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Taxonomicincommensurability denotes the difficulty in comparing
scientific theories due to different uses of concepts and operationalizations.
To tackle this problemin psychology, here we use language models to

obtain semantic embeddings representing psychometric items, scales
and construct labelsin a vector space. This approach allows us to analyse
different datasets (for example, the International Personality Item Pool)
spanning thousands of items and hundreds of scales and constructs

and show that embeddings can be used to predict empirical relations
between measures, automatically detect taxonomic fallacies and
suggest more parsimonious taxonomies. These findings suggest that
semantic embeddings constitute a powerful tool for tackling taxonomic
incommensurability in the psychological sciences.

Taxonomicincommensurability, the idea that various scientific theo-
ries or paradigms are oftenincomparable due to their distinct mappings
between theoretical concepts and measures or empirical results'?,
poses considerable challenges to all sciences. For the social and behav-
ioural sciences, suchas psychology, thelack of aclear mapping between
constructs and operationalizations results in the difficulty of select-
ing appropriate measures for describing, predicting and changing
behaviour (for example, ref. 3). Consequently, addressing taxonomic
incommensurability is vital for any disciplineinterested in understand-
ing and improving human health, wealth and well-being.
Recentyears have seen numerous calls for conceptual clarification
inpsychology (forexample, refs. 4,5); specifically, the need to address
‘conceptual clutter®, ‘conceptcreep” or jingle-jangle fallacies™ ™. These
terms suggest that psychology is plagued by the proliferation of meas-
ures that have been given similar labels yet may capture different con-
structs (jingle fallacy), whereas other measures have received different
labels yet capture the same construct (jangle fallacy). This problem
represents a form of taxonomic incommensurability and has long
beenrecognized as stemming from the lack of acommon nomological
network™ or ontology (for example, ref. 13), that is, an agreed-upon
conceptual lexicon consisting of concepts and their observable mani-
festations that can be used to characterize human psychology.

Previousworkhasshownthat naturallanguage processing methods
can be used to help clarify the relations between constructs and their
measures (for example, refs. 11,14,15). Crucially, some approaches have
beenshown to identify jingle-jangle fallacies in an automated fashion
across alarge swathe of constructs". However, these previous efforts
have used techniques, such as latent semantic analysis, that have now
been superseded by more powerful language models that promise to
capture several aspects of human psychology even better (for exam-
ple, refs. 16-18). A thorough comparison of different large language
models, and an approach to detect jingle-jangle fallacies using these
models, is lacking. Moreover, previous efforts have only considered
gradual differences in the relatedness of measures but not fully the
interconnections between constructs and their operationalizations,
which is crucial for a full conceptual understanding of jingle-jangle
fallacies, improving the mapping between measures and constructs,
andreducingjingle-jangle fallacies through an improved taxonomy.

Our work aims to help tackle taxonomic incommensurability by
introducing an approach that uses large language models to create a
quantitative depiction of psychological constructs and their linguistic
operationalizations (for a tutorial, see ref. 18). This method relies on
item, scale and label embeddings—vector space representations of
psychometric items, scales and their respective construct labels—to
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Fig.1|Jingle-jangle fallacies. The figureillustrates jingle-jangle fallacies

and the associated trade-off between minimizingjingle and jangle fallacies.
Each point represents ascale, withits placement being determined by its
similarity in the semantic space to other scales; convex-hull polygons are drawn
around the points to represent the construct labels shared by a group of scales.
The group of scales can be assigned labels either manually or in an automated
fashion. Left: alabelling process may avoid jangle fallacies by giving all related
scales the same construct label (construct A). In contrast, this may cause some
unrelated scales that are distant in the similarity space to have the same label,
thus creating one (or more) jingle fallacies (that s, red line). Right: alabelling
process may avoid jingle fallacies by creating two (or more) semantically distinct
labels (construct aand construct b) that maximize within-construct similarity
for two groups of scales. However, this approach may lead to cases in which
very similar scales have been assigned the two semantically distinct labels, thus
creating ajangle fallacy (blue line).

map the semanticrelations between an extensive array of psychological
measures and the putative constructs they represent (see ‘Terminology’
in Methods for more detailed explanations of the terms used in this
article). In our work, we make the following contributions: first, we
validate different embeddings, including embeddings obtained from
amodel specifically fine-tuned for our purposes, by testing how they
capture known empirical relations between different psychological
measures. Second, we introduce a method to perform automated
detection of jingle-jangle fallacies in existing taxonomies by relying
on the best-performing embedding. Third, we introduce a clustering
and relabelling approach to deal with the inherent trade-off involved
inminimizingjingle and jangle fallacies (Fig.1). Overall, our approach
tackles taxonomic incommensurability by boosting conceptual
clarity and providing a more parsimonious taxonomy of constructs
in psychology.

Inwhat follows, we provide an overview of our approach using the
data from the publicly available International Personality Item Pool
(IPIP; http://ipip.ori.org)”. Our approach relied on obtaining item,
scale and label similarities from embeddings following a number of
steps illustrated in Fig. 2. Specifically, we included items comprising
459 scales and capturing 277 constructs encapsulated in 254 unique
single- and multi-construct labels. First, we obtained item embed-
dings for the 4,452 psychological items in IPIP (Fig. 2a). We obtained
embeddings using different models but throughout this article we
present findings based on a fine-tuned model, which we make pub-
licly available and which proved the most powerful in the validation
efforts described below. This fine-tuned model isbased on the MPNet
pre-trained model®, which builds on the bidirectional encoder rep-
resentations from transformers (BERT) architecture and is one of the
best available sentence-BERT models®. The model was fine-tuned
using 200,000 pairs of personality items from several open datasets
and is publicly available on Hugging Face (dwulff/mpnet-personality).
We provide a detailed description and systematic comparisons with
other embeddings in the Supplementary Information (Supplementary
Figs. 1-5)">2%22* Second, we obtained scale embeddings by averag-
ing the embeddings for the items corresponding to each of the 459
scales in IPIP (Fig. 2b). Third, we obtained label embeddings for 277
distinct labels produced by IPIP’s construct labels. Specifically, from
the original 254 IPIP labels, we used those consisting of unique words
and further split multi-construct labels into single ones to potentially

capture each construct individually, resulting in 277 distinct labels.
Fourth, using the item, scale and label embeddings, we derived simi-
larities between all pairs of items, scales and labels by computing the
cosine similarity between the respective vectors in the embedding
space (Fig. 2d-f). Finally, we matched scales and labels in this space
(Fig.2g).Once equipped with embeddings and respective similarities
for items, scales and labels, we were in a position to ask whether this
informationis able to capture meaningful relations between measures
and address the problem of jingle-jangle fallacies.

