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Abstract

Large language models (LLMs) are increas-
ingly applied to automatic personality assess-
ment, yet most prior work relies on coarse bi-
nary labels and direct domain-level predictions,
limiting interpretability and ignoring the hier-
archical facet structure of personality. In this
study, we implement a structured prompting
approach with three complementary objectives:
direct domain-level prediction, fine-grained
facet-level prediction, and domain-level predic-
tion informed by facet outputs. All predictions
use a five-level ordinal label scheme, capturing
a continuum from very low to very high trait ex-
pression. Across all prompt types, we adopt an
error-guided self-refinement procedure using
in-context learning (ICL) to guide the model
toward more accurate predictions. Zero-shot
prompts assess baseline performance, while
one-shot prompts incorporate a single demon-
stration example selected through the refine-
ment procedure. Our framework evaluates both
domain- and facet-level predictions, enabling
examination of how prediction granularity and
targeted exemplar selection influence LLM in-
ference. By combining hierarchical domain-
facet relationships with structured prompting
and refinement, this work aims to provide a sys-
tematic approach for interpretable personality
assessment from long-form life narratives, with
broader implications for mental health research
where fine-grained trait-level inference from
speech can support clinical assessment.

1 Introduction

Personality is a central construct in psychology,
shaping cognition, emotion, and behaviour. The
Five-Factor Model (FFM) organizes personality
into five broad domains—Openness, Conscien-
tiousness, Extraversion, Agreeableness, and Neu-
roticism (Costa Jr and McCrae, 1992)—each com-
prising six subordinate facets, operationalized in
instruments such as the NEO-PI-R (Costa and Mc-
Crae, 2008). Facets capture unique trait variance,

show only moderate intercorrelations, and exhibit
heterogeneous behavioural and linguistic expres-
sions (DeYoung et al., 2007; Soto and John, 2017),
suggesting that predicting personality at the facet
level before aggregating to domains may improve
precision and interpretability.

Most computational approaches to personality
assessment predict personality directly at the broad
domain level using binary labels, classifying each
trait simply as high or low (Mairesse et al., 2007;
Majumder et al., 2017; Yang et al., 2023; Yeo
et al., 2025). This simplified formulation overlooks
two key aspects of the underlying psychometric
model: the hierarchical facet structure within each
domain and the continuous nature of trait expres-
sion. These limitations are particularly important
in mental health research, where Big Five traits are
linked to a wide range of psychological and behav-
ioral outcomes (Ozer and Benet-Martinez, 2006;
Kotov et al., 2010, 2017). As a result, fine-grained
personality inference from naturalistic speech may
support more scalable and interpretable assessment
approaches for both clinical and research settings
(Hussain et al., 2026; Le Glaz et al., 2021).

These gaps motivate three research questions
guiding our investigation:

RQ1 Label resolution. How does increasing label
resolution from binary to five-level ordinal
classification affect LLM performance?

RQ2 Prediction granularity. Does a hierarchi-
cal approach, predicting at the facet level and
aggregating to domain scores, yield more ac-
curate domain-level assessments than direct
domain-level prediction?

RQ3 Exemplar selection. Does semantically-
guided retrieval of in-context exemplars tar-
geting systematic errors improve performance
relative to zero-shot and static one-shot
prompting?
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To address these questions, we developed a struc-
tured prompting framework consisting of three
complementary prompt types: (i) direct domain-
level prediction, (ii) facet-level prediction, and
(iii) domain-level prediction conditioned on in-
ferred facets. Each task uses a five-level ordi-
nal scale (Very Low to Very High), requiring the
model to capture subtle trait differences. Across
all prompt types, we implement an error-guided
self-refinement procedure via in-context learning
(ICL), using task-relevant examples to improve
predictions without updating model parameters
(Dong et al., 2024; Liu et al., 2022; Madaan et al.,
2023). Zero-shot prompts assess baseline perfor-
mance, while one-shot prompts incorporate a single
demonstration example selected through the refine-
ment procedure. Facet-level predictions are used
in prompt type III to inform domain-level scores,
enabling comparisons of prediction granularity.

By combining fine-grained, five-level classifi-
cation with structured facet-to-domain reasoning
and targeted exemplar selection, this framework
provides a psychometrically informed approach to
evaluating and improving LLM-based personality
assessment from long-form narratives.

2 Related Work

2.1 Large Language Models for Personality
Assessment

The use of natural language processing for psycho-
logical and mental health assessment has gained
increasing attention in recent years (Le Glaz et al.,
2021; Sikström et al., 2025). Early work on per-
sonality prediction from text relied on handcrafted
linguistic features and lexicons, demonstrating that
stylistic and semantic cues can be predictive of
personality traits (Mairesse et al., 2007; Argamon
et al., 2007).

With the rise of neural models, representation
learning approaches based on deep architectures
further improved performance by capturing latent
semantic patterns in text (Majumder et al., 2017).
More recently, large language models (LLMs)
have enabled a shift toward prompting-based ap-
proaches, where models infer personality traits di-
rectly from text without task-specific fine-tuning.
Recent work has shown that LLMs can gener-
ate coherent personality assessments and capture
personality-relevant signals in language, suggest-
ing their potential for naturalistic personality infer-
ence (Peters et al., 2024; Rosenfelder et al., 2025;

Zhu et al., 2025a; Hussain et al., 2026).
Despite these advances, most existing ap-

proaches focus on predicting personality at the
broad domain level using coarse label spaces, often
reducing trait prediction to binary or low-resolution
classification (Mairesse et al., 2007; Majumder
et al., 2017; Yang et al., 2023). This simplified for-
mulation overlooks the continuous nature of trait
expression. In contrast, our work adopts a five-
level ordinal scheme to enable more precise and
interpretable personality inference.

2.2 Domain-Guided Structured Prompting for
Personality Inference

Recent work has explored incorporating psycho-
logical structure into prompt design to improve
the reliability of LLM-based personality assess-
ment. For example, Yang et al. (2023) proposes
questionnaire-style prompting inspired by psycho-
metric inventories, encouraging models to reason
over structured trait definitions. PADO (Yeo et al.,
2025) uses multiple LLM agents that analyze input
text from distinct linguistic perspectives to infer
relative levels of the Big Five (OCEAN) traits. Zhu
et al. (2025b) propose that when you prompt an
LLM to respond to individual items from a struc-
tured personality inventory (e.g., Big Five ques-
tionnaire items) rather than just asking for a di-
rect overall trait prediction, the model produces
more accurate personality inferences, even from
short interview or text samples. These approaches
show that grounding prompts in domain-specific
frameworks can improve alignment with human
judgments and provide more interpretable outputs.

