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The semantic taxonomy of vulnerability: a
bibliometric study using natural language processing

Abstract

Vulnerability has become a central but conceptually diffuse term across the human and social
sciences, used to designate heterogeneous risks, conditions, and causal processes. This conceptual
dispersion hinders cumulative theorizing and limits the research’s capacity to inform policy and
intervention. This article presents a reproducible, multi-resolution mapping of how vulnerability is
organized in the scholarly literature, based on a Natural Language Processing pipeline that combines
contextual keyword extraction, static keyword aggregation, data-driven dimensionality reduction, and
hierarchical agglomerative clustering with Ward linkage. A Scopus search conducted in May 2025 identified
12,450 English-language journal articles in social science, psychology, arts and humanities, economics, and
business with “vulnerability” in the title. The resulting dendrogram is reported across the full range & = [2,
12], and a further analysis inspects the specific £ = 7 cut, at which seven semantic clusters emerge:
psychopathology, health, rights and violence, climate and rural livelihood, floods and natural disasters,
security and infrastructure, economic poverty, and pandemic and migration. Cluster quality is assessed
through a multi-metric validation envelope that combines geometric fit with topic coherence. Three
VosViewer keyword co-occurrence maps trace how the lexical landscape evolves across historically
meaningful periods. Since 2000, climate- and disaster-related vulnerability has expanded sharply, while
psychopathology-oriented research has lost relative prominence. The contribution is positioned as a
methodologically transparent instrument for critical inquiry into how a contested concept is organized and

how that organization changes over time.
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1. Introduction

The term vulnerability is an elusive concept encompassing multiple connotations and meanings
across a wide range of disciplines. In the scope of human and social science, the term is currently used to
represent adverse phenomena, conditions, or causal processes without clear theoretical boundaries (Brown
et al., 2017; Gilodi et al., 2022; Mackenzie, 2013). This high level of abstraction and divergence obstructs
building cumulative knowledge, sharing findings across areas, and reaching an actionable consensus.
Consequently, it hinders the capacity of research to guide policymaking, intervention design, and program
evaluation (Brown, 2011). Given the exponentially increasing size of the literature available, traditional
efforts to bring conceptual synthesis through manual reviews face feasibility issues. While bibliometric
analyses that leverage data-driven methods are available, current methodological alternatives fail to
mitigate key threats to scientific validity. This paper does not attempt to adjudicate between the competing
definitions of vulnerability, which can be read in the conceptual literatures cited through this Introduction.
Instead, it proposes a reproducible, multi-resolution mapping of how vulnerability is organized across fields
that use the term, built on a Natural Language Processing (NLP) pipeline and intended as an inquiry into

interdisciplinary conceptual interaction and meaning transformations.

1.1. Conceptual ambiguity around vulnerability.

The concept of vulnerability has gained considerable attention in recent times, and its use has spread
both in academia, politics, and popular culture (Kuhlicke et al., 2023; Nungesser and Schirgi, 2024). Being
vulnerable has become a broad category that includes infinite types of risks, adversities, and expressions of
suffering. Depending on the discipline, facing a vulnerability can range from experiencing the adverse
effects of climatic disasters (Ishtiaque, 2022) to mental health problems (Lajoie et al., 2020), medical
conditions (De Groot, 2019), or socioeconomic exclusion (Skoglund, 2024). Similarly, it has been linked
with a plethora of other contested concepts such as resilience (Lindbom et al., 2015; Proag, 2014), coping
or adaptation (Hofmann et al., 2011; Schoorman, 2025), poverty (Aristegui et al., 2017; Moran et al., 2013),
or marginalization (Adger, 2006). While an overarching theory of vulnerability may simply not be possible

given its interdisciplinary spread, a threat exists of the term becoming empty (Virokannas et al., 2020).

Initial divergence can be seen around the question of who is vulnerable. In some views, it is
understood as an inherent human attribute that all individuals face, to varying extents, in relation to
omnipresent hazards (Fineman 2008; Kottow, 2005). Other authors, however, interpret the term as a
category that can only be attributed to marginalized or disadvantaged groups in a society. Hence, “the

vulnerable” is a specific group of people that can fluctuate depending on which type of adversity is



observed. This perspective is frequently held in government policy and aid prioritization systems (Gilodi

et al., 2022; Turner, 2025).

Vulnerability is also ambiguous in relation to how it is operationalized in causal models. Most
literature treats the concept in a predictive sense, inherently tied to the idea of a potential risk. This view
adopts an equational approach, where vulnerability is the product of the severity of an adversity, combined
with the degree of exposure to it, and adaptive capacity to its consequences (Berrouet et al., 2018;
Schneiderbauer et al., 2017). There is great confusion here on how adaptability interacts with other generic
terms such as capability, resilience, coping, fragility, and sensitivity (Jackson et al., 2012; Miller et al.,
2010; Valdés, 2021). Other perspectives differ, merging vulnerability with ex post phenomena such as
poverty and social exclusion (Arellano y Sédnchez, 2019; Mcllwaine, 2002; Timmer 2021). While all these

views are not necessarily incompatible, they certainly prompt confusion around what being vulnerable is.