Results

Our results are divided into three sections. First, we provide a dem-
onstration of the ability of embeddings to recover known relations
between psychological measures, such as the patterns of convergent
and divergent validity obtained from self-reports. Second, we put
embeddings to use in an effort to address conceptual clutter in psy-
chology by detecting jingle-jangle fallacies in an automated fashion.
Third, we introduce an approach to providing a more parsimonious
mapping between constructs and extant psychological measures.

Validation of embeddings

We carried out four analyses aimed at addressing the power of different
embeddings for recovering known properties of psychological meas-
ures, including their internal consistency, structural fidelity, patterns
of convergent and divergent validity, and the match between scale
content and their labels. In what follows, we provide our results for a
fine-tuned model that performed best overallin validation. See the Sup-
plementary Information for details on the fine-tuning procedure and
results of allmodels. We provide values for in-sample and out-of-sample
performance. The former reflects how well the model captures empiri-
calrelations concerningitemsit had access to during training, whereas
the latter reflects the model’s generalization performance.

First, we validated embeddings by assessing whether scale
similarities obtained from embeddings are able to predict a scale’s
empirically observedinternal consistency; thatis, Cronbach’s a (ref. 25),
ameasuretypically used to capture the average empirical correlation
betweenitems from the same scale. A strong positive correlation would
suggest that the semantic similarity between items can be used to
quantify the observed empirical correlation from self-reports, which
represents a minimum requirement for a conceptual representation
based on embeddings if this is to inform us about the structure of
psychological measures more generally. To this end, we estimated the
within-scale similarity and then used the Spearman-Brown prediction
formulatoderive estimates of the scale’s Cronbach’s a. Asillustratedin
Fig.3a, we observed astrong Pearson correlation between the observed
and predicted internal consistencies of r= 0.75 (insample) and r = 0.61
(out of sample) for the 449 scales for which empirical scores were
availablein IPIP.

Second, we compared to what extent item similarities obtained
fromitemembeddings capture scales’ structural fidelity, thatis, amet-
ric quantifying whether aset of items is most strongly related to other
items fromtheir scale of origin relative to items stemming from other
scales. Showing some degree of structural fidelity would suggest that
embeddings allow matching betweenitems and scales. Specifically, we
computed a z-score for each scale that reflects the similarity of items
within the same scale relative to the similarity of items of different
scales within an inventory. We regard the structure of a scale as fully
recoveredifz>2and partially recoveredif z > 1. These criteria roughly
match the lower bound obtained from following the same procedure
using the observed empirical correlations. We evaluate structural
fidelity for the 25 inventories with at least 3 scales that, on average,
had 12.4 scales. The results show that 81% (in sample) and 79% (out of
sample) of all 443 scales were recovered and 95% (in sample and out of
sample) were partially recovered (Fig. 3b), suggesting that embeddings
capture the structure of alarge number of psychological inventories.

Nature Human Behaviour | Volume 9 | May 2025 | 944-954

945


http://www.nature.com/nathumbehav
http://ipip.ori.org
https://huggingface.co/dwulff/mpnet-personality

Article

https://doi.org/10.1038/s41562-024-02089-y

a Dimensions b
(768)
Aggregation
QN
£Q
9]
=25
.Iy.‘
1
| Cosine Cosine
d Items I similarity similarity
(4,452) Y
2 e
TR :
by
nq 0 B
£ S5
Ny 8
N o] ;

Fig.2|Overview of the analytic approach using item, scale and label
embeddings. a-c, The embeddings concerning personality items (a), scales (b)
and labels (c) from the IPIP (http://ipip.ori.org)' are shown. The embeddings are
obtained using our fine-tuned embedding model (Supplementary Information),
and each column represents 1 of 768 dimensions of the embeddings model. In
a,eachrow represents10f4,452 IPIP items; in b, each row corresponds to 1 of
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459 scale embeddings obtained by averaging the item embeddings associated
witheachrespective scale in IPIP; in ¢, each row refers to10f 277 labels present in
IPIP. d-f, Shown are all pairings of items (d), scales (e) and labels (f), respectively,
obtained by computing the cosine similarity between the embeddings shown
ina-c.g, The similarity between labels and scales using the cosine similarity
between the two, as defined by their respective embeddings.

Moreover, we specifically compared the predicted structural fidelity to
that obtained from five publicly available datasets on the IPIP-NEO-300,
HEXACO, BIGS, FFM and 16PF personality inventories. These invento-
ries are composed of 5 (BIG5 and FFM) to 30 (NEO) scales (Fig. 3b; see
Supplementary Information for details). For the empirical data, we
evaluated structural fidelity inan analogue fashion by first determining
the average correlation of items within and between scales and then
calculating the ratio of the within correlation to the strongest correla-
tion for a given scale. Our analysis suggests that structural fidelity is
similar between the empirical data and the predictions of the model.
We observed astrong correlationbetween the predicted and empirical
structural fidelity, ranging fromr=0.76 (16PF) tor= 0.85 (HEXACO) for
the out-of-sample model, further underpinning the fact that embed-
dings canlargely capture the psychometric structure of psychological
scales and inventories.

Third, we assessed more generally the ability of embeddings to
make predictions about convergent and divergent validity by using
item and scale similarities to make predictions about the observed
correlations betweenitems and scales across various personality con-
structs. Specifically, we compared the predicted correlation between
items and scales based on the sentence embeddings with the empirical
correlations found in different datasets, excluding self-correlations.
We compared the predictions to the empirical absolute correlations,
reflecting the relatedness between items independent of direction.
Atthelevel ofitems, we observed extremely low mean absolute errors
(MAEs) between MAE = 0.026 (FFM) and MAE = 0.029 (16PF) in sam-
ple and higher but still low errors between MAE = 0.07 (BIG5) and
MAE = 0.065 (HEXACO) out of sample. These imply correlations of, on
average, r=0.96 (insample) and r = 0.64 (out of sample). At the level of
scales, we observed extremely low MAEs between MAE = 0.037 (BIGS5)
and MAE = 0.047 (16PF) in sample and somewhat higher but still low
between MAE = 0.12 (NEO) and MAE = 0.14 (HEXACO) out of sample.

Theseimply correlations of, onaverage, r= 0.92 (insample) and r = 0.63
(outof sample). Overall, these results show that embeddings accurately
capture the unsigned empirical correlations betweenitems and scales.

