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ABSTRACT

The increasing number of patients with mental health illness has heightened the
cognitive load on therapists, making it challenging for them to provide person-
alized care that each patient requires. Summarizing counseling sessions can aid
mental health practitioners in recalling key details. However, most existing re-
search on summarization focuses primarily on text-based summaries which often
require significant cognitive effort to read and interpret. Visual-based summary
such as mind maps is proven to help enhance cognitive understanding by giving
a quick overview of topics and content. Nevertheless, due to the complex nature
of counseling which involves substantial qualitative data, generating visual-based
summaries using traditional AI models can be challenging. With the recent ad-
vancements in Large Language Models (LLMs), these models have demonstrated
the capability to perform tasks based on instructions and generate outputs in vari-
ous formats. In this study, we develop a web-based summarization tool that serves
as a pipeline in performing summarization of counseling transcripts into visual-
based mind map summaries using LLMs. We conducted a human evaluation to
validate the effectiveness of the generated visual-based summary based on criteria
of accuracy, completeness, conciseness and coherence. Our findings show that
our web-based summarization tool can effectively extract key points from coun-
seling transcripts and present them in visual-based mind maps, demonstrating its
potential in enhancing insights for therapists, ultimately simplifying the process
of documenting counseling sessions.

1 INTRODUCTION

The World Health Organization (WHO) emphasizes that there can be “no health without mental
health” (WHO, 2005). This statement holds true as mental illness affects one in four individuals
during their lifetime (Ginn & Horder}, 2012)). While common mental health conditions such as stress
or mild depression can often be self-managed, a fraction of the population encounters more serious
disorders, including schizophrenia and severe depression. These serious mental disorders typically
require professional counseling treatment such as receiving psychotherapy (Althoff et al., [ 2016; |Kuo
et al. 2022). Generally, mental health counseling follows a well-structured approach, which may
contain discussions about the patient’s personal experiences and the emotional challenges that are
affecting their mental state (Srivastava et al.| 2022)). To build a strong therapeutic relationship with
the patient, therapists are required to establish trust and create a comfortable environment for open
communication. One effective way to achieve this is by empathizing with the patient’s perspective
and gaining a deep understanding of what the patient is trying to convey (Ivey et al., 2018)). With
the concerning surge in the number of patients with mental health illness in recent years (Panchal
et al.| [2020), it has certainly become challenging for therapists to manage their caseloads effectively
hindering the delivery of personalized care each patient needs (Malhotra et al., |2022; |Werbart et al.,
2019). The heightened cognitive load resulting from these overwhelming circumstances could be
reduced by implementing automated summarization of counseling session transcripts. While most
therapists are trained to take notes during therapy sessions, having an automated summarization of
the session’s context would enhance their ability to recall key details and gain a deeper understand-
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ing of their patients. Additionally, the summarization tool could help verify therapists’ memories,
ensuring accuracy and consistency in their understanding of each session.

With the advancements in the field of Natural Language Processing (NLP), dialogue summarization
is no longer a new concept. Several previous studies (Malhotra et al.,[2022} [Lee et al} [2019; [Zhang
have explored methods for summarizing transcripts from dialogues, with some focusing
specifically on extracting and summarizing dialogue acts. This can provide therapists with a clearer
understanding of key interaction points, enhancing their ability to analyze client’s responses. The
outputs of these studies were primarily presented in text-based formats. Although text-based out-
puts are effective, incorporating visual elements such as mind maps can further enhance clarity and
facilitate a quicker understanding of the counseling session. This is because text-based summaries
generally require more cognitive effort to read and interpret which can be time consuming particu-
larly when dealing with dense information. Figure [T] and Figure 2] shows the comparison between
both text-based and visual-based summaries of a counseling session. As depicted in Figure[2] visu-
alization techniques can present summarized information by categorizing key points and organizing
them hierarchically. This approach reduces information complexity and makes the content more
engaging and memorable (Hochheiser & Verma, [2021). However, developing visual-based sum-
maries is highly subjective to the context of the counseling conversation, which primarily involves
qualitative data. This makes it challenging for therapists to create such summaries in real-time dia-
logue environment. Nevertheless, our work demonstrates that generating these visual summaries is
feasible with the capabilities of LLMs.

The patient loves their job and has been very helpful by saving kids from dangerous sitations.
But it doesn't feel like that anymore. The patient is afraid recently of making a mistake in their
job. The patient does the same as before, but now they are not able to trust their own
judgement. They are having self doubts and second guessing everything.

Figure 1: An example of text-based summary extracted from the MEMO dataset
2022).

