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Abstract

Background: Concept mapping (CM) is a widely used mixed method research approach for structuring and visualizing
complex ideas across various fields, such as the health sciences. A critical bottleneck in the CM process is the idea synthesis
phase, which remains labor-intensive, subjective, and consequently challenging to scale for large datasets.

Objective: In this study, we propose IdeaDistiller, a semiautomated solution based on semantic clustering to optimize the idea
synthesis step while maintaining methodological rigor through a human-in-the-loop approach.

Methods: Using 9 health care-related datasets in English and Swedish, we systematically evaluated different embedding
models, dimensionality reduction techniques, and clustering algorithms to identify robust and reproducible parameter settings
for the proposed approach. IdeaDistiller clusters participant-generated ideas based on semantic similarity to identify similar
ideas with different wording, suggests representative and unique ideas per cluster, and provides coherence scores and sorted
outputs to aid manual validation.

Results: Our findings suggest that IdeaDistiller may substantially reduce the manual effort involved in idea synthesis while
preserving quality and transparency. However, human expertise remains indispensable for validating and refining cluster
outputs.

Conclusions: Integrating semiautomated methods into the CM workflow offers significant potential for improving the
efficiency, scalability, and rigor of the CM process. Building on our work will enable the exploration of larger multilingual
datasets and integration into future CM studies.
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Introduction

Background

Concept mapping (CM) is a structured research method
designed to visualize and organize thoughts, ideas, or
knowledge concerning a specific topic by creating graphical
representations of concepts and their interrelationships [1].
Widely used in disciplines such as education, psychology,
health sciences, and other social sciences, CM is an inte-
grative mixed methods research methodology for exploring
and analyzing complex conceptual domains. It includes both
qualitative and quantitative data collection and analysis in

Figure 1. Process of concept mapping methodology.
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sequential steps, where each step builds on the previous one,
as described below [2]. One of the strengths of this method
is the active involvement of stakeholders throughout the
process. Depending on the project and the research question,
the participants can be more or less involved in all stages
described in the following sections [3].

CM Methodology

After the initial preparation stage, the CM methodology
typically comprises the following sequential stages, as shown
in Figure 1. Normally, idea synthesis is part of idea genera-
tion, but for clarity in this study, it is defined here as an
additional step in the process.

Idea Generation and Synthesis Process
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generate ideas by
completing prompts
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Idea Generation

The research team formulates a focused research question,
typically structured as an incomplete sentence or prompt.
Participants individually complete this sentence, usually
generating between 1 and 5 responses, referred to as ideas.
Given the volume of data collected, a subsequent idea
synthesis process is necessary to manage and refine the input
so that the ideas are manageable for the sorting step.

Idea Synthesis

Idea synthesis involves a series of refinement steps to produce
a concise yet representative set of ideas for further analy-
sis, referred to as the set of unique ideas for the study.
This process includes eliminating identical or highly similar
ideas, preserving unique and relevant contributions, remov-
ing off-topic ideas, and segmenting complex or compound
ideas into more granular units. Additionally, grammatical and
typographical corrections are applied to standardize the text.
The overarching goal is to reduce the initial set of ideas to
a manageable number, typically no more than 100 distinct
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ideas, while preserving the conceptual breadth and diversity
of the original input [1.4].

Representation

Data are
transformed into a
similarity matrix

Structuring the ldeas

A subset of participants individually sorts the unique ideas
into thematic categories, ensuring that each idea is placed
in only 1 category. This process can be done manually or,
as in most cases, using designated card-sorting software.
Participants also assign descriptive labels to the categories
they create.

Representation

The sorting data are transformed into a similarity matrix that
captures how often pairs of ideas are grouped. Multidimen-
sional scaling is then applied to represent these similarities or
dissimilarities on a 2D plane. The multidimensional scaling
output is subjected to hierarchical cluster analysis to develop
a hierarchy of clusters. The research team reviews successive
cluster solutions to determine the optimal number of clusters,
selecting the most meaningful and interpretable configura-
tion while balancing sufficient yet manageable detail [5].
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Depending on the project, participants can also be part of this
stage, as well as in the final step, interpretation.

Interpretation

Clusters are labeled based on the category names suggested
during sorting. The final concept map visually presents the
ideas’ spatial coordinates and delineated clusters, offering a
structured and interpretable visualization of the conceptual
domains.