Fourth, to identify jingle-jangle fallacies, it is important to have
not only powerful item and scale embeddings but also a good map-
ping between these and the constructs themselves, for example, as
operationalized by label embeddings. In our validation strategy, we
generated several types of label embeddings, which we reasoned could
have differential strengths and weaknesses, and evaluated their relative
alignment to scale content as operationalized by the scale embedding,
using a z-score quantifying the similarity between scales and their
associated label relative to all other labels. Specifically, we considered
fivetypes of label embeddings: the constructlabels presentin IPIP, con-
textualized labels (thatis, a version of the construct label produced by
placing the constructlabelinthe sentence: ‘The personality construct
[LABEL].), the American Psychological Association (APA) construct
definitions, a manually curated version of the APA construct defini-
tions and several variations of labels generated by GPT-4 (for example,
different prompts). We provide amore detailed rationale for these dif-
ferent types in Methods but, in summary, we reasoned that although
IPIP labels provide wide coverage, they are typically shortand some are
used in everyday language without explicit reference to the personality
construct (forexample, ‘warmth’and ‘organization’), which can present
achallenge to obtaining appropriate, construct-specificembeddings.
Inturn, other approaches that may provide richer embeddings that are
closer to the human expert definition (for example, APA definitions)
do not provide full coverage of all IPIP constructs or may partly result
from hallucinations (for example, GPT). Consequently, an empirical
test of the alignment between different scale and label embeddingsisin
order. Inpractice, we computed an alignment score for each scale and
label embedding using cosine similarity and averaged the alignment
scores across scales to obtain an overall estimate of how well a given
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Fig. 3| Validation of embeddings. a, The correlation between the empirical (a)
and the predicted & internal consistency concerningin-sample (blue) and
out-of-sample (yellow) predictions from our fine-tuned model for 449 scales.

b, The structural fidelity (defined as the z-score) is validated, contrasting the
similarity of items within a given scale to items of others scales within the same
inventory for all inventories with at least 3 scales (N = 433). In addition, it
contrasts the structural fidelity that embeddings achieve for five empirical
datasets (NEO, HEXACO, FFM, BIG5 and 16PF) relative to the observed structural
fidelity (represented as points) obtained from large-scale empirical assessment.
c,d, The mean error (c) and correlation (d) between the predicted and observed

GPT-4 definitions

scale correlations for the same five datasets is shown. e, A visual comparison of
the observed correlation among the 30 scales of the IPIP-NEO-300 in 1 empirical
dataset and the in-sample and out-of-sample predictions based on the
embeddings. The correlations are ordered along to the personality factors
Openness (0), Conscientiousness (C), Extraversion (E), Agreeableness (A) and
Neuroticism (N). f, [llustration of our construct label evaluation. The points show
the average alignment score as defined in the text for embeddings of the labels of
distinct constructs present in IPIP, contextualized labels, APA definitions,
curated APA definitions and definitions generated by GPT-4.

instantiation of label embeddings is aligned with the corresponding
scale embeddings. Figure 3f shows the results for the different types
of labelembeddings considered. The original IPIP labels showed a high
alignment, implying that, onaverage, the similarities between scale and
matchinglabelembeddings were over 2 s.d. higher than those between
scale and non-matching construct embeddings. Alignment was not
improved using the contextualized labels. The original and manually
curated APA definitions also showed lower alignment, which may be

partly explained by only a portion of scales being considered. Yet,
evenwhen constraining to the available data, the labels and the GPT-4
definitions showed substantially higher alignment. With both labels
and GPT-4 embeddings showing comparable alignment, we decided to
rely directly on the labels for the analyses presented below. The main
motivation for this decision was to remain closer to the original labels
while shielding our analysis from possible generative hallucinations
ofthe GPT-4 model.
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Overall, these results show thatembeddings, and particularly our
fine-tuned model, can capture a number of central characteristics of
psychological measures and their interrelations. Scale embeddings
show performance levels that are higher than previous results obtained
using small(er) language models™' and on par with fine-tuning
approaches developed concurrently?. Further, label embeddings
seem to provide considerable alignment between scale content and
associated constructs, as defined by scale labels or construct defini-
tions. In what follows, we capitalize on the power of our fine-tuned
embedding model to provide an overview of the similarity between
these measures and their respective labels to identify and minimize
jingle-jangle fallacies in psychology.

Automated jingle-jangle detection

We putembeddings to use by automating the detection of jingle-jangle
fallacies, that is, making explicit the relative mismatch between scale
content and their respective labels. To this end, we leveraged the fact
that both scale content and scale labels are amenable to an analysis
of semantic similarity using embeddings (Fig. 2g). Specifically, we
identified jingle-jangle fallacies by identifying criteria that quantify
high similarity in construct labels associated with low similarity in
the associated scales—jingle fallacy—or, alternatively, low similarity
in construct labels associated with high similarity in the associated
scales—jangle fallacy.

Oneopenissue with using similarity metricsis thatacriterion must
be chosen to define whether a difference is large (or small) enough to
warrant considering two things as different (or equivalent). Giventhere
isnosingle, straightforward answer to this problem, we considered dif-
ferent criteriain our work. Crucially, although the absolute number of
fallacies varies as a function of the specific criterion used (Supplemen-
tary Information), therelative proportion of jingle and jangle fallacies
is similar across different criteria and so can be thought of as a char-
acteristic of the current mapping between constructs and measures.

Inwhat follows, we report results based onanarbitrary but princi-
pled heuristicapproachinformed by previous workin personality psy-
chology. Tobegin, we reasoned that there should be arange of expected
numbers of distinct constructs within the IPIP data and that it would
bereasonable to assume that this range issomewhere between alower
bound of 5and an upperbound of 100 constructs. There is considerable
workin personality psychology that assumes that personality structure
involves at least five constructs (that is, big five), consequently, that
couldrepresentaplausible lower bound. If this were true, alogical con-
sequence assuming equal distribution of measures across constructs
isthat1of 5 of measures should belong to the same construct and, by
extension, 4 of 5 to different constructs. This implies that measure or
construct pairs in the lower 80% of the similarity distribution belong
to distinct measures and constructs, leading us to define the similar-
ity quantile belonging to 0.8, corresponding specifically in our data
to cosine values of 0.37 (measures) and 0.25 (labels), as the threshold
for identifying distinct measures and constructs. In turn, concerning
the upper bound, we reasoned that the true number of distinct con-
structs represented in IPIP is, or at least should be, lower than the 254
multi-construct or 277 single-construct labels because of the frequent
criticisms of an excessive proliferation of constructs discussed above.
Ifthe true number of constructs wasidentical to the number of labels,
then no pair of distinct construct labels (for example, mistrust and
distrust, or understanding and comprehension) would represent a
jingle fallacy. In what follows, we adopted an upper bound that assumes
the existence of 100 constructs, whichimplies 10f100 of the similarity
distributionbelongstoidentical measures and constructs. Thisleads to
defining the corresponding similarity quantile, namely, cosine values
of 0.64 (measures) and 0.50 (Iabels), as the threshold for identifying
identical measures and constructs.