Patient's Work Experience 23

Conversation Topics

Patient’s Current Feelings about Work 21

 Comparison of past and present decision-making S

Figure 2: An example of a generated visual-based summary from our web-based summarization
tool.

In this paper, we first develop a web-based summarization tool which serves as a pipeline to summa-
rize counseling transcripts into visual-based summaries by leveraging LLMs. State-of-the-art LLMs
such as GPT-4 represent a significant breakthrough in NLP. Their ability to perform various tasks, in-
cluding summarization, classification, translation and creative writing has attracted many users from
diverse fields, including mental health. The capabilities of LLMs in processing text could potentially
revolutionize mental health practices. Our tool incorporate prompt engineering methods like one-
shot prompting to facilitate the model in extracting key points from the counseling transcripts and
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converting the output into mind maps. This tool fills a critical gap in existing summarization tools
which generally provide textual summaries without considering how visual representations can im-
prove understanding and engagement. Our approach enables therapists to quickly visualize key
topics and content from counseling sessions thereby improving efficiency in recalling key details of
the session. We employ the MEMCﬂ dataset which consists of 212 counseling conversations be-
tween the therapists and patients. These counseling transcripts are sourced from publicly available
material, primarily from YouTube. Each conversation is paired with a human-written text-based
summary (reference summary) that is provided in the dataset. These summaries serve as a bench-
mark for our study. For this study, we subsample the dataset to use only 20 samples, ensuring a more
focused and manageable set for our evaluation survey. A one-shot example of the desired output,
along with instructions for the model to summarize the transcript is provided as a prompt to the
language model we use, GPT-40 Mini. The model generates output in PlantUML mind map syntax
which is then converted into an interactive mind map as shown in Figure[2] The generated output is
evaluated by human reviewers. We invited several researchers from the School of Information Tech-
nology at Monash University Malaysia to participate in an evaluation survey, where they compared
the content of the generated mind map with the text-based summary. The assessment was based on
various criteria, including accuracy, completeness, conciseness, and coherence.

We summarize our main contributions of our study as follows:

* We developed a web-based summarization tool that uses LLMs and a diagramming tool to create
visual-based summaries from counseling session transcripts.

* We leverage the capabilities of state-of-the-art LLMs specifically GPT-40 Mini to devise a prompt
suitable to summarize key points from counseling transcripts and formatting the output to Plan-
tUML mind map syntax.

* We propose utilizing mind maps as an innovative visual format for summarizing counseling ses-
sions, shifting away from conventional text-based summaries. This visual approach enhances
comprehension and reduces cognitive load for therapists by organizing key points hierarchically.
Ultimately, helping to improve the efficiency of care delivery in mental health settings.

2 LITERATURE REVIEW

2.1 DIALOGUE SUMMARIZATION

Dialogue summarization is the process of condensing a conversation into a shorter version that
covers the important context from the original dialogue (Feng et al., 2021). These summaries are
typically presented in text form and can vary in length depending on the dialogue’s context density.
Generally, summarization methods are categorized into two broad types: extractive and abstractive
(Srivastava et al.,|2022)). Extractive methods select key information from the dialogue and present it
in sentences without significantly altering their original semantics. In contrast, abstractive methods
generate summaries that may include words or sentences not present in the dialogue. For exam-
ple, abstractive summaries involve paraphrasing the content of the conversation, typically aiming to
improve the overall flow and coherence of the text (Sharma & Sharma), [2022).

Automatic summarization has been a subject of study for a long period of time (Paice, |1990). From
early methods like keyword frequency analysis to modern Al-based models, the field of automatic
summarization has certainly evolved over time. Several studies have emerged in the recent years,
proposing Al-based strategies for producing abstractive summaries for medical and mental health
conversations. For example, [Zhang et al.| (2021) explored the summarization of doctor-patient di-
alogues by fine-tuning various pretrained transformer models, with a focus on the patient’s history
of present illness (HPI). Similar methods can be found in other research, such as [Srivastava et al.
(2022), which focuses on summarizing counseling components. Their study involves an utterance
classification model which acts as a guide for their summarization model to generate abstractive
summaries based on each criterion.

