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Abstract

This study investigates the use of neural topic modeling and LLMs to uncover meaningful themes
from patient storytelling data, with the goal of offering insights that could contribute to more
patient-oriented healthcare practices. We analyze a collection of transcribed interviews with cancer
patients (132,722 words in 13 interviews). We first evaluate BERTopic and Top2Vec for the
purpose of individual interview summarization, by using similar preprocessing, chunking, and
clustering configurations to ensure a fair comparison on Keyword Extraction. LLMs (GPT4)
are then used for next step topic labeling. Their outputs for a single interview (I0) are rated
through a small-scale human evaluation, focusing on coherence, clarity, and relevance. Based on
the preliminary results and evaluation, BERTopic shows stronger performance and is selected for
further experimentation using three clinically oriented embedding models. We then analyzed the
full interview collection with the best model setting. Results show that domain-specific embeddings
improved topic precision and interpretability, with BioClinicalBERT producing the most consistent
results across transcripts. The global analysis of the full dataset of 13 interviews, using the
BioClinicalBERT embedding model, reveals the most dominant topics throughout all 13 interviews,
namely “Coordination and Communication in Cancer Care Management” and “Patient Decision-
Making in Cancer Treatment Journey”. Although the interviews are machine translations from
Dutch to English, and clinical professionals are not involved in this evaluation, the findings suggest
that neural topic modeling, particularly BERTopic, can help provide useful feedback to clinicians
from patient interviews. This pipeline could support more efficient document navigation and
strengthen the role of patients’ voices in healthcare workflows. Affiliated resources created in this
work will be shared publicly at https://github.com/4dpicture/TM4health including codes on
preprocessing and stopword list prepared.

1. Introduction

Cancer is one of the most challenging global health issues, affecting not only individuals but also
entire families and communities. People are subjected to intense physical and mental difficulties
to the point where their quality of life changes forever, even after recovering from the disease.
In modern healthcare, understanding patient experiences is crucial for improving treatment and
care (Ren et al. 2025). While clinical research traditionally relies on structured medical data,
patient feedback, such as storytelling data, provides valuable insights that should not be overlooked.
Healthcare should not only focus on treating the disease, but also on the emotional and psychological
needs of patients, recognizing them as individuals in need of comfort and support, rather than just
subjects in a medical process. These have been reflected by recent work on shared decision making
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(SDM) and patient-centered carepath design (Griffioen et al. 2021, Kidanemariam et al. 2024, Bak
et al. 2025).

Natural Language Processing (NLP) is a powerful approach to analyzing patient narratives,
enabling the extraction of meaningful topics from a large volume of text. In this paper, we use
neural topic modelling techniques to extract relevant topics from cancer patient storytelling data and
analyze them systematically. We aim to see what kind of valuable insights we can offer to healthcare
providers in order to make the patients’ cancer treatment journeys more bearable. This could
give professionals a deeper understanding of patient needs, enabling a more patient-oriented care
strategy. We compare two topic modeling algorithms, BERTopic (Grootendorst 2022) and Top2Vec
(Angelov 2020, Angelov and Inkpen 2024), to determine which one performs better at extracting
relevant topics from patient storytelling data. By optimizing these models, we determine which
topic modeling approach yields more interpretable and coherent topics within the context of cancer
care. Ultimately, this work lays the foundation for a potential feedback tool that allows clinicians to
automatically analyze patient files, scanning through large bodies of text easily and focusing on key
themes and concerns patients raise. For instance, for a collection of patient consultation transcripts,
this methods can help to identify cross-patient population level concerns effectively.

We address two research questions in this paper:

1. What key themes can current neural topic modeling models extract from patient
storytelling data, which model is the best choice for this task, and if the integration
of clinical domain embeddings help?

2. Based on the LLM-labeled topics using key word lists from the first step, what
feedback can we offer to current healthcare frameworks or procedures to improve
patient care?

This study aims to connect patient feedback with clinical decision-making by addressing these
questions. The dataset used in this study was provided by Erasmus Medical Center (Erasmus MC)
in Rotterdam, the Netherlands (Erasmus MC 2025) through an EU healthcare research project. It
originates from the Metro Mapping Project, a design-driven initiative to support cancer patients in
navigating their care journey and preparing for significant medical decisions (Griffioen et al. 2017, TU
Delft 2021). By analyzing the cancer patient storytelling data, we aim to contribute to that mission,
proving insights that reflect the patients’ lived experiences and can be used to further improve
patient-centered healthcare practices.

2. Background and Related Work

2.1 Model Evolvement of Topic modeling

Topic modeling is an unsupervised technique for identifying themes in large text collections and
forms the foundation of this research. A widely used traditional method is Latent Dirichlet Allo-
cation (LDA) (Blei et al. 2003), a Bayesian algorithm for extracting topics from text. LDA has
been applied in various contexts, such as analyzing topic evolution during the COVID-19 pandemic
in Swedish newspapers (Griciūtė et al. 2023). However, LDA suffers from limitations, including
difficulty capturing semantic relationships, sensitivity to common words, and issues with short-text
data (Albalawi et al. 2020). These shortcomings include non-deterministic outputs, the need for a
predefined number of topics, data sparsity, and inability to model topic relations.

More recent research introduced embedding-based models like BERTopic (Grootendorst 2022)
and Top2Vec (Angelov 2020) including its contextual-embedding variation from Angelov and
Inkpen (2024), which overcome many LDA limitations by using dense vector representations, di-
mensionality reduction, and clustering. These models require minimal preprocessing, automatically
determine topic numbers, and excel with short or context-rich texts. Studies show they outper-
form classical methods in coherence and interpretability: Egger and Yu (2022) found BERTopic
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produced the most distinct topics on COVID-19 Twitter data, while Top2Vec also surpassed LDA.
Similarly, Wahbeh et al. (2025) reported BERTopic achieving the highest coherence scores across
datasets, with Top2Vec ranking slightly lower but still ahead of LDA. Overall, embedding-based
models consistently deliver more coherent and interpretable topics than traditional approaches.

2.2 Patient-Narrative Clinical NLP

Clinical Natural Language Processing (NLP) applies NLP techniques, such as topic modeling, to ex-
tract and analyze medical text from sources like unstructured health data, discharge summaries,
surveys, and patient files. Modern research highlights its integration into healthcare systems,
particularly for clinical decision support and clinician-patient communications (Demner-Fushman
et al. 2009, Wang et al. 2018). For instance, in the statistical era, the review by Demner-Fushman
et al. (2009) documents the use of the Linguistic Inquiry and Word Count (LIWC) tool for ana-
lyzing patient personality through linguistic style, enabling applications such as predicting cancer
adjustment, mental health outcomes after bereavement, and differentiating suicidal from non-suicidal
patients. Complementing these clinician-facing applications, Van Buchem et al. (2022) introduced
the AI-PREM, an open-ended patient experience questionnaire paired with an NLP pipeline that
combines topic modeling and sentiment analysis to thematically cluster short patient narratives into
actionable summaries for clinicians. These examples underscore the role of linguistic feature analy-
sis in diagnosis, management, and prognosis. However, Clinical NLP faces challenges in clustering
tasks, as noted by Sheikhalishahi et al. (2019) and Ghosh (2024), including difficulties in processing
clinical notes, ambiguities, context-dependent, and domain specific knowledge.