Applying this heuristic criterion, we identified a total of 504
fallacy candidates, specifically, 340 jingle and 164 jangle fallacies.

Figure 4 shows these comparisons, highlighting a subset of cases in
whichthe two fallacies diverge. It can be seen that there exist numerous
cases in which the similarity of a pair of scales’ labels far exceeds the
similarity of the pair’s content—ajingle fallacy. In turn, there are numer-
ousscale pairs with highly dissimilar labels whose scale similarities are
strikingly high—a jangle fallacy. A more thorough understanding of
these candidate fallacies requires an assessment of the specificitems
andtheirrespective labels, so we provide afew examples of jingle and
jangle fallacies in the two paragraphs below.

Aminority (5.9%) of the candidate jingle fallacies identified by our
method concerns scales of the same constructsin differentinventories.
Forinstance, the ‘orderliness’scalesinthe 6FPQ and HPI-HIC only show
ascalesimilarity of cosine = 0.3, which canbe attributed to the former
concerning cleanliness (exampleitem, ‘leave amessin my room’) and
the latter tradition (‘dislike routine’). The vast majority of candidate
jingle fallacies involves different but highly similar constructs. Most
concern the constructs ‘organization’ (35,10.3%), ‘humour/playful-
ness’ (24,7.1%), ‘toughness’ (23, 6.8%), ‘industriousness/perseverance/
persistence’ (22, 6.5%), ‘friendliness’ (20, 5.9%) and ‘adventurousness’
(19,5.6%). Overall, 129 of 277 constructs are part of atleast 1 candidate
jingle fallacy. For instance, the constructs organization and orderli-
ness are highly similar, whereas corresponding scalesinthe ABSC and
HPI-HIC differ for the same cleanliness versus tradition distinction
mentioned above. Similarly, ‘friendliness’ and ‘amiability’ are highly
similar (cosine = 0.66), whereas the corresponding scales in the TCI
and CPl are rather different (cosine = 0.3), with the former capturing
irritability (‘am oftenin abad mood’) and the latter sociability (‘warm
up quickly to others’).

Thenumber of candidate jangle fallacies identified by our method
involve scales from 80 different constructs. Many candidate jangle
fallacies concernthe constructs ‘neuroticism’ (40, 38.4%), ‘emotional
stability’ (23, 22.1%), ‘happiness’ (20, 19.2%), ‘security’ (17,16.3%) and
‘anger’ (15, 14.4%). The majority of candidate jangle fallacies can be
explained at least partially by shared items. Across all jangle fallacy
pairs, scales shared an average of 3.8 items of an average of 9.7 possible
itemoverlaps. Forinstance, inthe candidate jangle fallacy concerning
the ‘conscientiousness’scaleinthe BIG5inventory and the organization
scaleintheJPlinventory, sevenitems are shared (for example, ‘follow
aschedule’ or ‘make plans and stick to them’). We note, however, that
item overlap does not fully explain the existence of jangle fallacies.
The number of overlapping items is imperfectly related to the cosine
similarity between scales (r=0.59). Moreover, there are 75 candidate
jangle fallacies with 1-3 overlaps, which do not automatically result
inafallacy, given that thereare 3,785 scale pairs with1-3 overlaps that
were not identified asafallacy. There were also seven candidate jangle
fallacies with zero item overlap. One example of alow-overlap fallacy is
happinessinthe AB5Cinventory and ‘forcefulness’inthe CPI, withboth
scales capturing similar aspects of expressing confidence (for AB5C,
‘feel comfortable with myself’; for CPI, am very pleased with myself”)
or scepticism (for AB5C, “am filled with doubts about things’; for CPI,
‘am afraid that I will do the wrong thing’) about oneself.

Tosummarize, our analysis suggests thatitis possible to automate
jingle-jangle detection using embeddings and that both fallacy types
canbe detected in existing taxonomies, such as IPIP. Inwhat follows, we
address possible ways of leveraging automated jingle-jangle detection
to minimize these fallacies and the associated trade-off.

Minimizingjingle-jangle fallacies to increase conceptual
clarity and parsimony in psychology

The ability of embeddings to place both scales and labels in the same
representational space offers an opportunity to reorganize and rela-
bel measures with the goal of minimizing jingle-jangle fallacies while
potentially achieving greater parsimony in the number of constructs
proposed. We investigated this possibility by developing a proce-
dure consisting of the following three steps. First, we used clustering
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Jingle fallacy

Similar labels, dissimilar scales

Emotionality (16PF)-Emotionality (NEOQ) —
Submissiveness (CAT-PD)-Submissiveness (IPIP-IPC)
Orderliness (16PF)-Orderliness (HPI-HIC)
Adventurousness (NEO)-Adventurousness (ORVIS)
Dominance (16PF)-Dominance (IPIP-IPC) 0.9
Organization (HPI-HIC)-Organization (ORVIS) -
Impulse control (AB5C)-Impulse control (HPI-HIC)
Organization (HEXACO-PI)-Organization (ORVIS) \
Negative expressivity... (Barchard 2001)-Positive expressivity... (BFAS)
Public self-consciousness... (Buss 1980)-Introspection... (HPI-HIC)
Need for order and... (Foa 1998)-Orderliness (HPI-HIC)
Excitement-seeking (BIS/BAS)-Risk-taking... (CAT-PD) 0.8
Negative valence (7FACTOR)-Positive expressivity... (Barchard 2001)
Self-control... (CPI)-Self-discipline (NEO)
Emotionality (16PF)-Sentimentality (TCI)
Friendliness (16PF)-Pleasantness (HPI-HIC)
Amiability (CPI)-Sociability (HPI-HIC)
Assertiveness (CPl)-Toughness (HPI-HIC) 0.7
Imagination (16PF)-Creativity... (ORVIS) \
Ingenuity (HPI-HIC)-Industriousness... (VIA)
Humor/playfulness (HPI-HIC)-Vitality... (VIA)
Risk-taking... (CAT-PD)-Adventurousness (CPI)
Self-efficacy (CPI)-Self-discipline (HPI-HIC) N\
Adventurousness (NEO)-Humour/playfulness (VIA) \
Gregariousness (HPI-HIC)-Humour/playfulness (HPI-HIC) N
Self-control... (CPI)-Self-consciousness (NEO) N
Self-consciousness (NEO)-Appearance conscious... (ORAIS)
Impulse control (HPI-HIC)-Self-control... (VIA)
Cooperation (HPI)-Kindness... (VIA)
Tenderness (AB5C)-Compassion (TCI)
Warmth (16PF)-Happiness (AB5C)
Self-discipline (NEO)-Self-acceptance (TCI)
Excitement-seeking (NEO)-Vitality/enthusiasm... (VIA) —
Amiability (CPI)-Sociability (HEXACO-PI)
Organization (ORVIS)-Leadership (VIA)
Extraversion (6FPQ)-Gregariousness (ORAIS)
Leadership (6FPQ)-Organization (JPI)
Pleasantness (HPI-HIC)-Kindness/generosity... (VIA)
Happiness (AB5C) - Warmth (IPIP-IPC)
Agreeableness (BFAS-20)-Amiability (CPI)
Aesthetic appreciation... (NEO)-Creativity... (VIA)
Docility (6FPQ)-Modesty/humility (VIA)
Warmth (AB5C)-Happiness (HPI-HIC)

