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—— Abstract

Conceptual vagueness is a fundamental characteristic of many geographic categories. The varied

definitions of “long-distance” and “short-distance” in migration studies provides a typical example.
Although interpretations of these categories are inherently context-dependent and heterogeneous,
they remain widely used in domain research. This study investigates the extent to which different
individuals reach a consensus on conceptualizing these categories. With a migration related corpus
where “long” and “short” are generally not explicitly mentioned, we elicit human and LLM judgments
in classifying each article into these two categories. Both human-human and human-LLM agreements
are quantified. Our results show that human agreements are only moderate, confirming substantial
conceptual variability among informed readers. LLM outputs exhibit a comparable level of variability,
failing to converge on a stable category boundary. This disagreement arises from multiple sources,
from detection of implicit signals to their interpretations. These findings demonstrate the feasibility
of using LLMs as probes to characterize conceptual vagueness in geography at scale. Returning to
migration distance, we highlight that they should not be treated as universally shared categories in
knowledge organization and representation. In contrast, resolving such vagueness requires richer
contextual information or additional semantic signals.
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1 Introduction

Philosophical investigations has long recognized that many concepts and categories do not
admit necessary and sufficient definitions. Such vagueness is often regarded as arising from
intrinsic properties of human cognition [1]. One influential account is Wittgenstein’s notion of
“family resemblance”, arguing that categories may lack fixed defining features, while features
of diverse categories remain overlapping similarities [19]. Similarly, “prototype theory” further
claims that categories exhibit graded membership centered around prototypical instances, with
other entities organized progressively further, and their borderlines are generally vague [12].
In GIScience, many categories routinely used to represent spatial phenomena also lack
precise and universally agreed-upon conceptualizations [9, 14]. Such categories may challenge
semantic interoperability, leading to inconsistencies in spatial knowledge organization and
representation, information retrieval, and policymaking [2, 6].

This vagueness is also evident in the distinction between “long-distance” and “short-
distance” human migration. Since early work such as Ravenstein’s laws of migration [11],
these terms have been extensively used to describe and analyze mobility patterns. Similar
to many other vague categories, their conceptualizations are affected not only by physical
magnitudes, but also by cognitive factors such as regional background, culture, society,
required time, and accessibility [5, 10, 13, 16]. Consequently, researchers have attempted to
investigate how these categories are conceptualized; however, they generally sought to identify
optimal metric thresholds [18]. Yet, a more fundamental question remains under-explored: to
what extent people actually converge in applying these categories? Answering this question
should be useful to uncover the underlying logic that triggers people’s decision making.

Recent developments in large language models (LLMs) [3] offer a new methodological
opportunity to dive into this research gap. Trained on massive corpora, LLMs encode
patterns of language use, therefore, they can be used as statistical mirrors that reflect
patterns present in human-generated discourse [15]. By aggregating LLM responses across
repeated sampling, it is possible to reflect how concepts are generally represented. Besides,
they have demonstrated the ability to extract, summarize, and reason over implicit knowledge
in unstructured texts with limited examples of the expected input-output pairs without
further training [20]. This makes LLMs promising tools for simulating human understanding
of migration types through learning from recurring patterns in given examples to further
categorize human migration.

In this study, we investigate how humans and LLMs categorize migration distance when
it is described in text (i.e., not as numeric distance values) where, in general, neither “long-
distance” nor “short-distance” is explicitly mentioned by authors. We prepare a corpus
of migration-related articles, and ask human raters to classify each of them. In parallel,
we prompt LLMs using few-shot examples to perform the same task. We then quantify
agreements to assess consistency and variability across groups. We emphasize that neither
humans nor LLMs are treated as sources of ground truth, but both are only used to
reflect disagreement patterns. Meanwhile, we also emphasize that demonstrating migration
categories are vague, which is a fact long recognized, is also not our purpose. Rather, we ask
a different question: To what extent do humans and LLMs converge with each other when
navigating through conceptually vague migration distance categories?
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2 Methods
2.1 Data

This study is built upon a systematic literature review in the migration domain, which
identified 53 empirical and case-study papers on “climate migration”. As part of that review
process, the authors initially categorized each article with respect to migration distance type
(i.e., “long-distance”, “short-distance”, “both”, or “neither”). We use the reviewed papers
as our corpus and the authors’ initial categorization to design the prompts and compute
agreements. To ensure computational feasibility while preserve diverse contexts, we sample
33 articles from the corpus in which migration distance categories are generally not explicitly
mentioned. Three of them are randomly selected as fixed in-context examples, and the
remaining 30 articles are used for comparison.

2.2 Preprocessing

Before the analysis, each article is converted from PDF to structured text stored as Python
dictionaries, to ensure consistent input across models, as direct PDF ingestion is not uniformly
supported. Text extraction is performed using scipdf_parser?. Figures, tables, and maps
are excluded in this conversion, so the categorization relies solely on textual information. We
acknowledge that this may introduce slight bias because such visual elements are accessible
to humans, although they rarely present explicit distance information.

