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Abstract

Pre-trained language models harbor latent psy-
chological biases inherited from training data,
which remain largely unmeasured, creating
risks in areas ranging from mental health sup-
port to professional decision making. In this
study, the evaluation of model psychometrics
and assessment of latent constructs framework
is employed to evaluate psychometric biases
in 334 Hugging Face natural language infer-
ence models, assessing the models’ anxiety,
depression, sense of coherence, sexism, com-
passion, and personality. Models consistently
score above zero on positively valenced con-
structs (e.g., compassion, sense of coherence)
and below zero on negatively valenced con-
structs (e.g., anxiety, depression), favoring pos-
itive over negative psychological language. Ar-
chitecture and size are associated with system-
atic differences: DeBERTa models show ele-
vated negatively valenced constructs (e.g., PHQ
0 = +0.45, GAD § = +0.40) and reduced pos-
itively valenced constructs (e.g., Extraversion
0 = —0.61), while small models show the op-
posite pattern (e.g., Extraversion § = +0.30,
PHQ § = —0.22), with both effects surviving
multivariate control. Among the 105 models re-
porting training data, fine-tuning on adversarial
natural language inference was associated with
elevated depression (6 = +0.65), while year
of release showed no significant effects after
multivariate control. These results suggest that
psychometric profiling is a critical, yet missing,
layer of safety auditing for NLI models.

1 Introduction

Today, more than ever, numerous publicly available
pre-trained language models (PLMs) support down-
stream tasks spanning education, healthcare, and
professional applications (Cho et al., 2024). How-
ever, the lack of systematic knowledge about model
biases means that language models (LMs) may in-
advertently cause harm (Gallegos et al., 2024), pos-

ing potential risks that remain largely uncharacter-

ized (Weidinger et al., 2022).

While generative LLMs dominate recent deploy-
ment, natural language inference (NLI) encoders
remain widely used for classification tasks, offering
competitive performance at a fraction of the com-
putational cost (Laurer et al., 2023), with popular
checkpoints (e.g., facebook/bart-large-mnli)
still receiving millions of monthly downloads, a
non-negligible level of usage.

As these models increasingly mediate conse-
quential decisions, systematically assessing biases
and their underlying causes becomes essential for
identifying potential harms before deployment.

Leveraging the evaluation of model psychomet-
rics and assessment of latent constructs (EMPALC)
framework developed by Reuben et al. (2025), we
present the first comprehensive psychometric eval-
uation of latent construct biases across the full
population of publicly available NLI models on
Hugging Face (HF), providing practitioners with
distributional patterns across the model population
to inform more deliberate model selection. We
systematically assess how model characteristics,
including training data, size, release year, and ar-
chitecture, covary with differences in latent psy-
chological constructs (LPCs). Our methodology
involves: (1) collecting all NLI models via the HF
API; (2) filtering incompatible models; and (3) ap-
plying EMPALC to analyze psychological biases
across the resulting model population.

The contribution of this research is fivefold:

1. Large-Scale Profiling: A psychometric evalu-
ation of mental health, personality, and social
bias constructs across 334 naturally occurring
HF NLI models, extended by the interactive
Space to all 1403 compatible models.

2. Effects of Model Attributes on Bias: Examin-
ing how training datasets, architecture, trainable
parameters, and release year relate to differences
in latent psychological constructs.
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3. Interactive Interface: A publicly available HF
Space! that allows the community to visualize
model psychometric profiles and evaluate new
models against these constructs.

4. Open-Source Libraries: Two Python packages
designed to streamline the assessment pipeline:
a new library for importing and validating psy-
chometric questionnaires?, and contributions to
an existing library for administering them to
LMs?.

5. Validation of Additional Psychological Ques-
tionnaires: 22-item ambivalent sexism inven-
tory (ASI), 14-item big five personality traits
(Big5), and 24-item Compassion Scale (CS).

2 Background and Related Work

2.1 Artificial Psychology

A fundamental challenge in evaluating large lan-
guage models (LLMs) lies in moving beyond per-
formance benchmarks toward understanding their
behavioral patterns and emergent capabilities (Ha-
gendorff et al., 2023). Traditional natural language
processing (NLP) metrics capture task accuracy
but fail to surface the latent characteristics, psy-
chological tendencies, and implicit attitudes that
shape how models reason, decide, and interact with
users (Cohen et al., 2024).

Recent work has documented recognizable per-
sonality traits and psychological tendencies in
LLMs using established psychometric instruments
(Binz and Schulz, 2023; Miotto et al., 2022; Jiang
et al., 2023; Karra et al., 2022; Caron and Srivas-
tava, 2022; Pellert et al., 2024), and studies by
Demszky et al. (2023) and Caron and Srivastava
(2022) demonstrate that these patterns reflect distri-
butional properties absorbed from training corpora.
Serapio-Garcia et al. (2025) further established that
personality measurements can achieve reliability
and validity under controlled prompting conditions.

Prior work establishes that intrinsic biases in pre-
trained encoders actively propagate to downstream
classification: inherent representation biases in
models like BERT systematically distort sentiment
scoring and emotion intensity predictions (Jentzsch
and Turan, 2022; Bhardwaj et al., 2021). Most
alarmingly, such baseline skews have been shown
to directly alter false-negative rates in clinical de-

"https://huggingface.co/spaces/cnai-lab/
Qpsychometric

2https ://github.com/cnai-1lab/gpsychometric

Shttps://github.com/cnai-lab/glatent

pression triage—causing the downstream classifier
to systematically fail to recognize depression symp-
toms in disadvantaged demographics (Sogancioglu
and Kaya, 2022), introducing severe, real-world
safety risks that traditional accuracy metrics fail to
capture (Weidinger et al., 2022).

Yet direct psychometric assessment remains
problematic: models exhibit sensitivity to prompt
phrasing (Gupta et al., 2024), and many PLMs lack
conversational interfaces entirely. The EMPALC
framework addresses both limitations by inferring
psychological constructs from entailment biases
rather than explicit self-report, enabling systematic
assessment across diverse model architectures.

