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Clinical assessment and scientific research in psychiatry are largely based on
questionnaires that are used to assess psychopathology. The development

of large language models (LLMs) offers a new perspective for analysis of

the language and terminology on which these questionnaires are based.

We used state-of-the-art LLMs to derive numerical representations (‘text
embeddings’) of the semantic and sentiment content of items from
established questionnaires for the assessment of psychopathology.

We compared the pairwise associations between empirical datafrom
cross-sectional studies and text embeddings to test whether the empirical
structure of psychopathology can be reconstructed by LLMs. Across four
large-scale datasets (n=1,555,n=1,099,n=11,807 and n =39,755), we found
arange of significant correlations between empirical item-pair associations
and associations derived from text embeddings (r=0.18 tor=0.57, all
P<0.05).Random forest regression models based on semantic or sentiment
embeddings predicted empirical item-pair associations with moderate to
highaccuracy (r=0.33tor=0.81, all P< 0.05). Similarly, empirical clustering
of items and grouping to established subdomain scores could be partly
reconstructed by text embeddings. Our results demonstrate that LLMs

are able torepresent substantial components of the empirical structure of

psychopathology. Consequently, the integration of LLMs into mental health
research has the potential to unlock numerous promising avenues. These may
encompass improving the process of developing questionnaires, optimizing
generalizability and reducing the redundancy of existing questionnaires or
facilitating the development of new conceptualizations of mental disorders.

The study of psychopathology holds greatimportance in psychiatric
research because it serves as the foundation for establishing diag-
noses, identifying therapeutic targets and assessing mental health
outcomes. Although nonverbal and paraverbal behavior is also informa-
tive, language serves as the primary medium for conveying psycho-
pathological descriptions of both inner experiences as expressed by
the patients and observable behavior as described by clinicians. As
aconsequence, empirical studies typically assess psychopathology
with the help of questionnaires that try to detect and quantify psycho-
pathological phenomenarelated to extraordinary experiences such as

perception, thought, emotion and behavior, including language and
social interaction.

This primacy of language is common to all approaches to psycho-
logical assessments and implies that questionnaires include verbal
descriptions of symptoms (for example, ‘I felt sad and depressed’).
Analysis of the possible co-occurrence of symptoms and the details
of this low-dimensional structure in data acquired with the help of
questionnaires is at the core of psychiatric research'. As an exam-
ple, factor-analytic approaches suggest latent traits that give rise to
positive correlations between symptoms. Similarly, unsupervised
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machine-learning techniques such as clustering can identify groups of
patients' or symptoms that frequently co-occur?. This low-dimensional
structure is the empirical basis for psychiatric syndromes, diagnoses
or more complex taxonomies of psychopathology®. An alternative
approach focuses on the mutual interactions between symptoms and
conceptualizes psychopathology in network models*. In empirical
research, some symptoms co-occur, whereas others do not, which
givesrise to a specific low-dimensional structure.

Although the medium of language plays such a central role, sur-
prisingly little is known about how empirical associations in psycho-
pathology are affected by the way in which clinical questionnaires are
constructed. As an example, the specific wording of questionnaire
items is critical for the accuracy of an assessment and all subsequent
interpretations. There is some evidence indicating low content overlap
between questionnaires for the assessment of depression®, bipolar
disorder’ or psychosis risk®. This is problematic because inconsistent
research findings might result from differences between patientsin the
same diagnostic group or—alternatively—from differences between
questionnaires. Moreover, it has been argued that two questionnaire
items might correlate simply because of their semantic similarity (item
wordings are formulated similarly)®™.

Notably, the relationship between language and psychological
constructs has been debated for more than 150 years, since Galton
proposed his so-called lexical hypothesis". Galton’s hypothesis holds
that the efficient description of thought and behavior is highly relevant
for successful communication and thus, specific descriptions of per-
sonality traits will become part of agroup’s vocabulary. As an example,
considerapersonwho ‘is pacing around the room with anintense and
restless energy’ and one who ‘is fidgeting nervously and is unable to
sit still’. A clinical psychiatrist might state that these behaviors are
similar because they frequently co-occur. Thus, both people might
bedescribed as ‘agitated’. However, this abstraction can be influenced
by implicit assumptions of the psychiatrist (for example, the psychia-
trist’s belief that these behaviors co-occur). Thus, it has been argued
that verbal descriptions of psychological constructs are not entirely
neutral and objective descriptions, but are co-constructed by the judg-
ment of assessing clinicians based on their knowledge and experiential
background'". This motivates the identification of methodological
approachesregarding how these language-mediated descriptions can
beadequately studied. A very interesting approachis provided by the
new development of so-called LLMs in the field of artificial intelligence.

