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Abstract

Identifying personality accurately can im-
prove interpretability and adaptability for hu-
man–computer interaction and psychological
assessment. Recent studies have introduced
evidence utterance into large language mod-
els (LLMs) for personality recognition, provid-
ing supporting evidence to explain personality
labels. However, the mixed background and
social expressions in dialogue scenarios inter-
fere with the identification of evidence utter-
ance. At the same time, the overconfidence of
LLMs leads to biased personality inference. In-
spired by the lens theory in psychology, how
to systematically explore the mutual influence
between evidence utterance identification and
personality recognition while improving the
performance of both tasks remains a key chal-
lenge. In this paper, we reframe personality
recognition as an Evidence-Personality Itera-
tive Reasoning problem (EPIR). A graph model
is employed to select an initial evidence ut-
terance set, and personality recognition is per-
formed based on a Generative-Discriminative
Feedback mechanism. Then, the inferred re-
sults are fed back to the graph mapping network
to dynamically adjust evidence utterance filter-
ing. This interactive iterative process continues
until the evidence and personality results across
different iterations converge. Experimental re-
sults on the two public datasets demonstrate the
effectiveness of the proposed method.

1 Introduction

With the rapid development of intelligent interac-
tive systems and online communication platforms,
dialogue has become a primary medium for indi-
viduals to express attitudes, emotions, and inter-
personal interactions. The emotional trajectories,
language styles, and interaction patterns in conver-
sations can often reflect individuals’ personality
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Figure 1: An Illustrative Example of Evidence-
Personality Iterative Reasoning

traits. Therefore, achieving automatic personality
recognition not only helps improve the intelligence
and adaptability of human-computer interaction
systems, but also provides an important auxiliary
tool for mental health assessment(Redelmeier et al.,
2021; Attig et al., 2017).

Most existing studies mainly employ graph mod-
els (Song et al., 2025; Zhu et al., 2024) or large
language models (LLMs) (Yeo et al., 2025; Ma
et al., 2025) to model text content and interaction
information, treating personality recognition as an
end-to-end classification task. The models only out-
put personality labels without evidential support.
To improve the interpretability of personality recog-
nition, Sun et al. (2024) first introduced the concept
of evidence utterances, using LLMs to explicitly
mine utterances containing key personality cues
from dialogues and treating them as interpretable
outputs along with the personality recognition pro-
cess. This work points out that accurately identify-
ing evidence utterances and evaluating their impact
on personality recognition performance are chal-
lenging tasks. In addition, accurately identifying
evidence utterances also contributes to enhancing
the interpretability of personality recognition.

However, the mixed background and social ex-
pressions in dialogue scenarios interfere with the
identification of evidence utterances, leading to re-
dundancy in the identification results. Meanwhile,
LLMs still exhibit bias in their inferences about
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personality levels due to overconfidence. To ad-
dress these challenges, we draw inspiration from
the Lens Model (Brunswik, 1952) in classical psy-
chological theory, which highlights the mutual in-
fluence between personality labels and identify-
ing evidence utterances. As shown in Figure 1, in
a dialogue between speaker A and B discussing
a planetarium presentation activity, the evidence
utterances are initially identified as utterances 4,
5, and 6, inferring speaker B’s Conscientiousness
level as high. However, utterance 4 is merely back-
ground information and cannot reflect Conscien-
tiousness on its own, whereas utterances 5 and 6
directly reflect careful preparation and therefore
indicate Conscientiousness. Guided by the Lens
Model, the predicted trait, combined with relevance
assessment, can help remove irrelevant utterances
like 4 and refine key evidence utterances as 5 and
6. Therefore, separately locating evidence or pre-
dicting personality is insufficient, an explainable
personality prediction system should provide an
interaction mechanism that bridges these two com-
ponents. Specifically, evidence utterance is intro-
duced into the personality recognition process to
provide interpretable support for personality infer-
ence, while the personality recognition results fur-
ther inform and guide the selection and refinement
of evidence utterances.