0.3

Label similarity

Happiness (AB5C)-Warmth (AB5C)

Agreeableness (BFAS-20)-Pleasantness (HPI-HIC)
Creativity... (AB5C)-Aesthetic appreciation... (VIA)
Physical attractiveness... (Foa 2002)-Appearance-consciousness... (ORAIS)
Friendliness (16PF)-Good nature (CPI)

Cool-headedness (AB5C)-Toughness (HPI) 0.2
Rebelliousness (TCI)-Recklessness (TCI) -
Adventurousness (CPl)-Unconventionality (HEXACO-PI)
Calmness (6FPQ)-Cool-headedness (AB5C)

Calmness (AB5C)-Cool-headedness (AB5C)

Aesthetic appreciation... (HEXACO-PI)-Creativity... (VIA)
Resourcefulness (6FPQ)-Planfulness (MPQ)

Intellect (HPI-HIC)-Wisdom/perspective (VIA) 0.1
Adventurousness (ORVIS)-Variety-seeking (TCI)
Intellect (NEO)-Wisdom/perspective (VIA)

Leadership (HPI)-Organization (ORVIS)

Social boldness (HEXACO-PI)-Gregariousness (ORAIS) —!

Fig. 4| Automated jingle-jangle detection. The figure contrasts the similarity
of scales’ labels (label similarity) and their content (scale similarity) for all pairs
of the 459 scales analysed. Blue and beige lines and corresponding text highlight

Jangle fallacy

1.0 Dissimilar labels, similar scales

— Exhibitionism (HPI-HIC)-Self-monitoring (Snyder 1974)
Stability (HPI)-Anger (NEO)

Locus of control... (Levenson 1981)-Joyfulness (MPQ)
Exhibitionism (CAT-PD)-Self-monitoring (Snyder 1974)
0.9 Stability (AB5C)-Anger (BFAS)

o Conscientiousness (BFAS-20)-Organization (JPI)

Locus of control... (Levenson 1981)-Depression (NEO)
Stability (AB5C)-Neuroticism (NEO5-20)

Stability (AB5C)-Anger (NEO)

Happiness (AB5C)-Perfectionism (Foa 1998)
Conscientiousness (BFAS-20)-Organization (HEXACO-PI)
0.8 Anger (CAT-PD)-Stability (HPI)

Happiness (AB5C)-Neuroticism (TCI)

Risk-taking... (JPI) - Harm avoidance (TCI)

Emotional stability... (7FACTOR)-Neuroticism (NEO5-20)
Amiability (CPI)-Patience (HEXACO-PI)
Cool-headedness (HPI-HIC)-Anger (NEO)

0.7 Conscientiousness (BIG5)-Organization (HPI-HIC)

Poise (CPI)-Vulnerability (NEO)

Security (CPI)-Hope/optimism (Scheier 1994)
Happiness (HPI-HIC)-Neuroticism (TCI)

Self-discipline (NEO)-Initiative (TCI)

Emotional stability... (7FACTOR)-Neuroticism (MPQ)
0.6 Anger (BFAS)-Amiability (CPI)

Efficiency (AB5C)-Conscientiousness (NEO5-20)
Perfectionism (Foa 1998)-Self-esteem (Rosenberg 1965)
Stability (HPI)-Neuroticism (TCI)

Neuroticism (BFAS)-Amiability (CPI)

Happiness (AB5C)-Security (CPI)

Forcefulness (CPI)-Self-confidence (HPI-HIC)

0.5 Happiness (HPI-HIC)-Neuroticism (NEO5-20)
Emotional stability... (BFAS-20)-Neuroticism (MPQ)
Poise (AB5C)-Self-consciousness (NEO)
Quickness (AB5C)-Need for cognition (Cacioppo 1982)
Understanding (AB5C)-Compassion (BFAS)
w Anxiety (BFAS)-Perfectionism (Foa 1998)
0.4 Q Poise (AB5C)-Social-discomfort (TCI)
\ o Anxiety (BIS\BAS)-Public self-consciousness... (Buss 1980)
8 s Compassion (BFAS)-Agreeableness (BFAS-20)
N g, Anxiety (BFAS)-Public self-consciousness... (Buss 1980)
X =. Emotional stability... (16PF)-Perfectionism (Foa 1998)
\' o Risk-avoidance (MPQ)-Excitement-seeking (NEO)
\> 0.3 ;, Emotional stability... (7/FACTOR)-Neuroticism (BFAS)
N ~< Poise (CPI)-Cognitive failures (BIDR)

Responsive distress... (Barchard 2001)-Sentimentality (HEXACO-PI)

Emotional stability... (BFAS-20)-Neuroticism (TCI)

Emotional stability... (16PF)-Neuroticism (MPQ)

Emotional stability... (16PF)-Neuroticism (BFAS)

Emotional stability... (BFAS-20)-Anger (NEO)

Emotional stability... (BIG5)-Anger (NEO)

Hope/optimism (CPI)-Neuroticism (TCI)

Forgiveness/mercy (HPI-HIC)-Agreeableness (NEO5-20)

