset is required for a more
robust evaluation of these observations.



Figure 3: Accuracy Plot for Types of Batch Prompting

Query Runtime Performance
To further analyze the efficiency of different prompting
strategies, we measured the average response time per query
in multiple configurations. The runtime is influenced by fac-
tors such as batch size, the complexity of prompts (e.g., ex-
amples or explanations), and the inherent processing speed
of the model.

Tables 3 and 4 present the average query response time
for each prompting strategy, measured over the five datasets.
The results indicate that batch processing significantly re-
duces per-query latency, with diminishing returns as batch
size increases. Notably, batch sizes of 25 and 50 achieve
optimal balance between efficiency and response time sta-
bility. Additionally, prompting with examples slightly in-
creases the response time due to additional input context,
while prompting with explanations incurs the highest com-
putational cost due to the model’s extended reasoning and
text generation requirements.

These findings suggest that selecting an appropriate batch
size and prompt type is crucial for optimizing response time
while maintaining accuracy in structured insight generation
from mental health reviews.

Prompting Strategy Avg. Query Time
(sec)

Single Prompting 0.56
Batch Prompting (10) 0.56
Batch Prompting (25) 0.49
Batch Prompting (50) 0.50
Batch Prompting (100) 0.50
Prompting with Examples 0.51
Prompting with Explanations 0.90

Table 3: Unprocessed Data Runtime Analysis

Limitations
Our evaluation has several limitations. First, the dataset used
for testing is relatively small, which may limit the general-
ization of our results. To draw more definitive conclusions,
future work should include larger and more diverse datasets.

Prompting Strategy Avg. Query Time
(sec)

Single Prompting 0.49
Batch Prompting (10) 0.49
Batch Prompting (25) 0.53
Batch Prompting (50) 0.45
Batch Prompting (100) 0.41
Prompting with Examples 0.50
Prompting with Explanations 0.72

Table 4: Processed Data Runtime Analysis

Second, our ground truth scoring is based on manual
evaluation, which introduces the possibility of human bias.
While efforts were made to ensure consistency, subjective
interpretations could influence the ground truth scores, im-
pacting the overall evaluation.

Finally, as this is preliminary work, some of our specula-
tions, such as the improved performance of batch prompts
with explanations for raw data, require further validation
with larger datasets and more rigorous testing. These lim-
itations highlight the need for additional research to build
on our findings and address these gaps.

Conclusion
This study investigates the application of large language
models (LLMs), specifically GPT-based models, for ex-
tracting structured insights from mental health counsel-
ing reviews. Through a comprehensive evaluation of var-
ious prompting strategies, data preprocessing techniques,
and retrieval-augmented generation (RAG) mechanisms, we
demonstrated significant findings that advance the under-
standing of LLM performance in this domain.

The results reveal that data preprocessing and batch
prompting consistently improve the accuracy of LLM-
generated scores when compared to individual processing
of raw comments. Advanced prompting strategies, such as
providing examples and asking for explanations, further en-
hance accuracy, illustrating the value of contextual guid-
ance in aligning LLM outputs with human-generated ground
truth. However, the trade-off between accuracy and inter-
pretability is evident in the reduced performance observed
when LLMs are required to generate explanations on pro-
cessed data. This highlights the need to carefully balance
interpretability and precision in real-world applications of
generative models.

In conclusion, our work provides actionable insights
into how prompt engineering, preprocessing, and retrieval-
augmented strategies can optimize the use of LLMs for an-
alyzing mental health reviews. These findings contribute to
the growing body of knowledge on applying LLMs in sensi-
tive, insight-driven domains like mental health. Future work
could explore further refinements in prompting strategies, as
well as the integration of domain-specific knowledge bases,
to enhance both accuracy and interpretability. This research
provides a foundational framework for deploying AI-driven
decision-support tools in healthcare service evaluation, en-
suring both reliability and transparency.



References
Brown, T. B. 2020. Language models are few-shot learners.
arXiv preprint arXiv:2005.14165.
Cambria, E.; Li, Y.; Xing, F. Z.; Poria, S.; and Kwok, K.
2020. SenticNet 6: Ensemble application of symbolic and
subsymbolic AI for sentiment analysis. In Proceedings of
the 29th ACM international conference on information &
knowledge management, 105–114.
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