Motivated by this insight, we reframe person-
ality recognition as an Evidence-Personality Iter-
ative Reasoning problem (EPIR), which takes a
first step towards establishing a bidirectional it-
erative reasoning paradigm between evidence ut-
terance identification and personality recognition.
Specifically, a graph model is employed to select
an initial evidence utterance set, and personality
recognition is performed based on a Generative-
Discriminative Feedback mechanism (GDF). The
LLM first generates utterances reflecting possible
speaker behaviors under different personality levels.
Then, an LLM-as-a-judge discriminator evaluates
which level of behavior the original utterance most
closely resembles, and subsequently feeds it back
to the graph mapping network as personality result
to dynamically adjust evidence utterance filtering.
This interactive iterative process continues until the
evidence and personality results across different
iterations converge.

Given the continued scarcity of publicly avail-
able evidence-annotated dialogue personality data,
we conduct experiments on PersonalityEvd (Sun
et al., 2024), the largest publicly available dataset

with evidence utterance annotations. We further
introduce PANDORA (Gjurković et al., 2021) as
a complementary dataset to evaluate the proposed
framework in a different data setting. Accordingly,
we investigate the following three research ques-
tions:

• RQ1: What is the potential gain of evi-
dence utterances as explicit intermediate in-
formation for personality recognition perfor-
mance?

Injecting ground-truth evidence utterances
into the LLM’s personality recognition pro-
cess yields an average 3.47% improvement
over direct LLM prediction.

• RQ2: Which type of model performs better
in the evidence utterance identification task?

Comparing the performance of graph mod-
els and different large model approaches on
evidence utterance identification, the former
achieves the highest F1 score of 83.10%,
surpassing the second-best LLM result of
80.19%, revealing that graph structures better
capture the personality cues and their rela-
tional interactions in dialogues.

• RQ3: Can the EPIR framework and GDF
mechanism bring gains to the personality
recognition task?

We compare EPIR against existing personality
recognition methods and analyze component
contributions through ablation studies. EPIR
outperforms the strongest baselines on both
PersonalityEvd and PANDORA, while achiev-
ing a 2.73% improvement over direct evidence
injection on PersonalityEvd. Ablation results
confirm that both the EPIR framework and
the generative-discriminative feedback mech-
anism contribute to the improvement.

2 Related Work

Traditional personality prediction research primar-
ily relies on explicit linguistic features, such as
LIWC (Tausczik and Pennebaker, 2010) and bag-
of-words models (Zhang et al., 2010). With the
advancement of deep learning, neural network ar-
chitectures such as CNN (Xue et al., 2018), LSTM
(Tandera et al., 2017), and Transformer (Leonardi
et al., 2020) have been adopted for personality
recognition, outperforming traditional methods in
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Figure 2: Overall architecture of EPIR.

feature representation and recognition performance.
In particular, pre-trained language models such as
BERT (Devlin et al., 2019) can model contextual
information through effective semantic encoding,
thereby extracting richer features than traditional
explicit linguistic feature-based methods (Arijanto
et al., 2021; Jun et al., 2021) and achieving bet-
ter performance. As research progresses, graph
neural networks have been introduced to model
complex structured relationships (Song et al., 2025;
Yang et al., 2023a; Yang et al., 2021), such as
speaker interactions, contextual changes, and emo-
tional fluctuations (Fu et al., 2024; Han et al.,
2023; He et al., 2025). In recent years, LLMs
have shown strong potential for personality predic-
tion due to their zero-shot capability and chain-of-
thought reasoning (Ganesan et al., 2023; Yang et al.,
2023b). Some methods leverage LLMs to extract
personality-related features from multiple perspec-
tives, such as emotion, semantics and interaction
(Hu et al., 2024; Yeo et al., 2025), while others
fine-tune LLMs to improve performance (Ma et al.,
2025; Shen et al., 2025b).

To advance interpretable personality prediction,
CoPE (Sun et al., 2024) constructs a reasoning
process from short-term personality states to long-
term stable personality traits and introduces evi-
dence utterances that reflect key personality cues
into the prediction pipeline. However, this ap-
proach performs personality prediction and evi-
dence utterance identification separately. Mean-
while, recent studies have explored closer integra-
tion between structured evidence modeling and
task-level reasoning, ranging from label-informed

graph structure learning (Wang et al., 2021) and
LLM-enhanced graph-based prediction (Xia et al.,
2024) to LLM-guided dynamic graph adaptation
(Xiang et al., 2025). Nevertheless, there remains a
lack of systematic investigation into the interplay
between these two tasks that would yield deeper in-
terpretability of the prediction process. This paper
aims to address this gap by reframing personal-
ity prediction as an Evidence-Personality Iterative
Reasoning problem, and answering the following
questions: how personality predictions can inform
and refine evidence selection, and how accurate
evidence identification contributes to personality
prediction performance.