Agreeableness (6FPQ)-Compassion (TCI)

Happiness (CPI)-Security (CPI)

Agreeableness (TFACTOR)-Compassion (BFAS)

0.1 Planfulness (MPQ)-Cautiousness (NEO)
Conscientiousness (BIG5)-Need for order and... (Foa 1998)
Achievement-striving... (6FPQ)-Conscientiousness (NEO5-20)
Neuroticism (NEO5-20)-Hope/optimism (Scheier 1994)

L Conscientiousness (7FACTOR)-Impulse control (HPI-HIC)

those pairs that are either high in label similarity but low in scale similarity (blue)
orvice versa (beige). The labels to the right and left of the line plot show arandom
selection of fallacy pairs.

algorithms toidentify clusters of scales based on their semantic similar-
ity (Fig. 2e) and allowing for a variety of possible numbers of clusters
(for example, 1-277). The rationale for using a number of clustering
algorithmsis that these emphasize different criteria when producing
clustering solutions so itisimportant to test the generality of conclu-
sions from any single one”. Second, for each clustering algorithm and
solution (that is, number of clusters), we used a maximum bipartite
matching algorithm?®® to assign construct labels to measures such
that the semantic similarity between measures and labels (Fig. 2g) was
maximized. Third, we evaluated for each solution the number of jingle
andjangle fallacies using the method described in the previous section
for each of the new scale-label mappings and used this information to
evaluate the overall reduction in jingle and jangle fallacies that were
obtained as a function of the number of clusters.

Figure 5ashows the result of this approachfor the clustering solu-
tions produced by one specific algorithm: hierarchical clustering using
Ward linkage. The figure reveals a general reduction in the number of
fallacies as the number of clusters grows larger but also a trade-off
between minimizing jingle and jangle fallacies. In this case, the total
number of fallacies is optimized by a solution with 150 clusters. This
solution produces a total of 154 fallacies, including 136 jingle and
18 jangle fallacies, which is less than 1/3 of the 540 fallacies produced
by the IPIP label assignments. However, there exist more parsimoni-
ous solutions that propose fewer clusters while incurring only a few
additional fallacies. One such solution uses 68 clusters and produces

228 fallacies (215jingle and 13 jangle fallacies)—that is, only afew dozen
additional fallacies relative to the optimal solution—while propos-
ing less than half the number of constructs (68 versus 150, 45%). Our
evaluation of four other clustering algorithms revealed similar pat-
terns, including the production of fallacy-reduced parsimonious solu-
tions, whichwe defined as best solutions under 100 clusters, whichwe
assumed for1ofthe similarity thresholds. Specifically, as canbe seenin
Fig.5b, wefound that mostalgorithms produce asmaller or comparable
number of fallacies proposing substantially fewer clusters, with the
exception of single hierarchical clustering, which can be explained by
its strong focus on minimizing the minimum pairwise distance, leading
to minimizing primarily jangle fallacies. We present full results for all
clustering algorithms and solutions in the Supplementary Information.
Overall, these results suggest that our approach can reliably produce
a smaller number of fallacies than IPIP, with many possible solutions
being parsimonious in the sense of identifying substantially fewer
clustersand, in effect, proposing amore parsimonious representation
of constructs in psychology.

Figure 5c provides a visual illustration of a possible mapping
between measures and labels produced by the parsimonious solution
of the hierarchical clustering with Ward linkage, which can be consid-
ered the best compromise between the number of fallacies and the
number of clusters across all solutions found. The mapping assigns 375
of 459 measures to 1of the top Smost semantically similar labels (solid
lines), implying that 84 measures are assigned a less proximate label
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Fig. 5| Minimizing jingle-jangle fallacies. a, The number of fallacies asa
function of anumber of clusters proposed by a specific clustering algorithm
(hierarchical clustering using Ward linkage (HC ward)). The plot shows the
trade-off between minimizing jingle and jangle fallacies as a function of the
number of clusters and highlights both the most parsimonious solution that
minimizes the number of clusters while reducing fallacies and the optimal
solution that considers the minimization of fallacies only. The dashed line
indicates the number fallacies produced by the original IPIP label assignments.
b, The number of clusters and fallacies across various clustering algorithms.
For each algorithm, the most parsimonious solutions are determined as those
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with the fewest fallacies using no more than 100 clusters and constructs (the
arbitrary criterion for the maximum number of constructs used in the example).
The optimal solutions are those with the fewest fallacies. Kmeans and Mclust
refer to k-means and Gaussian mixture clustering, respectively. The numbersin
parentheses indicate the number of fallacies produced by the parsimonious and
optimal solutions, respectively. ¢, Aradial plot indicating a possible mapping

of 459 scales to 68 labels based on the parsimonious solution shownina. Solid
and dashed lines reflect assignments of optimal (top-five rank) and suboptimal
similarity, respectively.
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with an average rank of 15.3. This is considerably more coherent than
the mapping implied by the IPIP labels (despite using the maximum
similarity for multi-construct labels), which only assigns 244 meas-
ures a top-5 label and otherwise assigns a rank of 47.1. Crucially, this
improvement is achieved without multi-construct compounds and
using only 68 labels, which is about a quarter of the construct labels
implied by IPIP. In sum, our approach used language embeddings to
reorganize and relabel existing psychological measures, resultingina
streamlined mappingincurring 58% fewer jingle-jangle fallacies while
requiring 75% fewer unique labels.

Our analysis of the IPIP data suggests that our approach is promis-
ing but may be limited in scope by focusing on a subset of constructs
and measures in psychology. To deal with this limitation, we also con-
ducted a conceptual replication of our approach using an additional
dataset (Supplementary Information)”. To summarize, the results
show the generalizability of our approach in its ability to identify
jingle-jangle fallacies and associated trade-offs, whereby eliminating
onetype of fallacy increases the other, and generate more parsimoni-
oussolutions that reduce bothjingle-jangle fallacies and the number
of constructs proposed.

Overall, although our approach does not offer a full elimination of
jingle-jangle fallacies, it suggests that automated methods based on
embeddings canrender these fallacies more transparent and increase
conceptual clarity in psychology.