Recent advancements emphasize patient-narrative data, aligning with this study’s focus. Ohno
et al. (2025) developed a BERT-based model for monitoring symptoms from patient interviews
in a Japanese hospital, achieving superior performance despite limitations like data scarcity and
single-source training. Furthermore, Alon et al. (2025) analyzed Hebrew clinician speech using word
frequency and Large Language Models (LLMs) to uncover cognitive paradigms, finding reliance on
heuristics and intuitive reasoning, though limited by small datasets and lack of multilingual frame-
works. Similarly, Somani et al. (2023) used an AI pipeline combining BERTopic, dimensionality
reduction, and spectral clustering to organize 10,233 patients’ statin-related Reddit posts into six
overarching themes, and then applied a pretrained BERT sentiment model, which found the dis-
cussions were predominantly neutral to negative. Overall, literature shows Clinical NLP’s potential
to transform healthcare by extracting insights from both patient and clinician narratives, yet chal-
lenges persist due to privacy concerns, linguistic variability, and limited annotated datasets (Raj
et al. 2023, Han et al. 2024, Bak et al. 2025). This study addresses these issues by exploring neu-
ral topic modeling for coherent, patient-centered topics, promoting reproducibility through shared
and anonymized datasets and models, and investigating multilingual approaches using specialized
embeddings and translation tools to advance linguistically inclusive Clinical NLP.

3. The Dataset - Patient Storytelling

The data we use consists of 13 anonymized transcribed .docx files (I0 to I12), each corresponding
to a different cancer patient. As mentioned in the introduction section, the dataset is provided
by the 4D PICTURE consortium, an EU research project across multiple institutes from several
countries1, which aims to improve the cancer patient journey and ensure personal preferences are
respected. The data originates from the Metro Mapping Project (TU Delft 2021) punished in the
work of Griffioen et al. (2021). They contain multiple interviews in which the patients discuss their
experiences with the disease, such as how they were diagnosed, their emotional struggles, coping
mechanisms during treatment, and other personal reflections. The length of each document varies,

1. https://4dpicture.eu “Design-based Data-Driven Decision-support Tools: Producing Improved Cancer Out-
comes Through User-Centred Research”
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Figure 1: Snippets of the I0 interview in Dutch (left image) and English translation (right image)

with the shortest document containing 5,596 words (approximately 34,000 characters), and the
longest document containing 12,875 words (approximately 58,000 characters). The total collection
size is 132,772 words.

Each document features three different speakers: the patient, the researcher who conducts the
interview, and the “naaste”, a Dutch word which may be roughly translated in English to “loved
one” or “close relation”, whose role during the interviews is to offer an outside perspective on the
patient’s cancer journey and emotional support. Each line within the document is marked with a
capital letter which represents who is speaking: P for the patient, N for the “naaste”, and O for the
interviewer. An example is shown in Figure 1.

Moreover, all texts preserve marks of orality, such as hesitations, repetitions, and informal speech.
While this format reflects the emotional nature of the interviews and provides a better insight into
the patient’s experiences, it also introduces potential complications in the preprocessing and analysis
stages, which are thoroughly discussed and analyzed in the upcoming dedicated section.

Another challenge lies in the language of the documents: all interviews are fully conducted in
Dutch. This presents a potential barrier, as many pre-trained domain-specific embedding models
tend to perform best on English-language data or are even exclusively English (especially in the
biomedical domain), which may impact the quality and consistency of the results when working
with Dutch transcripts.

We examine structural and linguistic challenges in detail in the upcoming dedicated sections,
which explore workarounds and compromises for not only preserving the main essence and important
aspects of the original transcripts but also for producing accurate and easily interpretable results by
showcasing various experiments and alternative options.

4. Design of Methods

The goal of this study is to identify key topics and themes present in patient storytelling data
and examine their relevance within the context of the interview, in order to determine whether
state-of-the-art neural topic modeling techniques can be useful for providing patient feedback to
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Figure 2: Framework Design of Overall Experimental Investigation

medical staff. To achieve this, BERTopic and Top2Vec are applied on a single anonymized cancer
patient interview at a time, with the pilot-study interview being Interview I0, and their outputs
are evaluated in order to determine their coherence and relevancy in a medical context, as shown in
the system development framework in Figure 2.

Out of available topic modeling methods, we first select BERTopic because of its flexibility in
choosing an embedding model, as well as its capability to capture context and synonyms, which
is important for medical jargon and marks of orality.2 For example, the word “patient” has a
different meaning when used as a noun, referring to a person receiving medical care, compared
to its use as an adjective, where it describes the quality of being tolerant. This distinction is
especially important in medical interviews, where context determines whether terms describe people,
conditions, or behaviors. Moreover, BERTopic does not require manually setting the number of
topics in advance, which is useful if the number of themes that may emerge from a corpus is unknown.
This is achieved through its use of HDBSCAN as clustering algorithm, which determines the number
of clusters based on the distribution and density of the embedded documents. For comparison
purpose, we select Top2vec as an alternative neural topic model.3 While BERTopic is designed to
use transformer-based models to better capture contextual nuance, Top2Vec originally used Doc2Vec
embeddings exclusively, and was later extended to support more powerful models like Universal
Sentence Encoder (Cer et al. 2018).

As shown in Figure 2, from bottom-left to right, the dataset is firstly preprocessed and chunked
into segments (the exact number varies per experiment and file) in order to preserve narrative
coherence while also ensuring compatibility with the embedding models in terms of context length.
In the Pilot-study, both BERTopic and Top2Vec are tested on the default settings in order to check for
preliminary issues and to further experiment with the parameters of the models based on the initial
outputs. Moreover, we tested several different embedding models as backbones at the “iterative
parameter tuning and embedding selections” phase, but due to the differences between BERTopic
and Top2Vec, the focus is placed on a common embedding model, namely all-mpnet-base-v2
(Reimers and Gurevych 2020), in order to fairly evaluate their performance on as much common
ground as possible. During this phase, the parameters of each model, as well as the parameters that
control the clustering and dimensionality reduction processes, are experimented with and modified
across several runs to determine which settings yield the best results.

Subsequently, the optimized topic identification parameters and selected embeddings (available
within the two neural models) will be used for both neural topic models to produce keyword lists.
We use an LLM to summarize topics from the keyword list into a descriptive label. Then human
evaluations will be carried out on topic model selection by looking into features of coherence, fidelity,
and interpretability.

2. available at https://github.com/MaartenGr/BERTopic
3. available at https://github.com/ddangelov/Top2Vec
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Table 1: Preprocessing Pipeline

Preprocessing Step Purpose

Converstion to plain text Converting the document to a clean .txt file by using the
python-docx package (Foundation 2024)

Document Translation Translation from Dutch to English with DeepL (DeepL GmbH
2024) for the application of domain-specific backbone models
and interpretation by non-Dutch speakers.