The growing popularity of LLMs has further motivated research in this area. For example, a study by
So et al.[(2024) demonstrated the use of LLMs to summarize stressors and symptoms from interview

'"https://github.com/LCS2-IIITD/MEMO
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transcripts of ten North Korean defectors. The study primarily explores the potential of LLMs to
identify and categorize utterances that reflect psychiatric symptoms in patients. The researchers fur-
ther tested the LLMs in summarizing these identified symptoms and stressors. Their results showed
that LLMs can successfully perform these tasks, highlighting their effectiveness in analysing com-
plex transcripts. Furthermore, a survey by lJin et al.| (2024) reported that the performance of LLMs
in text summarization is comparable to human-written summaries based on evidence from previous
studies focusing on text summarization (Basyal & Sanghvi, 2023} |Laskar et al., [2023). However,
these studies predominantly focus on text-based outputs either using abstractive or extractive meth-
ods. The development of visual-based summaries remains underexplored. This may possibly be
due to the complexity of using Deep Learning methods for such outputs which require sophisticated
training and testing processes. Nevertheless, the advancements of LLMs in capturing nuanced rela-
tionships within text data and the their ability to format outputs based on specific requirements open
up new possibilities. In this study, we leverage LLMs to generate summaries in PlantUML mind
map format, then translating the generated text-based syntax into visual-based summaries.

2.2 INFORMATION VISUALIZATION

Information visualization involves the use of visual representations to depict abstract non-physical
data in order to enhance cognitive understanding (Card, |1999; |Chan et al., 2024). This approach is
widely applied across various domains including education, healthcare, finance and mental health.
For instance, bar charts, line charts and pie charts can effectively display information about users’
health. Studies indicate that presenting clear and meaningful data helps users quickly comprehend
their health conditions and can significantly improve their motivation towards a healthier lifestyle
(Chan et al., 2024).

In the mental health domain, various research efforts have led to solutions aimed at improving mental
well-being. Mobile apps have been developed to monitor users’ mental health status. For example,
Emotion Guru, developed by jvan Cuylenburg & Ginige| (2021)) is an emotion-tracking application
that detects emotions through social media posts on Facebook. The app accesses the user’s Facebook
posts and calculates the sentiment polarity for each post. A bar chart is used to depict the overall
positive and negative posts from the past 24 hours. Additionally, there is a mood tracking feature
where users can manually record their mood each day. This data is then presented in a line chart,
showing mood trends over the past 7 days. A similar study by|Yamashita et al.|(2019) who developed
a mobile app called PNViz (Positive-and-Negative Polarity Visualizer). This app captures the level
of positivity through short voice messages recorded by users. The results are then displayed in a line
graph allowing users to visualize trends of their mental health positivity levels.

Thus far, in the mental health field, visualization techniques have primarily been designed to help
patients better understand their own mental well-being. However, little attention has been given to
developing strategies that assist practitioners. |(Chan et al.|(2024) conducted a review and found that
only one of seven studies focused on visualization techniques designed specifically for practitioners.
These studies mainly visualize quantitative data such as mood trends, which can be easily plotted
on charts. As mental health practitioners often conduct counseling sessions, the data they work
with is primarily qualitative rather than quantitative, making it more complex to represent through
traditional visualization methods (Hochheiser & Vermal 2021). The subjective nature of conver-
sations, emotions and experiences captured in these sessions requires more nuanced approaches to
visualization to provide meaningful insights for both practitioners and patients.

In this study we utilize PlantUM a diagramming tool that provides a simple markdown syntax for
representing mind maps. This tool can facilitate LLMs to generate outputs in such formats, making
it feasible to organize key points of the counseling session in a hierarchical structure.

3 METHODOLOGY

This section outlines the dataset used as input for the LLM along with the experiment setup and
the evaluation process. Figure [3| depicts the overall methodology of this study and our web-based
summarization tool.

https://plantuml.com/mindmap-diagram
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Figure 3: Overview of the methodology of this study and our web-based summarization tool.
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Table 1: Overview of the MEMO dataset (Srivastava et al., [ 2022)).

Split Number of Samples Speaker Number of Utterances
T s wm
B R S YU
Validation 21 Tiztri;;ts t o
Tota 212 Thesapis 640
3.1 DATASET

In this study, we employ the Mental Health Summarization (MEMO) dataset as our main dataset
(Srivastava et al., [2022)). The MEMO dataset is an extended version of the HOP dataset which
contains 12.9K utterances from 212 counseling sessions between the therapist and patient (Malho-
tra et al., [2022). These utterances are transcribed from counseling videos gathered from publicly
available sources such as YouTube, all of which involve dyadic conversations. The transcripts have
been further preprocessed to include speaker labels (P - patient, T - therapist) for each utterance
and to correct transcription errors. Additionally, the transcripts are fully anonymized with actual
names replaced by synthetic ones. As shown in Table[I] the dataset is split into training, testing and
validation sets following a 70:20:10 ratio with 152 samples for training, 39 for testing and 21 for

validation.

