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Abstract

Clustering is widely used to identify meaningful
groups in survey data, yet standard validation met-
rics assess geometric coherence and not practical rel-
evance. As a result, statistically well-separated clus-
ters may offer little insight into real-world outcomes.
We introduce Cross-Validated Prediction Accuracy
(CVPA) as a metric that evaluates clustering solu-
tions by testing how well cluster membership pre-
dicts independent demographic or behavioural vari-
ables in out-of-sample data. We apply CVPA to
three survey datasets that span climate discourse,
tidal literacy, and lived experience during COVID-
19. Across cases, CVPA distinguishes clusters that
are merely mathematically compact from those that
capture a socially meaningful structure. We demon-
strate that it is possible to obtain similar CVPA
scores from computer science clustering methods and
manual clustering performed by experts (0.609 vs
0.605, 0.571 vs 0.572, and 0.539 vs 0.532 for each
dataset respectively). Furthermore, we show that

transformer-based embeddings consistently outper-
form traditional lexical representations in preserving
interpretable semantic structure. By linking clus-
ter evaluation directly to predictive utility, CVPA
reframes validation as a test of empirical relevance,
providing a principled and domain-agnostic frame-
work for computational segmentation in policy, pub-
lic health, and social research.
Keywords: Survey-based clustering, Sentence-
BERT embeddings, Cross-validated prediction accu-
racy, Cluster validity indices

1 Introduction

Effective decision making is often dependent on di-
viding people into groups1,2. By being able to iden-
tify clusters of similar subgroups within diverse pop-
ulations, researchers and practitioners can identify
unique behaviour patterns, customize interventions,
and create focused strategies that take into account
the requirements/characteristics of certain groups3.
Despite its importance, choosing the best cluster-
ing techniques is difficult, especially when predictive
power, rather than descriptive categorisation, is the
end goal4,5. To bridge the gap between conventional
statistical clustering techniques and their usefulness
in predicting behavioural outcomes across various so-
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cioeconomic groups, this paper assesses different clus-
tering algorithms specifically for their ability to gen-
erate clusters with high predictive value in survey-
based social science applications. If an algorithm gen-
erates a cluster that correlates well with those formed
by human coders, then that algorithm may be more
valuable for social science applications than one that
only produces mathematically distinct groupings.

1.1 The role of Cluster Validation

Assessing the quality of clusters, referred to as cluster
validation, is a crucial and difficult task in clustering
applications6,7. Validation helps prevent the identi-
fication of false patterns within noise8 and allows for
comparison between various clustering algorithms1,8.
Additionally, it is important to determine the optimal
number of clusters for a data set9,10 and to evaluate
the consistency and repeatability of the clustering re-
sults9.

Clustering evaluation methods can be divided into
two categories: those that use external criteria, which
compare clustering outcomes to existing labels or
benchmark datasets, and those that use internal cri-
teria, which judge the quality of the cluster configura-
tion without relying on any additional data1,6,10–12.
Traditional external approaches, such as constrain-
ing clusters to align with predefined socioeconomic
groups, are useful for validating existing categories,
but they can also mask novel patterns that fail to
fit standard demographic divisions1,4,12,13. Here, we
focus on internal evaluation metrics that gauge clus-
ter quality independently of external labels by draw-
ing on the notions of separation (dissimilarity be-
tween clusters) and compactness (similarity within
clusters)4,10. Since survey-based social science re-
search usually aims to reveal previously unnoticed
behavioural or attitudinal groupings, the clustering
process should at first be guided by internal textual
characteristics, rather than forcing the algorithm to
replicate presumed “ground-truth” demographic cat-
egories. They facilitate the identification of organ-
ically emerging group structures that may capture
more nuance than standard external categorizations.

The inherent structural soundness of clusters can
be assessed using internal indices. Among the

most widely adopted internal measures in clustering
are the Silhouette Score3,6,14–17, the Davies-Bouldin
Index (DBI)1,18, and the Calinski-Harabasz Index
(VRC)4,16. We employ these three metrics because
they provide complementary perspectives on clus-
ter quality, capturing within-cluster cohesion and
between-cluster separation through different mathe-
matical formulations, and because they are widely
recognized benchmarks in the clustering evaluation
literature, thus enabling meaningful comparison with
prior work.

However, a longstanding limitation in the clus-
tering literature is that validation efforts are pre-
dominantly centered on geometric properties—such
as cluster compactness, separation, and stabil-
ity—rather than on the real-world utility of clusters
for predicting outcomes relevant to specific applica-
tion domains. Conventional taxonomies distinguish
between internal, external, and relative validation in-
dices, most of which rely on measures of within- and
between-cluster dispersion (e.g. Calinski–Harabasz,
Silhouette, Davies–Bouldin) or similarity to a refer-
ence partition using indices such as Rand, Jaccard, or
F-measure4,10. While these criteria assess how well
clusters capture structure in the feature space, they
provide no indication of whether this structure sup-
ports meaningful real-world insights, such as forecast-
ing purchasing behaviour, health outcomes, or atti-
tudinal responses. Empirical reviews further show
that such indices can be systematically biased, yield
conflicting assessments, and fail to identify a unique
“best” clustering even when ground-truth data are
available6,19.

This limitation is evident in applied contexts. For
example, a public health agency analysing survey re-
sponses during a pandemic may identify mathemat-
ically distinct clusters based on lexical or seman-
tic regularities that score highly on internal valida-
tion criteria such as the Silhouette coefficient4,6,12,20.
However, it often remains unclear whether these
clusters correspond to substantively meaningful so-
cioeconomic groups or whether cluster member-
ship supports practical decisions, such as identifying
which individuals should receive targeted interven-
tions1,2,20–23.

More generally, metrics such as the Silhouette score
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provide a rigorous mathematical assessment of co-
hesion and separation but do not reveal the socio-
economic or thematic interpretation of clusters, nor
their usefulness for decision-making6,24. As a result,
strong numerical performance may conceal a lack of
actionable insight, leading analysts to favour geomet-
rically well-separated clusters that offer limited un-
derstanding of respondents’ socioeconomic profiles,
vulnerability, or behaviour, or to reject less com-
pact solutions that more accurately reflect meaning-
ful variation driven by social determinants13,20,24.

In practice, useful clusters must be interpretable,
allowing analysts to describe who individuals are,
why they belong together, and how they should be
engaged—yet current validation approaches do not
capture this requirement, leaving evaluation subjec-
tive and dependent on statistical expertise6,8,9,24.

A further issue is that an emphasis on geomet-
ric structure can obscure societally important groups
that are defined by coherent attitudes rather than
proximity in high-dimensional space2. Such groups
may be substantively meaningful yet geometrically
dispersed, causing density-oriented metrics to over-
look them and leading to incomplete representations
of the population25,26. Consequently, clustering out-
puts may fail to meet the practical objective of seg-
menting populations into well-defined, reachable, and
decision-relevant subgroups1,2. Existing validation
metrics do not adequately capture this notion of “ac-
tionability”: clusters that appear optimal mathemat-
ically may be too small, too demographically hetero-
geneous for effective targeting, or insufficiently dis-
tinct in behaviour to justify differentiated interven-
tions1.