Speaker Label Removal Remove speaker tags (e.g., P:, N:) that can confuse embedding
models.

Section Header Removal Remove structural markers (e.g., I0-1) that do not carry any
semantic meaning.

Contraction Expansion Prevent broken tokens (e.g., wasn, t) by expanding contrac-
tions (e.g., wasn’t to was not).

Custom Stop Words List Remove uninformative and meaningless words (e.g., “uh”,
“yeah”, ”says”).

For analyzing the entire interview data, we will further explore clinical domain embedding models,
beyond the default embeddings from BERT-topic and Top2Vec themselves, together with the selected
topic model framework from the pilot study, for a global analysis, in Section 7.

5. Pilot-study and Optimizing Topic Models

5.1 Data Preprocessing

As stated in Section 3, the source data consists of 13 anonymized cancer patient interviews stored as
docx files, which contain speaker labels (P for patient, N for “loved one”, and O for the interviewer),
structural markings such as headers and internal identifiers, as well as marks of orality, such as
stutters in speech and repetitions. Our preprocessing pipeline is listed in Table 1 with examples,
including conversation to plain text conversion, document translation, speaker label removal, section
header removal, contraction expansion, and removing custom stop words list.

For model development and pilot-testing, we first apply each model to a single preprocessed
storytelling interview (I0) and test various configurations to explore how different parameter choices
and data representations influence the quality and interoperability of the resulting topics, detailed
in next sections separately for two neural models.

5.2 Model Development and Optimization: BERTopic

To manage the length of storytelling transcripts and ensure compatibility with embedding model
input limits, we apply a sentence-based chunking strategy. After processing, the text is split into
sentences using a regex-based approach, chosen for its simplicity and sufficient accuracy given the
well-punctuated nature of the transcripts. These sentences are then grouped into fixed-size chunks,
and different chunk sizes are tested to assess their impact on topic generation and coherence. Table
2 shows that the number of chunks directly influences the number of topics produced.

We start with BERTopic’s default settings and the all-mpnet-base-v2 embedding model, briefly
testing alternatives like MiniLM-L6-v2, which we discard due to token limits and inconsistent out-
puts. We adjust UMAP parameters (n neighbors, min dist, n components) to balance topic sep-
aration and cohesion, and tune HDBSCAN settings such as min cluster size and min samples

to control granularity and noise. The vectorizer is optimized to include bigrams, improving inter-
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Table 2: Effect of Sentence Chunk Size on Number of Chunks and Topics for Interview I0
Sentences Per Chunk Chunks Topics
5 172 17
6 144 16
7 123 12
8 108 9

pretability by capturing multi-word expressions common in clinical narratives. Finally, we exper-
iment with min topic size, finding the default value (10) best preserves both broad and specific
themes without excessive fragmentation.

5.3 Model Development and Optimization: Top2Vec

To compare BERTopic and Top2Vec fairly, we consider both the original Top2Vec and its contextu-
alized variant (C-Top2Vec) from Angelov and Inkpen (2024), which incorporates transformer-based
embeddings such as all-mpnet-base-v2 for richer, context-aware topics. However, we exclude C-
Top2Vec from the final comparison because it lacks support for viewing representative documents
(document-to-topic mapping), which is crucial for interpretability, manual verification, and the envi-
sioned clinical support. We apply the same sentence-based chunking strategy to ensure both models
receive identical input.

Similar to the tuning process employed for BERTopic, Top2Vec is optimized through iterative
refinements of key parameters. This time, however, we start from the parameters of the already-
tuned BERTopic model in order to see how Top2Vec behaves differently under close-to-identical
conditions to BERTopic. Most of the tuning process that follows involves altering the parameters
passed to the UMAP and HDBSCAN components that are internally used during the dimensionality
reduction and clustering. We evaluate the same UMAP parameters explored during BERTopic
tuning, namely n neighbors min dist and metric, to observe their influence on topic formation.
Similarly, we modify the HDBSCAN parameters such as min cluster size and min samples in
order to balance specificity and generalization within the topic clusters.

In our experiments, the default Top2Vec settings cause clustering errors, but tuning UMAP and
HDBSCAN parameters resolves this and produces meaningful topics. Unlike BERTopic, Top2Vec
does not allow custom n-gram or stop-word settings, limiting keyword flexibility, though contextual
embeddings still yield relevant terms. After iterative refinements, the optimized Top2Vec models
generate topics suitable for comparative analysis with BERTopic.

5.4 Topic Labeling with an LLM on Keyword Lists

Because the output topics from both models are essentially lists of keywords, they do not hold an
interpretable meaning at first glance. To make sense of them, each topic must be labeled according
to its semantic coherence. Traditionally, this involves manually looking at the top keywords for
each topic, along with the sample documents that determined the formation of the topic. Labels
are usually chosen based on the literal meaning of the keywords, along with the context found in
the actual text, in order to make them interpretable and meaningful for human readers. The goal
is for the label to be as meaningful as possible, especially in a healthcare setting where clarity and
relevance are essential.

In order to achieve this, we use a large language model (LLM) to label the topics in order to
automate the process. The specific LLM model that we use for this task is OpenAI’s GPT-4o
mini model, because it is a powerful yet cost-efficient and lightweight model that shows strong
performance across a range of evaluation metrics (OpenAI 2024). At first, we only pass the topic
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keywords to the model to see if the resulting topic labels would be cohesive enough without the need
for representative documents.

The model generates descriptive labels only based on the topic’s keywords, which produces mixed
results. While some topic labels are good representations of the actual topics, others are unreliable
because they lack the context behind the actual keywords. For example, one of the output topics
produced by BERTopic, with some of the top keywords being “size 19, tricky, 25” received the label
“Size Discussion in Medical Context”, which has nothing to do with the actual context behind the
topic. The absence of document context substantially impacts the quality of the generated labels,
which is an impediment for individual-interview analysis. We therefore adapt the prompt including
document snippets as additional contextual evidence to help interpret the topics more accurately.
The final prompt is the following:

“You are an AI that labels discussion topics, from a cancer storytelling interview, for a
software that allows doctors to browse through medical files without the need to read
them from start to finish. Given the following keywords and sample documents, provide a
clear and specific topic label, focusing mainly on the keyword list and using the document
snippets as supporting context rather than a baseline. Only type the topic label and
nothing else:”.

6. Pilot-study Results and analysis

6.1 BERTopic Results

We first evaluate BERTopic on the preprocessed content of interview I0. The final model uses the
all-mpnet-base-v2 embedding model for semantic encoding, UMAP for dimensionality reduction,
and HDBSCAN for clustering. Using the optimized configuration, BERTopic generates a total of 17
topics, each representing a relatively coherent cluster of semantically related segments within the
interview. These topics span a wide range of themes, from procedural experiences and emotional
reflections to logistical concerns and treatment decision-making, deeming this output suitable for a
clinically-oriented software that clinical staff can use to quickly analyze patient data. A compre-
hensive overview of the topics, along with their automatically generated labels and keywords, is
presented in Table 3. The all-mpnet-base-v2 embedding model manages to produce rich semantic
representations that help to distinguish nuanced narratives.