*https://github.com/LCS2-IIITD/SPARTA_WSDM2022
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The study by (Srivastava et al.| [2022) focuses on counseling summarization guided by the identifica-
tion of key counseling components. To support their study, the authors conducted a comprehensive
annotation process which was guided and validated by mental health experts. Each utterance was
labeled with relevant counseling components, specifically: symptom and history, patient discovery,
reflecting and discussion filler. Additionally, a reference summary was created for each counsel-
ing conversation. This reference summary serves as a baseline text-based summary in our study
allowing us to compare and evaluate the generated visual-based summary against it.

3.2 EXPERIMENT SETUP

In this study, we focus on utilizing LLMs, specifically GPT-40 Mini to summarize counseling tran-
scripts into visual-based summaries. We first developed a web interface that serves as a platform
for experimenting prompts using OpenAI’s API endpoint. We chose GPT-40 Mini as our primary
LLM due to its lightweight nature, cost-effectiveness and strong performance compared to GPT-3.5
Turbo. We designed a prompt that instructs the LLM to summarize the counseling transcript specifi-
cally focusing on the patient’s responses towards the therapist’s questions. Additionally, the prompt
includes instructions to format the output according to the PlantUML mind map format. Since the
LLM may not be explicitly trained to generate outputs in such a format, we applied a one-shot learn-
ing technique by providing a short example of the desired output to guide the model’s response. In
cases where the output did not meet the desired format, we iteratively refined the prompt by adjust-
ing the instructions and the one-shot example. This method of iteratively experimenting with the
prompt has proven to be effective in improving the results as demonstrated by (Zamfirescu-Pereira
et al., 2023). After a few iterations of prompt refining, the final devised prompt is used to run the
experiment on all our selected samples. Refer to Appendix [A.T] for a sample of the prompt. Since
the generated output is in PlantUML mind map format which is text-based, we develop a script to
convert it into a visual-based interactive mind map using a JavaScript package called jsmin

For this experiment, we randomly sub-sampled 20 samples from the testing set of the MEMO
dataset. To validate the feasibility of using LLM for effectively summarizing counseling transcripts
and generating outputs in the PlantUML format, we began with a subset of 20 samples. This ap-
proach allows us to demonstrate the initial effectiveness of our methodology before scaling to larger
datasets.

3.3 HUMAN EVALUATION

We created an online evaluation form as part of a human evaluation method to assess the generated
visual-based summaries. The evaluation focused on the following 4 criteria:

* Accuracy: How well does the visual-based summary reflect the key information from the text-
based summary?

* Completeness: Does the visual-based summary capture all the important points as presented in the
text-based summary?

* Conciseness: Is the visual-based summary presented without unnecessary details or redundancy?

* Coherence: Is the visual-based summary organized in a logical and understandable way?

These criteria were selected based on evaluation methodologies used in previous studies (So et al.,
2024; Van Der Lee et al.l|2019; Srivastava et al.| 2022 [Hochheiser & Vermal, 2021} Jin et al., 2024).
We invited researchers from the School of Information Technology at Monash University Malaysia
to conduct quality evaluation on the 20 generated visual-based summaries. They were asked to
assess each generated summary by comparing the visual-based summary with the corresponding
text-based summary provided from the dataset using the 4 criteria listed above. The evaluation
criteria were presented on a 5-point Likert scale and the survey was designed to provide quantitative
feedback only. Additionally, they had the option to view the original transcript as supplementary
material.
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Figure 4: Summary of human evaluation results by criterion.

4 RESULTS

A total of 3 participants participated in the survey. Figure ff] demonstrates the overall performance
of the visual-based summaries generated from our web-based summarization tool.

Accuracy. The accuracy of the visual-based summaries received a mean score of 4.43 £0.59. This
suggests that the participants found the information presented in the mind maps effectively reflects
the key points from the original text-based summaries. The standard deviation suggests a high level
of agreement among participants, implying that most ratings were clustered around the mean.

Completeness. The criterion of completeness received a mean score of 4.58 +0.56. This indicates
that the information presented in the visual-based summaries covers all the necessary details provid-
ing a clear overview of the counseling conversation. The low standard deviation indicates that the
participants were consistent in their evaluations, reflecting a strong consensus on the model’s ability
to extract and convey all important details.

Conciseness. For conciseness, the model achieved a mean score of 4.55 +£0.59. This score indicates
that the visual-based summaries were generally presented without unnecessary details or redundan-
cies. As shown by the standard deviation, evaluations are consistent, suggesting that participants
agree that the summaries maintained succinctness in conveying important information.