The principal objective of CM is to provide a clear, visual
representation of a conceptual space and set of ideas, thereby
enhancing the understanding of underlying structures and
relationships among the ideas. A defining characteristic of
CM is the active engagement of stakeholders at multiple
stages of the research process, including data collection,
analysis, and interpretation, making it highly compatible with
participatory research methodologies [3].

Despite its structured framework, CM poses a number
of challenges. Criticisms, even from the originators, include
the potential for subjectivity and bias, particularly during
qualitative phases, as well as the method’s high demands on
time and resources for researchers and participants [6]. The
idea synthesis phase is particularly concerning, as it involves
refining, consolidating, and preparing ideas for subsequent
sorting and analysis [4].

While the core CM methodology is well-established, the
growth of large-scale, digitally mediated data collections
necessitates more efficient, rigorous, and partially automated
approaches to the idea synthesis step.

Related Work

The idea synthesis phase in CM has traditionally relied on
manual, labor-intensive procedures conducted by research
teams through iterative consensus-building exercises. A range
of approaches has been documented in the literature. For
instance, Ashe et al [7] describe a multistage process in
which individual review of items was followed by several
collaborative meetings to finalize the list of unique ideas.
Similarly, Windsor [8] employed 5 independent coders to
identify redundancies, after which consensus was reached on
the items to retain. Hassmiller Lich et al [9] introduced a
more advanced strategy by comparing an initial set of 830
ideas with a final curated set of 97 to assess representative-
ness. Pantha et al [2] conducted a review indicating that
while approximately one-third of studies provided an explicit
rationale for their sample size, three-quarters described their
idea synthesis process in detail. However, concerns about
methodological transparency remain. For example, McLinden
[10] criticized the often insufficient reporting of synthesis
procedures, arguing that such omissions hinder the ability to
evaluate the representativeness and validity of the final idea
sets. These studies underscore the variability in practice and
the need for more standardized and transparent approaches to
idea synthesis in CM research.

Despite growing awareness of the importance of rigor-
ous idea synthesis, inconsistencies persist in methodolog-
ical reporting and implementation. Even though digital
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technologies have enabled larger-scale data collection, they
have also further compounded the challenges and increased
the burden on researchers to conduct transparent and
methodologically sound synthesis. While Kane and Trochim
[1] emphasized that CM relies on a combination of technolog-
ical support and human qualitative judgment—a “high-tech,
high-touch” approach—there is a growing need for meth-
ods that blend automation with interpretive rigor without
compromising the qualitative depth of the process.

To address all the aforementioned challenges, this study
presents the development and evaluation of IdeaDistiller,
a semiautomated tool designed to support the idea synthe-
sis phase of CM. By leveraging machine learning techni-
ques, our approach aims to reduce researchers’ burden,
enhance methodological transparency, and preserve qualita-
tive depth. We demonstrate the tool’s utility through a
series of exploratory benchmarks across diverse English and
Swedish datasets, providing a framework for more efficient
and reproducible conceptual analysis in large-scale studies.

Methods

Design Rationale and Requirements

Recognizing that idea synthesis is inherently a qualitative
task requiring nuanced judgment, we adopted a human-in-
the-loop (HITL) approach, integrating automated techniques
with expert oversight. This strategy aligns with the recom-
mendation by Kane and Trochim [1] that, while technology
can support the CM process, human interpretive engagement
remains essential. We acknowledge that the distillation of
ideas is not a discovery of an objective “ground truth” but
rather a subjective interpretive process in which granularity
and categorization depend on the researcher’s perspective.
Overall, we aimed at developing a tool that fulfills the
following requirements:
¢ Redundancy reduction: identifying and eliminating
duplicate or semantically similar ideas to minimize
repetition within the idea set.
* Semantic alignment: assessing and organizing ideas by
measuring their semantic similarity to each other.
* Preservation of unique contributions: safeguarding
novel and valuable ideas to maintain the richness and
diversity of participants’ input.

Our approach is based on the principle that all ideas can
be clustered into semantically coherent groups, where each
group consists of ideas conveying the same or a similar idea
in different formulations, and the main idea for each group
is distinct from all other groups. Creating such a clustering
enables the researcher to subsequently extract one representa-
tive idea from each group, ensuring that all extracted ideas
collectively represent the diversity of the complete dataset.