In this work, we extend this direction by intro-
ducing a multi-stage prompting framework that first
infers facet-level traits and then conditions domain-
level predictions on these intermediate outputs.

2.3 Prompt Refinement for Personality
Inference

Iterative self-refinement can improve performance
by analyzing model outputs to identify and correct
systematic errors (Madaan et al., 2023). Rather
than relying on repeated calls to the model, refine-
ment can also be implemented via in-context learn-
ing (ICL), which provides task-relevant demonstra-
tion examples directly in the prompt, allowing the
model to adapt its predictions without updating pa-
rameters (Brown et al., 2020; Dong et al., 2024).
ICL performance depends on the quality of demon-
stration examples, with dynamically selected se-

222



mantically relevant examples outperforming ran-
dom or static choices (Liu et al., 2022; Rubin et al.,
2022).

Building on these insights, we implement an
error-guided prompt refinement strategy for person-
ality inference. ICL demonstration examples are
selected not only for semantic similarity but also to
target systematic model errors, such as consistent
mispredictions of specific traits or facets.

3 Data

3.1 SPAN: Life Narrative Interviews

This study uses Life Narrative Interview from St.
Louis Personality and Aging Network (SPAN)
study (Oltmanns et al., 2020). Participants nar-
rate life experiences through family, work, and for-
mative events in open-ended interviewer prompts.
Personality was assessed using the Big Five frame-
work, with each domain composed of six facets
as defined in the NEO-PI-R (Costa and McCrae,
2008). Details about data processing are shared in
Supplementary A.

Five-level label construction. Domain scores in
the dataset range from 0 to 192. We standardize do-
main and facet scores in our dataset before assign-
ing five-level labels. For each domain and facet, we
compute a z-score z = (x−µ)/σ using the sample
mean and standard deviation reported in Table 1.
We then assign labels using z-score cutoffs moti-
vated by standard psychometric practice for five-
band trait interpretation: very low (z < −1.5), low
(−1.5 ≤ z < −0.5), average (−0.5 ≤ z < 0.5),
high (0.5 ≤ z < 1.5), and very high (z ≥ 1.5).
These cutoffs divide the score distribution into five
meaningful bands reflecting relative trait standing
within the dataset, and are applied independently
at both the domain and facet level.

4 Method

We design a structured prompting framework with
three prompt types corresponding to different infer-
ence objectives: (1) direct domain-level prediction,
(2) facet-level prediction, and (3) domain-level pre-
diction derived from facet predictions.

We first describe the zero-shot setting to estab-
lish baseline model behavior under each prompt
type. We then extend this setup to a one-shot set-
ting, where a single demonstration example is in-
corporated into the prompt. Finally, we detail our
refinement procedure for exemplar selection, which

leverages error patterns observed in the zero-shot
setting to guide the choice of informative in-context
examples.

4.1 Prompt Types

4.1.1 Prompt Type I: Direct Domain-Level
Prediction

The first prompt type performs direct prediction
of the five personality domains (Openness, Con-
scientiousness, Extraversion, Agreeableness, and
Neuroticism) from the input text. A single prompt
is used to jointly predict all five domains, with each
domain assigned a label on a five-level ordinal scale
(Very Low, Low, Average, High, Very High).

This prompt evaluates the model’s ability to infer
high-level personality traits directly from linguistic
cues without explicit decomposition into facets. It
serves as a baseline for comparison against more
structured prediction strategies. Prompt I is imple-
mented in both zero- and one-shot settings. Exam-
ples for each setting can be found in Supplemen-
tary B.

4.1.2 Prompt Type II: Facet-Level Prediction

The second prompt type performs fine-grained pre-
diction at the facet level. For each personality do-
main, a dedicated prompt is used to predict its six
underlying facets, resulting in six facet-level pre-
dictions per domain. Each facet is framed as a
five-level ordinal classification task.

This decomposition allows the model to reason
over more specific behavioral signals within the
text. In addition, facet-level predictions provide
a mechanism for analysing systematic errors and
identifying which aspects of personality are most
challenging for the model to infer. Prompt II is also
implemented in both zero- and one-shot settings,
and examples can be found in Supplementary C.

4.1.3 Prompt Type III: Domain-Level
Prediction from Facets

The third prompt type predicts domain-level traits
based on the facet-level outputs produced by
Prompt Type II. This prompt takes as input the
previously inferred facet-level labels and the infer-
ence (reasoning) for the corresponding prediction.

This formulation enables a structured reasoning
step in which the model aggregates facet-level ev-
idence to produce a final domain-level prediction.
This approach allows the language model to learn
implicit relationships between facets and domains
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Table 1: Domain and facet-level dataset statistics showing mean, standard deviation, and transcript counts across
five-level buckets.

Facet Mean Std Very Low Low Average High Very High

Openness 113.1 18.7 94 401 621 347 113

Imagination 16.2 4.6 90 385 653 357 110
Artistic Interests 18.8 5.1 137 371 596 388 103
Emotionality 19.8 3.9 134 301 623 422 115
Adventurousness 16.0 3.9 129 448 459 432 127
Intellect 19.8 5.2 91 422 594 375 113
Liberalism 21.3 4.1 129 371 610 385 98

Conscientiousness 124.4 17.9 95 362 652 374 93

Self-Efficacy 23.4 3.3 115 297 807 268 108
Orderliness 17.7 4.1 122 295 651 424 103
Dutifulness 23.3 3.6 85 414 662 306 128
Achievement-Striving 19.0 4.1 107 318 722 374 75
Self-Discipline 21.0 4.5 147 253 696 418 81
Cautiousness 18.9 3.9 93 344 593 461 104