2.2 Effects of Model Properties on
Psychological Profiles

In non-generative encoder architectures, scal-
ing consistently intensifies psychometric fidelity.
Nadeem et al. (2021) and Ali et al. (2024) showed
that increased capacity amplifies stereotypical as-
sociations, with the direction depending on train-
ing data, while Tal et al. (2022) observed that as
larger models improve in accuracy, their remain-
ing errors are increasingly driven by stereotypical
bias. Similarly, Shum et al. (2025) and Pradnyana
et al. (2023) found that larger architectures (e.g.,
RoBERTa-Large) significantly outperform smaller
variants in predicting complex personality traits,
suggesting that as models get bigger, they capture
hidden psychological patterns more strongly. How-
ever, these studies compare models within the same
family (e.g., BERT-Base vs. BERT-Large), making
it difficult to attribute observed effects to any sin-
gle property. By evaluating 334 models spanning
diverse properties, our approach enables statisti-
cal separation of individual variables (e.g., size,
architecture, or training data) through one-vs-rest
comparisons and multivariate control.

Beyond architecture, training data serves as a
source through which societal prejudices become
embedded, alongside other factors such as algo-
rithm design and user interactions (Yogarajan et al.,
2025). Models trained on corpora from specific
regions absorb those cultural norms and values (Qu
and Wang, 2024), while synthetic data generation
can propagate and amplify existing biases (Li et al.,
2025; Yu et al., 2023).

2.3 Methods of Psychometric Evaluation

Several methodologies have emerged for measur-
ing psychometric biases in PLMs, particularly
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those that cannot engage in direct conversational
assessment. Each addresses different aspects of
bias measurement but carries specific limitations
that motivate the approach adopted in this work.

Zero-Shot Classification Approaches Pellert
et al. (2024) developed an approach using NLI mod-
els to evaluate personality traits, values, and moral
foundations by presenting questionnaire items as
premises and using entailment probabilities to infer
responses across standard Likert scales, with Lau-
rer et al. (2023) arguing that such NLI encoders
can be competitive with larger generative models
on classification tasks while being more efficient.
However, raw entailment probabilities conflate a
genuine psychological signal with a priori term fre-
quencies: a model may assign high probability to
a hypothesis simply because it contains common
words, not because of any meaningful psycholog-
ical association. The method is also sensitive to
hypothesis formulation, as Plaza-del Arco et al.
(2022) found that subtle syntactic variations can al-
ter inference results. EMPALC addresses these lim-
itations through two-way normalization, which re-
moves frequency-driven biases from both construct-
term and intensifier dimensions, and through multi-
ple construct terms per item, reducing dependence
on any single formulation.

Embedding-Based Bias Detection Caliskan
et al. (2017) introduced the Word Embedding Asso-
ciation Test (WEAT), demonstrating how semantic
associations in word embeddings can reveal im-
plicit biases related to gender, race, and other social
categories. Wolfe et al. (2024) extended this with
the Multilevel Embedding Association Test (ML-
EAT), which decomposes WEAT scores into multi-
ple levels of granularity. However, both methods
operate on isolated lexical associations without sen-
tential context and lack the psychometric structure
needed to map onto validated psychological con-
structs. EMPALC addresses this gap by operating
at the sentence level through premise-hypothesis
pairs that preserve questionnaire structure.

2.4 The EMPALC Framework

The EMPALC framework (Reuben et al., 2025)
provides tools and methodology for adapting
psychological questionnaires to logit-based as-
sessment of latent constructs in pre-trained non-
conversational LMs. We selected EMPALC over
alternative zero-shot classification (ZSC) methods
due to its accessibility and validation pipeline, in-

cluding content validity, internal consistency, con-
struct validity, and criterion validity. EMPALC has
been validated across 88 transformer-based models,
demonstrating human-like correlations between
constructs such as anxiety, depression, and sense of
coherence. The framework has since been adopted
in subsequent studies to investigate psychological
aspects of LLMs, such as the relationship between
emotionally induced psychometric shifts and safety
alignment failures (Kuznetsov et al., 2026).

The authors transform questionnaire items into
NLI premise-hypothesis pairs, in which construct-
related terms are paired with intensifiers. For ex-
ample, PHQ-9 Question 1 uses the premise tem-
plate "Over the last 2 weeks, I had {term} in doing
things."” and hypothesis template "It is {frequency}
correct.”, yielding pairs such as "Over the last
2 weeks, I had little interest in doing things" —
"It is always correct”. A two-way normalization
then removes biases of both term and intensifier
priors. For each item, the score is calculated by
multiplying the probability of each intensifier con-
ditioned on each term by the corresponding intensi-
fier Likert-style weight. The mean score across all
terms and intensifiers reflects model’s bias along
the scale of that construct. The two-way normaliza-
tion is important because it addresses inter-model
calibration differences, ensuring that models with
systematically higher or lower confidence levels
vield comparable psychometric profiles.

2.5 Psychological Constructs

We assess six validated constructs spanning mental
health, personality, and social attitudes.

Mental Health. Anxiety and depression are
measured via the 7-item generalized anxiety disor-
der (GAD) (Spitzer et al., 2006) and 9-item patient
health questionnaire (PHQ) (Kroenke et al., 2001)
respectively. 13-item sense of coherence (SoC),
drawn from salutogenic theory, captures perceived
comprehensibility, manageability, and meaningful-
ness of life experiences (Antonovsky, 1987).

Personality. The Big5 Inventory assesses Open-
ness to Experience, Conscientiousness, Extraver-
sion, Agreeableness, and Neuroticism (McCrae
and John, 1992). The Compassion Scale measures
recognition of suffering and motivation to alleviate
distress in others (Pommier et al., 2020).

Social Attitudes. The ASI captures both hostile
and benevolent orientations toward women (Glick
and Fiske, 2018).
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Figure 1: Pipeline for identifying psychological biases in PLMs. Stages: (1) Data Collection (§ 3.1); (2) Psychomet-
ric Assessment via six EMPALC questionnaires (§ 2.4); (3) Metadata Extraction (§ 3.1); (4) Statistical Analysis

(§ 3.7); (5) Profile Cards (Figure 3).

3 Methods

3.1 Target Population & Metadata

As illustrated in Figure 1, of 109,151 models listed
under the ZSC and text classification (TC) tasks
on HF, 1403 had compatible NLI label configura-
tions. We validated task competence on the multi-
genre natural language inference (MNLI) matched
dataset, excluding models with accuracy below
0.75. This yielded a final population of 334 models.
For each, we extracted metadata including training
datasets, architecture, parameter count, and release
date directly via the HF APL

3.2 Psychometric Assessment

We used the same PHQ, GAD, and SoC question-
naires validated in Reuben et al. (2025). The re-
maining questionnaires were adapted to NLI for-
mat and validated using the EMPALC methodol-
ogy, specifically: Content Validity, Intra-Question
Consistency, Inter-Question Consistency, and Con-
struct Validity, as described in Reuben et al. (2025),
see Appendix C for validation details.