We explored several approaches to clustering ideas based
on their semantic similarity. In the following sections, we
describe the data, clustering methods, and evaluation metrics
used, as well as the output created to facilitate the easy
integration of human feedback.
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Datasets

This study used data from various independent CM studies.
Each dataset comprised two components: (1) the complete set
of raw ideas provided by participants and (2) the manually
identified set of unique ideas, which served as the reference
for evaluating the performance of the computational methods
developed.

In total, 9 datasets were analyzed: 6 in English and 3
Swedish datasets. The English datasets cover diverse topics
within the health and health care domains, including obesity,
stress, medical services [11], drug abuse [12], and aspects of
suicide screening [13]. The datasets covering the first 3 topics
originally contained Spanish ideas collected from Latino
participants in Cincinnati; however, their English translations
were used in this study. The Swedish datasets addressed

Table 1. Datasets used in the study.
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cancer rehabilitation [14], the support structures available to
patients and their families (the “Kraftens hus” initiative) [15],
and the use of development plans as a tool in patient care
[16].

Before clustering, exact duplicate entries, which were
particularly frequent among shorter ideas, were removed as
they would not contribute additional unique ideas. However,
within our approach, it is possible to retain duplicates to allow
for a quantitative follow-up analysis.

Table 1 provides an overview of the datasets, along
with their sizes and the number of manually identified
unique ideas. The datasets vary in thematic focus, language,
participant demographics, and dataset size, providing a robust
basis for evaluating the generalizability and performance of
the proposed computational approach.

Dataset Language Original ideas® Unique ideas
Obesity English 406 100

Stress English 670 97

Medical services English 697 96

Drug abuse English 162 75

Results of suicide screening English 462 80

Important parts of suicide screening English 415 80

Cancer rehabilitation Swedish 525 67

Cancer support center Swedish 121 72
Development plans Swedish 375 100

Number of original ideas after the removal of duplicates.

Semantic Clustering

Semantic similarity identifies latent patterns within textual
datasets by uncovering recurring groups of words that
represent underlying themes or topics. Traditional meth-
ods, such as latent Dirichlet allocation [17,18], primarily
rely on word frequency statistics to discover topics, which
makes them limited in their ability to find semantic sim-
ilarity in sentences with very different wording. There-
fore, our approach builds on the BERTopic (bidirectional
encoder representations topic modeling) framework [19-21], a
technique that incorporates textual relationships and semantic
meaning.

BERTopic follows a flexible pipeline comprising several
steps. Since our primary interest lies in grouping each idea
into a semantically coherent cluster, we focus on the first
three stages of the pipeline: (1) embedding the ideas into a
dense vector space, (2) reducing the dimensionality of the
embedding space, and (3) clustering the embedded original
ideas to form semantically related groups.

The core principle of BERTopic is embedding sentences
into a high-dimensional embedding space to transform textual
data into dense vector representations before clustering them.
Semantic similarities between texts are reflected by their
proximity in the vector space. These embeddings allow for
a more nuanced understanding of similarity beyond sim-
ple word counts. In this study, we used several different
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pretrained embedding models, adapted to different languages,
to create the sentence embeddings.

Through this process, all ideas are assigned to clus-
ters, each containing original ideas with similar semantic
meanings. CM researchers can then extract one or more
representative ideas from each cluster. Each of the 3
mentioned steps offers multiple methodological choices, and
we selected the specific methods that showed the most
robust results across our exploratory study. While this process
provides a good starting point, manual refinement is still
needed. To simplify this task for the researcher, we addition-
ally sort all ideas based on their cluster assignment and the
semantic similarity between the clusters; that is, we organ-
ize the clusters such that those covering similar themes are
positioned closer together in the output. To achieve this, we
applied hierarchical clustering to the topic representations and
used the resulting dendrogram to order the output.