Discussion

We heeded recent calls to address taxonomic incommensurability in
psychology by using language embeddings obtained from different
language models to clarify the relation between constructs and their
measures in the psychological sciences. Our work makes three main
contributions. First, we compare a number of embeddings, includ-
ing a fine-tuned model, and identify those that can best recover key
structural features of human psychology, including the internal con-
sistency and the convergent validity for awide range of psychological
measures. Second, and crucially, establishing the validity of embed-
dings warrants us to advance a new approach to addressing concep-
tual confusion in the psychological sciences. Our approach relied
on the fine-tuned model to quantify the similarity between different
construct labels and associated measures. This approach presents
away of identifying (mis)alignment between constructs and their
operationalizations and determining the existence of jingle-jangle
fallacies in an automated, quantitative and reproducible manner.
Third, we showed thatembeddings can be used not only toidentify but
also to reduce the number of jingle-jangle fallacies and consolidate
the space of constructs in psychology. Crucially, our results suggest
that a smaller set of the constructs considered may be sufficient to
retain considerable granularity as represented in the semantic space
of embeddings.

The methods introduced here have considerable potential to
inform future conceptual and measurement work. Conceptually,
language embeddings offer atool to establish relations between extant
and future constructs in psychology, which could be important for
theory development, particularly in those areas, such as personal-
ity, for which many overlapping constructs have been proposed (for
example, refs. 29,30). Methodologically, the use of embeddings prom-
ises to be helpful in designing new items and scales that maximize fit
to well-defined constructs while minimizing overlap with existing
measures (for example, refs. 15,16). Further, these methods could be
fruitfully applied in arange of research areas that have struggled with
jingle-jangle fallacies, such as emotion (for example, ref. 10), work
and organizational behaviour (for example, refs. 14,31), learning and
pedagogy (forexample, ref.32), or yet broader ontologies that specify
more complex relations between theoretical concepts and opera-
tionalizations (for example, refs. 3,13). Finally, this approach could be
helpful to other disciplines, including economics, political science or

sociology, thatalsorely on verbal theory and language-based methods
to capture aswathe of constructs, attitudes and beliefs.

We note three main limitations of our work. First, we should note
that our validation results are based on a limited set of data that may
not fully generalize to the psychological literature at large or other
sciences. Future work should expand our approach by adopting larger
sets of construct definitions and measures both in validation and
application efforts. Regarding applications, our results suggest that
although our main findings concerning jingle-jangle fallacies and
(lack of) parsimony of conceptual spaces generalize across applica-
tions as they apply to both personality (that is, IPIP) and broader sets
of measures®, they also suggestimportant differences to be examined
in future work. One crucial step in this effort will involve the careful
curation of construct labels and definitions to be used by language
models, possibly by expanding existing databases (for example, APA
Dictionary of Psychology) or explicitly curating new ones through
expert consensus.

Second, weadoptonly oneformofreducingjingle-janglefallacies—
relabelling of existing scales using asequential process. Alternatively,
future research could consider developing more holistic custom
algorithms capable of simultaneously solving the grouping and rela-
belling problems while minimizing jingle-jangle fallacies. In addition,
there are further alternative approaches that could be pursued, such as
eliminating scales or changing scale composition to generate a more
coherent mapping between constructs and their measurement. One
promisingalternative is the assignment of items to constructs directly
to create new, purer scales of specific constructs. Future empirical
work could explore the predictive value of this item-level approach,
perhaps by leveraging large-scale data at the item level to compare
the predictive validity of synthetically generated scales for predicting
relevant real-world criteria®.

Third, despite the apparent consensus for the need for conceptual
clarity in the psychological sciences (for example, refs. 4,5), some
researchers have suggested that efforts to reduce the number of con-
cepts may be counterproductive by limiting the consideration set
that may be needed, given disparate coexisting goals**. We would
like to suggest, however, that our approach should not be seen as a
substitute for the need for a pluralistic discussion of concepts and
the needs they address but as an empirical, quantitative aid to foster
debate. Indeed, our approach requires hypothesizing a minimum/
maximum number of constructs needed in a specific research area,
something that will probably be best established through broad expert
consensus. In practice, this may amount to expert meetings involving
diverse perspectives or other consensus-building techniques to dis-
cuss the utility of different constructs. In addition, it could be helpful
to consider changing practices for scale development and associated
journal review policy for new constructs and measures that are based
on openly searchable semantic spaces that may rely on some of the
techniques we adopt here®.

Overall, despite these limitations, our work shows the potential of
language embeddings for the automated detection and minimization
of jingle-jangle fallacies and the production of more parsimonious
taxonomies of constructs to tackle taxonomic incommensurability.

Methods

Terminology

Our contribution focuses on psychometric instruments or meas-
ures that consist of collections of linguistic statements that typically
describe astate, attitude or disposition (for example, ‘l enjoy thinking
about things’) and that traditional approaches have asked human
respondents to endorse or rate on some ordinal scale. Single state-
ments are typically termed ‘items’ in the psychological literature.
The large majority of personality measures uses several such items to
capture the same underlying psychological construct, withacollection
oftwo or morerelated items being typically termed a‘scale’. Measures
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consisting of several scales may be used to capture a wide range of
constructs, and one such collectionis typically termed an‘inventory’.
We use the term ‘label’ to refer to the construct (and associated label)
thought to underlie the trait captured by an item, scale or inventory.
Finally, we use the term ‘embedding’ to refer to the representation of
linguistic units, such as words or sentences, inamathematical form, for
example, asareal-numbered vector. As we describe below, there are a
number of language models that can be used to generate embeddings
fromlinguistic units, with the most recent of these involving billions or
trillions of parameters and that, because of their size, are often called
large language models. Embeddings can be used to characterize single
items, scales, or their labels, and we use the terms ‘item embedding’,
‘scale embedding’ and ‘label embedding’, respectively, for these.

Personality measures and data

We use several data sources in our work. First, we rely on a large pool
of personality measures from the IPIP (http://ipip.ori.org), which
currently consists of 4,452 items and 459 scales belonging to 27
multi-scale and 10 single-scale inventories. IPIP was created to refine
and improve personality assessment by adapting item and scale
labels and using multi-construct labels, for example, risk-taking/
sensation-seeking/thrill-seeking, to capture the tremendous overlapin
these constructs. IPIP contains 254 labels, including 24 multi-construct
labels, that contain 277 individual constructlabels. Inaddition, we use
the IPIP’s estimates of the scale’s internal consistency (that is, Cron-
bach’s &) available for 448 of the 459 scales in our validation analyses.

Second, we obtained definitions of personality constructs
from the APA dictionary (https://dictionary.apa.org/) and generated
definitions from GPT-4. For details concerning the generation process,
see ‘Label embeddings’.