Extraversion 109.2 18.9 108 349 624 396 99

Friendliness 23.0 4.1 109 272 666 472 76
Gregariousness 16.7 5.0 134 368 617 399 77
Assertiveness 16.5 4.6 102 421 525 467 80
Activity Level 16.5 4.1 118 374 626 350 127
Excitement-Seeking 15.1 4.3 108 326 681 372 109
Cheerfulness 20.3 4.7 145 267 653 439 91

Agreeableness 130.9 16.1 99 347 672 335 123

Trust 21.9 4.2 118 286 557 563 71
Morality 22.6 4.1 121 332 620 414 108
Altruism 24.3 3.4 133 322 578 461 101
Cooperation 19.2 3.8 113 394 657 317 115
Modesty 20.0 4.1 99 282 793 334 87
Sympathy 21.8 3.4 93 439 570 375 117

Neuroticism 73.0 21.3 86 421 626 317 126

Anxiety 12.9 4.8 72 451 632 342 99
Anger 10.9 4.5 97 389 696 282 131
Depression 11.2 5.3 79 446 614 329 127
Self-Consciousness 13.2 4.2 61 539 568 295 132
Immoderation 15.1 4.2 79 363 712 324 117
Vulnerability 9.0 3.9 103 418 587 370 118

through contextual reasoning. Prompt III is identi-
cal for both zero-shot and one-shot settings because
its primary role is to perform evidence aggregation
from Prompt II, rather than generating predictions
from raw transcripts itself. The example prompt is
shared in the Supplementary D.

4.2 Zero-Shot Prompting
In the zero-shot setting, both Prompt I and Prompt
II are executed without any labeled examples. This
setup evaluates the model’s inherent ability to per-
form personality inference across different levels
of abstraction.

All zero-shot prompts follow a consistent struc-
ture using the standard system + user format. The
system prompt defines the model’s role and task,
while the user prompt provides the input transcript.

Each system prompt consists of the following com-
ponents:(1) Expert Role Definition: The model is
instructed to act as an expert personality psycholo-
gist with training in computational psycholinguis-
tics, (2) Task Contextualization: For domain-level
prompts (Prompt I), concise definitions of the five
personality domains are provided. For facet-level
prompts (Prompt II), definitions of the six facets
within the target domain are included, (3) Ana-
lytic Directive: The model is instructed to analyze
linguistic and behavioral cues in the text and as-
sign ratings based on the provided definitions, (4)
Reasoning Directive: The model is encouraged
to justify each prediction using evidence from the
text, promoting more grounded inferences, (5) Con-
strained Output Schema: Outputs are required in

224



a structured JSON format, including the predicted
label, a brief rationale, and supporting evidence.

4.3 One-Shot Prompting with In-Context
Refinement

To improve prediction accuracy, we extend both
Prompt I and Prompt II with a one-shot configura-
tion that incorporates a single demonstration exam-
ple. This example is selected using the error-guided
refinement procedure described in Section 4.4.

In the one-shot setting, the prompt retains the
same structure as the zero-shot version but is aug-
mented with two additional components: (1) Ex-
emplar Demonstration: A labeled transcript is pro-
vided prior to the target input, including both the
text and its corresponding domain or facet annota-
tions, (2) Instructional Alignment: The model is
explicitly instructed to use the demonstration as a
reference for identifying relevant linguistic patterns
and applying that knowledge when analyzing the
target transcript.

We adopt a one-shot design to balance perfor-
mance gains with prompt length constraints, par-
ticularly given the inclusion of long narrative tran-
scripts and detailed facet definitions. Prior work
has shown that excessive context length can reduce
effective utilization of relevant information (Liu
et al., 2024; Chang et al., 2024).

This unified prompting framework allows us to
systematically compare: (i) direct vs. hierarchically
structured prediction, (ii) domain vs. facet-level
reasoning, and (iii) zero-shot vs. refinement-based
ICL.

4.4 Error-Guided Refinement with
In-Context Learning

We implement refinement through in-context learn-
ing (ICL). In our framework, the selection of
demonstration examples is treated as a refinement
decision. We first analyze where and how the
model fails and then identify examples that tar-
get these failure modes. These examples are then
incorporated into the prompt at inference time.

Error Analysis. The refinement loop begins with
an automated error analysis on the training set. The
model is first run in zero-shot mode. For Prompt I
(domain-level prediction), misclassification is cal-
culated at the domain level, while for Prompt II
(facet-level prediction), it is calculated for each
facet within a domain. Errors are decomposed
into overestimation (predicting higher than ground

truth) and underestimation (predicting lower than
ground truth), as these require opposite corrective
examples. A model that consistently overestimates
a facet needs to be shown examples of low trait ex-
pression, while a model that underestimates needs
examples of high trait expression. For Prompt I
(domain-level prediction), we identify the two do-
mains with the highest misclassification rates, and
for Prompt II (facet-level prediction), we similarly
identify the two facets with the highest misclas-
sification rates per domain as primary targets for
refinement. Selecting the top two targets balances
focused error correction with generalizability. Im-
proving these high-error domains or facets domains
can also yield moderate gains in non-targeted do-
mains or facets due to inter-domain and inter-facet
correlations (Soto and John, 2017).

Example Pool and Directional Selection. To
support the refinement process, we construct sep-
arate candidate example pools for Prompt I and
Prompt II. For Prompt I, the pool contains training
examples covering all label levels for each domain,
while for Prompt II, the pool covers all label levels
for each facet. Once the error analysis identifies
the target domains or facets and their dominant
error direction, we filter the respective pool accord-
ingly. For overestimated targets, we retain only
examples with ground-truth very-low or low labels;
for underestimated targets, we retain only exam-
ples with ground-truth very-high or high labels.
This directional filtering ensures that the selected
demonstration is corrective for the specific failure
mode identified.

Semantic Similarity Filtering. Directional filter-
ing narrows the candidate set but does not guaran-
tee that the retrieved demonstration is semantically
aligned with the input transcript. To address this,
we apply a second filtering step based on seman-
tic similarity. All transcripts are embedded using
OpenAI’s text-embedding-3-small model, and
cosine similarity is computed between the target
transcript and candidate pool transcripts. The top-1
most similar transcript is selected for demonstra-
tion. Retrieval is implemented using FAISS for
efficient nearest-neighbor search (Liu et al., 2022).