Evaluation Metrics

Standard evaluation metrics for topic modeling, such
as coherence scores and perplexity, assess the semantic
consistency and interpretability of the identified topics. In
our case, however, the availability of manually curated
unique ideas from previous CM studies enabled more targeted
evaluation measures. Rather than measuring “correctness”
in an absolute sense, these metrics quantify the degree of
alignment between the computational output and a specific,
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human-led reference synthesis. To quantify the performance
of IdeaDistiller, we developed 2 coverage-based metrics that
assess the alignment between the computationally generated
clusters (without human refinement) and the expert-identi-
fied unique ideas. These metrics are based on the heuristic
that an optimal alignment with the reference standard would
produce as many clusters as there are unique ideas, with 1
unique idea representing each cluster. Therefore, the metrics
used consider the overlap between computational clustering
and curated unique ideas, which is the number of clusters
containing at least 1 unique idea. The 2 metrics are defined as
follows:

: . overlap
Coverage of clusters to unique ideas = ———————
n_unique_ideas
where n_unique_ideas represents the total number of
manually curated unique ideas. This metric evaluates the
proportion of unique ideas represented by the computational
clusters. In other words, this metric tells us how many of
the unique ideas we would obtain if we extracted exactly 1
unique idea from each cluster and how many this computa-
tional approach would miss:

Proportion of clusters with unique ideas = M

n_clusters
where n_clusters is the total number of computationally
generated clusters. This metric assesses the proportion of
clusters containing at least 1 manually identified unique idea,
highlighting the extent to which the computational clusters
align with expert curation. A value below 1 indicates clusters
without a unique idea, which can be either due to suboptimal
clustering (ie, the additional clusters do not consist of new
ideas but should be a part of another cluster containing a
unique idea) or due to the clustering identifying new aspects
that the human evaluator has not considered.

As an example, consider a scenario with 100 clusters and
96 unique ideas, where 62 clusters contain at least 1 unique
idea. In this case, the 2 metrics are calculated as follows:

Proportion of Clusters with Unique Ideas = % = 0.62
. 62
Coverage of Clusters to Unique Ideas = 9% ~ 0.65

This example indicates that 38% (38/100) of clusters do not
contain a manually curated unique idea, while 35.41% (34/96)
of unique ideas are not captured when extracting 1 idea
per cluster. Together, these metrics provide a comprehensive
assessment of the representativeness and completeness of the
clustering results. It is important to note that a lack of perfect
correspondence (values below 1) does not necessarily indicate
“error” by the model. Because unique ideas in CM are
interpretive and dependent on the researcher’s chosen level
of granularity, discrepancies may represent valid alternative
structures. Therefore, these metrics should be interpreted as a
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measure of how closely the IdeaDistiller mimics the specific
synthesis decisions made by previous expert researchers.

While these 2 metrics aim to evaluate the results from 2
different perspectives, we applied the pipeline by choosing
the number of clusters to be equal to the number of manually
curated unique ideas, which resulted in identical values for
both metrics. Therefore, in the following, we will report only
one of the metrics.

Topic Coherence

Although coherence was not used to select the best-perform-
ing model, we computed a coherence score for each idea
to support researchers during the manual evaluation phase.
In our setting, coherence measures the degree of semantic
similarity among all ideas within the same cluster, with
higher coherence indicating greater internal consistency. This
score can help assess how well an idea fits within its
assigned cluster, allowing for special focus on ideas with low
coherence scores during the postcomputational or refinement
phase. In practice, we computed embeddings for all individ-
ual ideas using a pretrained sentence-BERT (bidirectional
encoder representations from transformers) model [22]. The
coherence score of each idea is then calculated as the cosine
similarity between its embedding and the mean embedding of
all ideas in its assigned cluster.

Generated Output

Our approach, IdeaDistiller, produces an output file designed
to support CM researchers during the idea synthesis phase.
This file includes a comprehensive table listing all participant
ideas alongside the results of the computational analysis,
facilitating manual review and refinement.

The output contains the following components:

* Cluster labels: each idea is accompanied by an assigned
cluster label, indicating the group to which the idea
belongs based on semantic similarity.

* Sorting: to aid manual evaluation, the ideas are sorted
according to their cluster assignments (ie, similar ideas
should appear close to each other in the file), and
clusters are organized based on semantic similarity.
This structure enables researchers to easily assess
whether adjacent clusters are sufficiently similar to
warrant merging, potentially representing them with a
common, unique idea.

* Suggested unique ideas: the file provides a computa-
tionally suggested representative idea for each cluster.
When available, original, manually curated, and unique
ideas are also included for comparison. This feature
is useful when applying the tool to previously filtered
datasets or when evaluating the alignment between
manual judgments and computational outputs.