LLMs, rooted in deep-learning techniques, represent advanced
artificial intelligence systems capable of processing and generating
text™. Typically, these models undergo pretraining using vast corpora
comprising billions of words, followed by fine-tuning to improve per-
formanceinspecific tasks. Most recent LLMs were built on the basis of
so-called transformer architectures®. This allows the model to weigh
the importance of specific words in a sentence to enable contextual
understanding and the handling of long-range dependencies®. Current
popular models such as GPT-3'¢, GPT-4", Llama'®, BERT” or T5*° have
demonstrated impressive performance across a wide range of tasks
encompassing language translation, text summarization and question
answering, among others. Specifically in medicine, there is arange of
promising applications of LLMs. As an example, LLMs allow the use of
chat-bots for screening or diagnostic purposes, can provide support
foradministrative tasksin medicine and support medical education®.
Moreover, recent LLMs have demonstrated impressive performance
in answering questions from medical licensing exams®. Lastly, con-
versational systems based on LLMs have shown higher performance
in diagnostic accuracy than medical doctors in the structured assess-
ment of patient actors®.

Interestingly, recent research indicates that LLMs can also pro-
vide information regarding the semantics of text and hence, could
represent substantial aspects of our knowledge about the world*.
Words canbe represented by multidimensional vectors (‘embeddings’)

and the semantic similarity of two words can be quantified by the
distance between their vectors*. Interestingly, similarity judgments
derived from word embeddings closely resemble the similarity judg-
ments of human raters®?°. Moreover, similarities regarding the specific
attributes of objects or animals (for example, size or color)®® or simi-
larities of emotions” canalso be derived from LLMs. Finally, LLMs can
detect emotional content (‘sentiment’) and provide not only simple
coarse-grained emotions (for example, positive versus negative) but
also detailed categories such as anger, fear, disgust or surprise®. In
this line of research, previous results demonstrate how LLMs allow
for the data-driven investigation of psychological constructs**° by
characterizing the semantics of various questionnaires®. In a study
on personality questionnaires, pairwise similarities of adjectives were
extracted from LLMs and found to correspond strongly withempirical
ratings®. Earlier work hasinvestigated the overlap between scales® or
between constructs® using language models. Although initial studies
thus exist in the area of personality assessment>** or emotion?, analy-
sisof the semantic properties of clinical questionnaires using LLMs has
notyet been applied to psychopathology.

LLMs alongside empirical data have the potential to identify
the core structure of questionnaires in psychopathology and their
language-based descriptions; for instance, by efficiently identifying
redundant items. Moreover, the results of this process may improve
our understanding of language-based descriptions and will poten-
tially enable generalizability across diverse populations, intercul-
tural comparisons and provide insights into the cultural influences
on psychopathology.

Against thisbackground, arigorous and systematicinvestigation
ofthelanguage used for the description of psychopathology and the
structure of psychological constructs is urgently needed. In this work,
we apply LLMs to the analysis of a range of psychopathology-related
questionnaires. For this purpose, we made use of recently developed
LLMs'*® to investigate both the structure and content of four clinical
questionnaires on the basis of four large-scale datasets. We system-
atically explored the extent to which the empirical low-dimensional
structure of psychopathology was represented in these models. To
this aim, we extracted pairwise similarities of established question-
naire items from language models and predicted associations in
empirical data.

By analyzing the language used to describe the symptoms and
syndromes therein, this data-driven approach offers an innovative
perspective on psychopathology. Using LLMs alongside empirical data
has the potential to focus the process of questionnaire generation by
efficiently identifying redundant items. Moreover, this integration
may improve the generalizability across diverse populations, enable
intercultural comparisons and provide insights into cultural influences
on psychopathology.

Inthe current study, we use alanguage model to derive semantic
and sentiment embeddings from items in four established question-
naires for the assessment of psychopathology. This allows us to sys-
tematically explore the extent to which the empirical low-dimensional
structure of psychopathology is represented in these models.

Results

Representation of empirical item-pair associations in LLMs
Overall, embeddings-based associations correlated significantly with
empirical associationsin all questionnaires (Fig.1), bothin the seman-
tic domain and the sentiment domain. The highest correlations were
found for semantic embeddings of depression, anxiety and stress
symptoms (r=0.57,P < 0.001). For depression and anxiety symptoms
(Depression-Anxiety-Stress Scale (DASS)) and schizotypal symptoms
(Oxford-Liverpool Inventory of Feelings and Experiences (O-LIFE)),
semantic embeddings show slightly stronger correspondence to
empirical data compared to sentiment embeddings. Similar results
were obtained using other language models (Supplementary Fig.1and

Nature Mental Health


http://www.nature.com/natmentalhealth

Article

https://doi.org/10.1038/s44220-025-00527-y

AQ
r=0.16P=33x10"

DASS

0.5

-0.5 4

Iltem-pair association
based on semantic embedding

r=024P<22x107° r=028P<22x107°

Item-pair association
based on sentiment embedding

r=0.57P<2.2x107"

O-LIFE PQB
r=0.45P<22x10"° r=0.36 P=7.1x10"°
4 4
e e
d d
4 4
3 . ¥ .
4 4
- 4 d
7 - 7
7 4
d 7’
7 d
e 4
7 4
4 4
. .
4 4
e e
4 4
4 4
4 4

r=0.39P<22x107"° r=0.41P=8.4x107"°

T
0.5

-0.5 0

Empirical item-pair association

Fig.1|Regression analysis of item-pair correlation. Correlation coefficients
between item-pair associations derived from empirical data and item-pair
associations based on semantic embedding (upper row) or sentiment embedding
(lower row). Each point represents a pair of two questionnaire items. There are
n=1,225data points for the AQ, n = 861 for the DASS, n =903 for the O-LIFE and

n =210 for the PQB. Dashed lines depict perfect correlations of r =1, solid lines
depict the line of best fit as identified by a linear regression model. Shaded gray
areas indicate the 95% confidence intervals (CIs) for the predictions of the linear
model. Pvalues are reported for linear correlation analysis. No correction for
multiple comparisons was made.