5 Experiment Design

All experiments use GPT-4o with temperature set
to 0.0 for deterministic outputs. Each transcript
is processed independently, and model outputs are
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Table 2: Zero-shot Micro-F1 across three label resolu-
tions - binary, three, and five-class resolution.

Domain Binary 3-class 5-class
Openness 0.80 0.59 0.34
Conscientiousness 0.94 0.63 0.25
Extraversion 0.64 0.52 0.32
Agreeableness 0.87 0.70 0.28
Neuroticism 0.46 0.41 0.27

parsed to extract predicted labels.
The dataset is partitioned into disjoint training

(50%) and test (50%) sets. The training set is
used exclusively to construct the candidate pool for
demonstration selection during in-context learning
and for error analysis in the refinement procedure.
The test set is used for final evaluation of each
prompt performance, ensuring no data leakage.

We construct the example pool from the train-
ing partition of 788 transcripts. Specifically, all
exemplar candidate transcripts are drawn exclu-
sively from the training set, since no test transcript
appears in the candidate pool at any point during
the exemplar selection or error analysis. This en-
sures strict separation between evaluation and re-
finement.

To ensure sufficient coverage for the exemplar se-
lection across all domains, facets, and label levels,
we verify that every domain and facet–label-level
combination is represented by at least 30 transcripts
in the pool. Because every transcript carries labels
for all 5 domains and 30 facets simultaneously, a
single transcript contributes to multiple domains
and facet-level.

We structure our evaluation around the three re-
search questions from Section 1, examining the
impact of label resolution, hierarchical facet-to-
domain prediction, and error-guided in-context
learning refinement. For each prompt type, we com-
pare zero-shot and one-shot configurations, and an-
alyze zero-shot errors to motivate the refinement
process. We also conduct ablation studies to iso-
late the effects of error-guidance and contextual
similarity in the refinement pipeline.

To complement Micro-F1 with a metric that re-
flects the ordinal structure of the label scheme, we
additionally report ordinal tolerance accuracy. This
metric measures the proportion of predictions that
fall within one label of the true value, capturing
near-miss performance that exact-match metrics do
not reflect (Weber et al., 2025). For example, on a
five-level scale, a prediction of High when the true
label is Average represents a meaningfully smaller

error than a prediction of Very Low, and ordinal tol-
erance accuracy captures this distinction in a way
that Micro-F1 does not.

6 Results

6.1 Effect of Label Resolution

We first evaluate zero-shot performance across dif-
ferent label resolutions. Micro-F1 in Table 2 shows
performance declines as the task shifts from bi-
nary to multi-level prediction. The largest relative
drop between binary and 5-level is observed for
Conscientiousness (73.4%), followed by Agree-
ableness (67.8%), Openness (57.5%), and Extraver-
sion (50.0%). Neuroticism shows a comparatively
smaller decrease (41.3%).

These results show that fine-grained personality
prediction is substantially more challenging than
coarse binary classification, motivating the need for
structured prediction strategies at higher resolution.

6.2 Impact of Prediction Granularity

In Table 3, we examine whether modeling personal-
ity at the facet level improves domain-level predic-
tion by comparing output of Prompt I and Prompt
III.

Under zero-shot prompting, Prompt Type III im-
proves over Prompt Type I across all domains, with
gains for Openness (+8.8%), Conscientiousness
(+28.0%), Extraversion (+18.8%), Agreeableness
(+17.9%), and Neuroticism (+33.3%). This sug-
gests that incorporating facet-level structure im-
proves performance, though not uniformly.

Under one-shot prompting, the improvements
are larger, with Prompt Type III outperforming
Prompt Type I for Openness (+36.4%), Conscien-
tiousness (+60%), Extraversion (+27.3%), Agree-
ableness (+33.3%), and Neuroticism (+34.5%), in-
dicating that facet-level reasoning becomes more
effective when combined with exemplar guidance.

6.3 Effect of Error-Guided Exemplar
Selection

6.3.1 Zero-Shot Error Analysis
To guide exemplar selection for prompt refinement,
we first examine systematic errors under zero-shot
prompting (Table 4) to identify directional biases.

At the domain level, Openness, Conscientious-
ness, and Agreeableness are predominantly over-
estimated (76.3%, 90.7%, and 83.3% of errors, re-
spectively), while Neuroticism is mainly underesti-
mated (59.0%). Extraversion shows more balanced
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Table 3: Domain-level Micro-F1 scores on test set for Prompt Type I (Direct Domain Prediction) and Prompt Type
III (Domain from Facets). Bold indicates the best overall score per domain, while underlined values indicate the
best score within Prompt Type I.

Domain Prompt Type I: Direct Domain Prompt Type III: Domain from Facets
Zero-Shot One-Shot Zero-Shot One-Shot

Openness 0.34 0.33 0.37 0.45
Conscientiousness 0.25 0.25 0.32 0.40
Extraversion 0.32 0.33 0.38 0.42
Agreeableness 0.28 0.30 0.33 0.40
Neuroticism 0.27 0.29 0.36 0.39

errors (45.1% under vs. 54.9% over), indicating
weaker directional bias.

Facet-level results closely mirror domain-level
trends: facets under Openness, Conscientious-
ness, Extraversion, and Agreeableness are predom-
inantly overestimated, while Neuroticism facets
show strong underestimation. This alignment sug-
gests that domain-level biases arise from systematic
misclassification patterns originating at the facet
level. We identify the top two contributing domains
and facets per domain to implement error correc-
tion for Prompt I and Prompt II, respectively.

6.3.2 Performance Impact of Refinement
As observed in Tables 3 and 5, one-shot prompting
generally improves performance over zero-shot at
both domain and facet levels.

Domain-level improvements. At the domain
level (Table 3), Prompt Type I shows only marginal
gains from zero-shot to one-shot, within ±7% for
most traits, indicating limited ability to leverage
exemplars at a coarse domain level. In contrast,
Prompt Type III, which aggregates facet-level infor-
mation, achieves larger improvements: +21.6% for
Openness, +25.0% for Conscientiousness, +10.5%
for Extraversion, +21.2% for Agreeableness, and
+8.3% for Neuroticism. These results highlight
that facet-informed aggregation better translates
exemplar guidance into domain-level gains.