3 Preliminary

Given a multi-turn dialogue D = {u1, u2, . . . , un}
and a target speaker s, where each utterance ui car-
ries a speaker identifier, the goal is to jointly per-
form personality prediction and evidence utterance
identification for s. Following the Big Five per-
sonality theory, the personality trait set is defined
as T = {OPN,CON,EXT,AGR,NEU}, rep-
resenting Openness, Conscientiousness, Extraver-
sion, Agreeableness, and Neuroticism. For evi-
dence utterance identification, the model predicts a
binary label Ei,t ∈ {0, 1} for each utterance ui of
the target speaker and each personality trait t ∈ T ,
where Ei,t = 1 indicates that ui serves as an evi-
dence utterance for trait t. For personality recogni-
tion, the model predicts the target speaker’s person-
ality level p̂t ∈ {Low,High,Cannot judge} for
each trait t. We formulate the task as the follow-
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ing mapping: f(D, s) → ({p̂t}t∈T , {Ei,t}), given
a dialogue and the target speaker, jointly predict
the five trait levels and the corresponding evidence
utterances for each trait.

4 Methodology

The overall framework of the proposed approach
Evidence-Personality Iterative Reasoning (EPIR)
Framework is shown in Figure 2, which consists
of two main components: (1) Graph-based evi-
dence utterance identification, it employs a Graph
Convolutional Network (GCN) (Kipf and Welling,
2017) to capture the associations between utter-
ances and different personality trait representations
to identify key utterances reflecting specific traits;
(2) Explicit evidence-aligned LLM personality pre-
diction, it uses a generative-discriminative feed-
back mechanism to improve the LLM’s current
personality recognition results by identified evi-
dence utterances. Building upon this, EPIR feeds
the output of the former as explicit evidence input
to the latter, and further feeds the latter’s prediction
results back to the evidence utterance identifica-
tion process to adjust evidence filtering conditions,
thereby forming an iterative reasoning framework
for evidence utterance identification and personal-
ity prediction.

4.1 Evidence-Personality Iterative Reasoning
(EPIR) Framework

In dialogue, evidence utterance identification and
personality prediction are inherently interdepen-
dent tasks, thus, we introduce a bidirectional feed-
back mechanism to enable collaborative modeling.
It begins with separate initialization on both sides.
On the evidence side, a graph structural represen-
tation is constructed from the dialogue input, and
an initial evidence utterance set E(0) is mined from
the target speaker’s utterances. For personality trait
t, its initial evidence utterance set is defined as:

E(0)
t = {ui | s(ui, t) > θ(0), ui ∈ Ds}, (1)

where Ds denotes the set of utterances by the target
speaker, s(ui, t) is the relevance score between ut-
terance ui and trait t, and θ(0) is the evidence utter-
ance filtering threshold learned from the similarity
between utterances and traits in the graph model.
On the personality side, chain-of-thought prompts
combining the dialogue content with personality
trait descriptions from the Big Five Inventory-2

(BFI-2) (Soto and John, 2017; Zhang et al., 2022)
psychological questionnaire guide the LLM to per-
form step-by-step analysis and complete initial per-
sonality inference under a zero-shot setting, obtain-
ing the initial personality prediction result p̂(0):

p̂(0) = M(Dialogueraw, ScaleBFI−2), (2)

The initial evidence utterance set and initial per-
sonality prediction results together constitute the
start for the bidirectional iterative process. For
the j − th iteration, the model first employs the
Generative-Discriminative Feedback mechanism to
update personality prediction results based on the
current evidence utterance set E(j); subsequently,
the updated personality results are fed back to the
evidence utterance identification module to adjust
the evidence filtering threshold θ(j) and update the
evidence utterance set. The new set then enters
the next iteration to repeat this process. Through
this alternating update process, evidence utterances
provide explicit support for personality prediction,
while personality results inversely refine evidence
selection, enabling both to progressively converge
across multiple iterations.