While Reuben et al. (2025) validated EMPALC
on 88 models specifically fine-tuned for MNLI, our
study targets the 334 naturally occurring popula-
tion of NLI models on HF, encompassing diverse
training histories, architectures, and sizes. This dis-

tinction is critical: rather than evaluating a curated
sample, we assess the psychometric landscape of
models as practitioners actually encounter them.
For each model-questionnaire combination, the
framework applies the scoring procedure described
in § 2.4 to produce aggregated mean scores. Higher
scores indicate a stronger positive association be-
tween construct-related terms and high-frequency
intensifiers in the model’s entailment judgments.
Scores were further z-scored across the model pop-
ulation to enable cross-construct comparison.

3.3 Dataset Influence Analysis

To examine associations between specific train-
ing corpora and psychometric biases, we parsed
and standardized dataset names. All models listed
fewer than 10 training datasets except for 2 models
that listed more than 300, which were removed as
anomalies.

For each identified training corpus, we compared
psychometric scores between models trained on
that dataset versus those that were not, testing for
significant differences and quantifying effect sizes.

3.4 Architecture Influence Analysis

To analyze whether specific model architectures
are associated with distinct psychometric profiles,
we categorized the 334 models into their respec-
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tive model families: BERT (Devlin et al., 2019),
RoBERTa (Liu et al., 2019), DeBERTa (He et al.,
2020), BART (Lewis et al., 2020), TS (Raffel
et al., 2020), and GPT (Radford et al., 2018). We
grouped architectures that appeared fewer than 4
times into an ‘others’ category to ensure statistical
robustness. This yielded seven groups: RoBERTa
(n = 116), DeBERTa (n = 98), BERT (n = 60),
GPT (n = 27), BART (n = 24), T5 (n = 4), and
Others (n = 5).

For each model family and psychometric con-
struct, we compared the distribution of bias scores
within that specific family against the aggregated
distribution of all other models in the population.

3.5 Size Influence Analysis

To investigate how model capacity is associated
with psychometric latent constructs, we catego-
rized the models into three distinct groups using
tertile splitting (33rd/67th percentiles) on trainable
parameter counts, yielding three groups: Small
(n = 131, 17.7M-184.4M), Medium (n = 105,
184.4M-355.4M), and Large (n = 98, 355.4M—
3.0B).

For each size category and psychometric con-
struct, we compared the distribution of bias scores
within the group against the aggregated distribution
of the remaining models.

3.6 Time Influence Analysis

To evaluate temporal shifts in psychometric bi-
ases, we extracted model creation timestamps from
the HF metadata, grouped models by release year
(2022: n = 94; 2023: n = 123; 2024: n = 85;
2025: n = 32), and compared each year’s distribu-
tion against all other years.

3.7 Multivariate Regression Analysis

To assess whether the effects identified in the
one-vs-rest comparisons survive when control-
ling for other model properties simultaneously,
we conducted multivariate ordinary least squares
(OLS) regression analyses with heteroscedasticity-
consistent (HC3) standard errors. At n = 334,
the Central Limit Theorem supports asymptotically
valid inference for coefficient estimates, while HC3
standard errors provide robustness to heteroscedas-
ticity by adjusting for variance differences within
each specific predictor group. For each psychomet-
ric construct, we regressed the z-scored construct
score on architecture, size category, and release

year using one-vs-rest binary predictors, mirror-
ing our primary comparisons, while controlling
for the remaining factors as categorical covariates.
Multicollinearity was assessed using variance in-
flation factors (VIF) to ensure sufficient distinction
between predictor variables.

Training datasets were not included as predictors
in the regression, because only 105 of 334 models
report dataset metadata, which does not allow for
meaningful statistical analysis (see Limitations).

4 Results

The primary analyses use one-vs-rest Mann-
Whitney U comparisons with FDR correction, com-
plemented by multivariate OLS regression (§ 4.8)
that controls for architecture, size, and year simul-
taneously. The conclusions drawn in this paper
are based on effects that survived both analyses.
Effects significant only in the one-vs-rest compar-
isons are not dismissed, as they may reflect genuine
patterns that the regression lacks power to detect
due to confound overlap or limited metadata cover-
age, and are reported to inform future research.

4.1 Psychometric Overview of PLMs

Figure 2 presents psychometric bias mean-scores
across all models (n = 334), after two-way nor-
malization but prior to z-scoring. Positively va-
lenced constructs (PVC) (Openness, Conscien-
tiousness, Extraversion, Agreeableness, SoC, CS)
clustered above zero, indicating that models pair
construct-related terms with high-frequency inten-
sifiers (e.g., ‘always’) more than low-frequency
ones (e.g., ‘never’). Negatively valenced constructs
(NVCO) (GAD, PHQ, Neuroticism, ASI) showed
the opposite pattern.

4.2 Data Normality

The Shapiro-Wilk test indicated that all psychologi-
cal constructs deviated significantly from normality
(n = 334, all p < 0.01), as illustrated by the score
distributions in Figure 4. Given that no construct
satisfied Gaussian assumptions, we adopted non-
parametric statistical methods for subsequent analy-
ses: Spearman’s p for correlations, Mann-Whitney
U tests for group comparisons, and Cliff’s delta
for effect sizes. All p-values were FDR-corrected
using the Benjamini-Hochberg procedure. This
framework was applied consistently across all sub-
sequent analyses, with one-vs-rest comparisons for
architecture, size, and time analysis.
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Figure 2: Distribution of psychometric bias mean-scores (prior to population-level z-scoring) across all evaluated
models (n = 334). Each box plot displays the median (orange line), interquartile range (IQR), and whiskers
extending to 1.5xIQR, with outliers as individual points. Blue diamonds indicate the mean for each construct.

4.3 Psychometric Constructs Correlations

To assess whether PLMs encode psychologically
coherent patterns, we examined correlations be-
tween constructs with well-established relation-
ships in the psychological literature. The observed
correlations (Table 1) closely mirror established hu-
man psychometric structures. GAD and PHQ were
strongly positively correlated and inversely related
to SoC, consistent with (Jacobson and Newman,
2017; Konttinen et al., 2008). Neuroticism exhib-
ited strong positive correlations with both GAD
and PHQ, mirroring meta-analytic findings linking
personality to psychopathology (Kotov et al., 2010).
SoC and CS showed positive correlations with
positively valenced Big5 traits and negative cor-
relations with Neuroticism, consistent with Feldt
et al. (2007) and Pommier et al. (2020) respectively.
Big5 inter-correlations followed expected patterns,
with positive associations among Openness, Con-
scientiousness, Extraversion, and Agreeableness,
while Neuroticism correlated negatively with all
other traits, consistent with Van der Linden et al.
(2010). Full correlations appear in Appendix E.