Global institutions, policymakers, and social organizations are increasingly using this term to
anchor the purpose of programs and social initiatives. Vagueness around how to identify who is vulnerable
or not, and what problems they face, creates the risk of making such efforts inefficient. Effectively mapping
and classifying different views on vulnerability across the literature could bring clarity to the conceptual
discussion. The diffusion of vulnerability across disciplines evidences an active debate about how
multidisciplinary expert knowledge travels into policymaking, scientific advising, and public
communication (Bijker et al., 2009; Resnyansky, 2019). The term has been mobilized in distinctive and
partly incompatible ways across migration and social work (Brun, 2025; Leboeuf et al., 2025; Virokannas
et al., 2020), social policy (Brown et al., 2017), ethics (Mackenzie et al., 2014), health and health-
emergency response (de Groot et al., 2019; Hammer et al., 2019), disaster studies and disaster-management
practice (Gibb, 2018; Uekusa et al., 2025), and responses to climate change (Oliver-Smith, 2016). The
disciplinary diversity surfaced by these literatures is the phenomenon to be described rather than a deficit
to be resolved: the present paper proposes a method for surfacing this diversity at scale, leaving its

theoretical adjudication to the substantive disciplines.

1.2. Research synthesis and bibliometric analysis.

Efforts that review and consolidate trends across research are crucial for building coherent theories
that lead to relevant conclusions. Research synthesis methods include a wide array of procedures that
systematize the gathering, comparison, and summarization of existing literature (Maynard, 2025). Each
type of review adapts to the nature of the phenomenon or concept analyzed, the aim intended by the authors,
or the contextual constraints during research (Ghosh and Choudhury, 2025). Some approaches, like

systematic reviews, are directed towards integrating evidence (Uttley et al., 2023), while others, such as



scoping reviews, attempt to map the structure and nature of emerging bodies of knowledge (Mak and

Thomas, 2022).

An exponential growth in the number of peer-reviewed publications has made it substantially harder
for authors to make sense of the literature (Hanson et al., 2024). A Scopus search for sources in social
science and psychology about vulnerability reveals that, on average, in 2005, a paper was published
approximately every three days, while in 2013 this had risen to an article per day. In 2025, four papers with
the term “vulnerability” on their title are indexed each day on Scopus. The number of sources published
since 2020 now surpasses the total from the preceding 56 years. Although research synthesis methods have
gained prominence and aided scientists in navigating the overwhelming evidence, traditional procedures
can’t possibly cope with the pace of publication (Affengruber et al., 2024; Té6th et al., 2024). This is
especially true for those qualitative synthesis methods designed for clarifying contested concepts such as
vulnerability. Narrative, scoping, and concept reviews heavily rely on manual selection and screening of
sources. Additionally, identifying common or diverging patterns in the literature and mapping alternative
views on a similar idea is, in most cases, a subjective task (Jaakkola, 2020; Pollock et al., 2024; Sukhera,
2022). Features such as these make research reviews particularly labor-intensive, as well as barring
replicability and methodological transparency. While in more compact and restrained bodies of knowledge,
these issues may not arise, wider areas of research with soaring rates of publication can overcome the

scalability of such methods.

In response to this widespread reality, statistical and data-driven alternatives have emerged as
complementary tools able to bring clarity to the overabundance of literature (Igbar, 2023; Kozlowski, 2021).
Bibliometric analysis (BA) comprises a set of quantitative techniques that model the thematic content and
publication dynamics of large quantities of bibliographical data (Donthu et al., 2021b). To consolidate what
steps, variables, and hypotheses are usually employed in BA, Passas (2024) outlines two main approaches:
performance analysis to evaluate the output, impact, and level of collaboration between authors and
institutions; and science mapping techniques that seek to understand the thematic structure of a literature

database.

Although bibliometric analysis has a relatively long history (De Solla, 1965; Kessler, 1963), present
conditions bring new incentives and create a more urgent demand. The structured digitalization of most
scientific knowledge, the expansion of information systems, as well as the creation of specific software
solutions (Aria and Cuccurullo, 2017; Chen, 2006; Kara et al., 2025; Pereira et al., 2023; Ruiz-Rosero et
al., 2019; Van Eck and Waltman, 2010), have fueled the growth of BA papers.



Thematic or semantic modelling requires text as raw material for analysis. In bibliometric
methodological designs, author keywords predominate as the appropriate variable to represent the content
of each source (Chen and Xiao, 2016; Chen et al., 2024). Most examples of BA perform statistical
calculations on keywords to infer thematic trends, similarities, or disparities between sources, or to propose
content clusters (Alam et al., 2021; Baker et al., 2020; Comerio and Strozzi, 2019; Donthu et al., 2021; Kim
and Kim, 2021; Kumar et al., 2021; Tun and Khairuddin, 2024). This method, however, brings substantial
limitations that represent a threat to empirical validity. First, there are no universal guidelines that structure
the choice of what keywords better represent a peer-reviewed article. Consequently, the selection process
is purely subjective and has no transparency or replicability. Second, internet browsers are currently the
main tool for accessing scientific knowledge. Search engines use proprietary and non-accessible algorithms
to arrange website recommendations, and optimization techniques can be used to appear among the first
results. Because being placed on top can substantially boost article views and citations, hence contributing
to the author’s career and reputation, a conflict of interest is present in keyword selection. There is a
considerable incentive for selecting optimized terms rather than those that better represent the content of
the paper. (Brouwer and Hollenbach, 2022; Corrin et al., 2022). Finally, even if an objective and harmonious
criteria for determining keywords is employed, manually classifying or grouping terms to compose topics
remains a subjective task. Without the proper tools, assumptions on how a topic differs or can be associated
with another can’t be measured. Therefore, no scientific conclusions on the intellectual structure of a

scientific field can be adequately put forward.