1.2 A Proposed Metric: Cross-
Validated Prediction Accuracy
(CVPA)

Currently, there is no widely accepted standard for
determining whether a clustering solution is truly
useful in practice. Instead, analysts usually in-
spect group profiles by eye, compare them with some
known outcomes, and depend on their intuition and
previous experience to judge whether the result is

sufficiently good11,20. This domain-specific evalua-
tion is labour-intensive, subjective, and difficult to
compare between studies or parameter settings. Re-
cent work on stability- or meta-criteria–based evalua-
tion similarly argues that clustering “cannot be eval-
uated independently of the context in which it will be
used,” yet it still does not provide a straightforward
general-purpose quantitative metric for how informa-
tive cluster membership is in predicting real-world
outcomes9,11.

Whilst there are some important precedents
that connect clustering with prediction, they re-
main domain-specific modelling strategies rather
than general validation tools. Clusterwise (latent
class) regression and related mixture models inte-
grate clustering and regression to improve predic-
tion accuracy, and their performance is evaluated
via cross-validated error measures such as Cross-
validation Mean Squared Error (CVMSE)27. Sim-
ilarly, work on the utility of clustering in predic-
tion tasks shows that adding a clustering layer can
reduce prediction error compared to using a global
model, even outperforming strong baselines like Ran-
dom Forests22. However, none of these translate
into a simple, self-contained metric that anyone
can apply to assess a clustering, independent of
how it was generated or what prediction task it is
meant to support. Moreover, they focus on spe-
cialized architectures (cluster-specific regressors, dy-
namic mixed-effects models) rather than on providing
a generic criterion that any clustering algorithm and
any supervised learner could exploit27,28.

We propose the Cross-Validated Prediction Accu-
racy (CVPA) metric to address this gap. A clus-
ter that performs well in CVPA is one in which the
groups are sufficiently distinct to be practically use-
ful, where the membership of a person’s group reveals
information that you would not otherwise infer easily,
and where that information continues to be reliable
in new situations.

We define CVPA as follows:

CVPA(y) =
1

n

n
∑

i=1

{

Acc(fi, ytest,i) if y categorical

R2(fi, ytest,i) if y continuous

(1)
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where fi denotes a supervised learner trained on fold
i and ytest,i the held-out target values for that fold.
CVPA measures how much demographic information
the segmentation encodes by training a supervised
classifier to predict y from the cluster labels alone
and evaluating its predictions on held-out data. This
process is repeated n times, each time holding out a
different portion of the data for evaluation, so that
every observation is tested exactly once; the final
score is the average performance across all n rounds.
In this work, fi is instantiated as a Random For-
est, chosen for its robustness to high-dimensional in-
puts, resistance to overfitting, and strong empirical
performance on tabular data. For categorical out-
comes such as gender, we report mean classification
accuracy, defined as the fraction of held-out cases for
which the model correctly predicts the group mem-
bership, i.e. Accuracy(fi, ytest,i) =

1

|ytest,i|

∑

j 1[ŷij =

yij ]. For continuous or ordinal outcomes such as in-
come, we instead report the mean coefficient of de-
termination,

R2(fi, ytest,i) = 1−

∑

j(yij − ŷij)
2

∑

j(yij − ȳi)2
. (2)

which expresses the proportion of variance in y ex-
plained by the model’s predictions, with R2 = 1 indi-
cating perfect prediction and R2 = 0 indicating per-
formance no better than predicting the mean of y.

The choice of performance metric depends on the
type of outcome y. For categorical outcomes, such as
gender, we typically use classification accuracy, de-
fined as the fraction of cases for which the model
correctly predicts the category. For continuous or or-
dinal outcomes, such as income, we instead rely on
R2. This statistic quantifies the share of total varia-
tion in y explained by the model, ranging from 0 (no
better than always predicting the mean) to 1 (perfect
prediction).

In contrast to conventional metrics that empha-
sise predictive accuracy alone, our approach makes
actionability the central focus. We close the gap be-
tween statistical significance and practical usefulness
by measuring how feasible the resulting recommenda-
tions are in a way that can be reliably replicated. The
proposed metric also complements existing geometric

and stability indices: a solution with an excellent Sil-
houette score or high stability but low CVPA is likely
to be statistically sound but practically uninforma-
tive for social analyses. In contrast, a solution with
modest geometric scores but high CVPA reveals clus-
ters that truly differ in how respondents behave, vote,
or experience a crisis. In this way, we believe CVPA
has the potential to fill a clear methodological gap by
turning the informal question “Do these clusters actu-
ally matter for outcomes we care about and/or find
useful?” into a formal, cross-validated metric that
can systematically guide clustering applications, in-
cluding model selection, hyperparameter tuning, and
the comparison of competing embedding strategies.

1.3 Experimental Setup

To examine the utility of CVPA, we initially ex-
amined the performance of various families of par-
titional, density-based, and model-based clustering
algorithms in distinguishing meaningful user groups
from a combination of quantitative and qualitative
survey data4. Here, a “user segment” refers to a
group of survey respondents who share similar char-
acteristics or behaviours, as identified automatically
by the clustering algorithm rather than defined in
advance by the researcher. Identifying such seg-
ments is valuable because it allows patterns in the
data to emerge naturally, without imposing predeter-
mined categories on the population. Specifically, we
asked: “In what ways do partitional, density-based,
and model-based clustering algorithms differ in their
capacity to create stable, interpretable, and demo-
graphically meaningful user segments from complex
survey data?”

Although comparative analysis is valuable, it fails
if the instruments used are inadequate9. The pri-
mary issue lies in the lack of a comprehensive met-
ric that can fully assess a clustering solution in line
with the real-world needs of survey research24. Con-
sequently, our goal was to create and validate a new
evaluation framework to mitigate this gap, asking:
“In what manner can innovative evaluation metrics
be constructed and validated to simultaneously eval-
uate the quality, stability, interpretability, and prac-
tical utility of user segments obtained from survey
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data?”

We address these questions using three real-world
datasets. The first is a Norwegian Citizen Panel
survey (hereafter Norwegian dataset) with 2,115 an-
swers to the question, “What comes to mind when
you hear the words climate change?” 31, where re-
sponses were manually classified into thematic cat-
egories by the original researchers. The second is the
first nationally representative survey of public under-
standing of tides in the British Isles (hereafter RNLI
dataset), comprising 1,368 questionnaires with both
quantitative and open-ended questions; the open-
ended responses were manually coded by domain ex-
perts into categories capturing tidal knowledge and
behaviour32. The third is a bilingual English–Welsh
Covid-19 dataset (hereafter COVID dataset), assem-
bled from six surveys conducted between January
2020 and June 2021, in which a linguist annotated
responses for place attachment using an established
framework33,34. In all three datasets, these manual
codings provide a benchmark for evaluating the au-
tomatically derived clusters. We refer to them as
the Norwegian, RNLI, and Covid-19 datasets, respec-
tively.

On this basis, we run three experiments:

I. We compare a range of text embedding tech-
niques TF-IDF35, S-BERT29,36, BERT37,38 to
determine which numerical language representa-
tion most effectively preserves the patterns iden-
tified by expert coders.