Supplementary Table 1). Randomization of semantic embeddings or
word order in questionnaire items led to substantially smaller correla-
tions between empirical dataand semantic embeddings, indicating that
our findings did not occur by chance (Supplementary Figs. 2, 3 and 4
and Supplementary Table 2). To ensure that empirical item-pair associa-
tions are estimated robustly in the investigated samples, we conducted
multiple iterations of subsampling the data (Supplementary Fig. 5).
This indicated that for all four questionnaires, even with 25% of the
available data, empirical item-pair associations could be estimated
with very high accuracy (r > 0.99). Moreover, the position of items in
the questionnaire did not affect our findings (Supplementary Fig. 6
and Supplementary Table 3).

In subsequent analysis, we trained random forest regression
models for the prediction of empirical item-pair associations based
on either semantic or sentiment embeddings. For all investigated
questionnaires we obtained high correspondences between predicted
and empirical item-pair associations for both semantic and sentiment
embeddings (all P < 0.001). In this analysis, depression, anxiety and
stress symptoms could be predicted withthe highestaccuracy (r=0.79
for semanticembeddings, r= 0.75for sentiment embeddings). Overall,
semantic and sentiment embeddings showed similar predictionaccu-
racy for each questionnaire (Fig. 2).

Representation of item clustering in LLMs

For depression, anxiety and stress symptoms (DASS), autism-related
symptoms (Autism Spectrum Quotient (AQ)) and psychotic-like expe-
riences (O-LIFE), the Rand Index indicated strong correspondence
between item clustering based on word embeddings and item clus-
tering based on empirical data (Fig. 3a). A clear pattern emerged for
these three scales: clustering based on semantic embeddings showed
the highest Rand Index, whereas sentiment embeddings and random
clustering showed Rand Index values around zero (as expected). This
pattern was observed over the range of investigated models compris-
ing between two and ten clusters. For attenuated psychosis symptoms
(Prodromal Questionnaire (PQB)), no clear pattern emerged and overall
comparably low values for the Rand Index were obtained (Fig. 4).

Replication of established subscales in LLMs

For each of the investigated questionnaires, there exist established
subscales (or subdomains) that are indicative of more fine-grained psy-
chopathological concepts. We tested the extent to which this previously
established structure could bereplicated using the empirical data avail-
ableinthe context of the current analysis, embedding vectors (semantic
and sentiment embedding) and compared this to randomized data.
K-means clustering was conducted for all items. Agreement of this
clustering with the established structure was assessed by calculating
the clustering error rate. The results indicated strong correspond-
ence of empirical data to established subdomains (low clustering error
rate) (Fig. 3b) and clustering based on randomized data showing the
lowest correspondence (high clustering error rate). Clustering based
onsemanticembeddings showed error rates that were comparable to
empirical data. Sentimentembeddings showed intermediate error rates
for autistic symptoms (AQ), for schizotypal-psychosis-risk symptoms
(O-LIFE) and for depression, stress and anxiety symptoms (DASS) (Fig. 3
and Table1). Semantic embeddings showed lower error rates than senti-
ment embeddings for all questionnaires except for the PQB (Table 2).

Discussion

In this work, we investigated representation of the structure of psy-
chopathology in LLMs across a range of established clinical question-
naires. Our resultsindicate that the empirical association between two
questionnaire items can be predicted based on sentence embeddings
inanLLM (Robustly Optimized BERT Pretraining Approach (ROBERTA))
withlow to moderate accuracy using simple regression models (r = 0.16
tor=0.57), and with moderate to high accuracy using random forest
regression (r=0.30tor=0.79).Exploratory analyses of different LLMs
(Supplementary Fig.1) indicated even greater performance for larger
architectures such as the embeddings models of OpenAl (https://plat-
form.openai.com/docs/guides/embeddings/embedding-models).
Moreover, clustering of items based on sentence embeddings showed
correspondence to not only clustering based on empirical data but
also previously established subdomains of the questionnaires. In
general, these results indicate that empirical correlations in clinical
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Fig.2|Regression analysis of item-pair correlation based on machine
learning models. Correlation coefficients between item-pair associations
derived from empirical data and item-pair associations as predicted by arandom
forest regression model based on semantic embedding (upper row) or sentiment
embedding (lower row). Each point represents a pair of two questionnaire items.
There are n=1,225 data points for the AQ, n = 861 for the DASS, n =903 for the

O-LIFEand n =210 for the PQB. Dashed lines depict perfect correlations of r=1,
solid lines depict the line of best fit as identified by a linear regression model.
Shaded gray areas indicate the 95% ClI for the predictions of the linear model.
Pvalues are reported for linear correlation analysis. No correction for multiple
comparisons was made.
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Fig. 3| Clustering analysis of item-pair associations. a, Clustering consensus
as measured by the adjusted Rand Index representing the correspondence

of an empirical clustering solution of questionnaire items and a clustering
solution based on semantic and sentiment embedding (k-means clustering with

Clustering error rate

n=200 repetitions). Dotted lines indicate the 95% CI. b, Correspondence of
item clustering based on semantic embedding with clustering of items based on
established subdomains.

questionnaires can be reconstructed to a large extent solely based
on LLMs.