4.4 Dataset Influence on Psychometric
Constructs

After FDR correction, only adversarial natural
language inference (ANLI) showed a significant
dataset effect, specifically on depression scores
(PHQ), with models trained on ANLI (n = 15)
scoring markedly higher than those trained on other
datasets (& = +0.65). Although this subgroup is
small, ANLI-trained models are evenly distributed
across BERT, DeBERTa, and RoBERTa (n = 5

Table 1: Selected correlations between Psychometric
Constructs. Full table in Appendix E.

Correlated Pair Spearman’s p

GAD vs. PHQ 0.91 1%
PHQ vs. SoC —0.752%**
Neuroticism vs. PHQ 0.668%**
SoC vs. Neuroticism —0.527***
SoC vs. Conscientiousness 0.759%**
CS vs. Agreeableness 0.775%**
CS vs. Neuroticism —0.461%**
Conscientiousness vs. Agreeableness 0.862%**
Neuroticism vs. Openness —0.560%**

wkp < 0.001

each; see Table 14), suggesting that the association
is not specific to a single architecture. This finding
is preliminary, as only 105 of 334 models report
training data.

4.5 Architecture Influence on Psychometric
Constructs

Table 2 presents architecture effects on psychome-
tric constructs. DeBERTa and BART exhibited
the most pronounced effects, with opposing pro-
files across nearly all constructs. GPT and BERT
showed patterns similar to BART but with smaller
effect sizes. ROBERTa showed minimal effects.

4.6 Size Influence on Psychometric Constructs

Table 3 presents model size effects on psychomet-
ric constructs. Small models showed the most sig-
nificant effects, with elevated PVC (Extraversion,
SoC, Conscientiousness, CS, Openness) and re-
duced NVC (PHQ, Neuroticism). Medium models
showed the opposite pattern: elevated Neuroticism,
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Table 2: Significant Architecture Effects on Psychome-
tric Constructs. Values are Cliff’s § from one-vs-rest
comparisons (all p < .05). Positive §: architecture
scores higher than others.

Table 4: Selected Yearly Effects on Psychometric Con-
structs. Cliff’s ¢ from one-vs-rest comparisons. Positive
d: year group scores higher. 2022 and 2024 showed no
significant effects. Full results available upon request.

Construct DeBERTa BART GPT BERT RoBERTa
BIG5-Extra. —0.61 4+0.38 +0.46 +0.29 —
BIG5-Neur. +0.48 —0.57 — — —
BIG5-Open. —0.27 4+0.54 +0.38 — —0.19
BIGS-Agree. —0.40 +0.51 +0.43 — —
BIG5-Consc. —0.41 +0.30 +0.33 — —
CS —0.49 40.50 +0.28 +0.22 —
SoC —0.45 4+0.34 +0.27 +0.21 —
PHQ +0.45 —0.39 —0.32 — —
GAD +0.40 —0.40 — — —

—: p > .05 (not significant after FDR correction).

GAD, and PHQ, alongside reduced Conscientious-
ness and Extraversion. Large models showed only
reduced CS (6 = —0.20).

Table 3: Significant Model Size Effects on Psychomet-
ric Constructs. Cliff’s ¢ from one-vs-rest comparisons.
Positive J: size group scores higher than others.

Model Size Construct Cliff’s § P
Small Big5-Extraversion +0.30 < .001
SoC +0.25 < .01
Big5-Conscientiousness +0.24 < .01
PHQ —-022 <.01
Big5-Neuroticism —-0.19 < .05
CS +0.19 < .05
Big5-Openness +0.17 < .05
Medium Big5-Neuroticism +0.30 < .001
GAD +025 < .01
Big5-Conscientiousness -025 < .01
Big5-Extraversion -022 < .01
PHQ +0.20 < .05
Large CS -020 < .05

4.7 Time Influence on Psychometric
Constructs

Table 4 presents temporal effects on psychometric
constructs across our 2022-2025 cohort, of which
35% are from 2024 or later (Table 19).

4.8 Multivariate Regression

Table 5 presents OLS regression coefficients for
each predictor after controlling for the remain-
ing factors. Prior to interpretation, we confirmed
that variance inflation factors remained below five
across all specifications (maximum: 4.84), indi-
cating good distinction among predictors and ac-
ceptable multicollinearity. Additionally, Breusch-
Pagan tests revealed substantial heteroscedastic-

Year Construct Cliff’s P

2023 PHQ —-0.26 < .001
GAD -024 < .01
SoC +0.18 < .05

2025 Big5-Neuroticism +0.55 < .001
Big5-Extraversion —-0.54 < .001
GAD +0.52 < .001
PHQ +0.46 < .001
CS -035 <.01

ity, with approximately 34% of all regression mod-
els (47 of 140) exhibiting significant non-constant
variance, motivating the use of heteroscedasticity-
consistent (HC3) standard errors. Full regression
diagnostics are reported in Appendix H. All p-
values were FDR-corrected using the Benjamini-
Hochberg procedure, applied independently per
factor family.

Of the 42 effects significant in the one-vs-rest
comparisons and the multivariate regression, the ar-
chitecture and size effects were largely robust: De-
BERTa’s elevated distress and Neuroticism, along
with reduced PVC; the opposing profiles of BART
and GPT; and the small-model advantage all sur-
vived confound control. Notably, large models
gained three significant effects in the regression
that were absent in the one-vs-rest comparisons
(reduced SoC, Extraversion, and Openness), which
may reflect architecture-related variance masking
them there.

Release year did not reach significance after con-
trolling for architecture and size, and is therefore
omitted from Table 5. This suggests that the tempo-
ral effects reported in Table 4, including the 2025
cohort’s elevated distress, are better explained by
shifts in architectural composition than by indepen-
dent temporal trends.

A supplementary regression restricted to the 105
models with reported dataset metadata confirmed
that the ANLI effect on PHQ remained significant
after multivariate control (5 = 0.85, p < .001),
and revealed additional effects on SoC, Agreeable-
ness, Openness, and CS (see Appendix G). Given
the limited metadata coverage and modest sub-
group size, these findings should be interpreted
as preliminary.
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Table 5: Multivariate OLS regression coefficients with HC3 standard errors (one-vs-rest, n = 334). Each cell shows
the standardized coefficient for the binary group predictor, controlling for the other two factors. FDR-corrected per

factor family.