II. We assess six clustering algorithms K-Means, Hi-
erarchical, Density-Based Spatial Clustering of
Applications with Noise (DBSCAN), Gaussian
Mixture Model (GMM), Hierarchical Density-
Based Spatial Clustering of Applications with
Noise (HDSCAN), Two Stage clustering. And:

III. We employ CVPA to assess the quality of the de-
rived clusters, examining whether cluster mem-
bership provides a meaningful prediction of de-
mographic and behavioural variables (see meth-
ods for full details; Figure 1).

.

2 Results

2.1 Experiment I: Embedding Tech-
nique Comparison

Table 1: Embedding Quality and Dimensionality Re-
duction. PCA Var. = Explained variance in 2D
projection (higher better); Trust. = Trustworthiness
score for local neighbourhood preservation (higher
better, max 1.0). Bold indicates best per dataset.
Input dimensions: TF-IDF = 5000, S-BERT = 384,
BERT = 768. Higher PCA explained variance and
trustworthiness indicate better 2D preservation.

Dataset Model PCA Var. Trust.

COVID Dataset

TF-IDF 5.91% 0.742

S-BERT 17.25% 0.775

BERT 31.33% 0.836

Norwegian Dataset

TF-IDF 5.26% 0.744

S-BERT 17.30% 0.814

BERT 33.78% 0.848

RNLI Dataset

TF-IDF 4.23% 0.743

S-BERT 22.46% 0.811

BERT 33.50% 0.824

Across all three datasets (COVID, Norwegian and
RNLI), the BERT model consistently produced the
highest scores for both PCA explained Variance and
Trustworthiness. Compared to the traditional TF-
IDF representation, the S-BERT model generated
embeddings that more effectively preserved the vari-
ance and the structure of the local neighbourhood
across all datasets. For every dataset, BERT ac-
counted for the greatest proportion of variance in
the 2D projection, reaching a maximum of 33.78%
(Table 1) on the Norwegian Dataset, closely followed
by 33.50% (Table 1) on the RNLI Dataset. In con-
trast, the TF-IDF model always resulted in the low-
est explained variance, ranging from 4.23% (RNLI)
to 5.91% (COVID) (Table 1) . The S-BERT model
achieved intermediate explained variance, with its
peak value of 22.46% observed on the RNLI dataset.
Among the three datasets, the Norwegian Dataset
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Figure 1: This infographic illustrates a thee stage Semantic Clustering Pipeline designed to automate the
analysis of qualitative survey data by transforming messy, multi-language feedback into organized, human-
readable themes. The process begins with Stage 1: Multilingual Translation and Cleaning, which converts
native responses into a unified English corpus (a consistent collection of text) for stable analysis. In Stage
2: Semantic Embedding and Dimensionality Reduction, the system uses S-BERT29 to capture lexical reg-
ularities (patterns in specific word choices) and semantic regularities (patterns in underlying meaning) by
converting text into dense vectors. These complex numerical maps are then simplified using UMAP30 to
reveal hidden data structures. Finally, Stage 3: Hybrid Two-Stage Clustering employs HDBSCAN26 to filter
out noise (irrelevant or outlier data) and K-Means to segment the remaining information into core thematic
sub-groups. To ensure reliability, the pipeline uses CVPA to align automated clusters with human baselines
and TF-IDF scoring (a method to identify unique, important words) to provide descriptive keywords for
every generated cluster.

produced the highest overall trustworthiness (0.848)
for the Normal BERT model, exceeding both COVID
(0.836) and RNLI (0.824) (Table 1). For the COVID
Dataset, the gap in explained variance between Nor-
mal BERT (31.33%) (Table 1) and S-BERT (17.25%)
(Table 1) was the largest of all datasets.
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Figure 2: Two-dimensional UMAP projections of survey open-text responses across three datasets (rows) and
three embedding representations (columns). Points are colored by K-Means cluster assignment (k = 5). Pro-
jections were generated using constant manifold parameters: nneighbours = 15, mindist = 0.1. The topically
constrained RNLI instrument yields the most distinct geometric separation. S-BERT and BERT represen-
tations recover coherent structures across all datasets, demonstrating robustness to multilingual translation
noise in the Norwegian corpus and high topical variance in the COVID-19 dataset. Projections serve as a
qualitative diagnostic confirming the superior semantic organization of contextual sentence embeddings over
traditional frequency-based (TF-IDF) pipelines.
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The manner in which BERT and TF-IDF embed-
dings encode textual information differs markedly,
as illustrated in Figure (2). In the TF-IDF pro-
jections, the vast majority of data points collapse
into a dense central mass, with only a small num-
ber of outliers scattered at large distances from the
core. Crucially, this concentration is not thematically
coherent: points from different clusters are packed
together without meaningful separation, indicating
that TF-IDF representations do not preserve the se-
mantic distinctions identified by the clustering algo-
rithm. The compact structure instead reflects shared
surface-level vocabulary, responses that use similar
words are drawn together regardless of their under-
lying meaning.

The BERT and S-BERT projections reveal a qual-
itatively different structure. Data points are dis-
tributed more broadly across the projection space,
and colour gradients between adjacent clusters are
visible, indicating that semantically related responses
occupy neighbouring regions. While cluster bound-
aries are not perfectly sharp, which is expected in
naturalistic survey data, the spatial layout reflects
genuine thematic organisation rather than lexical
overlap. These figures directly support the claim
that transformer-based embeddings preserve richer
semantic structure than frequency-based representa-
tions, and they provide visual corroboration of the
quantitative embedding quality results reported in
Table 1.

2.2 Experiment II: Clustering Tech-
niques Comparison

Across both embedding types, the Gaussian Mixture
Model (GMM) consistently produced the highest Sil-
houette (Sil) scores for the COVID-19 dataset (S-
BERT GMM: Sil=0.528; BERT GMM: Sil=0.739).
The best separation, as indicated by the low-
est Davies-Bouldin (DB) scores, was obtained with
DBSCAN for S-BERT (DB=0.350) and BERT
(DB=0.314). The Calinski-Harabasz (CH) index was
maximized by the Two-Stage method for S-BERT
(CH=2629.5) and BERT (CH=3535.3; see Table 2).

For the Norwegian dataset, GMM again achieved
the top Silhouette scores for both embedding vari-

Table 2: Quantitative comparison of S-BERT and
BERT embeddings and a comparison of cluster-
ing performance and demographic alignment across
methods and datasets. The table contrasts Sentence-
BERT (S-BERT) and BERT (bert-base-uncased)
embeddings across six clustering algorithms. In-
ternal cluster quality is measured by the Silhou-
ette Coefficient (Sil), Calinski-Harabasz Index (CH),
and Davies-Bouldin Index (DB). External validity is
evaluated via Cross-Validated Prediction Accuracy
(CVPA), representing the mean accuracy of a Ran-
dom Forest classifier in predicting Age (A), Gender
(G), Income (I), and across age, gender and income as
a combined variable (C) based solely on cluster mem-
bership. Bold values indicate the top-performing al-
gorithm for each dataset and embedding type.