In particular, our findings show some variability when compar-
ing different questionnaires and their related psychopathologies and
embedding methods. Correlational analysis indicated that empiri-
cal correlations of item-pairs could be best predicted for anxiety,

depression and schizotypal symptoms. Interestingly, the correla-
tional analysis results depended on the type of embedding: we found
ahigher correspondence between correlations based on empirical
data and correlations based on embeddings when using semantic
embeddings compared to sentiment embeddings. Overall, greater
accuracy was obtained when using random forests. This might
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Fig. 4| Overview of the analytic workflow. For each questionnaire empirical
datafrom study samples were obtained. In parallel, semantic embeddings for
each questionnaire item were derived from astate-of-the-art LLM (ROBERTA™).

Asentiment embedding was obtained by comparing the embedding of each
questionnaire item with the embeddings of a set of emotional words. Part.,
participant.

Table 1| Clustering based on semantic and sentiment embedding corresponds to empirical clustering significantly better
than expected by chance across four questionnaires and across solutions varying between two and ten clusters

Number of clusters

Scale Comparison 2 3 4 5 6 7 8 9 10

DASS Empirical- P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001
semantic

DASS Empirical- P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001
sentiment

O-LIFE Empirical- P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001
semantic

O-LIFE Empirical- P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001
sentiment

AQ Empirical- P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001
semantic

AQ Empirical- P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001
sentiment

PQB Empirical- P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P<0.001 P=0.001 P=0.025
semantic

PQB Empirical- P<0.001 P<0.001 P<0.001 P=0.033 P=0.051 P=0.539 P=0.557 P=0.441 P=0.184
sentiment

indicate that not all dimensions of the embeddings carry distinctive
information and that the identification of relevant dimensions by the
random forestalgorithm might help toimprove accuracy. Moreover,
the superior performance of random forest regression models might
indicate that embeddings relate to the empirical low-level structure
in a nonlinear way. Interestingly, random forest analysis indicated
that the empirical correlations between autistic symptoms, as meas-
ured with the AQ, could be partly reconstructed using semantic
embeddings but was much worse using sentiment embeddings. By
contrast, the questionnaires DASS, O-LIFE and PQB did not show this

discrepancy between semantic and sentiment embedding. Because
autism is associated with a high prevalence of alexithymia, it could
be hypothesized that patients with autism struggle to identify and
describe emotions and therefore the emotional connotation of ques-
tionnaire items does not correspond to empirical data as strongly
as semantic embedding®.

Overall, clustering analysis indicated results that werein accord-
ance with the analysis of pairwise associations. Similar patterns were
obtained wheninvestigating symptoms related to anxiety and depres-
sion, autism or schizotypy. For all four questionnaires, the clustering
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Table 2 | Analysis of the published subdomains of the DASS (three subdomains: depression, stress, anxiety), PQB (four
subdomains: perceptual abnormalities, grandiose or unusual delusions, persecutory or thought delusions), O-LIFE (four
subdomains: unusual experiences, cognitive disorganization, introvertive anhedonia, impulsive nonconformity) and AQ
(five subdomains: social skill, attention switching, attention to detail, communication, imagination)

Questionnaire Contrast Estimate Standard error df P
DASS Empirical-semantic embedding -0.2156 0.0043 796 <0.001
DASS Empirical-sentiment embedding -0.3243 0.0043 796 <0.001
DASS Random clustering-semantic embedding 0.2705 0.0043 796 <0.001
DASS Random clustering-sentiment embedding 01618 0.0043 796 <0.001
DASS Semantic embedding-sentiment embedding -0.1087 0.0043 796 <0.001
AQ Empirical-semantic embedding 0.0942 0.0034 796 <0.001
AQ Empirical-sentiment embedding -0.0901 0.0034 796 <0.001
AQ Random clustering-semantic embedding 0.2409 0.0034 796 <0.001
AQ Random clustering-sentiment embedding 0.0566 0.0034 796 <0.001
AQ Semantic embedding-sentiment embedding -0.1843 0.0034 796 <0.001
O-LIFE Empirical-semantic embedding -01328 0.0039 796 <0.001
O-LIFE Empirical-sentiment embedding -0.2844 0.0039 796 <0.001
O-LIFE Random clustering-semantic embedding 0.3409 0.0039 796 <0.001
O-LIFE Random clustering-sentiment embedding 01893 0.0039 796 <0.001
O-LIFE Semantic embedding-sentiment embedding -0.1516 0.0039 796 <0.001
PQB Empirical-semantic embedding 0.0100 0.0044 796 0.109
PQB Empirical-sentiment embedding 0.0255 0.0044 796 <0.001
PQB Random clustering-semantic embedding 0.3286 0.0044 796 <0.001
PQB Random clustering-sentiment embedding 0.3440 0.0044 796 <0.001
PQB Semantic embedding-sentiment embedding 0.0155 0.0044 796 0.003

