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Abstract

Traditionally, the investigation of truth has been an-
chored in a priori reasoning. Cognitive science devi-
ates from this tradition by adding empirical data on
how people understand and use concepts. Building on
psychophysics and machine learning methods, we intro-
duce conceptual scaling, an approach to map people’s
understanding of abstract concepts. This approach,
allows computing participant-specific conceptual maps
from obtained ordinal comparison data, thereby quan-
tifying perceived similarities among abstract concepts.
Using this approach, we investigated individual’s align-
ment with philosophical theories on truth and the pre-
dictive capacity of conceptual maps. Obtained results
indicated that, while people’s understanding of truth
is multifaceted and encapsulates notions of coherence
and authenticity, alignment is best for the correspon-
dence theory of truth. Furthermore, conceptual maps
allowed predicting individual outcomes with an accu-
racy of ~70%. This research demonstrates that concep-
tual scaling offers accurate descriptions of individual’s
understanding of abstract concepts, behavioral predic-
tions, and quantification of alignment with theoretical
perspectives.
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Introduction

Are we living in a time where truth has become more
elusive and subjective, as suggested by [d’Ancona, (2017]),
Keyes| (2004)), and McIntyre| (2018)? This prompts ques-
tions about what motivates people to deem certain state-
ments as true even when they clash with observable evi-
dence. Historically, the philosophical challenge of defin-
ing truth has persisted as one of the most enduring puz-
zles. Two theories have received the greatest share of at-
tention. The correspondence theory posits that truth
depends on how well a statement or belief matches up
with reality or factual evidence, as argued by [Russell
(1912) and |Wittgenstein| (1922)). Advocates of the co-
herence theory, including [Putnam| (1981) and [Young;
(2001), view truth as coherence with a particular set of
beliefs. Semantic pluralists like[Pedersen & Lynch| (2018)
and |Wright| (2005) contend that the term “true” holds
multiple interpretations. For example, “it is true that”
can imply “reality is such that” in certain situations,
while in others it might mean “in line with belief set X”.

Previous Empirical Studies on Truth

More recently, scholars have started empirically inves-
tigating people’s ordinary notion of truth. Studies
conducted by Barnard & Ulatowski| (2013]) and Kolbel
(2008) have revealed that “true” is understood differ-
ently across domains—the coherence notion dominates
in maths, and the correspondence notion in the sciences
like chemistry—suggesting that “true” has at least two
senses as argued for by many truth pluralists. Interest-
ingly, a parallel observation emerged within the empir-
ical domain (Reuter & Brun, 2022). In one of their
experiments, participants were confronted with a sce-
nario in which the main character’s statement can be
perceived as “true” or “false”, depending on whether
truth is perceived as correspondence or coherenceﬂ Par-
ticipants were divided, with a slight majority leaning
towards “true”. This finding has been corroborated by
Ricciardi & Martin| (2022) and was replicated in English,
German, and Mandarin by |Reuter| (2023)). These results
raise important questions about how contemporary the-
ories of truth and the cognitive strategies people use to
evaluate truth claims should be interpreted. However,
these studies have relied on survey-based methods, which
has restricted the depth of our understanding regarding
people’s conceptions of truth.

In this paper, we would like to introduce a
methodology—conceptual scaling—that enables the
quantification of subjectively perceived relationships
among concepts associated with truth. Before introduc-
ing and applying the proposed method, we aim to iden-
tify which concepts closely relate to our understanding
of truth. To achieve this, we start our investigation with
a preliminary study using a semantic feature production
task to reveal these related concepts.

Preliminary Study

While the correspondence theory emphasizes the role of
facts and alignment with reality in determining the
truth of a statement, the coherence theory underscores
the significance of justification and coherence with
reasons as the core determinants of truth. However,

A comparable scenario can be found in our description
of Study 2.



the question arises: Do these theories reflect the primary
concepts individuals commonly associate with truth? To
identify the key attributes that people inherently link
with truth, we carried out a semantic feature production
task. This task is structured to prompt the rapid recall
of concept features, thereby revealing the elements most
likely to be considered pertinent by individuals when
contemplating a particular phenomenon (Barsaloul {1983}
Hamptonl, (1979 [Machery, |2017)). While there is no stan-
dardized protocol for this task, many researchers align
with the methodologies outlined by [McRae et al.| (2005).
Typically, participants are prompted to either enumer-
ate features they associate with a concept, ¢ or to specify
features deemed characteristic of c.