The model output results in topics that are not only clinically relevant but also reflective of
the patient’s emotional and experiential journey through cancer treatment. For instance, Topic
16 describes the patient’s experiences during their FOLFIRINOX (National Cancer Institute 2023)
chemotherapy treatment, highlighting concerns such as neuropathy and treatment planning. Insights
like these can serve as valuable feedback for clinical staff, offering a patient-centered perspective on
how individuals are coping with the physical and psychological effects of specific therapies. On the
other side of the spectrum, Topic 8 offers the patient’s logistical challenges and communication-
related experiences, particularly in coordinating appointments and interactions with medical staff
at Erasmus Hospital in Rotterdam. These types of topics can offer useful feedback to the hospital
itself for improving internal processes, such as appointment coordination, patient communication,
and overall administrative support. By surfacing these issues from patient narratives, the model
provides actionable insights that can contribute to a more patient-oriented care experience.

The pilot study also shows limitations of BERTtopic. 1) Some topic keywords contain duplicate
words due to the ngrams parameter. For example,in the keywords list of Topic 7, the word “port
cath” appears as three different entries: “port”, “cath”, and “port cath”. While the inclusion of
bigrams increases contextual richness, it can also lead to partial redundancy when both a phrase and
its constituent words appear independently in the keyword list. Although this does not substantially
impact interpretability, it can affect visual clarity and compactness of the topic’s summary. On the
other hand, this overlap may be beneficial when dealing with noisy or varied language, as it may
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Table 3: Output of the Optimized BERTopic Model (Interview I0): pilot study
Topic ID Topic Label Top 15 Keywords
0 Experiences and Challenges Navigating

Patient Passes at Daniel den Hoed Can-
cer Center

weird, white, pass, understand, den, hoed, daniel, daniel den, den
hoed, patient, outside, room room, team, notice, waiting

1 Experiencing Fear and Anxiety During
Medical Examinations Involving Tubes
and MRI Scans

period, easy, lying, scary, tubes, throat, mri, tumor marker,
marker, examination, prepared, tumor, rest, sorry, ultrasound

2 Radiation Treatment Timeline: Delays,
Scheduling, and Scans from June to
November

radiotherapist, radiation treatments, june, months, months scan,
end november, guus, guus meeuwis, meeuwis, radiation, december,
21, follow, november, radio

3 Timeline of Malignant Diagnosis and
Hospital Visits Including MRI and Ultra-
sound Examinations

malignant, april, write, timeline, place hospital, pretty, mri, walk-
ing, town, ultrasound, start, work, recording, raise, hospital hos-
pital

4 Challenges and Experiences with Blood
Draws and Port-a-Cath Access in Cancer
Treatment

prick, cath, port, port cath, blood, needle, markers placed, hand,
day, placed, markers, poked, difficult, puncture, puncture room

5 Discussion on Communication and
Decision-Making in Pancreatic Cancer
Treatment Conversations

eating, talk, cancer, list, clear, pancreatic cancer, pancreatic,
certainly, eventually, conversation, surgeon, helps, time exciting,
money, evening

6 Encouraging Patients to Ask Questions
and Address Concerns During Appoint-
ments

especially, calls, questions, concerns, monday, head, difficult,
mean, appointments, ask, involved, asked things, doctor going,
reach, regular

7 Challenges and gaps in understanding
port-a-cath placement and related surgi-
cal procedures.

brand, surgery, kind information, size, port, port cath, cath, ex-
ample, information, 21, rotterdam, work, happens, eligible, drive

8 Patient’s experience coordinating ap-
pointments and communication with doc-
tors at Erasmus Hospital in Rotterdam.

forget, wednesday, doctor doctor, hair, date, friday, send, rotter-
dam, surgeon, erasmus, parking, specialized, hospital came, hos-
pital want, went hospital

9 Discussion of tumor markers and the
timeline of metastases detection and
monitoring.

metastases, months, heard, tumor marker, marker, lot, year, tu-
mor, spots, normal, lot googled, information, months blood, sam-
pling, blood sampling

10 Impact of 2017 Cancer Cure on Patient’s
Life and Recovery Experience

2017, cure, year, hands, true course, opinion, gee, intense, 11,
husband, home, took long, clear, certainly, rest

11 Bowel Test Results and Persistent Pain
Leading to Further Medical Referral

taken, test, feeling, bowel test, piece, bowel, poking, worked, re-
ferred, pain, monday, showed, away, read, touch

12 Family Doctor Interactions and Patient
Concerns During Cancer Treatment In-
terviews

family doctor, family, interview, grumpy, doctor family, worry,
guys, time time, time doctor, long hair, hair, surgeon, nurse, def-
initely, puncture

13 Awkward Appointment Experiences and
Scan Discussions Over Two and a Half
Years

appointments, sigh, showing, half years, appointments new, years,
look, scans, came scan, awkward, learned, exactly question, ex-
perts, cd, forward

14 Discussion of treatment options and
choices made with the doctor during can-
cer care.

ask doctor, woolly, place place, ask, goodbye, familiar, doctor
actually, choice, discussed, options, effective, hospital ask, time
heard, kept, want want

15 Discussion on managing interruptions
and planning during cancer treatment
conversations.

prepared, stop, coming, clearly, time speak, stop moment, plan,
mention, fine, going, feel, moment, right, people, happy

16 Concerns about neuropathy during
FOLFIRINOX treatment process and
course options discussed.

neuropathy, concerns, folfirinox, told, treat, courses, left, process,
treatment process, folfiri, disease, huge, want want, write, treat-
ment

help ensure that key terms are captured even when they appear in different forms across the corpus.
This error could potentially be fixed in a post-processing process, or even within the vectorizer
settings with extra tuning. Future iterations could involve filtering out redundant unigrams when a
high-confidence bigram is present, though this would need to be balanced against the risk of losing
relevant variations in phrasing. 2) Another issue is overlapping themes spanning different topics. For
example, port-a-cath procedures are discussed in two different topics: Topic 4 and Topic 7. While
the lists of keywords are different, meaning that while port-a-cath is discussed, this could reflect a
true conversational shift around the same object of interest, they still share a common theme, which
could be a sign of over-segmentation driven by overly sensitive clustering parameters. Although this
could become an issue, manual document analysis proves that the two topics are distinct enough to
be classified in individual clusters. Therefore, this occurrence is not a substantial issue, especially
for this preliminary comparison phase, but rather proof that the model is capable of identifying
nuanced themes, even from within the same broader topic.
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6.2 Top2Vec Results

The final configuration of the model, including the UMAP and the HDBSCAN parameters, largely
mirrors those used for BERTopic. The only major difference is the use of min count parameter
in place of min df, which serves a similar function by controlling the minimum frequency a word
must appear in the corpus to be considered for the clustering process. The embedding model used
by default in Top2Vec is all-MiniLM-L6-v2, as confirmed by the verbose output during the fitting
process.