Agreement of clustering based on embeddings and empirical data with published subdomains was quantified by the cluster error rate. Clustering based on semantic and sentiment
embeddings corresponds to established subdomains of the questionnaires significantly better than expected by chance but significantly worse than empirical data.

solution based on semantic embeddings corresponded best to the
empirical clustering.

It might be speculated that our results point to a fundamental
difference between semantics and sentiment. The former is predomi-
nantly ‘world-related’, objective and deterministic, whereas the lat-
ter refers to more ‘person-related’ inner emotional states that are
inherently subjective, probabilistic and potentially more fuzzy. This
distinction parallels the dichotomy between ‘things’ and ‘persons’in
thefields of psychiatry and psychology®*® and has gained recent atten-
tion because of its association with underlying cerebralmechanisms™.
The subjective and probabilistic nature of internal emotional states
might render sentiment embeddings less well suited to represent the
empirical data of psychopathological questionnaires.

Our findings corroborate with previous publications indicating
that word embeddings from LLMs can encode the similarity of words®,
general medical knowledge*°, emotion” and personality ratings™.
Here we extend this line of research to the field of altered states or
deviances of inner experience covered by psychopathology. Even
though the current analysis mainly focused on questionnaires that
measure psychopathology, the theory and methodology are applicable
topsychological constructsingeneral, includingintelligence, cognitive
capacities, emotions or personality traits*.

In research relying on self-rating questionnaires, there is often
little control regarding how participants conduct their ratings. Shal-
lower processing of the questionnaire items during the rating might
rely on superficial semantic aspects. By contrast, deeper processing
might require more mental effort and include the evaluation of items
in the context of one’s own biography or past experiences above and
beyond the mere semanticinformation containedin theitems. Increas-
ing fatigue due to lengthy questionnaires might facilitate shallower
processing. A strong correspondence of empirical data to semantic

similarity scores (for example, low manifest validity) might indicate
superficial processing®***.

Questionnaire design guided by sentence embeddings
There are many potential applications for text embeddings to facilitate
research in mental health®. Typically, the first step in the construction
of aclinical instrument is the generation of questionnaire items that
contain text-based descriptions of psychopathological phenomena or
mental states experienced by patients (for example, thoughts, emo-
tions, intentions). Itis common practice to reduce such sets of ques-
tionnaire items based on preliminary data and statistical procedures
by means of factor analysis or item-response analysis. Importantly,
the initial generation of questionnaire items is often based on the idi-
osyncratic conceptualization of individual researchers or psychiatrists,
but usually not on a hypothesis-generating approach using qualita-
tive data (for example, content analysis of free patientinterviews) ina
systematic way leadingto the abduction of hypotheses. This first step
of the conceptualization of a questionnaire can potentially influence
the low-level correlational structure that is later identified using the
generated questionnaire. With the application of LLMs, this step can
beimplemented more efficiently and circumvent potential subjective
biases. As an example, language-based models allow the investiga-
tion of hundreds or thousands of questionnaire items, if necessary.
Hence, alarge number of candidate items can be screened very effi-
ciently and items with high similarity can be identified, considered
redundant and might be excluded. Moreover, sensitivity analysis can
be conducted by excluding individual items and assessing the effect
onthe correlational structure.

Another important aspect is the data collection procedure,
which occurs during generation of a clinical questionnaire. Typi-
cally, thisis a costly process conducted in larger populations to obtain
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representative samples. However, this process might fail to include
individuals from populations that are ‘hard-to-reach’ because of
their geographical location or socioeconomic situation*’. This might
limit the generalizability of the developed questionnaires to specific
subsets of the population**. Moreover, for some countries, genera-
tion of sufficient validation samples might not be feasible because
of the high costs involved. In general, the data on which LLMs are
based consist of text that is unstructured and does not take a spe-
cific corpus describing psychopathologically relevant experiences
into account. However, data are substantially larger (for example,
160 GB, which corresponds approximately to 30 billion words in the
case of ROBERTA", https://huggingface.co/roberta-base) than the
empirical datasets of questionnaires and cover a larger proportion
of the population. Thus, combining empirical data and information
from LLMs during the process of generating questionnaires might
improve the generalizability to all parts of the population. Moreover,
the current approach can easily be adopted to investigate pairwise
item correlations across questionnaires. As an example, the semantic
similarity between existing and new questionnaires can be quantified
to decrease redundancy in data gathering®. Lastly, the approach
presented here offers new options to study intercultural differences
in psychopathology. Notably, there is evidence that psychological
concepts such as emotions are shaped by cultural context**°, Analysis
of psychopathology based on LLMs can provide a different angle on
the analysis of such cultural influences.