* Coherence scores: semantic coherence scores are
provided for each idea, offering insights into the
internal consistency and quality of the clustering
process. A low coherence score for an idea may
indicate a poor fit within its assigned cluster and can
prompt further review and adjustment.
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These outputs offer researchers a structured foundation for
conducting a comprehensive evaluation and refinement of the
results to finalize the idea synthesis process.

Ethical Considerations

All projects that contributed data for this work have been
ethically assessed and/or approved. Further details can be
found in the respective manuscripts [11-16]. For this study,
permission to use the data was granted by the data collec-
tors, and no actual outcomes are reported. The data were
used exclusively for the development and testing of the tool
and are neither required for its further use nor can they be
retrieved from the tool.

Results

As outlined in the Datasets section, the datasets used vary
in characteristics such as size, topic, language, and partici-
pant demographics. This diversity allows us to evaluate the
usefulness and generalizability of the proposed approach
under diverse conditions.

Experiments and Parameter Selection

Sensitivity Analysis and Parameter Exploration

Given that a definitive “ground truth” for idea synthesis is
rarely available in real-world research contexts, our experi-
mental grid is intended as a sensitivity analysis. We aimed
to demonstrate the robustness of the IdeaDistiller framework
across a wide range of configurations, rather than to nominate

Table 2. Overview of the different parameter settings that were tested.

Qwaider et al

a single “optimal” model for all future applications. We
aimed to maintain a one-to-one correspondence between
clusters and unique ideas and selected the number of clusters
to match the number of unique ideas in each dataset using the
metrics described above.

Using BERTopic, we explored different parameter
configurations for the three main components of the
computational pipeline: (1) embedding models, (2) dimen-
sionality reduction methods, and (3) clustering algorithms.

The specific parameters and methods tested are summar-
ized in Table 2. The total number of experiments conducted
per dataset is as follows:

Total experiments = (Number of clustering algorithms) x
(Number of embedding models) x

(Number of dimensionality reduction methods

X Number of dimensions)

Accordingly, the datasets for the experiment are as follows:
* For the English datasets: 3x3x(2x9)=162 experiments
per dataset
* For the Swedish datasets: 3x2x(2x9)=108 experiments
per dataset

This allowed us to assess the impact of different parame-
ters and evaluate performance under diverse configurations.
Our results showed that no single parameter configuration
consistently yielded the best performance across all datasets,
reflecting the heterogeneity of the datasets.

Parameters Options
Clustering * K-means clustering, agglomerative clustering, and spectral clustering.
Embedding + English: fastText", SentenceTransformer, Flair”

Dimensionality reduction

o Swedish: KB-BERT, SentenceTransformer
¢ Truncated SVDd, PCA® (with dimensions varied from n=2 to n=10)

fastText: Facebook artificial intelligence word embedding model.
bFlair: natural language processing embedding framework.

“KB-BERT: Kungliga Biblioteket bidirectional encoder representations from transformers.

dSvD: singular value decomposition.
€PCA: principal component analysis.

Clustering Algorithm Selection

We evaluated multiple clustering algorithms to determine
the most suitable method for our approach. We explored
hierarchical density—based spatial clustering of applications
with noise due to its ability to discover clusters of varying
densities without requiring a predefined number of clus-
ters. However, initial trials resulted in very high numbers
of clusters and outliers, reflecting the complexity of the
dataset. We, therefore, concluded that the absence of explicit
control over the number of clusters rendered hierarchical
density—based spatial clustering of applications with noise
less appropriate for our application.

https://medinform.jmir.org/2026/1/e86877

Overall, we compared the performance of 3 cluster-
ing algorithms across all datasets: k-means, agglomerative
clustering (with Ward linkage), and spectral clustering.

As illustrated in Figure 2, spectral clustering appeared
to show less stable performance and tended, on average,
to yield lower results compared with the other methods. In
contrast, k-means and agglomerative clustering seemed to
perform at broadly similar levels across the experiments.
These impressions are based on visual inspection of the box
plots and should, therefore, be interpreted with appropriate
caution.
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Figure 2. Box plots of the 3 clustering algorithms (k-means, agglomerative clustering, and spectral clustering) showing their proportions of clusters

with unique ideas.
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We suggest agglomerative clustering as a practical base-
line configuration for the pipeline. While k-means is a
robust alternative, its sensitivity to random initialization
can yield varying outcomes across different runs unless
specific measures—such as fixed seeds or multiple restarts
—are implemented. We prioritized agglomerative clustering
primarily for its inherent determinism, as well as its estab-
lished use within the field, contributing to its acceptance
among researchers. In the following sections, we report
the performance based on agglomerative clustering only,
excluding the other clustering approaches.