Using the optimal configuration, Top2Vec generates a total of 18 topics, which is two topics
more than the output generated by BERTopic. These topics are generally cohesive and interpretable,
and could be reliably mapped back to the original chunks used during the model training. The final
model output, along with labels and keyword lists, is presented in Table 4. In several cases, the
model produces topic clusters that closely resemble those found in the BERTopic output. For
instance, two distinct topics relating to port-a-cath procedures emerge, similar to those identified
by BERTopic, with keywords reflecting different aspects of the same clinical theme. However, not
all topic clusters capture the broader context with the same accuracy. In one case, a conversation
surrounding needle sizes is isolated into a broader, more general topic, namely Topic 18, but the
model fails to recognize that the discussion is part of a larger conversation about needle types and
procedures, as the interview transcripts suggest. As a result, the topic is reduced to a generic theme
about “experiences and information”, with keywords focusing on different medical and non-medical
terminology and procedural words, such as “asked” and “conversation”, rather than a cohesive and
concrete theme. In general, the model produces interpretable results that align reasonably well
with human-labeled themes. The ability to trace topic clusters back to specific document chunks
makes manual evaluation possible and useful. 4 While both C-Top2Vec and the original Top2Vec
implementations are explored during the experimentation process, we only use the latter in the final
comparative analysis. This decision is due to the fact that the original Top2Vec model supports
document-to-topic mapping.

6.3 Model Evaluation and Comparison with Human Perspectives

To evaluate the coherence, relevance, and clinical interpretability of the topics produced by BERTopic
and Top2Vec, we conducted a small-scale user study involving three volunteer participants. Each
participant was provided with the anonymized cancer interview I0 and asked to read it carefully.
They were then asked to answer five questions for each model output. The full survey can be found
in Appendix A. While the volunteers are not clinical experts, the task of judging the coherence and
contextual relevance of the topics does not require specialized expertise and can be meaningfully
performed by general readers with enough context from the source material. Participants rated each
topic on a scale from 1 to 5 based on its coherence and usefulness (Q1), and separately evaluated
the associated top 15 keywords for how well they described the topic (Q3). They were also asked
to identify any essential themes that the models may have missed. The outputs that they were
provided with were Tables 3 and 4. They did not have access to the representative documents from
each topic, but they were allowed to go back to the interview in order to check whether the topic
label was, in fact, describing a topic that was talked about during the interview.

The results for Q1 (topic coherence and usefulness) are in Figure 3. It shows that the ratings for
BERTopic are on average higher and there are fewer topics that score very low compared to Top2vec.
Overall, BERTopic performed strongly, with 12 out of the 17 topics receiving a coherence score of
4.0 or higher. The results for Q3 (keyword descriptiveness) are in Figure 4. While Top2Vec achieved

4. Using the same parameters as the final BERTopic model with six-sentence chunks, C-Top2Vec produces up to
86 topics, many of which are overly fragmented or completely redundant. While increasing min samples and
min cluster size parameters does reduce the topic count, to around 30 topics on average at best, the resulting
clusters often lack coherence and show heavy overlap in keywords. In addition, without the ability to trace topics
back to the original text segments, evaluating the quality of topics becomes nearly impossible.

130



Table 4: Output of the Optimized Top2Vec Model (Interview I0): pilot study
Topic ID Topic Label Top 15 Keywords
0 Patient Experiences and Emotions Dur-

ing Cancer Appointments and Treatment
Environments

suddenly, conversation, room, happened, exciting, talk, appoint-
ment, story, hadn, later, move, cry, experiences, felt, was

1 Challenges and Experiences During Can-
cer Diagnosis and Treatment Journey

mri, surgeon, surgery, appointment, patient, doctor, ultrasound,
tumor, hospital, appointments, metastases, scan, cancer, exami-
nation, malignant

2 Patient Experiences with Cancer Treat-
ments, Cures, and Recovery Challenges

cure, cures, treatments, patient, treatment, pain, surgery, doctor,
metastases, rest, puncture, appointment, no, yes, mri

3 Patient Experiences and Challenges Dur-
ing Cancer Treatment, Appointments,
and Surgical Procedures

treatment, treatments, patient, appointment, doctor, surgery,
chemo, cure, cures, experiences, metastases, cancer, appoint-
ments, concerns, experienced

4 Interactions with Healthcare Profession-
als During Cancer Diagnosis and Treat-
ment

doctor, surgeon, hospital, patient, appointment, nurse, nurses,
surgery, appointments, interview, ultrasound, examination,
maybe, secretary, coach

5 Patient Experiences with Doctor Com-
munication and Appointment Manage-
ment in Cancer Care

appointment, patient, hospital, doctor, appointments, nurse, call,
conversation, calls, nurses, surgery, suddenly, treatment, talk, sur-
geon

6 Timeline of Cancer Diagnosis and Treat-
ment: Metastases, Tumor Markers, and
Patient Experience

metastases, tumor, cancer, malignant, chemo, mri, patient, ap-
pointment, surgery, treatments, months, march, timeline, treat-
ment, weeks

7 Patient Experiences with Doctors and
Hospitals During Cancer Diagnosis and
Treatment

doctor, hospital, appointment, patient, surgeon, appointments,
nurse, nurses, surgery, ultrasound, mri, tumor, malignant, metas-
tases, examination

8 Patient Experiences and Communication
with Medical Professionals at Erasmus
Hospital for Cancer Treatment

erasmus, appointment, doctor, surgeon, surgery, hospital, patient,
appointments, treatment, examination, tumor, nurse, mri, punc-
ture, treatments

9 Patient Experience with Radiation
Treatment and Follow-Up Appointments
for Cancer Management

radiation, radiotherapist, radio, patient, treatment, treatments,
appointment, surgery, cancer, metastases, tumor, doctor, cure,
mri, surgeon

10 Challenges and Experiences with Blood
Draws and Port-a-Cath Procedures in
Cancer Treatment

needle, puncture, poked, patient, blood, ultrasound, mri, prick,
tubes, appointment, scan, port, treatments, surgery, examination

11 Exploring the Role of Turmeric and Pa-
tient Questions in Cancer Treatment De-
cisions

turmeric, cures, treatments, cure, certainly, only, no, concerns,
definitely, doctor, maybe, treatment, always, probably, surgeon

12 Navigating Hope and Treatments in Pan-
creatic Cancer: A Patient’s Journey and
Conversations

cancer, pancreatic, tumor, chemo, metastases, malignant, patient,
cure, treatments, cures, treatment, doctor, hope, surgery, bowel

13 Experiences and Concerns Surrounding
Port-a-Cath Placement and Blood Draw
Procedures

surgery, port, puncture, patient, needle, cath, surgeon, tubes,
nurse, hospital, obviously, fact, appointment, nurses, operation

14 Bowel and Pancreatic Cancer Diagnosis
Journey: Pain, Tests, and Treatment Ex-
periences

bowel, pancreatic, patient, puncture, hospital, ultrasound, doc-
tor, pain, appointment, mri, surgery, examination, scan, tumor,
surgeon