Because these issues are not exclusive to BA and transcend many other tasks that require text
classification, it has been a traditional use case for many Natural Language Processing (NLP) techniques.
For the issue here presented, a method for linguistic representation and modelling called word embeddings

1s introduced.

1.3. Word embeddings for bibliometric analysis.

Natural Language Processing is a scientific field that develops computational methods for
modelling unstructured text or speech data to encode, model, and generate language (Cheng et al., 2025).
All human language has, according to traditional assumptions (Bloom and Lahey, 1978), three main
components: content, form, and use. Formal aspects like syntax or morphology can be defined by an
objective and determined set of rules, and therefore, pioneer NLP models worked with such structural
properties (Weizenbaum, 1966; Winograd, 1972). Semantics, however, is much harder to code into a
definite program. Human symbols are created, transformed, and diluted through emergent collective
processes without an explicit and deterministic behavior. Word embeddings address this core issue in

computational linguistics.



The central idea proposed, tracing back to the 1950s (Firth, 1957; Harris, 1954; Osgood et al.,
1957), is that words with similar meaning tend to appear in similar contexts. Therefore, a probability
distribution of how often two different words occur in a similar group of sentences (ie, context) allows a
numerical estimation of how semantically close they are (Jurafsky and Martin, 2025; Satvika et al., 2021).
Additionally, this value for lexical proximity can be understood geometrically as a distance, positioning
words in a space where those with similar meaning are “closer” (Kornai, 2023). Vector semantics is the
most common approach to geometrical meaning representation, and word embeddings (WE) are the
multidimensional vectors that position language in this space. Vectors are usually extracted by training the
model with massive amounts of text data, making the probabilistic distributions sufficiently adequate to
mimic human meaning (Arseniev-Koehler, 2024). A more intuitive explanation and visualization of WE

can be found in Hessani (2025).

Using WE to model the semantic structure of large amounts of scientific literature has substantial
potential for bibliometric analysis. Existing work spans several distinct tasks, each of which differs in
important ways from the pipeline proposed here. Thesaurus construction from biomedical corpora
aggregates terms into a controlled vocabulary but does not produce a hierarchical map of how a contested
concept is structured (Kawamura et al., 2016). Document-level similarity methods such as Paper2vec (Tian
and Zhuo, 2017) embed full articles for retrieval and recommendation, rather than identifying internal
thematic structure. Citation-context embedding methods (Berger et al., 2017; Hourrane et al., 2018; Singhal
et al., 2021; Thijs, 2020) map papers by the contexts in which they are cited, addressing literature search
rather than topical organization. Combinations of WE with flat clustering produce thematic groups but
typically pre-specify the number of clusters and provide no nested structure (Chen et al., 2021; Onan, 2019;
Zhang et al., 2018). Citation-intent classification (Roman et al., 2020) and novelty measurement
(Shibayama et al., 2021) operate on within-paper content. Author-trajectory analysis (Lombardo et al.,
2022) and temporal trend analysis (Fijacko et al., 2024; Odden, 2024) target authorship dynamics and
chronological evolution rather than the structural organization of the literature. The contribution of the
present paper is the integration of contextual keyword extraction, static keyword aggregation, hierarchical
clustering with explicit cluster-transition tracing, and multi-metric validation, applied to a contested social-

scientific concept rather than to a domain-specific or task-specific corpus.

Applications of WE methods to bibliometric analysis remain scarce relative to the potential that
such methods open. The present paper applies WE to a contested social-scientific concept (vulnerability)
and uses the resulting structure to ask how the concept is organized and how that organization has changed

over time. Two specific research questions guide the analysis:



1. What themes in the vulnerability literature can be identified through a combination of WE with
clustering methods?

2. Can historic trends be identified in how vulnerability is configured across the modelled corpus?

2. Methods

To gather a sufficient sample of bibliographical records, a query was executed on Scopus in May
2025 using the following search string: ‘title ("vulnerability") and (limit-to (subjarea, "soci") or limit-to
(subjarea, "psyc") or limit-to (subjarea, "arts") or limit-to (subjarea, "econ") or limit-to (subjarea, "busi"))

and (limit-to (doctype, "ar")) and (limit-to (language, "english"))’.

A total of 12,911 sources were exported and processed using Python 3. The sample was reduced to
12,450 after dropping records without a registered abstract. The pipeline was executed in Google
Colaboratory, a cloud-based Python notebook environment, with GPU acceleration (NVIDIA T4) used for
the keyword-extraction and embedding stages at no cost. The workflow consists of four main stages: (a)
keyword extraction, (b) keyword embedding, (c) dimensionality reduction, and (d) hierarchical
agglomerative clustering; followed by a multi-metric validation layer. Fig. 1 provides a diagram of the

complete process.