Factor Group PHQ GAD SoC Neur. Extra. Agree. Consc. Open. CS ASI
DeBERTa +0.61%** +0.50%** —0.42%* 40.67*** —0.96%** —0.70%** —0.67*%* —0.50%** —(0.79%** —
BART —0.76%* —0.59%  40.64%*% —1.21%**  40.78%*% 41.03%**  40.55% 41.29%** L].08*** —
GPT —0.9] % —0.55% 40.77%** — F1.26%*FF 40.94%%*  40.80%*% +0.75%* 40.75%*% —
Architecture BERT — — — —  +041* — — — — —
RoBERTa — — — — — — —  —0.40%* — —
T5 — — — — —  40.99% — — —_ —
Other — — — — 41.08*#*k  41.05%*  40.73*% 40.63**  4+0.61% —
Small —0.44%* —0.27% 40.42%%%  —0.35%* 40.58%**% 40.38%* £0.51%%F f0.4]%F 40.42%%F
Size Medium 4+0.27%  40.35%* — +0.46%*%  —(0.3]%* —  —0.42%%% — — —
Large — — —037* —  —0.31%* — —  —0.39%% —Q.54%kx

*p < .05, *¥*p < .01, ***p < .001 (FDR-corrected, HC3 standard errors). —: p > .05.

5 Discussion

Interpretation of results. The consistent asym-
metry between PVC and NVC (Figure 2) suggests
that training corpora may contain systematic co-
occurrence patterns favoring positively over nega-
tively valenced language. One possible explanation
is curation practices in the research community,
where datasets are often filtered or constructed to
favor socially desirable and non-harmful content,
a distributional signal that models may absorb and
reproduce through their entailment judgments.

The correlations between constructs (Table 1)
mirror established relationships in the psycholog-
ical literature, confirming convergent validity of
the EMPALC-measured constructs (and divergent
validity considering the missing correlations). This
coherence across 334 diverse models suggests the
patterns reflect genuine distributional properties
rather than artifacts of specific template formula-
tions, and that PLMs encode latent psychological
biases paralleling those present in their training
corpora (Demszky et al., 2023; Caron and Srivas-
tava, 2022). However, this relation is presumably
moderated by architecture and model size.

DeBERTa’s elevated distress and Neuroticism,
alongside reduced PVC, survived multivariate con-
trol, possibly reflecting inherent biases shaped by
its architectural design and its broader training
pipeline. The non-monotonic size pattern, where
small models show the most positively valenced
profiles, medium-sized models show elevated dis-
tress and Neuroticism, and large models reveal ef-
fects only after controlling for architecture, con-
trasts with prior work suggesting that increased
capacity uniformly amplifies bias (Nadeem et al.,
2021; Tal et al., 2022).

One hypothesis to test in the future is that
less prevalent patterns in training corpora require
greater model capacity to encode than dominant
ones, leading to the non-uniformity. Under this
hypothesis, small models would capture only the
dominant positively valenced signal, medium-sized
models would begin encoding less prevalent neg-
atively valenced patterns without contextualizing
them, and large models would capture and contex-
tualize both, resulting in diminished PVC without
significant distress elevation. Testing this hypothe-
sis would require controlled experiments varying
model size while holding architecture and training
data constant.

Fine-tuning on ANLI was associated with el-
evated depression scores, an effect remaining
significant after controlling for architecture and
other datasets in a supplementary regression (Ap-
pendix G), consistent with findings that training
data embeds societal biases (Yogarajan et al., 2025;
Navigli et al., 2023).

While our findings are scoped to NLI models,
which were studied because EMPALC can be ap-
plied to them directly, we hypothesize that the
observed profiles originate in the underlying pre-
trained models and their training data, and not only
in NLI fine-tuning. Similar patterns may therefore
appear in other small language models. We plan to
test this hypothesis in future work.

Summary. Together, these findings indicate that
an NLI model’s psychometric profile is associated
with its entire pipeline: architecture, size, and train-
ing data. A developer who unknowingly selects
a medium-sized DeBERTa model fine-tuned on
ANLI could be deploying a system with a latent
profile characterized by high distress and low re-
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Figure 3: Space profile card of a selected model, comparing it with the rest of the population (unfiltered accuracy)

on a horizontal box plot.

silience. Developers can no longer treat model
performance in isolation; psychometric profiling
is a critical, yet currently missing, layer of safety
auditing for NLI models. In future work, we plan
to test whether models that differ in a given con-
struct (e.g., high versus low PHQ) exhibit different
behavior on downstream tasks.

Contributed artifacts. To assist researchers in
navigating these latent profiles, we have introduced
the HF Space. This interface serves as a diagnostic
tool, allowing practitioners to look beyond tradi-
tional accuracy metrics and evaluate models based
on their positioning within a psychometric con-
struct. By providing model profiles that summarize
latent psychological profiles, we hope to encour-
age more deliberate model selection (an example
profile card is shown in Figure 3; the full model
rankings are provided in Appendix J, and the code
repositories in Appendix B).

Limitations

Our evaluation targets NLI models, a scope in-
herent to EMPALC, which requires entailment
probability distributions rather than generated text.
‘While this excludes conversational LLLMs, the vast
majority of publicly available NLI models fall well
within our hardware capacity (48 GB VRAM, RTX
6000 Ada), with the largest evaluated model at
approximately 3B parameters. NLI models are
themselves widely used in zero-shot classification

pipelines across diverse tasks (Laurer et al., 2023).
Extending psychometric evaluation to generative
architectures remains an important direction for
future work. Such an extension will require an
alternative elicitation method, as direct prompt-
based self-report assessment of generative LLMs
is known to be sensitive to phrasing (Gupta et al.,
2024).

Since model cards on HF rely on user-reported
data, the information could sometimes contain in-
accuracies. To assess training dataset reporting
reliability, we manually reviewed descriptions and
papers for 157 models and found that 97% of listed
datasets were indeed used for training.

Architecture effects may conflate structural de-
sign with differences in pre-training corpora and
fine-tuning procedures that covary with model fam-
ily. Our multivariate regression controls for size
and release year but does not include training
datasets as predictors, because only 105 of 334
models report dataset metadata; restricting the anal-
ysis to this subset reduces statistical power substan-
tially. Consequently, the architecture coefficients
may partially reflect variance attributable to fine-
tuning datasets. Separating the individual effects
of architecture and training datasets will require
either a larger population with reported training
metadata or controlled experiments training multi-
ple architectures on identical data. Future research
could also examine dataset content more deeply to
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identify specific elements that drive these biases,
with the goal of providing systematic methods to
mitigate them.