15 Patient Experiences with Chemotherapy
Options and Neuropathy Management in
Cancer Treatment

treatments, neuropathy, treatment, cure, doctor, patient, surgery,
cures, surgeon, folfirinox, mri, chemo, tumor, cancer, pain

16 Navigating Appointments and Treatment
for Pancreatic Cancer at Rotterdam Hos-
pital

rotterdam, hospital, appointment, erasmus, patient, appoint-
ments, surgery, doctor, pancreatic, surgeon, tumor, interview,
treatment, experiences, examination

17 Patient Experiences and Concerns Re-
garding MRI and Scan Examinations in
Cancer Care

scan, mri, ultrasound, certainly, examination, appointment, yes,
patient, radio, no, ask, probably, radiotherapist, well, asked

18 Patient Experiences and Information
Gaps During Surgical Appointments and
Examinations in Oncology

size, patient, surgery, questions, doctor, information, experiences,
examination, nurse, nurses, surgeon, experienced, appointment,
conversation, asked

lower topic scores on average than BERTopic, it performed better in terms of keyword ratings.
15 out of 19 topics received a keyword score of 4 or above, indicating that participants generally
found the keywords descriptive and relevant to the topic content. A common point of feedback from
the participants was that some topics appeared to overlap in content, such as between Topics 4,
5, and 7. This, alongside the more thematically general topic labels, led the volunteers to rank
the BERTopic output higher than the Top2Vec model overall, despite the high keyword list scores,
further supporting the idea that keywords are less relevant when extracting helpful information from
clinical interviews. This shows that while Top2Vec extracted more potential topics than BERTopic,
it might fail to capture nuanced themes, which are crucial for the primary goal of this research.
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Figure 3: Distribution of ratings for Top2Vec and BERTopic topics (Q1), averaged over 3 raters.
Note that Top2Vec has generated 19 topics and BERTopic has generated 17 topics.

Figure 4: Distribution of ratings for Top2Vec and BERTopic keywords (Q3), averaged over 3 raters.
Note that Top2Vec has generated 19 topics and BERTopic has generated 17 topics.

For Question 2, which asks how well the extracted topics represent the content of the interview
overall, the BERTopic model was ranked higher than the Top2Vec model, with the added mention
from all three of the evaluation participants that, while both models manage to extract mostly cohe-
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Figure 5: BERT-topic Deployment on all Interviews with Clinical LM Embeddings

sive topics from the I0 interview, the BERTopic model’s output is way more precise and contained
less overlap.

Taking the evaluation process, as well as the experimentation and results, into consideration, we
decide to focus the analysis on BERTopic further. Not only did BERTopic demonstrate that it can
consistently produce topics of high overall quality, but it also offers greater flexibility and extensibility
because it is compatible with a wide range of publicly available embedding models. This opens up
the possibility of integrating clinically-oriented embedding models that may further enhance the
model’s ability to extract relevant, interpretable, and context-sensitive information from patient
narratives.

7. Investigating the Generalizability with Global Analysis

7.1 Domain-specific Clinical/Medical Embedding Model Selection

To explore whether clinically oriented embeddings improve BERTopic’s performance on patient
storytelling data, we experimented with three widely used models on I(0) interview: BioClini-
calBERT (Alsentzer et al. 2019), ClinicalBERT (Liu et al. 2025), and MSR BiomedBERT
(formerly PubMedBERT) (Gu et al. 2020) for domain-specific embedding model selection, as shown
in Figure 5. All experiments used the same BERTopic configuration as in Section 5.2 to ensure
consistency. ClinicalBERT produced 17 topics initially, but coherence issues persisted even after
tuning parameters such as chunk size and dimensionality reduction. Moreover, MSR BiomedBERT
also struggles with topic coherence to a greater extent than the previous models. For example, one
of the topics, incorrectly labeled as “Monitoring Eye Health and Treatment Progress in Cancer Care
Discussions”, includes representative document chunks that are not only short and uninformative,
but one of the documents also includes the expression “to keep an eye on”, which is the reason for
the misleading topic label. This means that the model struggles to create meaningful clusters, which
leads to the LLM mislabeling the topic due to the lack of context and coherence within the represen-
tative documents and the list of keywords. This relatively weaker performance may be attributed to
the nature of the dataset used to pretrain MSR BiomedBERT, which is probably less aligned with
narrative-style patient data.

In contrast, BioClinicalBERT consistently generated more interpretable and clinically meaningful
topics, likely due to its pretraining on real clinical notes. Its outputs captured both technical medical
experiences and patient perspectives with greater nuance, outperforming the other models in terms of
coherence and relevance. These findings suggest that embedding models trained on clinical narratives
provide stronger semantic representations for this type of data.
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Further tests on shorter interviews (such as I(2), which is the shortest in the dataset at approx-
imately 5596 words) revealed that chunk size also plays a critical role: Reducing the chunk size to
6 sentences increases the number of topics to I(2), with a noticeable improvement in nuance and
precision. The resulting topics capture more specific clinical moments and emotionally substantial
statements, enhancing the interpretability and relevance of the output. This indicates that a dy-
namic chunking strategy, combined with clinically oriented embeddings such as BioClinicalBERT,
may be essential for optimizing topic modeling across datasets with varying lengths and complexities.

7.2 Global Analysis on All Interview Data

7.2.1 Model Setup

As shown in Figure 5 (middle-horizontal), to gain deeper insights into the full dataset of 13 interviews,
we applied topic modeling to the entire corpus rather than individual interviews, aiming to uncover
overarching themes and recurring patterns. For this global analysis, we used BioClinicalBERT,
identified in Section 7.1 as the most effective domain embedding model for producing coherent
and clinically meaningful topics. Its domain-specific training on biomedical and clinical text makes
it well-suited for capturing general themes. Unlike the per-interview approach, which prioritized
fine-grained topics, this phase focused on broader themes.

For model configuration, we increased the chunk size from 6 to 7 sentences to provide more context
per document, as larger chunks tend to yield fewer but more generalized topics. The BERTopic
pipeline was tuned/adapted accordingly: UMAP parameters were adjusted to promote broader
clustering (n neighbors = 16, min dist = 0.2, n components = 4), and HDBSCAN settings were
modified to favor stable clusters (min cluster size = 11, cluster selection = eom). These changes
bias the model toward extracting higher-level themes that recur across interviews. We also revised
the LLM-prompt labeling process to suit global themes. Instead of using representative documents,
the new LLM prompt focuses exclusively on keywords for each topic:

“You are an AI that labels discussion topics, from a collection of cancer storytelling
interviews, for a software that allows doctors to browse through medical files without
the need to read them from start to finish. Given the following keywords, provide a
clear and specific topic label, with enough context to be interpretable, focusing on the
keyword list. Be general. Keep it short. Only type the topic label and nothing else.”

This approach ensures more objective and consistent labels for overarching themes. Additionally,
we expanded the stop word list to reduce noise, though translation errors and linked words across
interviews made perfect filtering impractical without manual review.