2.1. Keyword extraction

Author-supplied keywords have been argued unreliable for bibliometric validity for three reasons:
(a) there is no universal guideline for how authors select keywords for an article, so the selection is largely
opaque; (b) keyword selection is influenced by indexing-strategy and search-engine optimization incentives
that are not aligned with conceptual representativeness; and (c) the number of keywords supplied per article
is inconsistent across journals and authors. The pipeline therefore replaces author-supplied keywords with

automatically extracted ones.

Keyword extraction is performed with KeyBERT (Grootendorst, 2020), which selects keywords by
computing cosine similarities between candidate-term embeddings and the embedding of the surrounding
text. The sentence-embedding underlying model is "all-mpnet-base-v2" (Song et al., 2020), a contextual
transformer (Vaswani et al., 2017) trained for sentence-level semantic comparison. The contextual character
of this model is what makes the extraction sensitive to abstract content: candidates are evaluated against

the meaning of the abstract in which they appear, not against a static lexical neighborhood.

Five keywords are retained per abstract. This number balances two pressures: enough terms to
characterize an abstract beyond the idiosyncrasy of any single keyword, but few enough to keep each

article's lexical profile concentrated rather than diffuse. The five terms are five semantically representative



n n

terms under the cosine-similarity criterion. Variants of the focal concept ("vulnerability”, "vulnerable",
"vulnerabilities") are included in a custom stopword list at the extraction stage, so that they cannot occupy
keyword slots that would otherwise be informative. This filtering is implemented upstream rather than as a

post-hoc display rule.

2.2. Keyword embedding

Each of the five keywords per article is embedded using a pretrained GloVe model (Pennington et
al., 2014) trained on the Dolma 2024 corpus (Soldaini et al., 2024), which contains approximately 220
billion tokens of contemporary text (Carlson et al., 2025). The embedding dimensionality is 300. Each

article is then represented as the mean of its five keyword vectors.

The architectural choice to use a contextual transformer (MPNet) for keyword extraction and a
static word-level model (GloVe Dolma) for keyword aggregation is deliberate. The two stages perform
different computational tasks. At the extraction stage, the operative unit is the abstract, and a contextual
model is optimal because the comprehensive meaning of the abstract should shape which terms are selected.
At the aggregation stage, the computational object is no longer a passage but a bag of lexical items, and the
goal is to position that bag in a stable space in which articles with overlapping vocabulary end up near each
other. A static embedding offers three properties that contextual models do not: (a) each keyword has a
single vector regardless of the article in which it was selected (a precondition for the "mean of keyword
vectors" operation to be meaningful), (b) the resulting vectors are embedded in a Euclidean space (matching
the assumptions of Ward's agglomerative criterion below), and (¢) the representation is deterministic and
auditable. The polysemy of the focal concept is therefore not resolved by the embedding model, but revealed
by the clustering, surfacing the distinct lexical neighborhoods in which "vulnerability" is embedded across
the corpus. Vocabulary coverage of the corpus's keywords against the Dolma model's vocabulary is 96.27%.
The remaining 3.73% are represented by the zero vector at aggregation, consistent with standard practice

(Mikolov et al., 2013).

Dimensionality is reduced before clustering using a data-driven procedure. Vectors are first
standardized (zero mean, unit variance). A Principal Component Analysis is then fit to the standardized
matrix purely as a diagnostic, and the smallest number of components whose cumulative explained variance
reaches 80% is selected automatically as the target dimensionality. As a robustness check, the elbow of the
cumulative-variance curve is also located independently using the Kneedle algorithm (Satopéa et al., 2011).
For the present corpus, both diagnostic methods agree on 60 components, which is the dimensionality used
for clustering throughout the paper. UMAP (Mclnnes et al., 2018) is then applied to project the standardized

matrix into this 60-dimensional space.



2.3. Clustering

Articles are grouped through hierarchical agglomerative clustering. The choice is justified along
three axes. First, hierarchical rather than partitional clustering is preferred because the analytic interest is
not in a single grouping but in how groupings nest at increasing levels of granularity, which a partitional
method like KMeans cannot expose. Second, agglomerative rather than divisive hierarchical clustering is
used because agglomerative methods are computationally tractable on a corpus of this size and because the
bottom-up merge sequence is more naturally interpretable as a record of which articles share keyword
vocabulary. Third, Ward linkage is preferred over single, complete, or average linkage because Ward
minimizes within-cluster variance at each merge, producing compact and comparably sized clusters that
are well-suited to the Euclidean structure of the GloVe space and to the variance-based validation metrics
used below. The dendrogram is computed across the full range & =[2, 12], with each article represented by

the mean of its five keyword embeddings.

The resulting structure can be read as a taxonomy in the descriptive sense, illustrating a map of how
articles in the corpus group together by keyword vocabulary at increasing levels of granularity. It is not a
normative definite classification of vulnerability research, and the hierarchy reflects geometric proximity
in the embedding space, itself a function of (a) the keyword extraction model, (b) the static embedding

space, and (c) the corpus retrieved for the search query.