Facet-level improvements. Targeting the top
two most misclassified facets in each domain (Ta-
ble 4) improves both the selected facets and non-
targeted facets, demonstrating a clear “trickle-
down” effect (Table 5).

In Openness, focusing on Emotionality (85.8%
over) and Adventurousness (67.6% over) im-
proves Micro-F1 by 20.4% and 19.8%, respec-
tively, with additional gains of 4.7–6.7% for most
other facets. For Conscientiousness, targeting Du-
tifulness (80.5% over) and Achievement-Striving
(87.6% over) increases these facets by 29.9% and

31.4%, with smaller improvements of 5.1–16.2%
in the remaining facets. In Extraversion, correct-
ing Gregariousness (62.7% over) and Excitement-
Seeking (63.6% over) yields approximately 5–14%
gains across all facets. Agreeableness sees large
improvements in Altruism (91.4% over, +30.7%)
and Sympathy (91.0% over, +38.6%), with modest
7.7–13.3% gains for non-targeted facets. Finally,
Neuroticism, targeting Anxiety (53.3% under) and
Self-Consciousness (83% under), improves these
facets by 13.8% and 24.8%, respectively, while
other facets show smaller gains or slight decreases,
reflecting weaker inter-facet correlations in this do-
main.

Translation to domain-level gains. These facet-
level improvements directly contribute to the
stronger domain-level performance of Prompt Type
III, where zero- to one-shot gains range from 8–
25%, compared with only 0–7% for Prompt Type
I. This underscores how exemplar-guided, facet-
informed prompting more effectively enhances
overall predictions.

Exemplar guidance vs Random guidance. As
an additional comparison, we evaluate a random
one-shot baseline by randomly sampling one train-
ing example for each facet. The process was re-
peated 100 times and averaged for stability. The
random baseline achieves an average facet-level
Micro-F1 of 0.293, compared to 0.347 for the pro-
posed error-guided one-shot strategy (Prompt Type
II; Table 5). These results indicate that the ob-
served improvements arise from targeted exemplar
selection rather than merely including an arbitrary
demonstration example.

6.4 Ordinal Tolerance Analysis
We additionally report ordinal tolerance accuracy
for Prompt Type III domain-level predictions to
complement Micro-F1 in Table 6. Tolerance accu-
racy evaluates model performance beyond exact-
match accuracy, which measures the proportion
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Table 4: Domain- and facet-level misclassification anal-
ysis on train set under zero-shot prompting. The table
reports overall misclassification rate (%), along with
the proportion of overestimation and underestimation
errors expressed as percentages of total misclassifica-
tions (normalized such that Over + Under = 100%). The
dominant error type per domain is shown in bold, and
the top two most misclassified facets per domain are
underlined.

Domain / Facet Miss (%) Over (%) Under (%)

Openness 65.59 76.30 23.70
Imagination 61.58 40.56 59.44
Artistic Interests 60.51 58.71 41.29
Emotionality 71.97 85.79 14.21
Adventurousness 67.52 67.64 32.36
Intellect 61.25 61.37 38.63
Liberalism 60.36 52.53 47.47

Conscientiousness 74.67 90.66 9.34
Self-Efficacy 66.94 82.15 17.85
Orderliness 62.49 38.51 61.49
Dutifulness 71.72 80.48 19.52
Achievement-Striving 73.72 87.61 12.39
Self-Discipline 61.09 63.30 36.70
Cautiousness 63.64 42.87 57.13

Extraversion 67.33 54.91 45.09
Friendliness 57.87 60.26 39.74
Gregariousness 64.88 62.65 37.35
Assertiveness 60.84 66.41 33.59
Activity Level 62.41 63.83 36.17
Excitement-Seeking 66.47 63.57 36.43
Cheerfulness 60.26 54.16 45.84

Agreeableness 71.45 83.30 16.70
Trust 57.71 66.15 33.85
Morality 66.36 69.94 30.06
Altruism 77.16 91.44 8.56
Cooperation 64.17 63.56 36.44
Modesty 55.98 60.39 39.61
Sympathy 79.21 91.02 8.98

Neuroticism 72.92 41.03 58.97
Anxiety 64.09 46.67 53.33
Anger 62.50 31.44 68.56
Depression 63.16 61.99 38.01
Self-Consciousness 65.62 17.03 82.97
Immoderation 59.70 46.16 53.84
Vulnerability 63.52 45.41 54.59

of predictions falling within one label of the true
value on the five-point scale. Unlike Micro-F1, this
metric captures the clinical relevance of near-miss
predictions, where a one-level discrepancy carries
less consequence than a large ordinal error.

At the domain level, Prompt Type III achieves
consistently high ordinal tolerance across all five
domains under both zero-shot and one-shot prompt-
ing, with overall accuracies of 82.5% and 81.1%,
respectively. This indicates that most domain-level
predictions remain within one label of the ground
truth regardless of prompting strategy.

The results also suggest a directional effect of
error-guided exemplar selection. One-shot exem-
plars are intentionally selected to correct systematic
overestimation or underestimation, which helps re-

Table 5: Facet-level Micro-F1 scores on test set for
Prompt Type II: Facet-Level Prediction. Bold indicates
the best score per facet.

Facet Zero-Shot One-Shot

Openness
Imagination 0.387 0.410
Artistic Interests 0.401 0.428
Emotionality 0.275 0.331
Adventurousness 0.313 0.375
Intellect 0.398 0.391
Liberalism 0.402 0.421

Conscientiousness
Self-Efficacy 0.315 0.366
Orderliness 0.385 0.416
Dutifulness 0.271 0.352
Achievement-Striving 0.245 0.322
Self-Discipline 0.373 0.433
Cautiousness 0.372 0.391

Extraversion
Friendliness 0.409 0.467
Gregariousness 0.351 0.401
Assertiveness 0.383 0.422
Activity Level 0.376 0.405
Excitement-Seeking 0.334 0.368
Cheerfulness 0.409 0.428

Agreeableness
Trust 0.428 0.461
Morality 0.340 0.308
Altruism 0.231 0.302
Cooperation 0.355 0.396
Modesty 0.421 0.477
Sympathy 0.207 0.287

Neuroticism
Anxiety 0.355 0.404
Anger 0.367 0.270
Depression 0.394 0.391
Self-Consciousness 0.326 0.407
Immoderation 0.417 0.391
Vulnerability 0.360 0.392

cover exact label matches and improves Micro-F1
across all domains. At the same time, this stronger
corrective behavior can occasionally shift predic-
tions farther from the true label for samples that
were already within one adjacent category under
zero-shot prompting, leading to a small reduction
in ordinal tolerance. This trade-off is reflected in
Table 3, where one-shot prompting improves exact
classification performance while maintaining com-
parably high ordinal consistency in Table 6. Future
work could explore softer ordinal-aware correction
strategies that better balance exact-match accuracy
and near-miss predictions.