2.3 Experiment Design

To assess inter-rater agreement between humans, three additional domain researchers indepen-
dently categorize the selected articles without the assistance of LLMs. In parallel, we query
three different LLMs under multiple settings summarized in Table 1. Both human raters
and LLMs assign each article to one of four mutually exclusive categories: “long-distance
migration”, “short-distance migration”, “both”, or “neither”. This scheme matches the
original review and the prevailing practice in migration studies.

Table 1 Experimental settings.

Feature Setting(s) Rationale

Language models GPT-4.1-mini; DeepSeek-Chat- Exclude model-specific influence
V3.2; Gemini-2.5-Flash

Prompting approaches 0-shot; 1-shot; 3-shot Elicit implicit decision patterns

Temperatures T=0; 04; 08 1.2; 1.6 Higher T may surface less domi-

nant signals
Iteration 10 Mitigate the influence of stochastic
variation or hallucination

Few-shot prompting approaches is used to test whether recurring patterns associated with
human categorizations can be detected and reproduced by LLMs. The three fixed examples
with their initial labels are provided as paired demonstrations. For the 1-shot condition, one
fixed example of those three is selected to maintain coherency. Listing 1 presents the core
instruction used across models.

2 https://github.com/titipata/scipdf_parser
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Listing 1 Core instruction in the prompt.

Please classify the article based on the type of human migratiomn it
addresses by assigning one of the following codes:

‘1’: It focuses on or observes evidence of long-distance human
migration.

€2’: It focuses on or observes evidence of short-distance human
migration.

3’: It focuses on or observes evidence of both long-distance and
short -distance human migration.

‘0’: It does not mention anything about human migration distance.
Do not infer any missing information. Output only the single
character without explanations, opinions or meta-comments.

2.4 Agreement Computation

We quantify agreement at two levels: (1) inter-rater agreements between human raters, and
(2) human-model agreements between the initial reviewers and each LLM. Consistent with
Section 1, neither humans nor LLMs are treated as sources of ground truth. Agreement
therefore serves as a measure of consistency in categorization, not predictive correctness.
For any two agents a and b, the simple agreement is defined in Equation 1, where N is the

number of articles, I is the number of iterations (for human-human agreements, I = 1), y(a)

(b) .

%

and y
respectively, and I() is the indicator function, which equals to 1 when the two categorizations

are the labels assigned to the same article at the same iteration by agents a and b,

are identical and 0 otherwise.

Iy = y”) (1)

Agreement(a, b) =

For agreements between human raters, we further compute Cohen’s kappa coefficient [4]
which adjusts for chance agreement. Equation 2 illustrates the calculation of k, where p,
is the observed relative agreement between raters, and p. is the hypothetical probability of
chance agreement.

_ 1
Po —Pe _ 1 Po (2)

K

]-7pe _17]9@

Simple agreement ranges from 0 to 1, while Cohen’s s ranges from —1 to 1. Higher values
indicate strong consistency in how category boundaries are applied.

For LLM-generated classifications, since each configuration is repeated by 10 times, aggre-
gated agreements are reported. Given four possible categories, uniform random assignment
yields an expected agreement of 25%, which serves as a baseline.

To examine the structure of disagreement, we also compute multiclass confusion matrices.
These matrices help distinguish structured disagreement patterns from degenerate response
distributions (e.g., overuse of a single category) and support the interpretation of agreement
values as empirical manifestations of conceptual vagueness rather than response collapse.
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3 Results

Table 2 summarizes the pairwise agreements and Cohen’s k coefficients among the four human
raters. Pairwise agreements range from 0.40 to 0.70, while Cohen’s k ranges from 0.19 to 0.58.
Although all four participants are researchers familiar with human migration, none of the
pairwise comparisons reaches near-perfect agreement. These results suggest that migration
distance categories are not applied according to universally shared criteria, even among
domain experts. Rather than being uniformly distributed, disagreements are concentrated
in a specific subset of articles, indicating that conceptual ambiguity is context-dependent.
Such disagreements arise from multiple recurring forms of conceptual vagueness rather than
from a single source. First, regarding several articles, some human raters consider certain
linguistic signals to be sufficient in representing migration distance, while others do not think
so. The second form concerns the uncertainty about where the conceptual boundary between
migration distance categories should be drawn. In such articles, the contextual evidence
remains compatible with multiple interpretations. Factors such as geographic scale, regional
background, migration purpose, accessibility, etc. lead different raters to classify the same
migration event differently.

Table 2 Pairwise agreements and Cohen’s k coefficients among the four human raters.

Human pair Agreement Cohen’s k
R1-R2 0.70 0.58
R1-R3 0.53 0.29
R1-R4 0.40 0.19
R2-R3 0.47 0.27
R2-R4 0.47 0.27
R1-R3 0.50 0.33

We next compare human categorizations with classifications generated by LLMs under
different prompting strategies and temperatures. Figure 1 presents the agreements between
each model and the original reviewers, whose categorizations are also used as demonstrations
for few-shot prompting. As this figure presents, across the three models, human-model
agreements remain within a range comparable to the agreements observed among human
raters. In particular, GPT-4.1-mini consistently achieves agreement values similar to the
human inter-rater range. These results indicate that these LLMs reproduce patterns of
categorization variability that resemble those observed among human experts.