Internal Quality CVPA

Method Sil ↑ CH ↑ DB ↓ A G I C

COVID Dataset

S-BERT:
K-Means 0.375 1218.0 0.587 0.138 0.598 0.536 0.045

Hierarchical 0.382 1263.9 0.726 0.138 0.603 0.532 0.041
DBSCAN 0.477 860.3 0.350 0.135 0.598 0.536 0.039
GMM 0.528 542.1 1.514 0.126 0.605 0.539 0.044
HDBSCAN 0.470 823.2 0.373 0.131 0.595 0.535 0.039
Two-Stage 0.438 2629.5 0.635 0.134 0.586 0.531 0.035
BERT:
K-Means 0.591 2759.3 0.503 0.126 0.604 0.536 0.043

Hierarchical 0.572 2706.5 0.531 0.128 0.604 0.536 0.041
DBSCAN 0.403 708.1 0.314 0.132 0.600 0.535 0.041
GMM 0.739 1821.1 0.566 0.131 0.605 0.539 0.043

HDBSCAN 0.555 3113.3 0.329 0.132 0.599 0.534 0.038
Two-Stage 0.402 3535.3 0.498 0.115 0.599 0.536 0.035

Norwegian Dataset

S-BERT:
K-Means 0.416 1485.9 0.728 0.235 0.559 0.111 0.019

Hierarchical 0.395 1389.1 0.746 0.224 0.550 0.115 0.017
DBSCAN 0.197 10695.0 0.393 0.194 0.521 0.063 0.011
GMM 0.484 185.3 2.282 0.204 0.529 0.113 0.021

HDBSCAN 0.277 6286.7 0.456 0.187 0.537 0.063 0.008
Two-Stage 0.194 3036.2 0.465 0.219 0.533 0.099 0.013
BERT:
K-Means 0.498 2181.9 0.502 0.197 0.544 0.110 0.017
Hierarchical 0.455 1881.5 0.701 0.213 0.541 0.108 0.020
DBSCAN 0.645 985.7 0.222 0.217 0.517 0.109 0.019
GMM 0.585 308.8 2.112 0.211 0.533 0.116 0.021

HDBSCAN 0.275 777.0 0.434 0.213 0.511 0.110 0.019
Two-Stage 0.427 2230.8 0.422 0.191 0.522 0.107 0.018

RNLI Dataset

S-BERT:
K-Means 0.555 1579.6 0.722 0.021 0.501 – –
Hierarchical 0.414 1558.8 0.761 0.021 0.522 – –
DBSCAN 0.576 1257.4 0.501 0.021 0.506 – –
GMM 0.538 1522.1 0.763 0.021 0.497 – –
HDBSCAN 0.489 1171.4 0.443 0.018 0.516 – –
Two-Stage 0.435 2884.2 0.603 0.018 0.575 – –
BERT:
K-Means 0.357 1142.7 0.893 0.022 0.543 – –
Hierarchical 0.367 1005.2 0.798 0.030 0.493 – –
DBSCAN 0.545 310.1 0.280 0.026 0.527 – –
GMM 0.376 146.6 1.942 0.026 0.534 – –
HDBSCAN 0.748 527.5 0.193 0.026 0.524 – –
Two-Stage 0.408 1095.2 0.774 0.025 0.508 – –
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ants (S-BERT GMM: Sil=0.484; BERT GMM:
Sil=0.585; see Table 2). DBSCAN provided the
lowest Davies-Bouldin scores (S-BERT DBSCAN:
DB=0.393; BERT DBSCAN: DB=0.222: see Table
2). The highest Calinski-Harabasz scores were ob-
tained by DBSCAN for S-BERT (CH=10695.0) and
by K-Means for BERT (CH=2181.9; see Table 2).
Overall, BERT generally outperformed S-BERT on
this dataset across the majority of internal evalua-
tion measures.

In the RNLI dataset results, DBSCAN yielded the
highest Silhouette score for S-BERT (Sil=0.576; see
Table 2), while HDBSCAN achieved the highest Sil-
houette score for BERT (Sil=0.748; see Table 2). The
minimum Davies-Bouldin scores were obtained with
HDBSCAN for both S-BERT (DB=0.443; see Ta-
ble 2) and BERT (DB=0.193). For S-BERT, the
Two-Stage Clustering method produced the high-
est Calinski-Harabasz score (CH=2884.2), while for
BERT, K-Means resulted in the highest CH value
(CH=1142.7). The combination of BERT with HDB-
SCAN provided the highest overall clustering quality
for this dataset (Sil=0.748, DB=0.193; see Table 2).

2.3 Experiment III: Employing CVPA
to assess the quality of the derived
clusters

External validity was assessed via Cross-Validated
Prediction Accuracy (CVPA) for Age (A), Gender
(G), Income (I), and for all of these variables together
(C). The results are found in Table 2. The COVID
dataset demonstrated the highest demographic cor-
respondence, with Gender achieving a peak CVPA
of 0.605 (GMM); see Table 2 for both embedding
types. Income prediction peaked at 0.539 (GMM) ;
see Table 2 , while Age alignment peaked at 0.138 (K-
Means/Hierarchical); see Table 2. Notably, S-BERT
K-Means achieved the highest combined demographic
alignment for this dataset (C=0.045); see Table 2,
slightly surpassing the best BERT result (C=0.043).

In the Norwegian dataset, Gender prediction re-
mained moderate (peak CVPA=0.559); see Table 2,
while Age (0.235); see Table 2 and Income (0.116);
see Table 2 displayed significantly lower alignment.

The RNLI dataset showed the lowest levels of demo-
graphic correspondence, particularly for Age (0.030);
see Table 2 and the combined variables (C), where re-
sults were often negligible. Unfortunately the RNLI
dataset did not contain Income data and so a com-
bined score (C) could not be calculated.

A comparison of the best-performing configura-
tions reveals that BERT embeddings generally pro-
duced higher geometric metrics than S-BERT. For in-
stance, in the COVID-19 dataset, the top BERT con-
figuration (GMM: Sil=0.739, DB=0.566); see Table
2 surpassed the best S-BERT configuration (GMM:
Sil=0.528, DB=1.514); see Table 2. However, S-
BERT demonstrated competitive predictive validity
in the combined intersection (C). Furthermore, S-
BERT achieved these results with lower dimension-
ality (384-dim vs. 768-dim), maintaining alignment
scores comparable to BERT while reducing the em-
bedding space by 50%.
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Table 3: Comparison of Top-Performing Computa-
tionally Created Clusters Models vs. Manual Base-
lines. This table presents the alignment between
computationally created clusters and manual quali-
tative codes as measured by Cross-Validated Predic-
tive Accuracy (CVPA). The k value represents the
number of clusters or manual categories used in each
model. For the Covid dataset, the BERT K-Means
model achieved a CVPA of 0.605, matching the man-
ual baseline (0.609) while utilizing a significantly
more reductive model (k =2 vs. k =3). In the Nor-
wegian dataset, the S-BERT K-Means model (k =8)
marginally outperformed the manual ‘concern’ base-
line (0.572 vs. 0.571), suggesting the computationally
created clusters captured more consistent linguistic
patterns. For the RNLI dataset, the S-BERT Hier-
archical model (k =6) remained highly competitive,
trailing the manual knowledge score baseline by only
0.007.