Methods and Stimuli A gender-balanced sample of
149 participants (Mgge = 39.85) years were asked to
list three characteristic features for the terms “truth”,
“true”, or “falsehood”.

Results The authors categorized the responses based
on their alignment with the correspondence or coher-
ence theory, or their association with authenticityEI For
both the “truth” and “true” categories, the term “hon-
est” emerged as the predominant response, with approx-
imately 70% of participants naming it (see Figure [1)).
In the “falsehood” category, about 70% of respondents
wrote down the word “lie”. Notably, only about 40% of
those in the “truth” and “true” groups mentioned terms
like “fact”, “reality”, or related words hinting at a corre-
spondence with factual realities. A even smaller propor-
tion referred to terms associated with the coherence the-
ory, such as “reliable”, “provable”, or “evidence”. This
task highlights that the most salient feature linked with
“truth” and “true” isn’t necessarily aligned with the cor-
respondence or coherence theory but rather hinges on
the notion of authenticity exemplified by terms such as
honesty and transparency.
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Figure 1: The percentage of responses in a Semantic
Feature Production Task for “truth”, “true” and “false-
hood” that were connected to different theories of truth.

2 Full data set is available in this article’s on-
line repository: https://osf.io/jrfkb/?view_only=
56£3460aa3834e9580f70bb3ab132b37

Discussion The results from this preliminary study
highlight “honesty” as the dominant salient feature
within our concept of truth. Such salience might sug-
gest a complex structure of truth, illuminating the com-
plexity of peoples’ conceptual understanding. As we will
now argue, one way to get a better picture of the con-
ceptual relations of truth with other concepts is through
the idea of conceptual spaces, where a quantitative de-
scription of similarities and, thus, interrelations among
various concepts becomes possible.

Conceptual Spaces

An influential theory in the study of conceptual repre-
sentations is Peter Gérdenfors’ conceptual spaces (e.g.,
see |Gardenfors, 2004). In Géardenfors’ sense, concep-
tual spaces are geometric constructs where dimensions
correspond to cognitively relevant qualities like color or
size, allowing for an intuitive mapping of concepts onto
a spatial medium whereby each dimension has a specific,
pre-defined meaning. This and other related frameworks
(e.g., [Shepard,, 1957, Tversky, (1977, for a review see
Roads & Love, 2024) are particularly adept at capturing
the nuances of concrete concepts, where each dimension
has a direct and interpretable relationship with percep-
tual experiences. However, regarding abstract concepts
such as “truth”, the rigidity of pre-defined dimensions
may not be adequate. Instead, an unbiased way to de-
scribe similarities and interrelations among concepts is
required.

We find quantifications of similarity in the field of
machine learning as embeddings (Camacho-Collados &
Pilehvarl 2018; (Goodfellow et al. 2016, Chapter 14)
and in psychology as psychophysical scales (Cox & Coxl,
2000; (Gescheider} [2013alb). Whereas in machine learn-
ing, similarity is typically determined from patterns rec-
ognized in large datasets using algorithms, in psychol-
ogy, similarity is obtained through subjective assess-
ments collected in psychophysical experiments (Wich-
mann & Jékel, [2018). However, the same methods also
allow for measuring perceived similarities among more
abstract stimuli such as images or words (e.g., |Arnold,
1971; [Henleyl [1969; Waraich & Victor, 2023)). Tradi-
tionally, similarity between pairs of stimuli is assessed by
numerical judgments. A more robust procedure—the so-
called triplet comparison task—however, employs ordinal
comparisons to measure relative similarities (Haghiri et
al., |2020; [Hebart et al.,|2020; |Lagunas et al.l |2019; |Roads
& Mozer} [2019). By presenting participants with triplets
of stimuli and requesting them to evaluate whether stim-
ulus A is more similar to stimulus B or C, this approach
provides a more intuitive way to measure perceived sim-
ilarity among stimuli. From the collected comparisons,
machine learning algorithms allow for creating a spa-
tial representation of the stimuli, where distance among
points inversely correspond to perceived similarity.
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In the present work, we integrate these ideas and
methods to study the understanding of abstract con-
cepts. More specifically, we start by presenting words
representing abstract concepts and collect similarity
judgments from triplet comparisons among those words.
Obtained data is then analyzed using an ordinal em-
bedding algorithm as a scaling method. By doing so,
subjective similarity judgments are transformed into a
structured spatial map uniquely tailored to each par-
ticipant’s understanding. Coordinates within this map
accurately reflect the perceived similarities and relations
among the concepts used as the basis for the stimuli. We
refer to this approach as conceptual scaling and to the
resulting spatial maps as conceptual maps. Concep-
tual scaling allows us to precisely describe the conceptual
understanding of individual participants in a data-driven
and empirical way—i.e., without making prior assump-
tions about potentially uncertain pre-defined dimensions
that might otherwise constrain the space a priori. In
Study 1, we employ conceptual scaling to investigate the
conceptual space of “truth”.