Embedding Models

Embedding models are used to represent sentences as
numerical vectors within a high-dimensional space, where
the proximity between vectors captures semantic similarity.
Various embedding models exist, often tailored to spe-
cific languages, which can significantly influence clustering
performance.

For the English datasets, we evaluated 3 models: fast-
Text, SentenceTransformer (all-MiniLM-L6-v2), and Flair.

https://medinform.jmir.org/2026/1/e86877

For the Swedish datasets, we tested KB-BERT (Kun-
gliga Biblioteket bidirectional encoder representations from
transformers; bert-base-swedish-cased) and SentenceTrans-
former (paraphrase-multilingual-MiniLM-L12-v2).

Our experiments demonstrated that, for the available
English datasets, the SentenceTransformer (all-MiniLM-L6-
v2) showed the highest mean performance within this
exploratory study, as shown in Figure 3, yielding better
alignment with the manually curated unique ideas. For
our Swedish datasets, KB-BERT (bert-base-swedish-cased)
showed the highest performance; however, given the small
number of Swedish datasets, these results should be interpre-
ted as indicative rather than definitive (Figure 3). Nev-
ertheless, we selected KB-BERT because its training on
Swedish-specific corpora is expected to improve its ability
to capture linguistic nuances unique to the language.

In the following sections, we report the performance of the
results based on agglomerative clustering combined with the
selected embedding models.
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Figure 3. Box plots of embedding models showing their proportion of clusters with unique ideas using agglomerative clustering on the English
and Swedish languages. fastText: Facebook artificial intelligence word embedding model; Flair: natural language processing embedding framework;

MiniLM: miniature language model.
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Dimensionality Reduction

Dimensionality reduction is applied to high-dimensional
embeddings to reduce computational complexity while
preserving the most relevant semantic information. Different
techniques emphasize the preservation of distinct aspects of
the original data structure, which has an impact on down-
stream clustering performance.

Although uniform manifold approximation and projection
is the default technique in BERTopic and often yields
high-quality embeddings, we excluded it from our experi-
ments. While stochastic methods like uniform manifold
approximation and projection can be made reproducible
through fixed random seeds, we opted for deterministic
alternatives (truncated singular value decomposition [SVD]
and principal component analysis) to ensure consistent results
across different computational environments and versions.
This choice was made to prioritize practical deployment and

https://medinform.jmir.org/2026/1/e86877

ease of use, and does not imply that nondeterministic methods
are theoretically inferior for this task.

Each method was evaluated across a range of dimensions
(from n=2 to n=10), with results summarized in Figures 4 to
6. Language-specific analyses revealed that for our English
datasets, the best performance seemed to be achieved by
using truncated SVD with a higher dimensionality (n=10),
whereas for the available Swedish datasets, truncated SVD
with a lower dimensionality (n=6) showed, on average,
slightly better results. However, given the small number of
datasets analyzed (6 in English and 3 in Swedish) and the
associated variability in the results, we recommend using
truncated SVD with a lower dimensionality (n=6) across both
languages. This setting seems to provide more robust and
stable performance across all the datasets, whereas a higher
dimensionality (n=10) exhibited greater variance in clustering
quality when considering both English and Swedish datasets.

JMIR Med Inform 2026 | vol. 14 | e86877 | p. 8
(page number not for citation purposes)