Third, we use a number of data sources to conduct fine-tuning
and perform validation of the embeddings. We used data from the
Open-Source Psychometrics Project, acitizen-science project gather-
ing personality ratings via an online platform (openpsychometrics.
org/) that covered 4 inventories: the 16PF inventory, consisting of
162itemsand 16 scales; the BIGS inventory, consisting of 50 items and
5scales; the FFMinventory, consisting of 50 items and 5scales; and the
HEXACO inventory, consisting of240 items and 24 scales. We restricted
the data to US respondents, resulting in 23,988 (16PF), 19,719 (BIGS),
546,403 (FFM) and 15,017 (HEXACO) respondents. Further, we used
data from ref. 35 (www.psycharchives.org/en/item/e42a4531-1daa-
4f3d-aef4-58f085c77cd8), whichinvolved alarge-scale citizen-science
assessment of the NEO inventory consisting of 300 items and 30 scales.
We used the datafrom 212,625 USrespondents. Finally, for the purpose
of fine-tuning the model, we used data from the Eugene-Springfield
Community Sample (dataverse.harvard.edu)®, including items from
the NEO, BIGS and 11 other personality inventories, such as the AB5C
orJPl. The dataof this subset consisted of 966 items and 1,142 respond-
ents, implying 1,304,164 item pairs. From this, we drew a sample of
110,979 pairs to complement the 89,021 pairs implied by the other
datasets, amounting to a total of 200,000 training examples used to
fine-tune our model.

Fourth, we assessed the generalizability of our approach to
detect candidate jingle-jangle fallacies using an additional dataset
of items and scale labels from ref. 15. We report those analyses in the
Supplementary Information.

Embeddings

We compared several different language models in our work. We
selected these models because they cover awide range of approaches
that canbe used to generate linguistic embeddings, spanning simpler
models that consider only single words to those that consider several
words in the form of sentences and thus promise to be more sensitive
to information concerning word order, semantic context and other
syntacticinformation.

Inthemainarticle, we useand reportresultsbased onembeddings
fromafine-tuned model because of its superior performance relative to
other approaches. Ourapproachwasinspired by the recent work sug-
gesting that fine-tuning can produce better results than off-the-shelf
models for the prediction of psychological phenomena (for example,
ref. 37), including the psychometric properties of items and scales™.
Specifically, we fine-tuned MPNet™, a lightweight sentence transformer
model based onthe BERT architecture. We then compared thisto other
transformer models, including mixedbread (mxbai-embed-large-v1)*,
OpenAl's latest model (text-embedding-3-large)* and models relying
onotherarchitectures”*. The results for these models and associated
comparisons are reported in the Supplementary Information.

The fine-tuned modelis publicly available at https://huggingface.
co/dwulff/mpnet-personality and a step-by-step tutorial on using
Hugging Face models, which includes the use of embeddings to esti-
mate the relation between psychological items, is provided in ref. 18.

Item embeddings. Weretrieved item embeddings by directly encoding
the item texts in the model call.

Scale embeddings. We generated scale-level embeddings by summing
theitem embeddings according to

Wscale,j = Z W;; (o)
j
wherew;is the embedding vector of the ithitemin thejthscale.

Label embeddings. We considered several types of label embed-
dings that wereasoned could have different strengths and weaknesses.
All embeddings were generated for the individual single-construct
labels rather than the multi-construct compounds to be able to use
them to produce a simplified scale-label mapping (see ‘Minimizing
jingle-jangle fallacies to increase conceptual clarity and parsimony
in psychology’).

First, for the base embedding, we directly encoded the IPIP con-
struct labels (for example, ‘extraversion’ or ‘sociability’). However,
many construct labels can be used in everyday language without
explicitreferenceto the personality construct (for example, ‘warmth’);
consequently, we reasoned that additional context could be helpful
to appropriately capture the meaning of the personality construct
and therefore tested different ways to provide context, leading to
several other label embeddings. Second, we produced a contextual-
ized version of the construct labels by placing the construct label in
the sentence: ‘The personality construct [LABEL]. We then used this
sentence to generate embeddings from the language models. Third,
we scraped definitions of the available personality constructs from the
APA dictionary (https://dictionary.apa.org/). Construct definitions
were available for 135 of a total of 277 distinct constructs. Fourth, we
manually curated the APA definitions by removing parts of the defini-
tions that referred to meanings other than the personality construct
(for example, reference to special meanings of the construct ‘com-
petence’ in linguistics and law) and filling in text for constructs that
were defined exclusively by providing reference to other constructs
using the definitions of the other constructs (for example, replacing
‘see aggression” with the definition of ‘aggression’ for the construct
‘hostile-aggression’). Fifth, we generated definitions from GPT-4 via
the application programming interface (API) using a range of different
promptstructures, varying the length (30, 50 or 100 words), assistant
instruction (for example, starting or not starting the prompt with: ‘You
are an expert in psychology and will be asked to produce a definition
foraconstructthat other expertsinthe field will recognize asaccurate
andrepresentative.) and core prompt (‘Write a[LENGTH]-word expert
definition of the personality construct [LABEL].). We then used the
same strategy as for item embeddings described above to generate
label embeddings for the different label variations.
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Similarity

The similarity between items, scales and scale labels was calculated
as the cosine similarity between embedding vectors and scaled to
match the average correlations obtained from empirical responses.
Specifically, the cosine similarity (cos) between a vector aand b was
calculated as

05 = (ﬂ)
falb]

Cronbach’sa
We obtained the within-scale similarity S ; = NL Y, Sy with S being
Jk

the similarity of a pair of items i in scalej of inventory k and N, being
the number of items in the same scale. We then used the Spearman-
Brown prediction formulato derive estimates of the scale’s Cronbach’s
ainternal consistency measure for scalejin inventory k as follows

NS j

G = —
KT+ Ng—DS i

Structural fidelity

We calculated structural fidelity for each scalej in inventory k by
comparing the similarity of items from a given scale to the similarity
of items from different scales from the same inventory as follows

1
Sx——35;
Jk NJkEJ Jjk

Los(g I Y
Nk_lzj'( jk_N_ij jk)

fidelity,, =

Scale-label alignment

We calculated the alignment between scales and labels by comparing
the average similarity between a scale’s items and the assigned label
to the average similarities with other possible labels:

1
Sy-L35,;
Jl Nﬂzj Jl

1 (s, Lyg ¥
N,—IZJ( s N,Zj f’)

alignment;, =

with /indexing labels.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The data of study this study are available at https://osf.io/nmv29/.

Code availability

The materials of study this study are available at https://osf.io/nmv29/.
Analyses were performed using the R programming language (v.4.3.1)
and Python (v.3.9.16).
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