Study 1—Tracing Truth

In this study, we run an online experiment to estimate
conceptual maps of individual participants. The spatial
arrangement of truth-related terms in these 2D maps
provides a detailed perspective on individuals’ under-
standing of ¢ruth and allows investigating the alignment
of participants’ conceptual understanding of truth with
the focal theoretical perspectives on truth (correspon-
dence, coherence, authenticity).

Methods

Participants We recruited a gender-balanced sample
of 200 participants from the UK and the United States
through the online platform [Prolific. Out of the 200
participants, a total of n =194 (Myge = 42.87, SDgge =
13.42) completed the task.

Stimuli All employed stimuli were written words re-
flecting concepts. Besides “truth” we used six other
words, two for each theoretical perspective. These stim-
uli were: “reality” & “fact” for correspondence, “judge-
ment” & “reason” for coherence, and “honesty” and
“transparency” for authenticity. These stimuli were se-
lected based on a combination of theoretical principles
(specifically, words embodying the predominant ideas of
the correspondence and coherence theory), empirical ev-
idence from our preliminary study reported above (for
instance, “honesty” emerged as the most commonly cited
term), and practical considerations—we consciously ex-
cluded terms such as “coherence” which might not be
commonly used or understood in everyday language.

Triplet Comparison Task Participants engaged in
a comparison task where they had to judge similarities
among stimuli triplets. A triplet of terms was presented

in each trial, and participants had to rate which of the
two terms, presented side-by-side, was perceived to be
more similar to the term presented above. Their re-
sponses were collected using the left and right ar-
row keys. Overall, 97 trials were presented with 79
unique triplets and two repetitions of 9 triplets. Unique
triplets were randomly selected from all 105 possible
triplets (3 (;)), based on a heuristic commonly used in
psychophysical studies (e.g., see [Haghiri et all [2020;
Kinstle et al) 2022). The repetitions were presented
to assess the response consistency among participants.

Procedure From the crowd sourcing platform Prolific,
participants were forwarded to a survey on |Qualtrics to
collect demographic information. Subsequently, partici-
pants were routed to an PsychoPy (Peirce et al., 2019)
experiment hosted online on Pavlovia. Before being pre-
sented with the triplet set described above, participants
completed two practice sessions: Firstly, they were pre-
sented with 10 triplets whereby for each triplet, one tar-
get term was clearly more similar to the anchor (e.g.,
anchor: thunder; target terms: lightning; ketchup). Sec-
ondly, participants were presented with 10 triplets fea-
turing uniform similarity relations (e.g., anchor: dia-
mond; target terms: emerald; sapphire). In the main
experiment, the 97 trials were split into blocks of 19
tripletsﬂ Between blocks, they had the opportunity for
a short break, and after 57 trials, they were forced to
pause for two minutes.

Consistency as a Data Quality Indicator

Analysis To determine the reliability of the partici-
pants and their conceptual maps, we compute a con-
sistency score, indicating the proportion of repeated
triplets in which all three responses were identical. Low
consistency may suggest task-related challenges, includ-
ing inattentiveness, lack of motivation, or misunder-
standing of instructions. Theoretically, if participants
were responding at random, we would expect a consis-
tency of (3)% =12.5%

Results Participants consistency scores ranged from
66.66% to 92.59% (M = 75.54%,SD = 4.90%). This sug-
gests participants’ responses were not random but in-
stead exhibited a clear pattern of consistency.