https://medinform.jmir.org/2026/1/e86877

JMIR MEDICAL INFORMATICS Qwaider et al

Figure 4. Box plots of dimensionality reduction methods (truncated SVD and PCA) with varying numbers of dimensions, showing their proportion of
clusters with unique ideas for the English dataset. PCA: principal component analysis; SVD: singular value decomposition.
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Figure 5. Box plots of dimensionality reduction methods (truncated SVD and PCA) with varying numbers of dimensions, showing their proportion of
clusters with unique ideas for the Swedish dataset. PCA: principal component analysis; SVD: singular value decomposition.
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Figure 6. Box plots of dimensionality reduction methods (truncated SVD and PCA) with varying numbers of dimensions, showing their proportion of
clusters with unique ideas for both languages. PCA: principal component analysis; SVD: singular value decomposition.
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With these selected methods, the average performance of
IdeaDistiller is 0.63 for English datasets and 0.67 for Swedish
datasets, meaning that 63% (n=100) and 67% (n=100) of
clusters, respectively, contain at least 1 manually curated
unique idea, while 37% (33% for Swedish) of the clusters do
not contain a unique idea. The latter can be due to subopti-
mal cluster structure; that is, those clusters could be merged
with other existing clusters; however, in some cases, these
clusters might provide new, additional perspectives on the
topic. These results indicate an existing correlation between
manual and computational results, meaning that IdeaDistiller
can support the researcher in their analysis. At the same time,
they also showcase that the output of IdeaDistiller will need
human revision to ensure methodological rigor. The clustered
and sorted lists of original ideas produced by IdeaDistiller
therefore represent an intermediate step in the idea synthesis
process. While this tool does not provide a final solution
for idea synthesis, it offers structural assistance and reduces
cognitive load on the researchers.

Number of Clusters

In our previous experiments, the number of clusters, £,
was always set to the number of manually curated unique
ideas to evaluate how well IdeaDistiller reproduces these
results. With a new CM study, however, this value will
not be available, but the researcher might instead use a few
standard values. To investigate the effect of different cluster

https://medinform.jmir.org/2026/1/e86877

numbers on the results, we varied k£ between 70 and 110
while keeping the suggested options for all other parame-
ters. The results were evaluated using both the proportion
of clusters with unique ideas (called proportion) and the
coverage of clusters to unique ideas (called coverage), as well
as the coherence score, which is independent of the manually
curated unique ideas. Figure 7 shows that, due to the way they
were constructed, proportion and coverage have an inverse
relationship, crossing at the true value of manually curated
ideas. The effect of a change in k depends on the dataset.
Within the considered range of k, the change in the proportion
score lies in the range of 0.12 to 0.18, while the coverage
score shows slightly higher differences, ranging from 0.1
to 0.21 across our datasets. The average coherence score
for each dataset monotonically increases with the number
of clusters. This is expected, since it measures how closely
connected the ideas within a cluster are, with more clusters
allowing for better separation of the different aspects covered
by the dataset. Based on these results, we generally suggest
choosing k slightly higher than the number of unique ideas
one is aiming for. This way, the user obtains more coherent
clusters. At the same time, the clusters become smaller and
possibly overlapping in content. To address this, IdeaDistiller
provides an output file where the clusters are sorted semanti-
cally, such that similar clusters are grouped together and can
easily be identified when reviewing the list.
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Figure 7. Impact of cluster number (k) on proportion, coverage, and coherence scores across 9 datasets.
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To provide a concrete example of how coherence scores
reflect the semantic unity of the output, Table 3 illustrates
a cluster (ID 86) from the English dataset “Stress.” The scores
represent the cosine similarity between individual statements
and the cluster centroid. Higher scores (eg, 0.76) correspond

Number of clusters

== Coverage
—-= Proportion
—— Coherence

+ chosen k

to statements that align closely with the core topic, while
lower scores (eg, 0.52) indicate less closely related concepts
like “support.” This allows researchers to quickly validate
the thematic consistency of the tool’s output and identify

potential outliers.

Table 3. Representative clusters and associated coherence scores, illustrating semantic proximity to the cluster centroid.

Idea

Coherence score

Look for more information
Have more information

More information
More support

0.76
0.70

0.60
0.52
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lllustrative Case Study

We conducted a small audit on one of the English datasets
(“Drug abuse”) to gain insights into the semantic clusters
without unique ideas. We found that, in many cases, these
clusters did not contain novel content but slight variations
of already selected ideas. However, some of these clusters
contained ideas that could be deemed “novel” depending
on the focus of the study. One example is 3 statements
on background checks (“give background checks when you
apply for a license,” “background checks on patients,” and
“ask for consensual background checks to know if a person
is on drugs or has experienced...”), with none of them
being included in the list of unique ideas. For the given
study, these ideas were considered out of scope and at the
same time loosely related to 2 retained unique ideas (“The
federal government should run a program that takes con-
victed drug dealers/users into mandatory rehab” and “Hold
addicts accountable for staying clean and away from drugs”).
However, depending on the focus of the study, an idea
specifically about background checks could be a useful
addition. This example illustrates how scope and granular-
ity decisions shape what is included as a unique idea and
shows that the tool provides a valuable starting point for idea
synthesis. However, it remains independent of these study-
specific decisions and therefore does not replace researcher
judgment.