6.5 Ablation Analysis
We performed an ablation study to isolate the con-
tributions of error guidance and semantic similar-
ity in exemplar selection for Prompt Type III (Ta-
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Table 6: Ordinal tolerance accuracy (%) for Prompt
Type III (Domain from Facets), reporting the proportion
of domain-level predictions falling within one label of
the true value under zero-shot and one-shot prompting.

Domain Zero-Shot One-Shot
Openness 86.4 84.7
Conscientiousness 81.6 77.9
Extraversion 83.5 81.1
Agreeableness 80.0 78.8
Neuroticism 80.8 83.1
Overall 82.5 81.1

Table 7: Ablation of exemplar selection. Domain-level
Micro-F1 is shown for full one-shot (error + similarity),
error-guided only, and similarity-guided only selection.
Bold indicates the best score per domain.

Domain Full Error Similarity
One-Shot Only Only

Openness 0.45 0.40 0.42
Conscientiousness 0.40 0.37 0.38
Extraversion 0.42 0.37 0.39
Agreeableness 0.40 0.36 0.37
Neuroticism 0.39 0.34 0.34

ble 7). Using only error-guided exemplars, where
examples are randomly selected from the subset
of instances chosen based on error direction (i.e.,
selecting low or very low for overestimated facets
and vice versa), reduces domain-level Micro-F1
by 7-12%, reflecting the inclusion of less relevant
examples without error-guidance.

Selecting exemplars solely based on similarity,
i.e., choosing the most semantically relevant exam-
ples without first filtering based on error direction,
leads to smaller reductions per domain (5–12%)
compared to error-guided exemplars.

Integrating both error guidance and similarity
yields the best performance. This demonstrates
that error guidance focuses the model on the most
problematic facets, while similarity ensures the
selected exemplars are contextually relevant. The
synergy of these components explains why Prompt
Type III outperforms other strategies.

7 Discussion

This study examined how prompting strategies,
prediction granularity, and label resolution affect
LLM-based personality assessment from life nar-
ratives. Our results demonstrate that incorporat-
ing hierarchical facet structure improves domain-
level predictions compared with direct domain-
level prompting. By modeling finer-grained facets,
the model can capture subtle linguistic cues often
missed at the coarse domain level. Higher label

resolution (5-level) increases task difficulty, mak-
ing facet-level modeling and exemplar guidance
especially valuable.

Exemplar-based one-shot prompting is most ef-
fective at the facet-to-domain prompt, serving as
targeted corrections for high-error facets. Improve-
ments in these facets propagate to non-targeted
facets within the same domain, mostly produc-
ing a positive “trickle-down” effect, though the
magnitude varies depending on inter-facet correla-
tions (DeYoung et al., 2007; Soto and John, 2017;
Costa and McCrae, 2008). For example, domains
such as Openness, Conscientiousness, and Agree-
ableness exhibit moderate correlations, resulting in
mostly positive spillover effects, whereas Neuroti-
cism facets are weakly correlated and show more
heterogeneous improvements.

Structuring predictions hierarchically, first at
the facet level and then aggregating to the do-
main level, allows exemplar-based corrections to
translate into domain-level improvements. This
approach provides practical guidance for applied
LLM-based personality assessment, especially un-
der multi-level label schemes.

The clinical relevance of this work extends be-
yond methodology. Big Five personality domains,
particularly Neuroticism and Agreeableness, have
established links to psychopathology, treatment ad-
herence, and mental health outcomes(Kotov et al.,
2010; Ozer and Benet-Martinez, 2006). Accurate
fine-grained personality inference from life narra-
tives could therefore support scalable mental health
research by enabling automated trait assessment
through text. While current performance levels
position this framework as a research tool rather
than a clinical instrument, the ordinal tolerance
accuracy exceeding 82% at the domain level for
Prompt Type III suggests meaningful signal cap-
ture. Validation against clinician-rated assessments
represents a necessary next step toward clinical
translation.

8 Conclusion

Incorporating facet-level prediction with error-
guided exemplar refinement enhances LLM-based
personality assessment, particularly at higher la-
bel resolutions. Aggregating facet predictions
consistently improves domain-level performance
and demonstrates the benefits of hierarchically
structured prompting for more accurate and inter-
pretable personality inference.
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Ethics Statement

Personality assessment, particularly using auto-
mated tools, raises several ethical concerns. This
study uses data from the SPAN study, which was ap-
proved by the Washington University in St. Louis
Institutional Review Board. All transcripts are
anonymized, personally identifiable information
has been removed, and participants provided writ-
ten informed consent as part of the original SPAN
study protocol. We emphasize that LLM-based
personality predictions should not be used as stan-
dalone clinical judgments. Instead, they are in-
tended to provide supplementary insights, for ex-
ample, in behavioral research or exploratory mental
health studies. Misinterpretation or over-reliance
on model outputs could lead to harmful conse-
quences, particularly in sensitive contexts such as
therapy, hiring, or legal settings. Researchers and
practitioners should treat model outputs as prob-
abilistic suggestions rather than definitive evalua-
tions.

Limitations

While facet-based aggregation improves domain-
level predictions, performance is still constrained
by facets with abstract or sparsely expressed cues.
Future work could explore decoupled facet-level
prompting, where each facet is modeled indepen-
dently before aggregation, potentially reducing er-
ror propagation and improving coverage of addi-
tional facets. Shorter-text sources such as social
media posts may also provide complementary ex-
emplars for more scalable refinement and out-of-
distribution evaluation.