Ethical considerations

This study evaluates only publicly available pre-
trained models hosted on Hugging Face and does
not involve human participants or personal data.
We acknowledge the risk of anthropomorphization:
terms such as "anxiety" and "depression” refer to
measurable response biases in model outputs, not
to genuine psychological experiences. We cau-
tion against interpreting these scores as evidence of
machine sentience or subjective states. Addition-
ally, while our large-scale evaluation is designed
to identify psychometric biases for safety auditing,
we recognize the potential for misuse, for example,
deliberately selecting models with specific bias pro-
files for manipulative purposes. We encourage the
community to use these tools for bias mitigation
and transparency rather than exploitation.

The psychometric templates used are adapted
from validated scientific instruments, some of
which contain sensitive content by design (e.g.,
sexist statements in the Ambivalent Sexism Inven-
tory). This content is used solely for the purpose
of evaluating biases in models.
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A Reproducibility Details
A.1 Hardware

All experiments were performed on a single
NVIDIA RTX 6000 Ada GPU with 48 GB VRAM.

A.2 Hyper-parameters

Since our study evaluates pre-trained models with-
out additional fine-tuning, the relevant param-
eters pertain to the inference and assessment
pipeline. Each model was loaded using the HF
transformers library and evaluated on one premise-
hypothesis pair at a time, with dynamic padding
(padding=True) and truncation enabled. All infer-
ence was performed in FP32.

B Availability

The HF Space* includes the full assessment
pipeline: code for importing and validating
psychometric questionnaires, running the eval-
uvation on NLI models, and the interactive
interface itself. The questionnaires and their
validation notebooks are available at https:
//github.com/cnai-1lab/qpsychometric,

and the model evaluation pipeline at
https://github.com/cnai-lab/qlatent/

tree/main/qlatent/hf_model_evaluator.

C Questionnaires Validations

This section presents the validation results for the
psychometric questionnaires adapted to NLI for-
mat using the EMPALC methodology. We employ
four validation techniques: (1) content validity, as-
sessed via semantic similarity (SS), linguistic ac-
ceptability (LA), and manual curation; (2) a new
type of intra-question consistency, assessed us-
ing silhouette coefficient (SC); (3) standard (inter-
question) internal consistency, assessed using Cron-
bach’s alpha; (4) construct validity, assessed using
Spearman correlations. Table 6 presents the ques-
tionnaire factors and number of items per factor.

C.1 Content Validity

To verify that the adapted premise hypothesis pairs
preserve the meaning of the original questionnaire
items while remaining grammatically well formed,
we computed semantic similarity between original
and adapted items and assessed linguistic accept-
ability using Corpus of Linguistic Acceptability
(CoLA) (Table 7).

4https: //huggingface.co/spaces/cnai-1lab/
Qpsychometric
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Table 6: Questionnaire factors and number of items per
factor.

Questionnaire  Factor Items

N

Benev. Intimacy
Benev. Paternalism
Benev. Gender Diff.
Hostile Sexism

Mindfulness
Indifference
Disengagement
Separation
Common Humanity
Kindness

N

ASI

—_
—w

CS

Extraversion
Openness
Neuroticism
Conscientiousness
Agreeableness

Big5

LWWNDWW| R, pH

Table 7: Average Semantic Similarity (SS) and CoLA
Acceptability (CoLA) by Construct and Factor.

Questionnaire  Factor SS CoLA
Benev. Intimacy 0.758  0.871
ASI Benev. Paternalism 0.975 0.948
Benev. Gender Diff.  0.827  0.922
Hostile Sexism 0.970  0.901
Mindfulness 0.954 0.895
Indifference 0.695 0.894
cs Disengagement 0.807 0.972
Separation 0.948 0.928
Common Humanity 0.818  0.952
Kindness 0.648  0.837
Openness 0.695 0.837
Conscientiousness 0.627  0.787
Big5 Extraversion 0.589  0.895
Agreeableness 0.710  0.894
Neuroticism 0.713  0.802

Table 8: Intra-question consistency via Average Silhou-
ette Score for each questionnaire.

Questionnaire Mean Std

Big5 0.549  0.280
CS 0.505 0.245
ASI 0.448  0.269

C.2 Intra-Question Consistency

To assess whether construct terms cluster together
as expected, we computed silhouette scores across
the model population (Table 8). All three ques-
tionnaires achieved positive mean silhouette scores,
indicating that construct terms cluster more closely
with their synonyms than with their inverse terms

across intensifiers.

C.3 Inter-Question Consistency

To evaluate whether items within each question-
naire and factor measure the same underlying con-
struct, we computed Cronbach’s alpha (Table 9).
All three questionnaires achieved high total scale
reliability (o > 0.89), with most factors exceeding
the conventional 0.70 threshold.

Table 9: Internal consistency (Cronbach’s «) for each
questionnaire and its factors.

Questionnaire Factor «
Total 0.89
Openness 0.85
Big5 Conscientiousness 0.87
Extraversion 091
Agreeableness 0.92
Neuroticism 0.93
Total 091
Disengagement 0.79
Indifference 0.67
CS Separation 0.86
Mindfulness 0.68
Kindness 0.96
Common Humanity  0.91
Total 0.93
Benev. Intimacy 0.85
ASI Hostile Sexism 0.94
Benev. Paternalism 0.84
Benev. Gender Diff. 0.94

C.4 Construct Validity

To assess whether the adapted questionnaires pro-
duce theoretically expected relationships between
factors, we computed Spearman inter-correlations
for Big5 (Table 10), CS (Table 11), and ASI (Ta-
ble 12). For CS, reverse-scored factors (Indiffer-
ence, Disengagement, Separation) were recoded
so that higher values indicate greater compassion
across all factors.

D Distribution Analysis

Figure 4 presents the distribution of psychomet-
ric scores across all evaluated models. The ob-
served deviations from normality, confirmed by the
Shapiro-Wilk test (§ 4.2), motivated the adoption
of non-parametric statistical methods throughout
our analyses.
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Figure 4: Distribution of psychometric scores across all evaluated models, illustrating deviations from normality
that motivate the use of non-parametric statistical methods.

Table 10: Big5 factor inter-correlations. Agr = Agree-
ableness, C = Conscientiousness, Ext = Extraversion,

Neu = Neuroticism, OE = Openness.

nalism, H = Hostile Sexism.