Coherence. The coherence of the visual-based summaries was rated the highest, with a mean score
of 4.80 £0.44. This indicates that the participants found the visual-based summaries to be exception-
ally organized and logical. With the organised information, it has facilitated a quick understanding
of the content. The low standard deviation proves a strong agreement among the participants, high-
lighting that the generated mind maps were not only clear but also effectively structured.

Overall, our findings indicate that the web-based summarization tool we developed demonstrates
strong potential in summarizing counseling transcripts into visual-based summaries. The high mean
scores across all evaluation criteria reflect the effectiveness of the language model in producing
visual-based summaries that are accurate, complete, concise, and coherent. However, based on the
relatively lower score for accuracy, we observed some cases where the visual-based summaries pro-
vided more contextual information about the counseling session than the text-based summaries. This
is likely because the visual-based summaries were derived directly from the transcript or dialogues
while the text-based summaries were authored in a previous study. This observation highlights a po-
tential advantage of the our generated visual-based summaries which is their ability to incorporate
and display additional context from the full transcript. While the text-based summaries published
by [Srivastava et al.|(2022) may prioritize certain aspects of the counseling session such as patient’s
symptom and history, the visual format allows for a more comprehensive view of the counseling
session offering richer contextual insights. Despite the slight variation in accuracy, the overall per-
formance of our web-based summarization tool remains robust, providing a promising indication

*nttps://github.com/hizzgdev/jsmind
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of the feasibility of using LLMs for generating effective visual-based summaries in mental health
counseling contexts.

5 DISCUSSION

5.1 COMPARISON WITH LEXIMANCER

In this study, we further experiment with the use of LeximanceIE] to analyze counseling session
transcripts. Leximancer is a widely used, semi-automated content analysis software designed for
qualitative text analysis. It utilizes word occurrence and co-occurrence patterns to map relationships
between words, thereby identifying high-level themes from an input text. Leximancer generates
concepts and themes by detecting word patterns that frequently appear together within the text (En-
gstrom et al.| 2022). Previous studies in the mental health field such as |Fanaian et al.| (2013)), have
employed Leximancer to analyze textual data such as opinions regarding a topic of interest. These
generated themes and concepts are then visually presented as an interactive concept map.

We randomly selected one sample from the sub-sample set used in our study and processed it us-
ing Leximancer’s default settings. By observation and comparison of our generated visual-based
summary in Figure 2] with the concept map generated by Leximancer in Figure[5] we found that the
themes and concepts presented were somewhat shallow and did not capture the deeper context and
underlying meaning of the conversations. This limitation presents a challenge for therapists as they
may need to invest additional time in reviewing the results or require specific expertise to effectively
use the software for transcript analysis. Our web-based summarization tool addresses this issue by
providing a concise summary of the counseling session, offering a more efficient and accessible
alternative for therapists.
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Figure 5: Generated Leximancer concept map where large coloured circles denote the themes and
nodes indicate the concepts.

5.2 LIMITATIONS

While participants from our human evaluation provided valuable perspectives, the limited number of
respondents restricts the generalizability of the results. Additionally, the participants’ backgrounds
are primarily in technical fields related to LLMs, rather than in mental health. As a result, our study
lacks input from professionals or actual users within the mental health sector, which may limit the
relevance of the findings to the specific needs and experiences of the mental health community.

6 CONCLUSION

In conclusion, we addressed the growing cognitive burden on therapists by introducing a web-based
summarization tool leveraging LLMs to generate visual-based summaries from counseling sessions.

Shttps://www.leximancer.com/
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Based on our human evaluation survey, the results show that our web-based summarization tool
can effectively capture and summarize keypoints and format its output suitable for a diagramming
tool such as PlantUML. These visual-based summaries provide therapists with a quick overview of
counseling sessions aiding in better recall and comprehension. By exploring new possibilities in Al
integration, this tool not only enhances therapeutic practice but also holds the potential to contribute
to the broader advancement of mental health care. Further development and research such as ex-
panding the user study to include larger sample sizes and participants from diverse mental health
roles, including therapists, counselors and psychologists would provide broader insights allowing
the tool to offer more tailored support to a wider range of mental health professionals.

REFERENCES

Tim Althoff, Kevin Clark, and Jure Leskovec. Large-scale analysis of counseling conversations: An
application of natural language processing to mental health. Transactions of the Association for
Computational Linguistics, 4:463-476, 2016.

Lochan Basyal and Mihir Sanghvi. Text summarization using large language models: a compar-
ative study of mpt-7b-instruct, falcon-7b-instruct, and openai chat-gpt models. arXiv preprint
arXiv:2310.10449, 2023.

Stuart K Card. Readings in information visualization: using vision to think. Morgan Kaufmann,
1999.