Another consideration is the label distribution in
the dataset. Approximately 40% of transcripts re-
ceive an average label, while the very low and very
high categories together account for only about
14% of observations, contributing to lower perfor-
mance on extreme trait levels. Future work could
improve robustness for these underrepresented cat-
egories through targeted sampling or cost-sensitive
learning.

Finally, the ground-truth labels are derived from
self-report NEO assessments rather than clinician-
rated evaluations. Since self-perceived and exter-
nally observed traits may differ, further validation
with clinician-rated personality assessments would
strengthen the framework’s clinical applicability.
Nonetheless, the model demonstrates meaningful
predictive performance despite this cross-modality

setting, suggesting that naturalistic speech captures
informative personality signals.
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A Data Preprocessing

Transcripts were anonymized, and initial acknowl-
edgments were removed. Punctuation and casing
were preserved to retain the natural structure of
the narratives. Each transcript ranges from approx-
imately 1,100 to 7,900 tokens, with an average

231



of 2,500 words. We removed 170 transcripts out
of 1,408 total since they were either too short or
too long, to avoid length-based bias in the exper-
iments. We used the OpenAI text-embedding-3-
small model with a context window of 8,191 to-
kens, ensuring that none of the transcripts were
truncated.

B Prompt I Example

Figure 1 shows an example of a direct domain-
level prompt in a zero-shot setting. Figure 2 shows
an example of a direct domain-level prompt in a
one-shot setting.

C Prompt II Example

Figure 3 shows an example of a facet-level prompt
in a zero-shot setting. Figure 4 shows an example
of a facet-level prompt in a one-shot setting.

D Prompt III Example

Figure 5 shows an example of Prompt III, which ag-
gregates the evidence gathered by Prompt II to pre-
dict the domain-level label. This prompt is identical
for both zero-shot and one-shot settings because
its primary role is to perform evidence aggregation
from Prompt II, rather than generating predictions
from raw transcripts itself.
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Prompt I: Zero-Shot Domain-Level Configuration

1. Expert Role Definition (System Prompt) You are an expert personality psychologist specializing in computational

psycholinguistics. Your task is to evaluate linguistic evidence in text transcripts to infer personality domain levels for all
five Big Five domains: Openness, Conscientiousness, Extraversion, Agreeableness, Neuroticism.

2. Task Contextualization (Trait Domain Definitions) Domain Definitions and Characteristics:

• Openness: Broad, complex, and imaginative mental life. Enjoys new experiences and abstract ideas.
• Conscientiousness: Organized, responsible, self-disciplined, and goal-oriented behavior.
• Extraversion: Energetic engagement with others, sociable, assertive, and positive affect.
• Agreeableness: Compassionate, cooperative, trusting, and considerate toward others.
• Neuroticism: Tendency toward emotional instability, anxiety, and negative affect.

3. Analysis and Reasoning Directive
1. Read the transcript carefully.
2. Identify linguistic, thematic, and behavioral cues relevant to each domain.
3. Assign a rating for all five domains.
4. Justify each rating using evidence from the transcript.

4. Rating Scale
• very high: strong evidence of high domain trait
• high: moderate evidence of high domain trait
• average: mixed evidence
• low: moderate evidence of low domain trait
• very low: strong evidence of low domain trait

5. Constrained Output Schema
{
"Openness": {"rating": "...", "inference": "...", "quote": "..."},
"Conscientiousness": {"rating": "...", "inference": "...", "quote": "..."},
"Extraversion": {"rating": "...", "inference": "...", "quote": "..."},
"Agreeableness": {"rating": "...", "inference": "...", "quote": "..."},
"Neuroticism": {"rating": "...", "inference": "...", "quote": "..."}
}

6. Input Transcript (User Prompt)
[Insert transcript text here]

Figure 1: Zero-shot configuration for Prompt I, showing system role, domain definitions, analysis procedure, and
output format.
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Prompt I: One-Shot Domain-Level Configuration

1. Expert Role Definition (System Prompt) You are an expert personality psychologist specializing in computational

psycholinguistics. Your task is to evaluate linguistic evidence in text transcripts to infer personality domain levels for all
five Big Five domains: Openness, Conscientiousness, Extraversion, Agreeableness, Neuroticism.

2. Task Contextualization (Trait Domain Definitions) Domain Definitions and Characteristics:

• Openness: Broad, complex, and imaginative mental life. Enjoys new experiences and abstract ideas.
• Conscientiousness: Organized, responsible, self-disciplined, and goal-oriented behavior.
• Extraversion: Energetic engagement with others, sociable, assertive, and positive affect.
• Agreeableness: Compassionate, cooperative, trusting, and considerate toward others.
• Neuroticism: Tendency toward emotional instability, anxiety, and negative affect.

3. Analysis and Reasoning Directive
1. Read the transcript carefully.
2. Identify linguistic, thematic, and behavioral cues relevant to each domain.
3. Assign a rating for all five domains.
4. Justify each rating using evidence from the transcript.

4. Exemplar Demonstration

[Insert labeled transcript example with domain ratings here]

5. Instructional Alignment
Use the exemplar demonstration as a reference to guide your pattern recognition and ensure consistent reasoning when
predicting domain-level ratings for the target transcript.

6. Rating Scale
• very high: strong evidence of high domain trait
• high: moderate evidence of high domain trait
• average: mixed evidence
• low: moderate evidence of low domain trait
• very low: strong evidence of low domain trait

7. Constrained Output Schema
{
"Openness": {"rating": "...", "inference": "...", "quote": "..."},
"Conscientiousness": {"rating": "...", "inference": "...", "quote": "..."},
"Extraversion": {"rating": "...", "inference": "...", "quote": "..."},
"Agreeableness": {"rating": "...", "inference": "...", "quote": "..."},
"Neuroticism": {"rating": "...", "inference": "...", "quote": "..."}
}

8. Input Transcript (User Prompt)
[Insert target transcript text here]

Figure 2: One-shot configuration for Prompt I, showing system role, domain definitions, analysis procedure,
exemplar, and output format.
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Prompt II: Zero-Shot Configuration

1. Expert Role Definition (System Prompt) You are an expert personality psychologist specializing in computational

psycholinguistics. Your task is to evaluate linguistic evidence in text transcripts to infer personality facet levels for [Big
Five domain, e.g., “Openness to Experience”].