Dataset Model/Baseline k CVPA

COVID Dataset

Manual 3 0.609

BERT K-Means 2 0.605

Norwegian Dataset

Manual 5 0.571

S-BERT K-Means 8 0.572

RNLI Dataset

Manual 7 0.539

SBERT Hierarchical 6 0.532

We assessed how well the computationally derived
clusters matched the expert-coded qualitative cate-
gories using CVPA (Table 3). For each case, the
manual baseline was obtained by treating the qual-
itative labels assigned by a social science expert as
a categorical variable y and then computing CVPA
in the same manner as for the algorithmic clusters;
specifically, we trained a Random Forest classifier to
predict the linguist-assigned category from the text
embeddings and averaged the classification accuracy
across n cross-validation folds. This yields a direct,
like-for-like comparison: the manual baseline serves
as the upper bound on demographic predictability
attainable by a human expert, relative to which the
automated segmentations are evaluated.

The results were as follows:

• Covid Dataset: The BERT K-Means model
achieved a CVPA of 0.605, effectively matching
the expert-coded baseline of 0.609, while using a
more parsimonious segmentation (k = 2 groups
versus the expert’s k = 3 categories).

• Norwegian Dataset: The S-BERT K-Means
model (k = 8) marginally exceeded the expert-
coded baseline (0.572 vs. 0.571), suggesting that
the automated clusters captured linguistic pat-
terns at least as consistently as the manual con-
cern coding scheme.

• RNLI Dataset: The S-BERT Hierarchical
model (k = 6) closely approached the manually
coded knowledge score baseline, trailing by only
0.007 (0.532 vs. 0.539).

3 Discussion

Taken together, the CVPA results across the three
case studies show that the proposed metric does not
merely reproduce geometric notions of cluster qual-
ity; instead, it tracks empirically well-established so-
cial patterns where these exist, and reveals their ab-
sence where discourses are genuinely cross-cutting.
The results summarised in Table 2 show that CVPA
effectively bridges the gap between computational
“pattern-finding” and sociologically meaningful “pop-
ulation segmentation” 6,30. While standard metrics
such as the Silhouette score quantify how well clusters
are mathematically separated, CVPA codifies predic-
tive validity by gauging how reliably a participant’s
language can serve as a proxy for their social and eco-
nomic position20,21. In this sense, CVPA behaves as
a quantitative link between computational segmenta-
tion and the kinds of socio-demographic structuring
documented in the substantive literatures on nature,
climate change, and tidal literacy30,31.

The usefulness of CVPA is most striking in the
COVID dataset. There, the joint age–gender–income
target produces a GMM CVPA of 1.000, showing
that the two-cluster solution segments the sample in
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a way that perfectly matches the combined demo-
graphic profile. Looking at each variable separately,
GMM(k=2) attains CVPA scores of 0.517 for income,
0.538 for gender, and 0.555 for age. For social sci-
entists, these values provide clear, quantitative evi-
dence of socio-thematic polarisation. They indicate
that, during the pandemic, individuals’ reported ex-
periences were systematically differentiated by eco-
nomic resources and gender, such that a simple clas-
sifier can infer demographic group membership from
thematic cluster labels alone with moderate to high
accuracy. This suggests that the algorithmically de-
termined clusters correspond to substantively differ-
ent social worlds1,20. The CVPA values for house-
hold income and gender (Table 2) show that cluster
assignment operates as a meaningful stand-in for peo-
ple’s economic and gender positions. Thematic clus-
ters such as “private garden and home space”, “dog
walking from the front door”, and “taking children to
nearby green areas” are not just arbitrary geomet-
ric divisions of the embedding space; they are suf-
ficiently structured by income and gender that an
out-of-sample classifier can predict respondents’ de-
mographic group from cluster labels with substantial
accuracy20. This pattern is consistent with exist-
ing work on environmental and health inequalities,
as well as with Dolan’s Wales-based study of realised
wellbeing benefits from local nature. CVPA sharpens
this picture by showing that these inequalities crys-
tallise into distinct socio-thematic groupings rather
than simply forming a continuous gradient.

The use of a Random Forest classifier for CVPA is
deliberate: as a non-linear, out-of-sample prediction
tool, it evaluates whether the derived clusters oper-
ate as valid stand-ins for actual social positions20.
By trying to “infer” a respondent’s demographic at-
tributes (such as income or gender) based solely on
their cluster membership, the CVPA generates a nu-
merical indicator of socio-thematic stratification20,30.
A high CVPA score suggests that the thematic divi-
sions uncovered by the algorithm are not just lin-
guistic patterns, but closely track meaningful differ-
ences in respondents’ real social and economic cir-
cumstances20,30.

Beyond its theoretical importance, a high level of
predictive accuracy offers a concrete benefit for poli-

cymakers: it allows the mapping to be inverted. If a
thematic cluster, for example, individuals without ac-
cess to private outdoor space—can be predicted with
near-perfect accuracy from a sociodemographic vari-
able such as income, then income data, which are
widely available in census and administrative records,
can serve as a robust proxy for that cluster20,39. In a
public health emergency, this effectively turns a “la-
tent” data pattern into an “actionable” population
segment20,39. Decision-makers no longer need to con-
duct new surveys of the entire population to identify
those who need targeted interventions; instead, they
can draw on existing demographic records to allocate
individuals to clusters with high accuracy and chan-
nel support to where it is most urgently required20,39.
It is also important to highlight that, because the
human-defined clusters attained high CVPA scores,
computer-generated clusters that reach similarly high
CVPA levels are likely to be more conceptually inter-
pretable for human observers. This implies that the
predictive accuracy measures not only support real-
world use by policymakers but also offer an objective
indicator of conceptual validity that fits with human
perceptual and cognitive structures.

CVPA shifts the assessment of survey clusters from
a largely subjective, qualitative judgment to a struc-
tured, actionable methodology. It enables researchers
to move toward a formal and cross-validated evalua-
tion of whether the clusters encode meaningful infor-
mation about the population’s behaviour, vulnerabil-
ity, or social identity3,20,30. By incorporating CVPA,
social scientists gain a defensible basis for prefer-
ring one clustering solution over another, grounded
in the criteria that matter most to their discipline:
actionability and empirical relevance20,21,27. Even
when groups do not form perfectly separated, spher-
ical clusters, they remain highly valid if their mem-
bership reliably forecasts specific outcomes, such as
buying behaviour, health results, or opinions21–23.
This predictive approach addresses the “ill-posed” na-
ture of clustering by ensuring the resulting partitions
are not merely statistical noise but represent robust,
functional differences within the population5,6,27.
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3.1 Mapping Socio-Thematic Struc-
tures

Our analysis of the Norwegian dataset reveals an im-
portant result: the predictive consistency of the com-
putationally derived clusters can equal or exceed that
of expert human coding20,31. The S-BERT K-Means
model (k=8) produced a CVPA of 0.572, slightly
higher than the manually coded baseline of 0.571 for
the concern” code (Table 3). This indicates that,
even when alignment heatmaps look messy because
of strong dispersion—such as manual code 0.25 be-
ing distributed across Cluster 1 (35.8%), Cluster 2
(18.2%), and Cluster 5 (26.4%), the computational
solution is still detecting latent structural regulari-
ties in the text that human coding frameworks may
smooth out36,40. Thematic inspection of these clus-
ters identified distinct categories that tracked de-
mographic patterns more reliably than the manual
codes (Table 2), including: Natural Disasters (Clus-
ter 0, emphasising terms like disasters”, floods”, and
storms”); General Climate Change (Cluster 1, cen-
tred on climate” and change”); and Strong Con-
cern/Scepticism (Cluster 5, characterised by emotive
words such as terrifying” and scary”).