Conceptual Maps

Analysis To estimate individual conceptual maps
from participants’ responses, we used the conceptual
scaling approach described above. Within estimated
maps, terms are represented as 2D coordinates whose
distances mirror the perceived similarities measured in
the triplet comparison taskE| For example, if a par-

3 Since 97 is a prime number, the last block consisted of

21 trials.
The choice of a 2-dimensional map is arbitrary and only
serves the purpose of simple visualization.
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ticipant consistently judge “fact” more similar to “real-
ity” than to “reason”, the conceptual map should reflect
this judgement, positioning “fact” closer to “reality” and
farther from “reason”. Translating obtained similarity
judgments into a precise spatial representation involves
a complex optimization task, for which we employed the
soft ordinal embedding algorithm (Terada & Luxburg
2014) implementation in the Python toolbox cblearnﬂ
In Figure [2] we show a visualization of an individual con-
ceptual map obtained through conceptual scaling (maps
of all participants are available in the online repository)).
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Figure 2: Conceptual map of a particular participant
where each truth-related term was assigned to a theory
of truth. The colored regions indicate a clear separa-
tion of the map by the mean distance to the centroid of
each theory (colored x-markers). Since “truth” lies in
the region of “fact” and “reality”, this suggests that the
participant aligns with the correspondence theory.

Theory-driven Clusters Assignments

Analysis To investigate how well the theoretical simi-
larity of truth-related terms is mirrored in participants’
conceptual maps, we assign each term—except the term
“truth” itself-to one of the theories: “reality” & “fact”
to correspondence, “justification” & “reason” to coher-
ence, and “honesty” and “transparency” to authenticity.
Agreement between participants’ conceptual maps and
this theory-driven cluster assignment is quantified by a
metric called Silhouette Score (Rousseeuw, 1987)E| This
standard cluster metric evaluates the average degree of
similarity (-1 to 1) of each data point to its assigned
cluster compared to other clusters. A positive score in-
dicates cohesion within the cluster and separation from
other clusters, indicating a clear distinction between the
terms assigned to each theory, as in the example in Fig-
ure 2] A score around and below 0 suggests overlapping
clusters with no clear distinction, which could be inter-
preted as a missing agreement between participants’ con-
ceptual maps and the theory-driven cluster assignment.

5 An extensive introduction to ordinal embedding algo-
rithms in the context of psychological experiments can
be found in [Haghiri et al.| (2020]).
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As implemented in the scikit-learn library (Pedregosa
et al., |2011} version 1.2.2) for Python.

Results While lacking agreement could be explained
by a different, multi-faceted understanding of truth-
related terms, it could also indicate poor data quality.
Therefore, in Figure [3] we plot the Silhouette scores
as a function of consistency. The reasonably high con-
sistency and the lack of correlation imply that partic-
ipants with low Silhouette Scores were not providing
noisy data but perceived truth-related terms differently
from our theory-driven cluster assignment. Most partici-
pants, however, show positive scores and an organization
of the maps, as expected by the theory-driven assign-
ments. This observation was confirmed by a Wilcoxon
signed rank test , indicating that the median Silhou-
ette Score was significantly above zero (Mdn=0.13,W =
3563,p < .001).
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Figure 3: Silhouette Scores as a function of response
consistency. Silhouette Scores indicate the level of agree-
ment with theory-driven cluster assignment (higher is
better). The dotted horizontal line marks the median
Silhouette Score. Consistency indicates how reliably
participants responded to the same stimuli across re-
peated presentations. A simple regression fit indicates
no significant association between Consistency and Sil-
houette score (solid black line; surrounding shaded area
indicates the 95% confidence interval). The colored data
point highlights the specific participant whose concep-
tual map is shown in Figure@

Theory-driven Conceptual Maps

Analysis To quantify the alignment of participants’
conceptual understanding with the focal theoretical per-
spectives on truth, we generated three synthetic sets of
triplet responses. Each set represents the hypothetical
judgments of a prototypical advocate for one of the focal
theories. We apply conceptual scaling to these synthetic
responses to get a theory-driven conceptual map for each
theory. Next, we quantify the alignment between each
participant’s map and these theory-driven maps in terms
of Procrustes disparity (Gower} |[1975)), which is the sum
of point-wise Euclidean distances after optimal similar-
ity transformations (translation, rotation, scaling, flip-
ping)m A visualisation of this analysis can be found in
Figure [4

7

Procrustes analysis was used as implemented in the
scipy library (Virtanen et al.l 2020) for Python.
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Figure 4: Measuring the alignment between a partic-
ipant’s conceptual map (slightly transparent markers)
and a theory-driven conceptual map (here correspon-
dence) in terms of Procrustes disparity, indicated by
the dashed lines reflecting point-wise distances. Maps
for the other theories (coherence and authenticity) can
be found in this article’s online repository.