The above process continues until personality
results and evidence utterance sets between two ad-
jacent iterations no longer change, then the model
outputs the final personality result p̂. Through
this bidirectional interaction mechanism, EPIR is
able to continuously refine evidence and optimize
personality results during the reasoning process,
thereby achieving more precise evidence identifica-
tion and more reliable personality prediction. The
overall process is shown in Algorithm 1.

4.2 Graph-based Evidence Utterance
Identification

To implement evidence utterance identification
within the EPIR framework, we adopt a hierar-
chical heterogeneous graph representation com-
monly used in dialogue modeling, which uniformly
models utterance content, speaker interaction rela-
tionships, and personality trait representations. By
learning the associations between utterance nodes
and personality nodes, the method filters evidence
utterances that can reflect specific traits. The result-
ing evidence utterance set serves as explicit input
to the subsequent personality prediction module,
while the evidence filtering threshold is dynami-
cally adjusted during the EPIR iterative process
based on personality results.
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Algorithm 1 Overall Inference Procedure
Require: Dialogue D; Large Language ModelM
Ensure: Final personality prediction p̂

1 Construct dialogue graph and compute node
representations

2 Mine initial evidence utterances E(0) with initial
threshold θ(0)

3 Obtain base personality prediction p̂(0) viaM
4 Initialize j ← 0
5 repeat
6 j ← j + 1
7 Generate counterfactual utterances under each

trait level viaM (Eq. 6)
8 Decide trait levels for each evidence utterance

viaM-as-a-Judge scoring (Eq. 7, 8)
9 Refine dialogue-level personality prediction p̂(j)

by voting aggregation (Eq. 9)
10 Adjust evidence thresholds θ(j) based on refined

prediction
11 Re-mine evidence utterances E(j)
12 until p̂(j) = p̂(j−1) and E(j) = E(j−1)

13 return p̂

Specifically, for each input instance, the dia-
logue utterances and personality representations
are jointly modeled as a graph, denoted as G =
{V,E}, where V is the set of nodes and E de-
notes the edges between them. The graph contains
three types of nodes, representing utterances from
Speaker A and Speaker B, and five personality trait
representation nodes, respectively.

During the initialization phase, all node feature
vectors are generated using the pre-trained model
BERT. For dialogue nodes, the corresponding text
is used as input, while personality nodes take the
textual descriptions of corresponding traits from
the BFI-2 psychological inventory as input. All
inputs are encoded by BERT, and the output [CLS]
vectors are used as the initial feature embeddings
of the nodes.

Regarding graph structure design, edges between
nodes include three types of relationships: intra-
speaker edges, inter-speaker edges, and personality
node edges. As shown in Figure 2, for adjacent
utterances from the same speaker, edges are es-
tablished in chronological order to explicitly en-
code temporal dependencies and semantic continu-
ity within the sequence. For inter-speaker edges,
connections are only established between nodes
corresponding to utterances where a speaker switch
occurs, modeling the reply relationships and cross-
speaker information transfer. For personality node
edges, each personality node is connected to all
target speaker utterance nodes, forming the basis
for mining evidence relationships between specific

utterances and traits. Additionally, all personality
nodes are fully connected to each other to align
the representation spaces, preventing feature vector
outliers. All edges are undirected.

We employ a two-layer GCN to capture both
the similarities among text nodes and the associa-
tions between texts and personalities, utilizing local
graph structural information to enrich the feature
contained in node vectors, thereby constructing
global node representations H for evidence utter-
ances:

H = Ã ·ReLU(ÃXW1)W2, (3)

where A is the adjacency matrix representing graph
edge information and Ã denotes its normalized
form, X denotes the initial node embeddings, and
W1, W2 are trainable parameters.

For the global node representations, the method
computes the cosine similarity between the fea-
ture vectors of all utterance nodes from the target
speaker, Htar, and the feature vectors of the five
personality nodes, Hper, and identifies utterance as
an evidence utterance for trait t based on whether
the similarity exceeds the threshold θ(j), similar to
Equation 1:

E(j)
t = {ui | s(ui, t) > θ(j), ui ∈ Ds}, (4)

s(ui, t) = cos(Htar,Hper) =
H⊤

tarHper

∥Htar∥ ∥Hper∥
,

(5)
where θ(j) is adjusted based on the results of the
personality prediction module.