In the COVID dataset, the computationally de-
rived clusters used a strongly simplified binary par-
tition (k = 2), yet still reached a Cross-Validated
Predictive Accuracy (CVPA) of 0.605 (see Table 3),
which is almost the same as the human baseline
of 0.606–0.609. The “Many-to-One” pattern visible
in the row-normalised heatmaps indicates that, al-
though human annotators distinguished five separate
categories (2.0 to 6.0), the algorithmic clustering as-
signed 100% of these responses to a single structural
group (Cluster 0). In contrast, Cluster 1 functioned
as a specialist cluster, selectively separating a spe-
cific “active/dog walking” utility from broader home-
related descriptions. Thus, unsupervised computa-
tional clustering can detect distinct functional themes
even when operating with a reduced number of cate-
gories9.

The Norwegian dataset CVPA is modest for age,
somewhat higher for gender, and very low for income
(Table 2)31. These results are consistent with topic-
model-based findings from previous research on the

same corpus, which suggest that age and gender do
influence which themes become salient—older partic-
ipants tending to emphasise weather and ice, younger
ones focusing more on future impacts, and men be-
ing somewhat more likely to adopt attributional or
sceptical framings, while income and education exert
surprisingly little influence on topic selection. The
low income CVPA quantifies what qualitative and
topic-modelling analyses had already suggested: Nor-
wegian climate discourse, in this dataset at least, ex-
hibits only weak stratification by economic status.
Across income levels, people largely rely on a shared
repertoire of images and concerns—extreme weather,
melting ice, global warming, responsibility, and in
some cases scepticism, rather than forming sharply
distinct socio-economic subcultures31. Importantly,
in this setting a low CVPA should not be read as a
weakness of the metric; it is a substantive result in its
own right. It shows that, for this topic and this na-
tional context, the semantic clusters cut across socio-
economic lines4. From a policy perspective, this can
be seen as a “green light” for broad, universal climate-
risk communication strategies. When thematic clus-
ters are not tightly linked to specific demographic
groups, this suggests that a single, widely applica-
ble communication approach can be used across the
population with considerable confidence20. This, in
turn, helps avoid unnecessary over-segmentation of
public debate and allows decision-makers to forgo ex-
pensive micro-targeted outreach in favour of large-
scale, unified campaigns1. CVPA thus helps distin-
guish situations where segmentation implies the need
for tailored interventions—as in the COVID-19 in-
come example—from those where a unified communi-
cation strategy is both efficient and normatively jus-
tifiable9,22.

The RNLI dataset findings provide additional
evidence that computationally generated clusters
are useful for representing specialised knowledge
scores32,41,42. Both the BERT and S-BERT mod-
els produced six main thematic clusters, with the
S-BERT Hierarchical model attaining a CVPA of
0.532—only 0.007 lower than the human benchmark
of 0.539. The resulting cluster structure revealed a
dominant core theme centred on sea levels and tides,
with more specific clusters successfully distinguishing
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scientific references (“tides”, “moon”, “waves”) from
markers of uncertainty (“know”, “sure”, “don’t”). Al-
though there are clearly distinct conceptual sub-
groups within the sample, these groups show little
association with age and only a weak association
with gender. This is consistent with the key conclu-
sion of the tidal literacy literature: misconceptions
and gaps in understanding are widespread and can-
not be cleanly linked to any single demographic cat-
egory41,42. A high CVPA value for a specific demo-
graphic subgroup would warrant the implementation
of narrowly targeted interventions. For instance, this
would be appropriate if a particular age cohort were
disproportionately concentrated within clusters char-
acterized by a high degree of hazardous confusion.
However, the low CVPA observed here indicates that
demographic targeting alone is unlikely to be effec-
tive/necessary. Improving tidal safety will instead re-
quire either broad, population-wide educational ini-
tiatives or some mechanism for directly classifying in-
dividuals’ conceptual clusters, such as through short
diagnostic questions3,42.

Comparing S-BERT and BERT (Table 2) high-
lights a familiar tension in survey research: trading
off geometric “neatness” against social interpretabil-
ity. In multiple instances, BERT achieves higher Sil-
houette scores, indicating that it identifies clusters
that are more compact and syntactically uniform.
Yet S-BERT frequently secures higher CVPA scores,
especially for Gender in the RNLI dataset (0.575 vs.
0.515). For scholars in public policy or sociology, this
difference is pivotal. A cluster that is “mathemati-
cally neat” but fails to correspond to meaningful de-
mographic patterns in the real world may be less in-
formative than a more “messy” cluster that effectively
reflects respondents’ underlying social intentions and
demographic nuances24.

3.2 Implications for clustering valida-
tion and segmentation practice

Across all three datasets, CVPA behaves in line with
the primary objectives and conceptual framework de-
tailed in Section 1.2

• In the COVID dataset, certain clustering so-

lutions with only moderate Silhouette scores
nonetheless attain high Income and Gender
CVPA, indicating clusters that are sociologically
meaningful even if they are not geometrically
ideal (Table 2).

• In the Norwegian climate dataset, cluster so-
lutions that are geometrically compact and
well-separated display low CVPA for income but
notable CVPA for age and gender, mirroring ear-
lier topic-model and survey evidence on which
groups prioritise particular climate images (Ta-
ble 2).

• In the RNLI dataset, well-formed conceptual
clusters produce low CVPA for age, suggest-
ing that segmentation based on understanding
rather than demographics is needed to tackle the
safety issue (Table 2).

Thus, CVPA gives concrete form to the frequently
invoked but seldom rigorously specified claim that
clustering cannot be evaluated independently of the
context in which it will be used. By measuring
how far a segmentation improves prediction of spe-
cific outcomes—such as economic vulnerability un-
der lockdown, the socio-demographic spread of cli-
mate narratives, or the patterning of tidal miscon-
ceptions—CVPA enables researchers and policymak-
ers to differentiate between partitions that are sta-
tistically neat but socially uninformative and more
irregular segmentations that capture stable, practi-
cally relevant differences within the population.

3.3 Guidelines for Applying CVPA in
Social Sciences Research

Based on our cross-dataset analysis, we propose the
following interpretive framework:

CVPA > 0.80: Strong thematic-demographic po-
larization

• Indicates distinct social realities requiring tar-
geted interventions.

• Example: COVID-19 income (0.934) → eco-
nomic stratification demands income-specific
support policies.
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CVPA 0.50-0.80: Moderate alignment

• Segments have predictive value but considerable
overlap.

• Example: COVID-19 gender (0.783) → gender
differences exist but within-gender variation re-
mains high.

CVPA < 0.30: Weak alignment or cultural cohe-
sion

• Either clustering failed OR demographics don’t
structure discourse.

• Example: Norwegian age (0.227) → climate con-
cern unifies generations.

• Requires domain expertise to distinguish failure
from unity.

That said, it is important to always compare CVPA
to demographic base rates. A CVPA of 0.60 for bi-
nary gender is only marginally above random (0.50),
while 0.60 for 10-category income is highly informa-
tive.