2. Task Contextualization (Trait Facet Definitions) Trait Description: Openness reflects the breadth, depth, and

complexity of an individual’s mental and experiential life.

Facet Definitions and Characteristics:
• Imagination (PNEOO1):

– High: Vivid imagination, enjoys fantasy and daydreaming.
– Low: Concrete thinking, rarely engages in imaginative or abstract thought.

• Artistic Interests (PNEOO2):
– High: Values and appreciates art, music, and aesthetic experiences.
– Low: Avoids artistic activities, shows little interest in creative or cultural pursuits.

• Emotionality (PNEOO3):
– High: Expresses emotions vividly and demonstrates empathy.
– Low: Emotionally restrained, seldom reflects or communicates feelings.

• Adventurousness (PNEOO4):
– High: Seeks novelty and variety, enjoys exploring new experiences.
– Low: Prefers routine and familiar environments, avoids unfamiliar situations.

• Intellect (PNEOO5):
– High: Enjoys abstract thinking, complex problem-solving, and analytical reasoning.
– Low: Avoids complexity, prefers concrete or simple tasks.

• Liberalism (PNEOO6):
– High: Endorses progressive values and openness to change.
– Low: Holds traditional views, resists unconventional or progressive ideas.

3. Analysis and Reasoning Directive
1. Read the transcript carefully.
2. Identify linguistic and thematic cues.
3. Assign ratings for all six facets.
4. Justify each rating with inference and direct quote from the transcript.

4. Rating Scale
• very high: strong evidence of high trait
• high: moderate evidence of high trait
• average: mixed evidence
• low: moderate evidence of low trait
• very low: strong evidence of low trait

5. Constrained Output Schema
{
"PNEOO1_scaled": {"rating": "...", "inference": "...", "quote": "..."},
...
"PNEOO6_scaled": {...}
}

6. Input Transcript (User Prompt)
[Insert transcript text here]

Figure 3: Zero-shot configuration for Prompt II, showing system role, domain definitions, analysis procedure, and
output format.
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Prompt II: One-Shot Configuration

1. Expert Role Definition (System Prompt) You are an expert personality psychologist specializing in computational
psycholinguistics. Your task is to evaluate linguistic evidence in text transcripts to infer personality facet levels for [Big
Five domain, e.g., “Openness to Experience”].
2. Task Contextualization (Trait Facet Definitions) Trait Description: Openness reflects the breadth, depth, and
complexity of an individual’s mental and experiential life.
Facet Definitions and Characteristics:

• Imagination (PNEOO1):
– High: Vivid imagination, enjoys fantasy and daydreaming.
– Low: Concrete thinking, rarely engages in imaginative or abstract thought.

• Artistic Interests (PNEOO2):
– High: Values and appreciates art, music, and aesthetic experiences.
– Low: Avoids artistic activities, shows little interest in creative or cultural pursuits.

• Emotionality (PNEOO3):
– High: Expresses emotions vividly and demonstrates empathy.
– Low: Emotionally restrained, seldom reflects or communicates feelings.

• Adventurousness (PNEOO4):
– High: Seeks novelty and variety, enjoys exploring new experiences.
– Low: Prefers routine and familiar environments, avoids unfamiliar situations.

• Intellect (PNEOO5):
– High: Enjoys abstract thinking, complex problem-solving, and analytical reasoning.
– Low: Avoids complexity, prefers concrete or simple tasks.

• Liberalism (PNEOO6):
– High: Endorses progressive values and openness to change.
– Low: Holds traditional views, resists unconventional or progressive ideas.

3. Analysis and Reasoning Directive
1. Read the transcript carefully.
2. Identify linguistic and thematic cues.
3. Assign ratings for all six facets.
4. Justify each rating with inference and direct quote from the transcript.

4. Exemplar Demonstration

[Insert labeled transcript example with domain ratings here]

5. Instructional Alignment
Use the exemplar demonstration as a reference to guide your pattern recognition and ensure consistent reasoning when
predicting domain-level ratings for the target transcript.
6. Rating Scale

• very high: strong evidence of high trait
• high: moderate evidence of high trait
• average: mixed evidence
• low: moderate evidence of low trait
• very low: strong evidence of low trait

7. Constrained Output Schema
{
"PNEOO1_scaled": {"rating": "...", "inference": "...", "quote": "..."},
...
"PNEOO6_scaled": {...}
}

8. Input Transcript (User Prompt)
[Insert target transcript text here]

Figure 4: One-shot configuration for Prompt II, showing system role, domain definitions, analysis procedure,
exemplar, and output format.
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Prompt Type III: Facet-to-Domain Aggregation Example

INPUT: Facet-Level Ratings with Evidence
Each facet is assigned a rating along with an evidence-based inference extracted from the transcript.

Imagination Rating: High
Inference: The speaker frequently engages in abstract thinking and discusses
hypothetical scenarios, indicating strong imaginative capacity.

Artistic Interests Rating: Average
Inference: Limited references to artistic activities; occasional appreciation
but not a dominant theme.

Emotionality Rating: High
Inference: The speaker expresses emotions vividly and reflects on internal
experiences in detail.

Adventurousness Rating: Low
Inference: Preference for routine and avoidance of unfamiliar situations are
repeatedly mentioned.

Intellect Rating: High
Inference: Strong engagement with complex ideas and analytical reasoning is
evident throughout the narrative.

Liberalism Rating: Average
Inference: Some openness to new perspectives is present, but views remain
moderately conventional.

TASK: Domain-Level Aggregation
Using the facet ratings and their inferences above, determine a single domain-level rating for Openness to Experience.

GUIDELINES:

1. Consider the overall pattern across all six facets.

2. Assess whether the evidence consistently supports the high or low pole, or is mixed.

3. Resolve conflicts by prioritizing the inference text over the rating labels.

OUTPUT:
Openness to Experience: High
Justification: The majority of facets (Imagination, Emotionality, and Intellect) show strong high-pole evidence, out-
weighing the lower Adventurousness score and mixed signals in Artistic Interests and Liberalism. Overall, the narrative
reflects a consistent pattern of cognitive exploration and emotional depth, supporting a high domain-level rating.

Figure 5: Prompt III, facet inputs and instructions to aggregate evidence and labels to give domain-level prediction,
and output format.
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