Results Participants’ alignment with theory-driven
maps varied significantly among theoretical perspec-
tives. Procrustes disparity were lowest for correspon-
dence (Mdn = 0.50), followed by authenticity (Mdn =
0.58), and coherence (Mdn = 0.62). Normality tests
(Shapiro-Wilk) indicated non-normal distributions. To
evaluate whether alignment with different theories dif-
fers significantly, we employed a Friedman test (a non-
parametric alternative to the one-way ANOVA with re-
peated measures), which revealed significant differences
(x? = 78.48,p < .0001), with posthoc tests confirming
differences between all pairs of perspectives. These find-
ings indicate that participants’ conceptual alignment was
strongest with the correspondence theory, followed by
authenticity, and weakest with the coherence theory.
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Figure 5: Distribution of Procrustes disparities across
all theory-driven conceptual maps. Lower values indi-
cate better alignment. Alignment is best for the corre-
spondence theory, followed by authenticity, and lowest
for Coherence. Data points from the same participants
are connected by grey lines. Data from the participant
whose conceptual map is shown in Figureg is high-
lighted in pink. Asterisks mark significant differences.

Discussion

In this study, we applied conceptual scaling to map peo-
ple’s understanding of ¢ruth. From the data collected in
an online experiment, we estimated a conceptual map of
truth-related terms for each of 193 participants. Besides
quantitatively describing individuals’ conceptual under-
standing, these maps were employed to investigate align-
ment with various theories of truth in terms of theory-
driven cluster assignments and theory-driven maps.

While the maps of most participants are segmented
in accordance with theory-driven cluster assignments,
there is a relevant part of participants with a deviating
spatial arrangement of truth-related terms. This vari-
ance in spatial arrangement is not correlated with the
participants’ response consistency and, thus, most likely
not due to task-related artifacts such as a lack of mo-
tivation. We also find variability in the alignment with
theory-driven conceptual maps: Many participants align
with one of the theories, with a slight but significant
preference for correspondence, followed by authenticity
and coherence. Our results resonate with those reported
by [Reuter & Brun| (2022), yet extend beyond by offer-
ing a nuanced, continuous assessment of conceptual un-
derstanding and alignment with theoretical perspectives,
rather than a mere categorical measurement.

Study 2—Predicting Vignette Responses

While study 1 reveals the potential of conceptual scal-
ing in mapping the understanding of abstract concepts,
Study 2 seeks to determine if these conceptual maps also
correlate with more contextualized measurements of peo-
ple’s use of concepts. To do so, we investigated whether
individual responses in a scenario-based tasks, can be
predicted using distance relations obtained form concep-
tual maps. More specifically, predictions were obtained
by calculating the Euclidean distance from “truth” to the
centroids of the correspondence (“fact” & “reality”) and
authenticity (“honesty” & “justification”) cluster (for
an intuitive understanding see Figure E| Using this
measure of conceptual proximity, we predicted whether
participants’ responses would either favor the correspon-
dence or authenticity theory.

Methods

Participants After a delay of three months, we
re-engaged the same participants from Study 1 through
the platform Prolific. Out of the 193 participants, 129
completed the task within 48 hours. We reasoned that
valid predictions require participants’ conceptual maps
to show similarity between terms linked to each truth
theory, reflecting the structured organization of truth-
related terms. Therefore, we limited further analysis to

8 Coherence theory was omitted because responses favor-

ing coherence would collapse with responses favoring au-
thenticity.
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participants who achieved a Silhouette Scores above the
median in Study 1 (see dashed line in Figure . After
these exclusions, the sample consisted of n = 58 partici-
pants (Mgge =48.27, SDgge = 13.42; gender distribution
(female/male/other): 41.07%/58.93%/0.00%).