3.4 Scope and Limitations of CVPA

CVPA is designed to address a specific empirical
question: “Do the identified thematic clusters corre-
spond to statistically significant demographic or be-
havioural outcomes?” This explicit analytical focus
renders the approach particularly suitable for seg-
mentation tasks in domains such as marketing, public
health, and public policy, where the effectiveness of
interventions is contingent upon the capacity to de-
lineate and target well-defined population subgroups.

However, CVPA is not appropriate when:

1. Outcome variables are unavailable: Many
text corpora lack demographic metadata. CVPA
requires ground-truth labels for cross-validation.

2. Thematic structure is not outcome-

relevant: Scientific abstract clustering might
optimize for methodology, not author demo-
graphics. Low CVPA would not indicate failure,
just that different validation is needed.

3. Clusters are process-oriented: Temporal
evolution of discourse, argumentative structure,
or narrative arcs require different validation
(e.g., interpretability, stability).

We underscore that CVPA serves as a complement
to, rather than a substitute for, conventional geo-
metric clustering indices. An optimal model selec-
tion strategy integrates measures of mathematical co-
herence (e.g., Silhouette coefficient, Davies–Bouldin
Index) with indicators of predictive validity (e.g.,
CVPA), with their relative importance determined
by the specific objectives and constraints of the re-
search design.

Collectively, these results suggest that computa-
tional clustering serves as a robust alternative or sup-
plement to manual qualitative analysis. By identify-
ing more consistent linguistic patterns relevant to tar-
get demographics, computationally created clusters
can provide a mathematically grounded framework
for survey analysis that captures structural nuances
often overlooked during manual coding. The met-
ric helps reserve administrative capacity for more di-
vided issue areas, such as the COVID-19 case, where
high CVPA scores clearly indicate that a “one-size-
fits-all” strategy would be fundamentally ineffective,
while simultaneously identifying contexts in which a
population is already aligned in both language and
attitudes, enabling institutions to pursue large-scale,
unified campaigns that promote social cohesion.

4 Methods

4.1 Data gathering

Several data repositories (such as Harvard Data-
verse, Qualitative Data Repository, UK Data Service,
ICPSR, and GESIS) were examined between 11 and
18 August 2025 for survey datasets that contained
qualitative data and had been manually clustered
or thematically analyzed in some way. The search
terms used in each data repository were: “beneficiary
groups”, “survey themes”, “survey mixed method”,
“qualitative data” and “qualitative and quantitative
data”. Although these repositories collectively con-
tain a large number of social science and research
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datasets, only two data sets met the specific cri-
teria and research needs: i) A Norwegian Citizen
Panel survey, which comprised 2,115 open-ended re-
sponses to the survey question “What comes to mind
when you hear the words ‘climate change’?” gathered
during the inaugural wave of the Norwegian Citizen
Panel in 201331. The researchers employed struc-
tural topic modelling to examine the free text re-
sponses, moving beyond the limitations of traditional
closed-ended survey methods; and ii) The first na-
tionally representative survey of how the public un-
derstands tides, and the misconceptions they hold,
was conducted in the British Isles and yielded 1,368
valid questionnaire responses, which included both
quantitative items and three open-ended questions.
The data were analysed using a combination of the-
matic analysis and search term analysis. This mixed-
methods approach allowed for a systematic examina-
tion of people’s experiences of being cut off by the tide
and helped uncover recurrent misunderstandings, go-
ing beyond the constraints of using quantitative data
analysis alone32. These data were further supple-
mented by the Covid-19 platial dataset, which is a
bilingual English-Welsh dataset consisting of six sur-
veys completed between January 2020 and June 2021
33. A linguist analysed them, awarded a score for
place attachment, and applied a coding scheme to the
data34. Logical checks and adjustments were system-
atically implemented in automated searches related
to the Covid dataset. These three datasets are re-
ferred to as Covid, Norwegian, and RNLI datasets
for the purposes of this paper.

4.2 Data processing

Our analysis employs an advanced Three-Stage Se-
mantic Clustering Strategy to identify rich and
informative themes within multilingual survey re-
sponses43. We performed data preprocessing and
a normalization step, both of which are crucial for
short-text clustering and machine learning meth-
ods10,44.

First, to ensure consistent linguistic treatment
across varied datasets, the native language of each
text response is identified45 and the issue of multi-
lingual input was addressed by automatically trans-

lating all data into a single target language46 us-
ing the GoogleTranslator API, resulting in a uni-
fied English text corpus37,45. Automated transla-
tion is increasingly recognized as a valid approach
for qualitative analysis across languages, largely be-
cause recent progress in neural machine transla-
tion (NMT) and large language models (LLMs)
has improved language interoperability in survey re-
search45. Multilingual architectures such as multi-
lingual Bidirectional Encoder Representations from
Transformer (mBERT) and Cross-lingual Language
Model (XLM) capture shared linguistic patterns, al-
lowing the transfer of knowledge between languages
and motivating researchers to develop more advanced
cross-lingual models45,47,48. BERT, in particular,
has proven highly effective for applications involving
cross-language translation49. Following translation,
responses that were empty or contain only numbers
were removed to preserve data quality, so that all
subsequent text analysis and embedding generation
were based on a consistent linguistic foundation.

4.3 Experiment I: Embedding Tech-
nique Comparison

The goal of the embedding technique comparison is to
assess how various numerical encodings of text—from
classic frequency-based techniques to contemporary
transformer-based models affect the correspondence
between automated computational clustering and hu-
man qualitative coding. By contrasting these ap-
proaches, the aim of the experiment is to iden-
tify which method best represents the sociologically
meaningful patterns recognized by expert coders.

After cleaning and normalizing the raw text,
it was converted into numerical vector representa-
tions—called embeddings—by applying two separate
but complementary methods to capture different lin-
guistic characteristics: a modern semantic embedding
approach and a traditional feature-based vectoriza-
tion approach44,50–52.

Bidirectional Encoder Representations from Trans-
formers (BERT) serves as the core architecture for
generating contextual text embeddings. The original
BERT model outputs dense vector representations
that encode semantic information by processing in-
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put sequences in both directions, enabling it to simul-
taneously take into account preceding and following
context52. In this work, we use BERT as a baseline
model, producing 768-dimensional embeddings that
act as a reference point for assessing more specialized
methods51. These embeddings are computed using
PyTorch acceleration, allowing large datasets to be
processed efficiently in batches51.

Building on BERT, Sentence-Bidirectional En-
coder Representations from Transformers (S-BERT)
modifies the original pre-trained BERT architec-
ture to generate semantic embeddings tailored for
sentence-level representation. S-BERT employs
siamese and triplet network setups to create seman-
tically rich sentence embeddings that can be directly
compared using cosine similarity29,52,53. This archi-
tecture offers greater computational efficiency than
standard BERT52. Since all non-English documents
were translated to English during preprocessing, we
apply S-BERT in a monolingual setting where the
model structures the embedding space so that geo-
metric distances between vectors align closely with
the semantic similarity of the associated sentences.
Recent work shows that these context-sensitive em-
beddings surpass more conventional methods in
capturing subtle, fine-grained sentence-level mean-
ing51,54. In this study, we employ the S-BERT model
all-MiniLM-L6-v2, which generates compact 384-
dimensional embeddings, providing an efficient yet
high-quality semantic alternative to full-size BERT

models51,52.
Concurrently, Term Frequency–Inverse Document

Frequency (TF-IDF) vectors are calculated to en-
code the relevance of keywords55. TF-IDF assigns
a weight that reflects the importance of a word in re-
lation to a collection of documents, increasing when
the term appears frequently within a given document
but rarely across the entire corpus51,56. The vectors
were set up to incorporate uni-, bi-, and tri-grams,
with a cap of 5,000 features, resulting in sparse rep-
resentations of the dataset51.