Methodological considerations
Itisimportantto keep in mind that all presented findings fully depend
onthe data and their degree of universality that was used to generate
the used LLM. Thus, using a different database might affect the results
and all potential biases present in the source data might be transferred
to the sentence embeddings. As an example, previous studies indi-
cated that the frequency of a word in a training corpus might affect
the resulting embedding and measures such as word similarity*”*5.
Moreover, the modelarchitecture will influence the subsequent analysis
of sentence embeddings. Interestingly, recent advances allow for the
systematic investigation of different corporaand Hugging Face (https://
huggingface.com), forexample, provides accessto alarge number of
language-based models that canbe queried for comparative analysis.
Another important future direction focuses on the procedures
used to extractinformation from language models. As an example, the
dimensionality of embeddings affects the performance in downstream
language tasks*. Insome cases, embeddings vectors have been shown
to containacorrelational structure, and removing this mightimprove
the expressiveness of the embeddings®®*". Lastly, it has recently been
suggested that extracting information along dimensional axes of spe-
cific properties (for example, large-small, hard-soft) might provide
embeddings that are highly relevant for the assessment of real data,
butalso provide highly interpretable values®.

Limitations
It should be noted that the cohorts investigated in this study differ
withrespectto age, sex, access (general, help-seeking population) and
language (English, German). Moreover, the investigated questionnaires
differ with respect to multiple features such as the response format
(binary versus Likert scale) or the way in which items are formulated,
which might influence our results. As an example, DASS and AQ use
afirst-person perspective (for example, ‘I felt that I was...), whereas
O-LIFE and PQB are formulated from a second-person view (‘Do you
thinkthatyou could...’). Despite this heterogeneity, our resultsindicate
that LLMs can represent psychopathology across arange of different
samples and questionnaires.

However, an important limitation of the current results is that
we investigated only a small set of questionnaires in an explorative
and hypothesis-generating approach. A large number of further

questionnairesarenotinvestigated here, whichintroduces the possibil-
ity of selection bias. Future studies will have to examine whether similar
results can be obtained, for example by using other questionnaires for
depression. Moreover, it remains to be demonstrated to what extent
the current findings generalize to other aspects of psychopathology
that were not investigated, such as the externalizing symptoms of
inattention, impulsivity or aggression.

Anotherimportant aspect of concernforour resultsis the poten-
tial bias presentinlanguage models. Recent studies demonstrate that
word embeddings are related to the cultural and social contexts of the
text corpus on which they are based*>. Thus, word embeddings closely
track cultural and social contexts. Any potential bias present in the
training datamight subsequently resultin biases of word embeddings,
for example bias toward minorities. Recent empirical evidence sup-
ports the view that language use might differ between various com-
munities*®and depend on age®. In addition, the nuanced terminology
developed in psychopathology to describe the inner experience of
patients is presumably not a substantial part of the training data and
hence at least underrepresented in LLMs. Finally, inner experiences
frequently take the formof inner speech, but might also occurin experi-
ences that are more difficult to express verbally such asunusual sensory
experiences including hallucinations, feelings, inner images, thoughts
including delusional experiences, delusional mood or unsymbolized
thinking®. As a consequence, these aspects of inner experiences are
not adequately represented in LLMs and are therefore difficult to
investigate with approaches such as word embeddings.

A further important consideration in the context of our analysis
istheaspect of model choice. Although we initially selected ROBERTA
asanoptimal model because of its bilingual training, accessibility and
high performance in benchmark tests, our explorative results using
more modern models indicated even greater performance. Thus,
future studies should take into account the substantial influence that
the choice of the model architecture could exert and should explore a
wider range of modern model architectures to optimize performance.

Conclusion

In conclusion, we provide evidence of the representation of the struc-
tural aspects of psychopathology in LLMs. These initial results prompt
furtherinvestigationsinto the potential of extracting information from
such models to foster innovative research in mental health. Poten-
tial applications include the generation of questionnaires guided
by LLMs, the generation of statistical priors in the investigation of
psychological concepts and the assessment of psychopathology in a
specific context (for example, hard-to-reach populations) including
cross-cultural studies, for example comparison between collectivistic
and individualistic cultures™.

Methods
Allresearch presented here was conducted inaccordance with relevant
ethical guidelines and regulations. Ethical approvals for the individual
study samples included in this work are detailed separately below for
eachsample.