2.4. Cluster validation

Four geometric goodness of fit metrics are computed across the full range £ = [2, 12]. The silhouette
score measures the relative compactness and separation of clusters (Rousseeuw, 1987). The Davies—
Bouldin index (Davies and Bouldin, 1979) measures the ratio of within-cluster dispersion to between-
cluster separation. The Calinski—Harabasz index (Calinski and Harabasz, 1974) is the ratio of between-
cluster to within-cluster variance. The cophenetic correlation (Sokal and Rohlf, 1962) is reported once per
linkage matrix rather than per &, because it measures how faithfully the dendrogram preserves the original
pairwise distances between observations and is therefore the appropriate indicator for the hierarchical

structure as a whole (Saragcli et al., 2013).

A second layer evaluates topic coherence. C_v and C_npmi (Roder et al., 2015) are computed over
the top keywords of each cluster against actual co-occurrence patterns in the abstracts. Geometric metrics
evaluate whether clusters are well-separated as point sets in vector space; coherence metrics evaluate

whether the keywords associated with each cluster make linguistic sense together.



3. Results

Cluster contents at each level £ are characterized by the seven most frequent keywords in the articles
assigned to each cluster. Two methodological caveats apply throughout this section. First, the hierarchy
reflects geometric proximity in the embedding space and is therefore a function of the keyword extraction
model, the static embedding space, and the corpus retrieved for the search query. Under different conditions
the surface organization could in some parts differ. Second, “taxonomy” in this paper refers to the data
structure produced by Ward linkage, not to a normative classification that future researchers are being asked

to adopt.

3.1. Dendrogram

The full dendrogram from k& =2 to k£ = 12 is presented in Fig. 2. Cluster size in the figure is scaled
to the total number of citations accumulated by articles in each cluster, so that the thematic prominence in
the literature is visible alongside the thematic structure. The labels shown for each cluster are the seven
most frequent words. Fig. 2 is generated as the deterministic output of a rendering script that takes the post-

clustering data as its only input.

3.2. Validation metrics

The validation phase reports six indices, each evaluating a different aspect of cluster quality in two

complementary layers. The four geometric indices and the cophenetic correlation are reported in Fig. 3.

Across the range k= [2, 12], silhouette scores remain within a moderate band of [0.31, 0.45], with
the highest value at k = 2 (0.4458) reflecting the trivial separation of a coarse two-way split. From k = 4
onward the silhouette stabilizes between 0.31 and 0.35, indicating moderate but consistent within-cluster
compactness across granularities. The Davies-Bouldin index, where lower values indicate better separation,
fluctuates between 0.85 and 1.27 across the range, with a local minimum at k£ = 10. The Calinski-Harabasz
index, where higher is better, decreases monotonically from 14,388.0 at k =2 to 8,539.2 at k= 12, a pattern
consistent with the agglomerative dilution of variance rations as the partition becomes finer. The cophenetic
correlation, computed once on the linkage matrix, is 0.7087. Cophenetic correlation is the appropriate
goodness-of-fit indicator for the dendrogram as a whole, because it measures how faithfully the tree
distances preserve the original pairwise distances between observations. Values above 0.7 usually indicate
that the hierarchical structure is a faithful representation of the underlying distance matrix (Sokal and Rohlf,
1962; Saragli et al., 2013). The obtained value of 0.7087 sits at this threshold, which is consistent with the
finding that the corpus does have hierarchical lexical structure but with substantial within-cluster

heterogeneity.



Topic coherence is computed separately at each cut from k =2 to k = 12 by averaging cluster-level
C_v and C_npmi over the clusters present at that cut. Coherence indices evaluate whether the keywords
associated with each cluster co-occur in the abstracts in linguistically meaningful ways. The C_v trajectory
rises modestly with k£ and stabilizes at approximately 0.68 from k = 9 onward. C_npmi follows the same
pattern more compressed ranging from 0.046 to 0.083 across the corpus. These patterns are plotted in Fig.

4.

The shape of the trajectory is a substantive finding: disaggregating beyond & = 5 produces clusters

whose top keywords genuinely become more linguistically coherent with the abstract they describe.

Taken together, the geometric indices indicate moderate cluster quality consistent with the
heterogeneity of an interdisciplinary corpus. The cophenetic correlation indicates that the hierarchical
structure is a faithful representation of the underlying distance matrix; and the coherence trajectories
indicate that the lexical content of the clusters becomes meaningfully tighter as granularity increases up to
and beyond k = 7. These computational metrics are treated as essential for objective validation but not
sufficient. They are reported alongside the qualitative inspection of cluster contents, which remains a

meaningful validation step.

3.3. Cluster characterization

Since a specific cross-section of the dendrogram is necessary for cluster content inspection, the
remainder of this section focuses on the cut at £ = 7. This is a curated choice rather than a formal-criterion
choice, justified along three converging lines. First, £ = 7 separates substantially distinct sub-vocabularies
that lower cuts collapse, while no cluster falls below approximately six hundred articles. Second, the
validation metrics reported in Section 3.2 do not identify a single global optimum, but place k£ = 7 within
the supported range across all indices. Third, £ = 7 remains interpretively legible. Higher values of &
disaggregate further but at a cost in narrative coherence and plot readability. At k£ = 7 the silhouette score is
0.3168, the Davies-Bouldin index is 1.2466, and the Calinski-Harabasz index is 9,829. Regarding topic
coherence at this dendrogram cut, C v has a value of 0.6559 and C_npmi of 0.0717.