7.2.2 Model Output: Topic Analysis

Using the above configuration and parameters, we fitted the topic model on the entire corpus of 13
interviews. The resulting output (Table 5) reveals overarching themes that span all interviews, of-
fering a broad view of the cancer treatment experience. Unlike granular per-interview models, which
capture individual nuances, the global model identifies recurrent concerns and shared points across
patients, enabling detection of systemic issues and common emotional or physical pain points. For
example, Topic 0 includes keywords such as “oxycontin”, “medications”, and “nausea”, highlight-
ing widespread struggles with medication side effects. Topic 2 reflects how patients recall surgical
interventions, specifically keyhole surgery, whileTopic 7 clusters references to timelines and appoint-
ments, suggesting opportunities for visual treatment timelines. Similarly, Topic 4 (Sleep Patterns
and Nighttime Activities) emphasizes recurring sleep-related discussions, indicating that sleep is a
significant aspect of the cancer journey and warrants deeper analysis to uncover common issues
affecting rest and well-being.
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Table 5: BERT-topic Global Analysis using BioClinicalBERT embedding on All 13 Interviews
Topic ID Topic Label Top 15 Keywords
0 Medication Management and Symptom Relief in

Cancer Care
knee, day day, pills, oxycodone, medications, diarrhea, medica-
tion, symptoms, times day, went doctor, nausea, stomach, pre-
scribed, consultantdoctor, ones

1 Impact of Chemotherapy on Patient Experience
and Expectations

chemo, chemotherapy, intense, effects, tomorrow, paper, oncol-
ogist, does thats, start chemo, took long, oncologist oncologist,
door, meeting, cells, drive

2 Placement of Portacath via Keyhole Surgery portacath, placed, arm, keyhole surgery, keyhole, anesthesia,
surgery, portacath portacath, probe, puncture, puts, run, shower,
sedated, poked

3 Nutrition and Dietary Habits in Cancer Care cook, drinking, eating, sandwich, food drink, taste, eat, eating
drinking, food, dietician, weight, eaten, brother, soup, fat

4 Sleep Patterns and Nighttime Activities sleep, downstairs, bed, couch, awake, lie, bathroom, watch, single,
wash, groceries, rest rest, outside, upstairs, cup

5 Family Support and Life Impact in Cancer Jour-
neys

son, sister, joint, mother, project, children, twice, life, lives, times
time, live, kind thing, older, child, large

6 Diagnostic Imaging and Tests for Abdominal
Conditions

bowel, ultrasound, mri, stomach, examination, appendix, tests,
ct, biopsy, admission, ct scan, medium, pain clinic, scan hospital,
taken

7 Radiation Therapy Treatment Experiences and
Side Effects

radiotherapist, radiation, courses, treatments, poked, december,
october, thats possible, abdominal pain, abdominal, operate,
markers, september, november, placed

8 Coping with Treatment Setbacks and Emotional
Reactions

failed, plan, weeks later, wall, reactions, success, calmly, tremen-
dous, dirty, alive, face, march, nerves, cells, tried

9 Support and Resources for Cancer Care at Eras-
mus MC Hospital

euros, erasmus, erasmus mc, mc, places, hospitals, hospital eras-
mus, light, food drink, support, hair, approach, lot people, possi-
bly, building

10 Patient Experience with Doctor Appointments
and Risk Assessment

risk, doctor hospital, date, wonder, gosh, appointment doctor, for-
get, data, rotterdam, touch, tomorrow, space, ended, wife, march

11 Patient Experience with Medical Equipment and
Care Delays

pump, ticket, broken, waited, burden, air, walked, nurses, hours,
does work, minutes, outpatient, decisions, early, nursing

12 Navigating Treatment Decisions with Specialist
Nurses

decisions, treatment process, experiences, trajectory, open, calls,
important decision, advise, negative, specialist nurse, shes, cries,
real, super, metastatic

13 CyberKnife Treatment Program in Rotterdam rotterdam, program, cab, stone, cyberknife, quarter past, button,
file, quarter, puncture, push, examination, family doctor, liver,
record

14 Coordination and Communication in Cancer Care
Management

responsible, team, secretary, order, number, personal, doctor
come, creon, surgeon, clear, scary annoying, short, conversations,
turn, knows

Other topics capture institution-specific and emotional insights. Topic 9 focuses on “Support
and Resources for Cancer Care at Erasmus MC”, referencing amenities like food, lighting, and
buildings. These are elements that, while non-clinical, influence patient experience and could inform
facility improvements. Emotional responses also emerge prominently: Topic 8, labeled “Coping
with Treatment Setbacks and Emotional Reactions”, groups keywords related to coping mecha-
nisms, underscoring the need for mental health integration in oncology care. Finally, Topic 12
(Navigating Treatment Decisions with Specialist Nurses) highlights the critical role of nurses in
guiding patients through complex choices, providing both clinical clarity and emotional reassurance.
Overall, the globally tuned model captures high-level patterns across medical procedures, emotional
resilience, logistics, and support systems, complementing per-interview analyses. While minor issues
like repetitive keywords (e.g., “day day” in Topic 0) persist, they are less pronounced, confirming
the effectiveness of this broader modeling approach.

7.2.3 Topic Distribution in the whole corpus

Figure 6 shows the distribution of topics over interviews. Rather than assigning a single topic to
each chunk, the distribution is based on the soft output of the BERTopic model.5 This allows for
the possibility that a chunk touches on multiple themes to varying degrees. By averaging these
probability distributions across all chunks in a given interview, an interpretable vector is produced
that captures how strongly each topic is present throughout the interview as a whole. This approach

5. This functionality is provided directly by BERTopic through its approximate distribution() method, which
estimates the topic probabilities for each chunk without requiring re-fitting the model.
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Figure 6: Approximate distribution across all 13 interviews, where each color represents a topic, and
each bar represents one of the 13 interviews.

is useful for capturing thematic overlap and uncertainty that may be missed with hard topic
assignments. Table 6 lists the 5 highest probability topics across all 13 interviews.

The results indicate that Topic 14 (Coordination and Communication in Cancer Care Man-
agement) appears predominantly across several interviews (e.g. Interviews 0, 1, 3, 4, 8), even in
those where it was not one of the top three in prevalence view (most notably, Interview 3). This
suggests that while it may not have been the main focus in any one interview, it is a persistent
theme that underlies many conversations, with the coordination of the medical team likely being a
common underlying conversational topic among all patients. Another shift of this sort occurs with
Topics 12 (Navigating Treatment Decisions with Specialist Nurses) and 13 (CyberKnife Treatment
Program in Rotterdam), which are rarely top topics by prevalence, but frequently show up in the
approximate distribution. This implies these themes may appear in shorter or more subtle forms,
mentioned briefly, but across a wide range of patients. Meanwhile, the sharply focused topics (such
as Topics 0 or 2) remain central only to select individuals.