Gerry Chan, Chukwuemeka Nwagu, Ifeanyi Odenigbo, Alaa Alslaity, and Rita Orji. The shape
of mobile health: A systematic review of health visualization on mobile devices. International
Journal of Human—Computer Interaction, pp. 1-19, 2024.

Teyl Engstrom, Jenny Strong, Clair Sullivan, and Jason D Pole. A comparison of leximancer semi-
automated content analysis to manual content analysis: A healthcare exemplar using emotive
transcripts of covid-19 hospital staff interactive webcasts. International Journal of Qualitative
Methods, 21:16094069221118993, 2022.

Mahnaz Fanaian, Kate L Lewis, and Brin FS Grenyer. Improving services for people with personal-
ity disorders: Views of experienced clinicians. International Journal of Mental Health Nursing,
22(5):465-471, 2013.

Xiachong Feng, Xiaocheng Feng, and Bing Qin. A survey on dialogue summarization: Recent
advances and new frontiers. arXiv preprint arXiv:2107.03175, 2021.

Stephen Ginn and Jamie Horder. “one in four” with a mental health problem: the anatomy of a
statistic. Bmyj, 344, 2012.

Harry Hochheiser and Anurag Verma. Information visualization in mental health research and prac-
tice. Mental Health Informatics: Enabling a Learning Mental Healthcare System, pp. 355-392,
2021.

Allen E Ivey, Mary Bradford Ivey, and Carlos P Zalaquett. Intentional interviewing and counseling:
Facilitating client development in a multicultural society. Cengage Learning, 2018.

Hanlei Jin, Yang Zhang, Dan Meng, Jun Wang, and Jinghua Tan. A comprehensive survey on
process-oriented automatic text summarization with exploration of llm-based methods. arXiv
preprint arXiv:2403.02901, 2024.

Patty Beyrong Kuo, Christina Soma, Katherine Axford, Tad Hirsch, Zac E Imel, and Jake J
Van Epps. Do as i say, not as i do: Therapist evaluation of a practice and supervision aid. Pro-
ceedings of the ACM on Human-Computer Interaction, 6(CSCW2):1-23, 2022.

Md Tahmid Rahman Laskar, M Saiful Bari, Mizanur Rahman, Md Amran Hossen Bhuiyan, Shafiq
Joty, and Jimmy Xiangji Huang. A systematic study and comprehensive evaluation of chatgpt on
benchmark datasets. arXiv preprint arXiv:2305.18486, 2023.



Under review as a conference paper at ICLR 2025

Fei-Tzin Lee, Derrick Hull, Jacob Levine, Bonnie Ray, and Kathleen McKeown. Identifying ther-
apist conversational actions across diverse psychotherapeutic approaches. In Proceedings of the
Sixth Workshop on Computational Linguistics and Clinical Psychology, pp. 12-23, 2019.

Ganeshan Malhotra, Abdul Waheed, Aseem Srivastava, Md Shad Akhtar, and Tanmoy Chakraborty.
Speaker and time-aware joint contextual learning for dialogue-act classification in counselling
conversations. In Proceedings of the fifteenth ACM international conference on web search and
data mining, pp. 735-745, 2022.

Chris D Paice. Constructing literature abstracts by computer: techniques and prospects. Information
Processing & Management, 26(1):171-186, 1990.

Nirmita Panchal, Rabah Kamal, Kendal Orgera, Cynthia Cox, Rachel Garfield, Liz Hamel, and Priya
Chidambaram. The implications of covid-19 for mental health and substance use. Kaiser family
foundation, 21:1-16, 2020.

Grishma Sharma and Deepak Sharma. Automatic text summarization methods: A comprehensive
review. SN Computer Science, 4(1):33, 2022.

Jae-hee So, Joonhwan Chang, Eunji Kim, Junho Na, JiYeon Choi, Jy-yong Sohn, Byung-Hoon Kim,
and Sang Hui Chu. Aligning large language models for enhancing psychiatric interviews through
symptom delineation and summarization. arXiv preprint arXiv:2403.17428, 2024.

Aseem Srivastava, Tharun Suresh, Sarah P Lord, Md Shad Akhtar, and Tanmoy Chakraborty. Coun-
seling summarization using mental health knowledge guided utterance filtering. In Proceedings of
the 28th ACM SIGKDD Conference on Knowledge Discovery and Data Mining, pp. 3920-3930,
2022.

Hashmaryne C van Cuylenburg and TNDS Ginige. Emotion guru: a smart emotion tracking applica-
tion with ai conversational agent for exploring and preventing depression. In 2021 International
Conference on UK-China Emerging Technologies (UCET), pp. 1-6. IEEE, 2021.