Cluster contents at k£ = 7 are summarized in Table 1. Cluster names are descriptive labels suggested
by the top-frequency keywords for interpretability, not analytic categories with objective validity. Annual
growth is computed as a smoothed compound annual growth using three-year averages at the 2000 and

2024 endpoints to reduce single-year noise.



Table 1. Cluster characterization at k=7

Average
Total . annual
Clusters article .TOFal . Tptal ratl'o growth Top 7 keywords
citations citations/articles .
count (article
count)
depression; anxiety;
o stress; cognitive;
Psychopathology 2,156 83,218 38.6 6.6% svehslamient
psychopathology
. hiv; feminist; health;
Health, Rights & 2333 45259 19.4 115%  violence; ethics; aids;
Violence .
crime
climate; livelihood;
C'hma'lte & Rural 1,949 78,683 4037 14.92% hvehhoo‘ds; a'daptatlofl;
Livelihood farmers; agricultural;
households
flood; climate; disasters;
Floods & Natural 2,701 75,558 27.97 16.16%  flooding; floods; gis;
Disasters -
resilience
security; risk; resilience;
Security & 1322 32,388 245 15.71% IS
Infrastructure consumers;
transportation; consumer
poverty; households;
Economic Poverty 1,357 30,136 2221 10.95% Cconomic; financial,
income; economy;
welfare
pandemic; covid;
Pandemic & 633 10,573 16.37 23.04% migrants; migrant;
Migration refugees; refugee;
migration

The largest cluster by article count is Floods & Natural Disasters (C4, 2,701 articles), which is also
the third-most-cited (75,558 citations) and one of the fastest-growing branches over 2000-2024.
Psychopathology is the second largest by article count and the most-cited overall (83,218 citations) but the
slowest-growing of the seven clusters; its citation impact reflects an established literature whose share of
new production has been contracting. Health, Rights & Violence is internally heterogeneous, bundling HI'V-
and-public-health vocabulary with feminist, ethics, violence, and crime vocabulary. This cluster emerges
as a recognizable strand only at this level, since lower cuts merge it with Psychopathology. Climate & Rural
Livelihood and Floods & Natural Disasters (C4) sit on adjacent but distinct branches at k= 7, a separation

driven by the keyword vocabulary of the corpus and is itself a finding. Security & Infrastructure, Economic



Poverty and Pandemic & Migration round out the seven-cluster picture. This last cluster is the smallest and
most temporally concentrated, reflecting the post-2020 emergence of pandemic-era vocabulary alongside

the established migration literature.

3.4. Historical analysis

Two complementary views of the temporal evolution of the literature are reported. Fig. 5 shows the
yearly cluster share at £ =7 from 2000 to 2024, computed as a percentage stacked-area chart on the article

counts per cluster.

The most pronounced trajectories are the contraction of the Psychopathology share (from 39.06%
in 2000 to 9% in 2024) and the expansion of the Floods & Natural Disasters share, from 6.25% to 26.29%
over the same window. Climate & Rural Livelihood similarly expands from 4.69% to 15.8%.
Corresponding to the COVID-19 publication wave, the Pandemic & Migration cluster spikes during 2020-
2022. A cut at a higher £ level that separates Migration from Pandemic-related sources would probably
show how the former has advanced through the decades as an isolated subject. Health, Rights & Violence
and Economic Poverty show comparatively flat trajectories, fluctuating around 18% and 11% respectively.
Security and Infrastructure surges at the beginning of the 2000s and then stabilizes around 12% over the

rest of the period examined.

The structural view in Fig. 5 is complemented by lexical views in Figs. 6-8, three VosViewer maps
of the full corpus across historically meaningful periods. VosViewer is an open-source bibliometric software
for visualizing scientific literature by building keyword co-occurrence networks. The input to VosViewer
is the same set of KeyBERT-extracted keywords used throughout the pipeline. Three chronological
windows are presented: 1964 to 1999 (604 records), 2000 to 2015 (3,358 records), and 2016 to 2025 (8,488
sources). Different cutoff points were selected for keyword co-occurrence (the number of minimum co-

occurrences), since the imbalance of sample sizes would make the latter maps unreadable.

The maps make several patterns visible that are obscured at the cluster-share level. Fig. 6 (1964-
1999) is dominated by psychopathology vocabulary (depression, depressive, stress, anxiety, psychiatric,
schizophrenia) with HIV and AIDS terminology emerging on the periphery as a yellow-colored late-period
addition. Fig. 7 (2000-2015) shows the first substantive emergence of climate-and-disaster vocabulary as a
coherent lexical region (climate, disasters, environmental disasters) alongside the still-dominant
psychopathology vocabulary. Both regions are spatially distinct on the map, which corresponds to their
geometric separation in the dendrogram. Fig. 8 (2016-2025) consolidates the climate-related sources as the

dominant theme in the literature and shows the abrupt insertion of the pandemic and COVID vocabulary.



4. Discussion

This paper shows a multi-resolution map of how vulnerability is organized across an
interdisciplinary scholarly corpus, and the validation metrics indicate moderate cluster quality on the
resulting structure. The discussion that follows addresses the two research questions in conceptual rather

than descriptive terms.