Investigated questionnaires for psychopathology
Weinvestigated four questionnaires: the DASS>, the short form of the
O-LIFE, the brief version of the PQB*° and the AQ*’. These scales cover a
wide range of symptoms including depression (DASS), anxiety (DASS),
schizotypal (O-LIFE) and attenuated psychosis symptoms (PQB), and
the symptoms associated with autism spectrumdisorder (AQ). Moreo-
ver, the questionnaires range from scales that are broadly used for
the assessment of manifest and sometimes severe clinical symptoms
(DASS, AQ) to scales that assess mild or moderate symptoms and traits
that might also occur in the healthy population or individuals at risk
for psychiatric disorders (O-LIFE, PQB). For each questionnaire, we
analyzed empirical data fromlarge cohorts (Table 3).
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Table 3 | Overview of the empirical samples investigated

Depression, Anxiety and Stress

Oxford-Liverpool Inventory

Autism Quotient Prodromal Questionnaire-Brief

Scale of Feelings and Experiences
(short form)
Abbreviation DASS O-LIFE AQ PQB

Symptom domains Depression, anxiety, stress

Psychosis-proneness or

Autism-related traits Psychosis-proneness

schizotypy
Sample n=39,775 n=11,807 n=1,555 n=1,099
Age 23.6years Age 30.4years Age 36.5years Age 18.7years
Gender 30,367 female; 8,789 Gender 8,633 female; 3,174 Gender 535 female; 1,019 Gender 373 female; 305 male;
male; 552 other; 67 not disclosed male males; 1 missing 14 missing data
Sample Population sample Population sample Help-seeking sample Population sample
Number of items 42 43 50 21
Number of words in /15 548 318 526
total
Words per questionnaire 9.88 10.96 15.14 12.23
item (mean)
Response format Four-point Likert scale, Binary scale, self-rating Four-point Likert scale, Binary scale, self-rating
self-rating self-rating
Number of subdomains 3 4 5 4

The DASS includes 42 self-reported items (for example, ‘I found
myself getting upset by quite trivial things’) from 3 subdomains
(depression, stress, anxiety) that are rated on a Likert scale with 4
levels (Did not apply to me at all; Applied to me to some degree, or
some of the time; Applied to me to a considerable degree, or a good
part of time; and Applied to me very much, or most of the time). We
used a publicly available dataset consisting of n = 39,755 participants
(https://openpsychometrics.org/ rawdata/, retrieved1June 2022). This
represents a population sample without any restriction and no inclu-
sion or exclusion criteria. There were no missing data in this sample.

The short form of the O-LIFE includes 43 self-reported items (for
example, ‘Does a passing thought ever seem so real it frightens you?’)
from 4 subdomains (unusual experiences, cognitive disorganization,
introvertive anhedonia, impulsive nonconformity) that are rated on
abinary scale (yes versus no). We used a publicly available dataset
consisting of n=11,807 participants®. The online questionnaire was
advertised on mailing lists and online forums across Germany. There
were no exclusion criteria except that only data from participants who
were at least 18 years old were analyzed. There were no missing data
inthissample.

ThePQBincludes 21 self-reported items (for example, ‘Do familiar
surroundings sometimes seem strange, confusing, threatening or
unreal to you?’) from 4 subdomains (perceptual abnormalities, gran-
diose or unusual delusions, persecutory or thought delusions) thatare
used to assess psychosis-risk symptoms®. Items are rated on a binary
scale (true versus false) and for eachitem the resulting distressis rated
(distress was not analyzed in the current analysis). We analyzed asample
of n=1,099 healthy individuals from an undergraduate population®.
One part of this sample was recruited via the University of Colorado
Boulder’s human subject recruitment pool and included students and
community members from the general population. The second part of
this sample consisted of undergraduate students recruited fromintro-
ductory psychology courses at the University of Maryland, Baltimore
County. For both groups there were no exclusion criteria except for a
minimum age of 18 years. Twenty-one participants had between one and
three missing values and were retained in our analysis. Four participants
had only missing values and were excluded from any further analysis.

The AQ is based on 50 self-reported items (5 subdomains: social
skill, attention switching, attention to detail, communication, imagi-
nation) to measure the expression of autistic traits in individuals (for
example, ‘When I'm reading a story, I find it difficult to work out the
characters’intentions’). Theitems are rated on aLikert scale with four

levels (Definitely agree; Slightly agree; Slightly disagree; and Definitely
disagree). Inthe current analysis, we included scores from n =1,555indi-
viduals presenting at the Autism Outpatient Clinic at the Department
of Psychiatry and Psychotherapy at the University Hospital in Cologne
(Germany). There were no exclusion criteria except for a minimum
age of 18 years. There were 260 participants who had between 1and
10 missing values and were retained in our analysis. Two participants
had more than ten missing values and were excluded fromany further
analysis. Correlations between questionnaire items were estimated
using Pearson correlation with pairwise complete observations.

Before participation, writteninformed consent was obtained from
all participants in the case of the DASS, O-LIFE and PQB. In the case of
the DASS and O-LIFE, participants provided questionnaire answers
online and also opted in the use of their data online. In the case of AQ,
we collected data as part of our clinical routine and studied the data
retrospectively and anonymously. In this case, data can be used for
research without the formal consent of patients according to German
regulations. The ethnicity of the investigated participants was not
assessed in the four investigated samples. No distinction was made
between ‘sex’ and ‘gender’ in the reported studies. We refer to the
self-description of participants.