Chris Van Der Lee, Albert Gatt, Emiel Van Miltenburg, Sander Wubben, and Emiel Krahmer. Best
practices for the human evaluation of automatically generated text. In Proceedings of the 12th
International Conference on Natural Language Generation, pp. 355-368, 2019.

Andrzej Werbart, Camilla von Below, Karin Engqvist, and Sofia Lind. “it was like having half of the
patient in therapy”: Therapists of nonimproved patients looking back on their work. Psychother-
apy Research, 29(7):894-907, 2019.

Europe WHO. Mental health: Facing the challenges, building solutions. In Report from the WHO
European Ministerial Conference. WHO, 2005.

Yui Yamashita, Masaru Onodera, Koichi Shimoda, and Yoshito Tobe. Visualizing health with emo-
tion polarity history using voice. In Adjunct Proceedings of the 2019 ACM International Joint
Conference on Pervasive and Ubiquitous Computing and Proceedings of the 2019 ACM Interna-
tional Symposium on Wearable Computers, pp. 1210-1213, 2019.

JD Zamfirescu-Pereira, Richmond Y Wong, Bjoern Hartmann, and Qian Yang. Why johnny can’t
prompt: how non-ai experts try (and fail) to design llm prompts. In Proceedings of the 2023 CHI
Conference on Human Factors in Computing Systems, pp. 1-21, 2023.

Longxiang Zhang, Renato Negrinho, Arindam Ghosh, Vasudevan Jagannathan, Hamid Reza Has-
sanzadeh, Thomas Schaaf, and Matthew R Gormley. Leveraging pretrained models for automatic
summarization of doctor-patient conversations. arXiv preprint arXiv:2109.12174, 2021.

10



Under review as a conference paper at ICLR 2025

A APPENDIX

A.1 SAMPLE PROMPT USED IN OUR STUDY

Based on the counseling transcription below where Therapist is the interviewer and Patient is the interviewee, summarize
the conversation, especially Patient's response towards Therapist's questions. Start the output with '@startmindmap' and
end with '@endmindmap'. An example is provided. Do not include the content of the example in the final output.

Example Input:

1 Tnherapisi wnere are yol ifom ofiginaily?

2  Patient atlanta georgia

3 Therapist why'd you move to I_a

4 Patient um my parents are from here um

5  Therapist what do you do to relax

6  Patient ilike reading books i enjoy i enjoy cooking um exercising is great
Example Output:

@startmindmap

* Conversation Topics

** Patient's Background

*** Patient's origin - Atlanta, Georgia

*** Patient move to L.A.

**** Parents' origin

** Patient's Personality

*** Relaxation activities - Reading books, cooking, exercising
@endmindmap

Input:
1  Therapist So Tommy | wanted to talk to because | was on Facebook the other day and saw some pictures that are

linA Af rancarnina tn ma Af van and enma Af vniir friande at a nartv and van bnawe vnin'ra enich a2 nnnd Lid lika | Aan't
RIHIU UL DUTIVGTTIIY WU TS Ul YUU QU QUG UL YUUT HHSTHIUD AL Paily AU yUU RHUW, YUU TG QUL G YUUU RIU, TING, | UUII L

know what you're doing drinking. It's not good and it will ruin your life

2 Patient | mean it was just the like a social gathering it wasn't like | was looking for it the drinks were there and | all
my friends were doing it and it was just it's it's not something that | like do okay on occasion but whenever the opportunity
presents itself it it's nice to just let loose and have a little bit of fun sometimes

3 Therapist | Tommy there's so many consequences with drinking you know you're not even 21 yet you could get
arrested you could you know have a drunk driving accident you could you know, mess up your schoolwork you have such
a bright future ahead of you. it just reaiiy reaily concerns me.

4 Patient | get what you're coming from but | | really did. | thought that | had it under control. And | didn't let myself
get too far gone. | didn't want to be in how do | put this little Like, | want it to be in control. And | wanted to make sure that
all my friends were Okay, so | didn't let myself drink too much.

5  Therapist There's really no such thing as not drinking too much. | mean, anything that's drinking when you're under
age is drinking too much. You know, like, think about it. Think about all the things that can happen to you.

6  Patient Yeah, | understand exactly what you're saying. And

7  Therapist how much are you drinking?

8 Patient |don't think I'm drinking that much. | mean, it's, it's mainly for social gatherings. Like it's nothing that | do,
like by myself or whatever. It's just the

9  Therapist it's like, every weekend.

10 Patient every other weekend, | would say,

11 Therapist Tommy, I'm just so concerned, you know, can't you think of anything better to do?

12 Patient I aguess!can, | can probably be mare nroductive in my schoolwork and rather than aoing out to parties as
much and | do get where you're coming from.