Table 12: ASI factor inter-correlations. BG = Benev.
Gender Diff., Bl = Benev. Intimacy, BP = Benev. Pater-

Agr C Ext Neu OE BG BI BP H
Agr _ keksk skkek skkek skkek
C 0.862 _ stk sestesk stk BG — * *
Ext 0.781 0.816 - HokE HkE BI 0.138 _ sk Hookosk
Neu —-0.642 —-0.761 —0.686 - ok
OE 0804 0774 0806 —0560 — BP  0.109  0.878 - ok
H —0.028 0.637 0.581 -

*p < 0.05,""p < 0.01, **p < 0.001

*p < 0.05,""p < 0.01, "*p < 0.001

Table 11: CS factor inter-correlations. CH = Common
Humanity, Dis = Disengagement, Ind = Indifference,
Kin = Kindness, Min = Mindfulness, Sep = Separation.
Reverse-scored factors (Indifference, Disengagement,
Separation) were recoded so that higher values indicate
greater compassion across all factors.

F Dataset Distribution by Architecture

CH Dis Ind Kin Min Sep
CH _ kokok kokok kokok sokok kkk
Dis 0.180 _ $kok sk $kk sokok
Kin 0.331 0.588 0.474 — Heok Hkk
Min 0.568 0.374 0.252 0.539 - Aok
Sep 0.330 0.722 0.549 0.639 0.386 -

*p < 0.05, " p < 0.01, ***p < 0.001

E Construct Correlations

Table 13 presents the full pairwise Spearman corre-
lations between all psychometric constructs across

the evaluated model population.

Table 14 presents the distribution of significant
training datasets across model architectures. No-
tably, ANLI-trained models are evenly distributed

across BERT, DeBERTa, and RoBERTa (n

=5

each), suggesting that the observed ANLI associa-
tions are not specific to a single architecture. MNLI
is more broadly distributed, with DeBERTa as the

most common family. Wikipedia and FEVER ap-
pear in a smaller number of architectures, concen-

trated in ROBERTa and DeBERTa respectively.
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Table 13: Full correlations between psychometric constructs (Spearman’s p, n = 334), sorted by absolute strength

from highest to lowest.

Correlated Pair

Spearman’s p |

Correlated Pair Spearman’s p

GAD vs. PHQ 0.91 1%
Conscientiousness vs. Agreeableness 0.862%**
Extraversion vs. Conscientiousness 0.816%**
Openness vs. Extraversion 0.806%**
Openness vs. Agreeableness 0.804***
CS vs. SoC 0.781 %%
Extraversion vs. Agreeableness 0.781%**
Agreeableness vs. CS 0.775%**
Openness vs. Conscientiousness 0.774%%*
Neuroticism vs. Conscientiousness —0.761%**
SoC vs. Conscientiousness 0.759%**
PHQ vs. SoC —0.752%**
Conscientiousness vs. PHQ —0.738%*%*
Extraversion vs. PHQ —0.731%**
Openness vs. CS 0.720%**
Extraversion vs. SoC 0.708%***
CS vs. PHQ —0.704%**
Conscientiousness vs. CS 0.698***
Extraversion vs. CS 0.697***
Neuroticism vs. Extraversion —0.686%**
Agreeableness vs. PHQ —0.685%**
Neuroticism vs. GAD 0.684***
Conscientiousness vs. GAD —0.679%**

Neuroticism vs. PHQ 0.668%**
GAD vs. SoC —0.668%**
Agreeableness vs. SoC 0.664%**
Neuroticism vs. Agreeableness —0.642%**
Openness vs. PHQ —0.640%**
Extraversion vs. GAD —0.636%**
Openness vs. SoC 0.625%**
CS vs. GAD —0.601%%*
Agreeableness vs. GAD —0.600%**
Openness vs. Neuroticism —0.560%**
Neuroticism vs. SoC —0.527%**
Openness vs. GAD —0.525%**
ASI vs. PHQ 0.482%*%*
ASI vs. GAD 0.469%**
ASI vs. CS —0.468%***
Neuroticism vs. CS —0.461***
ASI vs. SoC —0.414%%*%*
ASI vs. Conscientiousness —0.371***
ASI vs. Agreeableness —0.338%**
ASI vs. Openness —0.303%**
ASI vs. Extraversion —0.303%**
ASI vs. Neuroticism 0.282%*%*

wkEp < 0.001

Table 14: Distribution of significant training datasets

across model architectures (n = 105).

Architecture ANLI MNLI Wikipedia FEVER
DeBERTa 5 15 0 4
RoBERTa 5 10 3 1
BERT 5 5 2 0
BART 0 9 0 0
Other 0 3 0 0
T5 0 1 0 0
Total 15 43 5 5

G Supplementary Dataset Regression

Table 15 presents the supplementary OLS regres-
sion with HC3 standard errors on the subset of mod-
els with reported dataset metadata (n = 105). Year
was excluded as it showed no significant effects
in the primary regression (Table 5). ANLI’s ef-
fect on PHQ remained significant after controlling
for architecture, size, and other training datasets
(B = 0.85, p < .001), confirming the one-vs-
rest finding. Additional significant ANLI effects
emerged for SoC, Agreeableness, Openness, and
CS, suggesting a broader pattern of elevated dis-
tress and reduced PVC associated with ANLI train-
ing. Beyond ANLI, FEVER (n = 5) showed signif-

icant effects on PHQ and CS, Wikipedia (n = 5) on
GAD, SoC, and ASI, and MNLI (n = 43) on Ex-
traversion and Conscientiousness. These additional
dataset effects were not observed in the one-vs-rest
comparisons on the full population and should be
considered preliminary given the reduced sample
size. Most architecture and size effects that were
significant in the full-population regression (Ta-
ble 5) did not reach significance here, consistent
with the reduced statistical power of the smaller
subset.

H Regression Diagnostics

H.1 Residual Diagnostics

To evaluate the appropriateness of OLS regression,
we assessed residual normality and homoscedas-
ticity for all 140 regression models (14 predictor
groups X 10 constructs). Table 16 summarizes
the Shapiro-Wilk and Breusch-Pagan test results
per construct, aggregated across predictor groups.
Shapiro-Wilk tests indicated that residual normality
was rarely satisfied at the p > .05 threshold, con-
sistent with the test’s known sensitivity at n = 334.
Visual inspection of per-construct Q-Q plots (Fig-
ures 5—14) confirms that most constructs show ap-
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Table 15: Supplementary OLS regression coefficients with HC3 standard errors (n = 105). Each cell shows the
standardized coefficient controlling for architecture, size, and training datasets. Year excluded (non-significant in

primary regression). FDR-corrected.