Two preliminary clarifications are in order. First, the analysis does not propose that machine-
extracted keywords replace author-supplied keywords as a general criterion. Key-BERT-derived keywords
are presented as a reproducible alternative for the specific task of large-scale semantic clustering, where
author keywording is known to be inconsistent in quantity and biased. Second, the workflow is reproducible
and cost-accessible, addressing concerns raised by Affengruber et al. (2024) and Téth et al. (2024) about

the scalability of research synthesis methods in the face of exponentially growing publication volumes.

4.1. What themes in the vulnerability literature can be identified through a combination

of WE with clustering methods?

Top keywords inspected at k£ = 7 group together along lines that, while geometrically driven by
keyword vocabulary, are interpretable as substantively distinct framings of vulnerability. The group

kR 1Y

(“climate”, “livelihood”, “livelihoods”, “adaptation”, “farmers”) shares a recognizable thematic register

2 13

that differs from the group (“depression”, “anxiety

9% <¢ 9% <c

, “stress”, “depressive”, “cognitive). This two-way
separation is a primary finding of the analysis and is preserved across cuts from k£ = 2 onwards. Hierarchical
clustering produces a nested structure of partitions, which differs from the static partitions obtained from
flat clustering algorithms used in related work (Chen et al., 2021; Onan, 2019; Zhang et al., 2018) and

which permits the audit of alternative cuts on the same underlying linkage matrix.

The dendrogram should technically be interpreted from bottom (k = 12) to top (k = 2), since the
algorithm iteratively merges adjacent observations until only one cluster remains. However, because the
analytic interest here is in how a contested concept is organized at progressively finer granularities, a top-
down reading of the structure is more intuitive. Clusters that only merge at the top of the hierarchy, such as
Security & Infrastructure, contain articles whose keyword vocabulary is more idiosyncratic relative to the

rest of the corpus. Three broad framings of vulnerability can be distinguished in the k=7 cut.

A first framing addresses vulnerability at the systemic level and studies how human and natural
environments are exposed, impacted, and adapt to climatic and geophysical hazards. At k = 7 this framing
spans Floods & Natural Disasters, Climate & Rural Livelihood, and Security & Infrastructure. Highly cited
papers in this branch include Adger (2006), Cutter et al. (2003), and Smit and Wandel (2006). The operative



model is equational: vulnerability is the joint product of hazard severity, the degree of exposure, and the
system's adaptive capacity. The unit of analysis is the human—environment interaction, and comparisons

across communities are central.

A second framing is embodied by literature on psychological distress and disorders. At k=7 this is
the Psychopathology cluster (C1), which maintains internal coherence at this cut and only splits at higher k&
into more specialized sub-clusters on epidemiology and family psychology. Top-cited sources here include
Vansteenkiste and Ryan (2013) and Charles (2010). In this branch, vulnerability is operationalized as a
within-person constellation of biological, cognitive, and affective factors that elevate the probability of
mental-health pathology, with particular attention to developmental transitions. Although psychological
phenomena may be studied in social contexts (Hankin and Abramson, 2001), the unit of analysis is the

individual.

A third framing positions vulnerability as an attribute of marginalized or differently positioned
social groups, where ethnic, sociodemographic, and structural factors shape exposure and harm distribution.
At k =7 this framing is distributed across three clusters: Health, Rights & Violence, which bundles HIV-
and-public-health vocabulary with feminist, ethics, violence, and crime vocabulary; Economic Poverty,
centered on household economic precarity; and Pandemic & Migration, where post-2020 pandemic
vocabulary co-clusters with the established migration-and-displacement literature. Highly cited examples
include Quesada et al. (2011) and Kim and Bostwick (2020) on migration; Briguglio et al. (2009) on
socioeconomic vulnerability; Chakraborti and Garland (2012) on victimization; and Middlemiss and
Gillard (2015) on living conditions. The marker that distinguishes this framing from the climate-systemic
one is that vulnerability is not a function of natural-hazard exposure plus adaptive capacity but a function
of structural social position. The marker that distinguishes it from the psychopathology framing is that the

unit of analysis is groups rather than individuals.

A tentative interpretive synthesis emerges from the cluster structure. The Psychopathology cluster
sits on a branch that merges only at higher cuts with the structurally oriented clusters. This geometric
isolation suggests that the literatures focusing on individual expressions of vulnerability and those focusing
on the structural production of vulnerability share comparatively little keyword vocabulary. Such a
separation invites comparison with what the broader social-scientific literature describes as the Micro-
Macro Divide (Eckart et al., 2019) or the Structure-vs-Agency Debate (Krause, 2013), although we present
this as a tentative reading of the cluster structure rather than as a direct empirical result. Whether the lexical
separation surfaced here reflects a paradigmatic disconnection in vulnerability research, or whether it
reflects vocabulary differences that obscure underlying conceptual continuities, is a question that the present

method cannot conclude.



4.2. Can historical trends be identified to discern changes in how vulnerability is

understood?