Stimuli In line with the experimental paradigm of
(Reuter & Brun, |2022), participants read the following
vignette:

Maria and Peter are students and meet up for a late
dinner. Peter asks Maria whether Tom is at the party
that they intend to go to after dinner. Maria answers
that Tom is at the party. After all, Tom had told her
that he would be at the party. When they arrive at the
party, it turns out that Tom had changed his plans, and
is not at the party.

Participants were then asked: Was Maria’s answer true
or false? Participants choose from the two options “true”
and “false”.

Hypothesis For participants in whose conceptual
maps the distance from “truth” to the centroid of the
correspondence cluster is shorter than to the centroid of
the authenticity cluster, we predict that they will label
Maria’s answer as “false”, and the reverse for those closer
to the authenticity cluster.

Results

55.17% of participants responded that Maria’s answer
was “false” (agreeing with correspondence theory) and
44.83% that her answer was “true” (agreeing with a au-
thenticity notion of “truth”). We were able to correctly
predict 67.50% of the correspondence and 72.22% of au-
thenticity responses, resulting in a mean prediction ac-
curacy of 69.86%. A chi-square test confirmed the sig-
nificance of the correlation between predicted and ac-
tual responses, x?(1,N = 64) = 6.39,p = .011). With a
Cramér’s V of 0.31, this result denotes a moderate asso-
ciation, indicating that the distances within conceptual
maps are effective predictors of how participants judge
truth-related scenarios.

Discussion

These results suggest that conceptual maps can mean-
ingfully predict behavioral outcomes in tasks closer to
everyday life, affirming their ability to accurately reflect
individual participants’ conceptual understanding. The
notable predictive accuracy of nearly 70%, maintained
even after a 3-month interval between the estimation of
the conceptual maps and the measurement of the out-
come, underscores the robustness and stability of con-
ceptual maps constructed through conceptual scaling.

General Discussion

Summary of Studies and Results In Study 1, we
employed conceptual scaling to measure people’s under-
standing of truth. Estimated conceptual maps allowed
us to precisely quantify participants’ alignment with dif-
ferent theoretical notions about truth and revealed a
multifaceted and heterogeneous understanding. While
people’s understanding of ¢ruth encapsulates notions of
coherence and authenticity, alignment is best for the cor-
respondence theory of truth. In Study 2, we re-engaged
the same participants and found that obtained concep-
tual maps proved effective in predicting response behav-
ior in a more contextually embedded task.

Philosophical Implications Most philosophers typi-
cally advocate for one of three principal theories of truth:
the correspondence theory, the coherence theory, or a
domain-specific pluralistic theory. Our research findings,
however, present a significant challenge to these estab-
lished divisions in two key ways. First, while honesty is
traditionally associated primarily with truthfulness, our
studies reveal that concepts like honesty and authenticity
are also crucial in shaping our understanding of truth.
This intertwining of ideas has been largely overlooked in
previous discourse. Second, our results bolster the ar-
gument for a comprehensive pluralism in conceptions of
truth, extending across various domains and within the
empirical realm itself.

Applications and Limitations Conceptual scaling
emerges as a potent tool to map people’s understand-
ing of abstract concepts—offering precise quantification,
the possibility to measure alignment, and long-term pre-
dictability. The effectiveness in measuring participant-
specific conceptual understanding with minimal contex-
tual dependency may be suitable for controlled experi-
ments where other methods, such as corpus analysis or
context-dependent methods, reach their limits. Our cur-
rent approach also has some limitations. Future research
should aim to extend the validation of conceptual scaling
to a broader range of concepts to solidify the method’s
applicability. Additionally, while the dimensions of the
conceptual maps offer a spatial representation of con-
ceptual relationships, they are mathematical constructs
from the embedding algorithm, and their direct semantic
interpretability remains difficult.

Conclusion

Drawing inspiration from various fields, we have pre-
sented a novel method—conceptual scaling—that en-
ables researchers to track and gain a deeper insight into
abstract concepts. This methodology was effectively ap-
plied to the concept of truth, serving as a proof of con-
cept and showcasing its potential. We hope our approach
proves helpful to advance the understanding and map-
ping of abstract concepts within individual minds.
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