Factor Group PHQ GAD

SoC Neur.

Extra. Agree. Consc. Open. CS ASI

DeBERTa — — _—
BART — — _
BERT — _ _
Architecture GPT — _ _
RoBERTa — — —
T5 — — _
Other — _ _

— 089 — — — — —

—  40.93%* — — — — —

Small — — —
Size Medium — —
Large — — —

—  40.70%* — — — — —

—0.54% - - - — -

ANLI +0.85%** — —0.50%*
MNLI — — —
GLUE — — —
XNLI — — —
SNLI — — —
Wikipedia — —0.64* +0.42%*
FEVER +0.77* — —

Dataset

— — —0.63* — —0.55% —0.73* —
—  0.44%

— 40.51% — — —

*p < .05, ¥*p < .01, ¥**p < .001 (FDR-corrected, HC3 standard errors). —: p > .05.

proximately normal residuals with deviations con-
centrated in the distributional tails, though SoC
exhibits a more pronounced left-skew. Breusch-
Pagan tests revealed substantial heteroscedastic-
ity for Neuroticism (2/14 homoscedastic) and Ex-
traversion (1/14), while other constructs such as
PHQ, SoC, and Agreeableness showed consistent
homoscedasticity (14/14 each). This construct-
dependent heteroscedasticity motivated the use of
heteroscedasticity-consistent (HC3) standard errors
throughout all analyses. At n = 334, the Central
Limit Theorem provides asymptotic validity for co-
efficient inference despite residual non-normality.

Table 16: Residual diagnostics summary per construct,
aggregated across 14 predictor groups. SW: proportion
of regressions with Shapiro-Wilk p > .05. BP: propor-
tion with Breusch-Pagan p > .05.

Construct SW passed  BP passed
PHQ 0/14 14/14
GAD 0/14 11/14
SoC 0/14 14/14
Neuroticism 0/14 2/14
Extraversion 1/14 1/14
Agreeableness 0/14 14/14
Conscientiousness 2/14 13/14
Openness 7714 7714
CS 5/14 11/14
ASI 0/14 6/14

Pooled Residual Diagnostics — PHQ (n=4,676)
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Figure 5: Pooled residual diagnostics for PHQ (n =
4,676).

Pooled Residual Diagnostics — GAD (n=4,676)
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Figure 6: Pooled residual diagnostics for GAD (n =
4,676).
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Pooled Residual Diagnostics — SOC (n=4,676)
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Figure 7: Pooled residual diagnostics for SoC (n =
4,676).
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Figure 8: Pooled residual diagnostics for Neuroticism
(n = 4,676).
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Figure 9: Pooled residual diagnostics for Extraversion
(n =4,676).
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Figure 10: Pooled residual diagnostics for Agreeable-
ness (n = 4,676).
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Figure 11: Pooled residual diagnostics for Conscien-
tiousness (n = 4,676).
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Figure 12: Pooled residual diagnostics for Openness
(n =4,676).
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Figure 13: Pooled residual diagnostics for CS (n =
4,676).
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Figure 14: Pooled residual diagnostics for ASI (n =
4,676).

H.2 Multicollinearity

To ensure the reliability of our multivariate esti-
mates, we calculated Variance Inflation Factors
(VIF) to test for multicollinearity.

Table 17 presents the VIFs for the full-
population regression (n = 334), and Table 18 for
the dataset-subset regression (n = 105). Across
all specifications, every predictor yielded a VIF
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well below the conservative threshold of 5 (max-
imum observed VIF = 4.84). This indicates that
our predictor variables in each regression (the full-
population and the dataset-subset) are sufficiently
independent, allowing the regression models to reli-
ably isolate the distinct psychometric effect of each
feature without severe overlapping.

Table 17: Variance inflation factors for the full-
population regression (n = 334). Reference categories:
BART (architecture), Large (size), 2022 (year).

Predictor VIF

RoBERTa 4.36
DeBERTa 4.10
BERT 3.46
GPT 2.28
Small 1.81
2024 1.80
2023 1.63
Medium 1.61
2025 1.34
T5 1.25
Other 1.23

Table 18: Variance inflation factors for the dataset-
subset regression (n = 105). Reference categories:
BART (architecture), Large (size), 2022 (year).

Predictor VIF

BERT 4.84
RoBERTa  3.78
DeBERTa  3.69

MNLI 2.32
XNLI 2.11
Small 2.07
GLUE 2.04
2023 2.02
FEVER 1.96
ANLI 1.90
SNLI 1.87
Medium 1.79
GPT 1.64
Other 1.62
2024 1.55
Wikipedia  1.30
2025 1.25
T5 1.18

I Architecture Distribution by Year

Table 19 presents the distribution of model archi-
tectures across release years.

Table 19: Distribution of model architectures across
release years (n = 334).

Architecture 2022 2023 2024 2025
RoBERTa 26 72 12 6
DeBERTa 28 15 32 23
BERT 24 24 10 2
GPT 0 3 24 0
BART 13 6 4 1
Other 3 2 0 0
T5 0 1 3 0
Total 94 123 85 32

J Hugging Face Space

Figure 15 presents the full psychometric leader-
board of all evaluated models, which enables prac-
titioners to compare models by their latent psycho-
logical profiles. An example profile card is shown
in Figure 3.

K List of Acronyms

LPC latent psychological construct
LLM large language model

LM language model

7SC zero-shot classification

TC text classification

EMPALC evaluation of model psychometrics
and assessment of latent constructs
HF Hugging Face

PLM pre-trained language model

NLI natural language inference

MNLI multi-genre natural language inference
ASI 22-item ambivalent sexism inventory
GAD 7-item generalized anxiety disorder
PHQ 9-item patient health questionnaire
SoC 13-item sense of coherence

Big5 14-item big five personality traits

CS 24-item Compassion Scale

ANLI adversarial natural language inference
NLP natural language processing

SS semantic similarity

LA linguistic acceptability

SC silhouette coefficient

PVC positively valenced constructs

NVC negatively valenced constructs
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Psychometric Leaderboard @

Compare model performance across psychological evaluations

Select Questionnaire Select Task Type Filter Models by Accuracy
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Figure 15: Psychometric leaderboard ranking all evaluated models. Higher ranks indicate more positively valenced
profiles.
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