This figure also illustrates that agreement patterns remain relatively stable across temper-
ature settings, with only minor fluctuations. Increasing sampling diversity therefore produces
little influence on the final categorizations, suggesting that the observed disagreements cannot
be explained primarily by stochastic generation. Instead, the variability appears to originate
from the underlying conceptual ambiguity of the categorization task itself. Prompting
strategy exhibits a more noticeable influence. Compared with zero-shot prompting, one-shot
prompting frequently reduces agreement, whereas three-shot prompting generally restores
agreement to levels comparable to or higher than the zero-shot baseline. This observation
suggests that isolated demonstrations may encode localized decision patterns that do not
generalize reliably, whereas multiple demonstrations provide more stable guidance regarding
the implicit regularities underlying human categorization.
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Figure 1 Human-model agreements under different temperatures and prompting strategies:
(a) Human-GPT; (b) Human-Gemini; (¢) Human-DeepSeek.

The qualitative observations of disagreement patterns among human raters are further
supported by the confusion matrix shown in Table 3, which compares the classifications
produced by GPT-4.1-mini with those of the original reviewers. Similarly, two dominant
disagreement patterns can be observed. First, a considerable proportion of articles labeled
as “neither” by human reviewers are classified into one of the other three migration distance
categories by GPT-4.1-mini, while articles labeled as “both” by GPT are frequently not
classified as this category by human reviewers. This finding indicates that agents sometimes
disagree on whether sufficient evidence exists to invoke migration distance categories. Second,
disagreements also occur among “long distance” and “short distance”, regarding boundary
of categories. Taken together, these patterns further support the interpretation that dis-
agreement reflects structured conceptual variability rather than random prediction errors or
degenerate response distributions.

Table 3 Confusion matrix comparing classifications of the initial reviewers and GPT-4.1-mini.

Human \ Model Neither Long distance Short distance Both

neither 65 130 361 344
long distance 0 251 22 177
short distance 163 233 1193 511

both 108 120 265 557
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4 Discussion and Conclusion

This study moves beyond the traditional pursuit of fixed thresholds for distinguishing “long-
distance” and “short-distance” migration by examining how consistently these categories are
actually applied. Rather than asking whether migration distance categories are vague, which
is a fact long recognized in philosophy, cognitive science, and GIScience, we investigate the
extent to which humans and LLMs converge when interpreting them from textual descriptions.
Across both human-human and human-LLM comparisons, moderate agreements are observed,
indicating that these categories are not governed by universally shared conceptual criteria.
Moreover, our observation reveals that disagreement originates from multiple forms of
vagueness, regarding both the applicability of linguistic cues and the conceptual boundary
between categories. These findings have implications beyond migration studies. In geographic
knowledge representation, categories are often considered to possess stable and universally
shared meanings. However, our results suggest that the semantics associated with “migration
distance” remain inherently context dependent. Consequently, representing such kind of
categories as rigid classes or fixed ontology concepts risks introducing “artificial precision”
and masking legitimate conceptual diversity. Instead, geographic knowledge representation
should accommodate graded membership here, considering contextual evidence, rather than
assuming a single authoritative categorization.

Our findings also contribute methodologically. Rather than evaluating LLMs as classifiers,
we demonstrate their potential as computational probes for conceptual analysis. While LLMs
inevitably introduce biases [7, 8], several observations support our interpretation. First,
similar levels of disagreements emerge among human experts and between humans and LLMs.
Second, disagreement exhibits systematic structures instead of random response patterns, as
reflected by both confusion matrices and qualitative analysis. Finally, agreement remains
relatively stable across different temperatures, suggesting that the observed variability cannot
be attributed primarily to stochastic model behavior. Together, these observations indicate
that LLMs capture meaningful regularities in human conceptualizations and therefore provide
a scalable methodology for investigating conceptual vagueness in geographic discourse.

Despite these contributions, several limitations remain. First, although the corpus contains
linguistically rich and diverse migration narratives, it remains relatively small. Future work
should investigate whether similar agreement patterns persist across substantially larger
collections. Second, our corpus consists exclusively of peer-reviewed scientific publications.
The conceptual patterns identified here may not generalize directly to other forms of discourse
such as news reports and social media posts. Examining conceptual vagueness across multiple
discourses would provide a more comprehensive understanding of how migration distance
categories are socially constructed and communicated. Finally, while we identify several
recurring forms of disagreement, the contextual factors underlying these patterns remain only
partially understood. The exact “traces” linked to socio-cultural or infrastructural factors
should be systematically investigated in future works.

In conclusion, this study provides empirical evidence that migration distance categories
remain only partially shared among both humans and LLMs. Rather than indicating failures
of either human or language models, the observed variability reflects the inherently vague
nature of such conceptualizations. By combining human annotation with LLM outputs, we
present a scalable framework for investigating conceptual vagueness. This work encourages
future research toward more context-aware knowledge representations that acknowledge,
rather than eliminate, conceptual uncertainty.
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