Discussion

Principal Findings

This study shows that semantic clustering can be used to
support the idea synthesis process in a CM study. For 9
different datasets, IdeaDistiller was able to reproduce expert
synthesis with an average alignment of 64%, highlighting
both the value of the tool in organizing the original ideas
as well as the need for expert involvement in the curation
process. The latter is facilitated by providing sorted lists of
all original ideas, based on which the results can easily be
adjusted.

Topic modeling, specifically BERTopic, has been
successfully applied in various contexts, such as Twitter
(subsequently rebranded X) tweets [20]. Our study extends
these findings and demonstrates the potential to enhance the
CM process, specifically the idea synthesis step, using various
health care-related datasets. IdeaDistiller, our proposed
approach, significantly reduces the manual effort traditionally
required to identify and group similar ideas by automating
the clustering and thereby presorting the participant-generated
ideas. This automation enables researchers to allocate more
time to the subsequent analysis and interpretation of ideas
rather than the manual data processing phase.

Moreover, the approach provides additional outputs,
including coherence scores and semantically sorted clus-
ters, which facilitate a more structured and efficient review
process. IdeaDistiller is designed to support CM research-
ers, while keeping them in control of their own analy-
sis. Extracting final, unique ideas from each cluster still
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necessitates human judgment, and suggested representative
ideas require expert validation, particularly in complex or
sensitive domains such as health care.

Our findings align with Prescott et al [23], who argue
that while generative artificial intelligence (AI) can signifi-
cantly reduce time and resource demands, hybrid approaches
incorporating HITL validation remain necessary. Similarly,
Morgan [24] concludes that although AI tools demonstrate
great promise for supporting coding tasks, integrating Al with
qualitative data analysis presents challenges. In agreement
with Prescott et al [23], human analysts retain a crucial
advantage in identifying nuanced meanings and interpret-
ing context-specific themes—an essential skill for rigorous
qualitative research.

Integrating an automated step into the idea synthesis
process offers substantial benefits for methods such as
CM. These include improved scalability for handling larger
datasets. We also concur with Chen et al [25], who advocate
for using machine learning to identify inconsistencies and
ambiguities in qualitative coding. By automating the simpler
stages of coding, researchers can allocate their expertise
more efficiently to the complex interpretative tasks that
require theoretical sensitivity and contextual knowledge —an
outcome facilitated by the tool developed in this study.

Limitations

A limitation encountered in this study was the variability
in dataset sizes and languages, which posed challenges for
optimal parameter tuning. Smaller datasets constrained the
ability of machine learning models to generalize effectively.
Nevertheless, by using stable parameter settings, we achieved
consistent and satisfactory performance across most datasets.

While a HITL approach remains indispensable for
analyzing complex qualitative data, developing systems
that support and enhance this collaboration is a promising
direction for the future evolution of the CM methodology.
Further application of the approach across diverse contexts
will be necessary to fully understand its capabilities and
identify opportunities for improvement.

In summary, our findings suggest that IdeaDistiller can
significantly streamline a previously time-consuming step of
the CM process, improve scalability, and maintain reasonable
accuracy. Nonetheless, human validation remains essential
to ensure the quality and relevance of results in real-world
applications.

Future Work

In this study, we created IdeaDistiller, a tool trained on
previous CM studies. An important next step will be to use
and test the tool in further real-life studies across different
domains to enable continued evaluation with respect to both
usability and the experience of time-saving.

Additionally, advances in explainable AI could be
leveraged to improve the interpretability of clustering results
by providing insights into how and why specific items are
grouped together. For instance, techniques such as attention
heatmaps, feature importance scores, or natural language
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explanations could help domain experts understand the path forward for improving the efficiency, scalability, and
rationale behind each cluster, thereby enhancing transparency, methodological rigor of CM and other qualitative research
supporting critical evaluation, and increasing trust in the methodologies.

system’s outputs.

Overall, the continued development of semiautomated
tools, coupled with human expertise, presents a compelling
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