8. Discussion

The experiments conducted in this study provide insight into the capabilities of BERTopic and
Top2Vec for extracting clinically relevant themes from cancer patient interviews. Overall, BERTopic
– particularly when configured with clinically oriented embeddings and sentence-based chunking –
demonstrated a stronger ability to capture nuanced topics. These findings suggest that topic mod-
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Table 6: Most Occurring Topics Overall (Approx. Distribution)
Topic ID Mean Avg. Probability Topic Label
14 0.118 Coordination of Medical Team and Patient Care
12 0.079 Patient Decision-Making in Cancer Treatment Journey
3 0.071 Nutrition and Dietary Habits in Cancer Care
13 0.070 CyberKnife Treatment Program in Rotterdam
2 0.053 Placement of Portacath via Keyhole Surgery

eling could serve as the basis for clinical feedback tools, enabling medical staff to navigate lengthy,
unstructured patient documents efficiently and focus on patient-centered care. Comparing BERTopic
and Top2Vec revealed clear differences: while both produced coherent topics, BERTopic consistently
generated more precise and less overlapping themes, which is critical in medical contexts, while
Top2Vec generated more descriptive key terms. The ability to leverage domain-specific embeddings
such as BioClinicalBERT further improved performance, confirming that embedding selection plays
a key role in topic coherence and relevance.

We would like to point out a few limitations. First, topic modeling proved highly sensitive to
chunking strategies: smaller chunks increased granularity but fragmented narratives, while larger
chunks preserved context but reduced specificity. This trade-off between granularity and context
preservation proves to be a recurring theme in the experimental setup for both BERTopic and
Top2Vec. Second, while substantial effort was made to optimize the processing of the data, it is
possible that alternative approaches or configurations, particularly in areas such as preprocessing,
embedding selection, or clustering strategies, could have yielded improved or different results. Third,
our evaluation survey was small-scale and lacked clinical experts, meaning that judgments were based
on interpretability rather than professional applicability. Dataset characteristics introduced further
challenges: interviews were originally in Dutch and translated into English, which may have altered
meaning. These issues underscore broader resource limitations for non-English clinical NLP. Despite
these challenges, the study demonstrates the potential of topic modeling as a foundation for clinical
support tools that streamline workflows and amplify patient voices.

9. Conclusions and Future Work

Overall, this study highlights the value of embedding-based topic modeling for clinical applications
on patient care. By automating the extraction of meaningful themes from patient narratives, tools
like BERTopic could enhance workflow efficiency, awareness of patient concerns, and strengthen
patient-doctor communication.

In response to the first research question, the results show that current neural topic
modeling techniques, namely Top2Vec and BERTopic, can extract a variety of relevant themes
from patient interviews. These include emotional experiences, treatment details, personal struggles,
and reflections on the treatment processes. While both techniques produce fairly coherent and easily
interpretable topics, BERTopic, especially when paired with an embedding model pretrained on large
amounts of clinical data, such as BioMedicalBERT, and a sentence-based chunking strategy, delivers
more refined and focused results, which better represent the patients’ experiences and concerns
expressed during the interviews. This makes BERTopic more promising for practical use in clinical
environments, as opposed to Top2Vec, given the specific experimental setup and dataset.

As for the second research question, the extracted topics suggest several ways in which
topic modeling could support and improve healthcare processes. Most importantly, they could help
clinicians identify and understand key moments in a patient’s narrative without having to read ev-
ery transcript manually. This could save time, reduce the workload of clinical staff, and give more
visibility to the patient’s voice, especially in cases where emotional or psychological concerns might
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otherwise be overlooked. Although not empirically tested in this study, this type of automated
workflow for analyzing patient documents could also help reduce the risk of overlooking impor-
tant details in a patient’s history. By eliminating the need for clinicians to read through lengthy
transcripts manually, the system may lessen the chance of missing key information due to time con-
straints or fatigue. Although this study did not involve a clinical trial or professional assistance, the
structure of the output, combined with feedback from the conducted small-scale human evaluation,
shows clear potential for integrating topic modeling into tools that support patient-centered care.
Moreover, the global analysis of all 13 interviews reveals recurring themes discussed by all patients,
which could potentially assist in identifying patterns in cancer patient treatment journeys in order
to mitigate common issues.

While this work remains a proof of concept, it lays the foundation for future research focused
on multilingual capabilities, contextual models, improved evaluation frameworks, and integration
into clinical decision-support systems. Such advancements could help transform narrative data into
actionable insights, placing patient voices at the center of healthcare delivery.

For future work, it will be important to test the system with clinical experts to better understand
how the generated topics can be applied/integrated in a real-world healthcare setting. Beyond that,
moving past translated text is an important next step. This includes not only exploring Dutch-
language embedding models suitable for processing the original interviews, but also gathering new
datasets in English and other languages. Doing so would serve the purpose of supporting the
development and training of more robust multilingual, domain-specific embedding models, but it
would also allow this approach to be tested on native language data to see how it performs without
the distortions that come with translation. Additionally, future experiments could explore more
adaptive or dynamic chunking strategies, which might better balance granularity and contextual
coherence, especially across interviews of different lengths and structures. Lastly, the global dataset
analysis could be expanded to track how the identified global themes evolve across different patient
populations over time (temporal dimension), and offer solutions to help clinical staff solve or minimize
common complaints from cancer patients.
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Appendix A. Volunteer Survey Questionnaire

This section contains the volunteer survey questionnaire, analyzed in Section 6.3, which we used
in order to evaluate the outputs of the two chosen topic modeling techniques. The volunteers were
presented with interview I0, along with the following survey to complete:

Context: This survey is part of a research project investigating the use of automated
topic modeling techniques on cancer patient interview transcripts. The broader goal of
this thesis is to explore how topic modeling can help clinical staff quickly extract relevant
insights, such as emotional responses, symptoms, experiences, etc., from lengthy patient
narratives without having to read entire files. You will be presented with one anonymized
patient interview and the resulting topic outputs from each model. Your feedback will
help evaluate the clarity, relevance, and usefulness of the topics, contributing to an as-
sessment of how well these models could support future clinical decision-making tools.

On the next page, you will find the extracted topics and keywords generated by each
model. Please read the interview first before proceeding with the questions.

1. Please rate each topic on a scale from 1 to 5, where:

• 1 = Not coherent / Not useful

• 5 = Very coherent / Very useful

For each rating, please add a brief explanation if needed.
Example: T1: 4 – Useful topic, but title could be more precise.
T2: 1 - The topic makes no sense, this was never talked about during the interview.

2. Overall, how well do the extracted topics represent the content of the interview
you read?
(1 = Not at all, 5 = Very accurately)

3. How helpful/accurate were the keywords under each topic for understanding what
the topic was about?
(1 = Not helpful, 5 = Very helpful)
Example: T1: 4 - Useful keywords, but it has one irrelevant word in it: ”the”)

4. Were there any important themes, ideas, or aspects of the interview that were
missing from the extracted topics?
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• Yes

• No

If yes, please specify.

5. Do you have any additional feedback or suggestions about the topics or the overall
experience?

Each participant received one survey document for each model, which had the same questions,
with the only difference being the topic output.
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