The analysis at k=7 from 2000 to 2024 (Fig. 5) shows two pronounced and several minor temporal
trajectories. In 2000, articles on Psychopathology accounted for 39.06% of the year's production. By 2024
this share had contracted to 9%. Over the same window, Floods & Natural Disasters expanded from 6.25%
to 26.29%, and Climate & Rural Livelihood from 4.69% to 15.80%. Pandemic & Migration rose from
1.56% to 6.45% with a visible peak during 2020-2022 corresponding to the COVID-19 publication wave.
Health, Rights & Violence and Economic Poverty show comparatively flat trajectories, fluctuating around
18% and 11% respectively. The directional reading is robust: the contraction of psychopathology and the
expansion of the climate-disaster strands are visible across all reasonable cut levels, although the exact
numerical shares are conditional on the cut. Additionally, the VosViewer maps show a consistent transition,

with climate-related vocabulary displacing psychological terms as the center of the co-occurrence networks.

The contraction of psychopathology challenges the assumption, present in some bibliometric and
conceptual literatures, that vulnerability research originated primarily in relation to climate change and
disaster studies during the 1980s (Alexander, 2002; Biswas and Nautiyal, 2023; Frerks et al., 2011). The
corpus suggests instead that the term was first predominantly mobilized in psychological and psychiatric
registers and later expanded into environmental ones. The oldest sources in the corpus are consistent with
this: Nielsen (1964) on social vulnerability in cerebral-palsied children, Hansen (1965) on family
vulnerability to stress, and Garmezy (1971) on children vulnerable to the development of psychopathology
in adulthood are all psychological in framing. The mid-1990s onward expansion of the climate-disaster
strand likely reflects the international advance of the climate-and-sustainability paradigm and is consistent
with findings from adjacent bibliometric studies that use different methods (Kim et al., 2021; Li and Wang,
2022; Lu et al., 2023).

4.3. Limitations

Several limitations bound the claims made above and identify productive directions for follow-up
work. First, the 12,450 records derive from Scopus only, restricted to English-language journal articles in
five subject areas. Grey literature, policy documents, non-English scholarship, and conference proceedings
are by design out of scope. The mapping therefore reflects how the academic literature in these subject
areas constructs vulnerability, not how the concept circulates between scholarly and non-scholarly domains.
Application of the pipeline to grey literature and to ideologically and culturally loaded discourses is

identified as a particularly productive future direction.



Second, the validation reported combines geometric metrics, dendrogram-level fit, and topic
coherence. It does not include human-in-the-loop validation against a domain-expert gold-standard subset.
Constructing such a subset within the present revision was considered outside its scope: it requires
recruiting specialists from each disciplinary field represented in the corpus, designing a coding protocol
that does not privilege any single disciplinary register, computing inter-rater reliability across coders with

different theoretical commitments, and adjudicating disagreements.

Third, the pipeline is applied rather than methodologically comparative. A systematic benchmark
study against contextual-embedding aggregation, BERTopic, and LLM-based zero-shot extractors is
beyond the scope of a paper whose primary contribution is the integrative application of the pipeline to a

contested social-scientific concept and would definitely yield a productive direction.

Finally, the pipeline does not provide a systematic classification of definitions of vulnerability. It
surfaces an array of lexical frames within which the concept circulates, each carrying different connotations
and uses. A complete synthesis of what vulnerability is would require complementing this work with a
contrast of definitions in the conceptual literature. The present method offers raw material for that synthesis,

not a substitute.

5. Conclusion

This paper has presented a reproducible, multi-resolution mapping of how vulnerability is
organized across an interdisciplinary scholarly corpus, leveraging an NLP pipeline that combines contextual
keyword extraction, static keyword aggregation, data-driven dimensionality reduction, hierarchical
agglomerative clustering, and a multi-metric validation envelope. The contribution is methodologically
transparent and cost-accessible, and it is positioned as an instrument for critical inquiry into how a contested
concept is configured. The primary audience for the present work is the interdisciplinary social-scientific

community for whom such a tool can support critical engagement and scalable literature synthesis.
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Fig. 1 Diagram of embedding and clustering procedure.

Fig. 2 Dendrogram of vulnerability corpus, £ = [2, 12]. Ribbon width is scaled to the total number of

citations accumulated by articles in each cluster. Cluster labels show the seven most frequent keywords.

Fig. 3 Cluster validation metrics: silhouette, Davies-Bouldin, and Calinski-Harabasz indices across k = [2,

12] (cophenetic correlation = 0.709).

Fig. 4 Mean C_v and C_npmi across k£ =[2, 12].

Fig. 5 Cluster share of article count per year, £ =7, 2000-2024.
Fig. 6 VOSViewer map of the vulnerability corpus, 1964-1999.
Fig. 7 VOSViewer map of the vulnerability corpus, 2000-2015.

Fig. 8 VOSViewer map the of vulnerability corpus, 2016-2025.
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1. “scopus_export database.csv”: the bibliographic data exactly as exported from Scopus for the
bibliometric study.
2. “The Semantic Taxonomy of Vulnerability pythoncode.html”: the full method described in the
manuscript, executed with descriptions of each step and the corresponding code output.
3. Additional output files:
a. ‘“vulnerability extractedkeywords.csv”: all studied references with the keywords extracted
using MPNet and KeyBERT.
b. “vulnerability 300d dataframe.csv”: all extracted keywords with their corresponding 300-
dimensional vector embeddings.
c. “df with clusters.csv”: all references and the clusters to which they are assigned for every
dendrogram configuration.
d. “hierarchical clusters.json”: each cluster extracted for all configurations, with the top 7

most frequent keywords in each.
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