13 Therapist Yeah, are your friends the problem? Like maybe you should just start hanging out with more kids in the
youth group and not hang out with those kids that you're partying with?

14 Patient Yeah, | guess | haven't really put it on myself, | guess it's really been forced on their account. And I've just
been following in their footsteps just to just because it seems like what they're doing is a lot of fun. And | just want to make
sure that I'm getting every bit of the high school experience that | can.

15 Thérapist Weil, Néié's a 1ot o1 inings hat See&im iui in thé Momeént thal Wé Know arén't a Good cnoice, ngni? 1nats
some of the things we talk about all the time is making good choices for our life and really doing what's best for you. And |
just, you know, | really think you should think about making a big change here.

16 Patient Yeah, |, | do see that. Maybe me drinking not as much would possibly better my life to to a certain degree
and | It does make a lot of sense. And |, | guess | can put more effort into sort of lowering the level of drinking.

17 Therapist | think you really need to quit.

18 Patient Yeah, | mean, alcohol is just so prevalent in our society and it's just around me wherever | go and parties
and stuff that |, | kind of feel like | should just get used to it or at least understand its its effects before | should let it get out
of my life entirely. | don't | don't really see it as something that will completely destroy my life.

19 Therapist Think you're wrong. You know, it really worries me. Anyway, | wish you would quit. If all you're gonna do is
cut down that's better than nothing. You know, | appreciate you talking to me about this, but I'm gonna keep talking to you
about it. It's really important. Yeah,

20 Patient |, | just|don't see the problem in it right now. And maybe it's because | haven't really had that dramatic of
an experience. But,
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21 Therapist um, do you want to wait for that to happen? Do you want to wait for a dramatic experience?

22 Patient You're right. | don't want | don't want to be too far gone. Before it's too late. Like I, | can imagine something
possibly happening where it's to a degree where | can't escape. And | | guess I've never really had any, any real
experience where alcohol has really affected me that much, or affected anybody close to me that much. So | guess it's
something that | feel like I'm in control of, but in reality, | might not have as much control as | think.

23 Therapist All right. Well, maybe it's something we can work on together. And, you know, | think we should come up
with 2 nlan that's gonna work for you so that vou can get fo trial here and ston drinking,

24 Patient Yeah, | think that that would be a good step forward into an A life of possibly being sober and just
experiencing the true the true aspects of life rather than the the haziness of alcohol.

25 Therapist Okay. Sounds good.

Output:

Figure 6: Sample prompt used in our study.

A.2 SAMPLE OUTPUT IN PLANTUML MIND MAP FORMAT

@startmindmap

* Conversation Topics

** Patient's Social Behavior

*** Party Attendance

**** Occasional drinking at gatherings

**** Drinking influenced by friends

** Therapist's Concerns

*** Risks of Underage Drinking

**** | egal issues

**** Impact on future and schoolwork

** Patient's Perspective

*** Believes in controlling drinking

**** Drinking mainly at social events

*** Realization of potential problems

**** Understanding need to reduce drinking
** Discussion on Friend Influence

*** Acknowledgment of peer pressure

**** Following friends' actions for fun

** Future Actions

*** Consideration of healthier choices

**** Possible reduction in drinking

**** Emphasizing sobriety for better life experiences
** Collaboration

*** Willingness to work with therapist on a plan
**** Seeking to experience life without alcohol
@endmindmap

Figure 7: Generated output in PlantUML mind map format.
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648
649
650
651 Occasional drinking at gatherings

A.3 SAMPLE GENERATED VISUAL-BASED MIND MAP SUMMARY

652 Patient’s Social Behavior & Party Attendance

653 Drinking influenced by friends

654

655 Legal issues

656 Therapist's Concerns 2 Risks of Underage Drinking 2

657 Impact on future and schoolwork
658

659 Believes in controlling drinking 2 Drinking mainly at social events
660 Patient’s Perspective =

661 "‘gl Realization of potential problems S
662 ‘

663 \ Discussion on Friend Influence 2 Acknowledgment of peer pressure 2 Following friends’ actions for fun
664

665 Possible reduction in drinking

Understanding need to reduce drinking

666 Future Actions S Consideration of healthier choices 2

667 Emphasizing sobriety for better life experiences
668
669 Collaboration 2 Willingness to work with therapist on a plan & Seeking to experience life without alcohol
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Figure 8: Generated visual-based mind map summary of a counseling session.
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