Embedding of questionnaire items using LLMs

We used the LLM ROBERTA" because of its fine-tuning on English and
German data and its high performance on benchmark tests for both
languages (https://huggingface.co/T-Systems-onsite/cross-en-de-
roberta-sentence-transformer). The accessibility of the ROBERTA
model aligns with principles of reproducibility and open science. In
general, the ROBERTA model follows a transformer-based architec-
ture, consisting of astack of transformer layers. Itis trained on alarge
text corpus (approximately 2.5 TB) using the objectives of predicting
masked words or the next sentence. This training enables the model
toincorporate contextual information and generate text embeddings
that capture semantic meaning. One notable advantage of the ROB-
ERTA model used in this study is that it has been fine-tuned through
multilingual training, specifically on combined samples in Englishand
German. As aresult, the model can generate similar sentence embed-
dings for both languages®'.

For each item in each questionnaire, the ROBERTA model can
provide anembedding vector with the dimension 1 x 768. The semantic
similarity between two questionnaireitems was calculated as the cosine
distance between their embedding vectors (from now on referred to
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as semantic embedding)® (Fig. 3). In a parallel analysis, we derived
sentiment-based similarity for each pair of questionnaire items. To this
aim, we used a set of probe words that captured distinct categories of
self-reported emotional experience. As probe words we selected 27
terms that had been identified and empirically justified in a previous
study (admiration, adoration, esthetic appreciation, amusement,
anger, anxiety, awe, awkwardness, boredom, calmness, confusion,
craving, disgust, empathetic pain, entrancement, excitement, fear,
horror, interest, joy, nostalgia, relief, romance, sadness, satisfaction,
sexual desire and surprise)®. For each of these probe terms, we derived
alx 768 dimensional embedding vector using ROBERTA. Then, for
each questionnaire item we calculated its similarity to each probe
word based on the cosine distance of both embedding vectors. This
provided a ‘sentiment profile’ for each questionnaire item with 27
values representing the relevance of sentiment dimensions (from now
onreferred to as the sentiment embedding) (Fig. 3).

Item-pair associations and item clustering

Inthis work, we investigated two complementary aspects of the struc-
ture of psychopathology. First, we investigated pairwise associations
of questionnaireitemsin empirical data and tested whether these asso-
ciations could be predicted by embedding vectors. For aspecific ques-
tionnaire, we first calculated the empirical correlations between each
pair ofitems. Inaparallel procedure, the associations between pairs of
questionnaire items were estimated using (semantic and sentiment)
embedding vectors and by using the cosine similarity as a distance
metric. We tested the degree to which empirical item-pair associations
related to associations in their (semantic and sentiment-based) embed-
dings by linear regression analysis. Subsequently, we used random
forestregression models® to generate prediction of empirical pairwise
item associations based on semantic and sentiment embeddings. Here
we tuned the following hyperparameters: the maximum depth of each
tree (between2and 10), theratio of candidate variables considered at
eachsplit (between 0.5and 1.0), the number of regression trees in the
ensemble (between 500 and 2,000), and the proportion of randomly
drawn observations (between 0.5 and 1.0)*. Hyperparameter tuning
was embedded in a nested cross-validation scheme with 5foldsin the
inner and outer loop, and the hyperparameter spaces were explored
by random search with 20 iterations at each step with the coefficient
of determination as the optimization target. Model performance in
the outer loop was aggregated across folds to estimate the accuracy
of predictions on unseen data.

In a complementary analysis, we investigated the clustering of
questionnaire items and the degree to which this cluster structure
could be replicated based on the embedding of questionnaire items.
First, we used k-means clustering to assign each questionnaire item
to a varying number of clusters (k=2 to k=10) based on empirical
data. The same procedure was applied to (semantic and sentiment)
embedding vectors to create clustering solutions. Subsequently, the
correspondence of the empirical clustering solution and the clustering
solutionbased onembeddings was tested by calculating the adjusted
Rand Index®.

a+b

RandIndex = ——
andindex a+b+c+d

Index — Expected Index
Max Index — Expected Index

Adjusted Rand Index =

Fortwo cluster solutions Xand Y, aisthe number of observations
that are in the same cluster for Xand Y, and b is the number of obser-
vations that are in different clusters in both clustering solutions. The
variables cand drepresent the number of observations thatarein the
same cluster for one cluster solution but in different clusters for the
other cluster solution. The adjusted Rand Index corrects the Rand

Index for the probability that two observations show correspondence
of their cluster assignments by chance. In brief, this measure quantifies
the degree to which two random items show similar cluster member-
ship in two different clustering solutions while controlling for the
potential that two items occur in the same cluster by chance. Thus,
the adjusted Rand Index is high if two items are assigned to the same
clusterinboth clustering solutions or to two different clustersinboth
clustering solutions.
Allanalyses were performedinR (v.4.3.3) and Python (v.3.11.0).

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

Data availability

The dataof the DASS (https://openpsychometrics.org/_rawdata/) and
the O-LIFE (https://osf.io/epfvq/) are open and available. The data of
the PQB is available in anonymized form upon reasonable request to
the authors of the original publication (J.S., V.A.M.). AQ data are not
publicly available, as the participants did not consent to data sharing
with other researchers.

Code availability
Analysis code is available via https://github.com/kambeitzlab/
LLM_Psychopathology.
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