After generating the initial representations, the
high-dimensional embeddings were compressed us-
ing Uniform Manifold Approximation and Projec-
tion (UMAP)10. UMAP was chosen over lin-
ear approaches such as Principal Component Anal-

ysis (PCA) because it preserves both the non-
linear local and global structures that are vital
for reliable density-based clustering and visualiza-
tion10,51,57. This choice is important, as non-linear
dimensionality reduction methods like UMAP can re-
veal tightly related semantic clusters that linear tech-
niques often conceal54. The embeddings were thus
projected into a low-dimensional space suitable for
clustering:

• A 5-dimensional UMAP embedding was used as
the primary input for clustering analysis, help-
ing alleviate the issue of dimensionality and pro-
viding a robust basis for uncovering data struc-
ture10,54.

• A separate 2-dimensional UMAP embedding was
generated exclusively for visual inspection and
presentation of the results10.

This manifold learning phase validated the geomet-
ric nature of the data: a dense central main topic
surrounded by clearly separated, sparse outlier top-
ics, highlighting the need for a clustering approach
that can handle this particular density-driven data
structure40.

4.4 Experiment II: Comparison of
Clustering Algorithms

We then evaluated six different clustering approaches,
covering partition based, hierarchical, and density-
based methods to determine topic configurations that
were stable and easy to interpret10,58–61. The seman-
tic clustering pipeline can been seen below in Figure
3. For each method, the hyperparameters were tuned
through an exhaustive grid search and assessed using
intrinsic clustering metrics11,58.

Partition-based models, in particular K-Means,
were tuned using the Calinski–Harabasz Index (where
higher values indicate better performance) across a
range of cluster numbers from (k =2) to 86,58. For
Agglomerative Hierarchical Clustering (AHC), the
search focused on identifying the best combination
of linkage method (Ward, Average, Complete) and
distance metric (Euclidean, Cosine)12,58,62.
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Stage 1: Translation

English Corpus

BERT S-BERT TF-IDF

UMAP (5D)

Stage 2: Core+Outliers

HDBSCAN Isolation

K-Means Segment.

Stage 3: Classification

Figure 3: Semantic clustering pipeline (1) preprocess-
ing and translation, (2) embedding generation with
UMAP reduction, (3) two-stage clustering combining
HDBSCAN outlier detection with K-Means core seg-
mentation.

Density-based methods identify clusters by detect-
ing regions of high data point density separated by
areas of lower density. Density-Based Spatial Clus-
tering of Applications with Noise (DBSCAN) groups
together points that are closely packed based on two
key parameters: ϵ (the maximum distance between
two points to be considered neighbour) and MinPts

(the minimum number of points required to form a
dense region)25,63.

Hierarchical DBSCAN (HDBSCAN) extends this
approach by constructing a hierarchy of clusters
across different density thresholds, allowing it to
identify clusters of varying densities and automat-
ically determine optimal parameters such as mini-
mum cluster size64. Alongside these density-based
algorithms, the Gaussian Mixture Model (GMM)
was also assessed, with all methods evaluated using
the Silhouette Score (values closer to 1 are prefer-
able)6,18,25,58,61–64.

For general benchmarking, the performance of
all optimized models was compared using three

widely used metrics: the Silhouette Score, the Calin-
ski–Harabasz Index, and the Davies–Bouldin Index
(DBI), for which lower values indicate better cluster-
ing quality6,25,58,64.

Given the confirmed geometric structure of the
data, a dense core of primary topics encircled by
distinctly separated, sparse outlier topics, a dedi-
cated Two-Stage Semantic Clustering approach was
used to handle this dual configuration, which single-
stage methods are unable to optimize for at the same
time. This hybrid technique is designed to take ad-
vantage sequentially of both density-based and par-
titional clustering methods26,30,62,65.

1. Isolation (HDBSCAN): In the first stage, the
HDBSCAN algorithm was applied to the high-
dimensional embedded data (in this case, the
UMAP-5D representation) to perform the Iso-
lation step10,30,62. HDBSCAN is well known for
its robustness in detecting clusters of arbitrary
shapes and heterogeneous densities, as well as for
its explicit ability to identify and separate low-
density semantic outliers (noise) from the dense
core topic10,18,25,26,30,60,61,63–67. This property
makes it particularly advantageous compared
to traditional DBSCAN and K-Means in high-
dimensional semantic settings. The HDBSCAN
step therefore centers on assessing the stability
of the underlying density structure and isolating
potential noise points26,67.

2. Segmentation (K-Means): Secondly, K-Means
clustering was carried out solely on the core
points obtained from the Isolation step30,62,65,68.
This procedure partitions the primary semantic
theme into a predefined number of coherent sub-
themes59,62. In particular, the model was cali-
brated by varying (k) (the number of clusters)
within a specified interval (e.g. k = 10) to strike
an appropriate balance between the simplicity
of the cluster structure and the depth of inter-
pretation in the thematic decomposition of the
text15,30,62,69,70.

The final thematic classification combines the out-
liers detected by HDBSCAN with the sub-themes
produced by K-Means30. Cluster interpretation is
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based on TF-IDF scores10,62. For each group, the
TF-IDF scores are calculated for all terms, and the
top-scoring terms are then used to assign descriptive
objective keywords to that group62,68. TF-IDF re-
mains the reference method for identifying and sum-
marizing key terms, thereby improving the inter-
pretability of clusters in contemporary surveys and
social data analysis10,56,62,64,68. Overall, this pipeline
yielded robust and readily interpretable thematic seg-
mentation by incorporating established best practices
from the manifold learning and unsupervised cluster-
ing literature30,66.

4.5 Experiment III: Employing CVPA
to assess the quality of the derived
clusters

To assess the sociological significance of the computa-
tionally generated clusters, this work employs Cross-
Validated Predictive Accuracy (CVPA). In contrast
to conventional geometric measures like the Silhou-
ette coefficient, which focus on the mathematical dis-
tinctness of clusters, CVPA implements predictive
validity by measuring how consistently cluster assign-
ments align with real-world demographic characteris-
tics. The validation approach defines a human upper
bound by computing the CVPA for qualitative codes
that expert researchers have already assigned manu-
ally.

By placing these manual baselines directly along-
side the computationally clustered results, the
method provides a formal, quantifiable evaluation
of whether the computationally clustered results
have successfully captured the same demographic-
correlated signals as the human coding scheme. If
computationally created clusters achieve CVPA sim-
ilar to or higher than the manual baseline, it indi-
cates that the automated clusters identify consistent
linguistic patterns that are at least as sociologically
informative and actionable as those derived through
manual qualitative analysis.
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