During the training phase, binary cross-entropy
loss is employed for supervised learning, optimiz-
ing the parameters of the graph and the upstream
BERT encoder. During EPIR inference, the model
directly uses the trained model to identify evidence
utterances for the current iteration, which serve as
explicit input to the subsequent personality predic-
tion module.

4.3 Explicit Evidence-Aligned LLM
Personality Prediction

When evidence utterances are used as the prompt
input for the LLM, due to the model’s overcon-
fidence, it is difficult to achieve an accurate as-
sessment of the fine-grained personality level. For
example, when faced with unexpected expenses,
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a speaker may produce short-term, frequent, and
exaggerated complaints such as "If I had known it
was so expensive, I would have just hired a nanny
for you", "Can we still drop out of school now?",
which lead the LLM to conclude that the speaker
has a high level of neuroticism. However, such
complaints are behaviors that the ordinary speaker
would exhibit in this context, and have nothing to
do with neurotic trait. Therefore, how to guide
the model to pay attention to this domain-relevant
knowledge is the key challenge.

To address this issue, we design a Generative-
Discriminative Feedback (GDF) mechanism as
shown in Steps 6, 7, and 8 of Algorithm 1. It first
generates possible speaker behaviors at high, low,
and cannot judge levels for a specified trait. Then,
a discriminator evaluates the original utterance to
determine which level of trait it most closely re-
sembles, providing feedback to help LLM learn
relevant knowledge and re-evaluate.

Specifically, the Generator leverages a counter-
factual reasoning mechanism, and utilizes the per-
sonality embedding capability of LLMs to simulate
the expressions of evidence utterances under differ-
ent trait levels based on the dialogue history. For
example, for the i− th evidence utterance ui, gen-
erator sequentially generates the i − th utterance
content under three trait levels (i.e. high, low, and
cannot judge) for each trait based on the preceding
i− 1 utterances in the dialogue:

u′i = Generator(u1 . . . ui−1, trait, level). (6)

The Discriminator adopts a LLM-as-a-Judge ap-
proach to score the similarity between the original
evidence utterance and different candidate utter-
ances, quantifying their differences in the current
dialogue context. For the i− th evidence utterance,
the discrimination process is expressed as:

Simi,level,trait = ScoreLLM (ui, u
′
i), (7)

pi = argmax
level

(Simi,level,trait). (8)

where a higher similarity score reflects greater
semantic consistency between the candidate utter-
ance and the original evidence utterance. There-
fore, the trait level corresponding to the generated
utterance exhibiting maximal similarity is regarded
as the local personality trait level result pi for the
current evidence utterance.

In the aggregation update component, the local
prediction results from all evidence utterances un-
der the same trait are aggregated, and a voting strat-
egy is adopted to obtain the new prediction result
for the current dialogue on trait t. Specifically, if
the personality trait level p̂(j−1)

t from the previous
iteration is cannot judge, we retain it; otherwise,
the new prediction result is used to update it:

p̂
(j)
t =

{
p̂
(j−1)
t , if p̂(j−1)

t = Cannot judge,

argmaxc∈P
∑m

i=1 I(pi = c), otherwise.
(9)

where P = {High, Low,Cannot judge} is the
set of trait level labels, I(·) is the indicator function
that equals 1 when the condition in parentheses
is true and 0 otherwise, and m is the number of
evidence utterances for the corresponding person-
ality trait in the current dialogue. The updated
personality prediction result constitutes the output
of the personality prediction module for the current
iteration.

5 Experiment Setup

5.1 Dataset

We evaluate the proposed framework on two per-
sonality recognition datasets, PersonalityEvd (Sun
et al., 2024) and PANDORA (Gjurković et al.,
2021). PersonalityEvd is built from the Chinese
emotional dialogue corpus CPED (Chen et al.,
2022), providing three-level Big Five labels (i.e.,
high, low, and cannot judge) and corresponding
evidence utterance annotations, while PANDORA
is an English Reddit-based personality dataset, for
which we construct binary Big Five labels (i.e.,
high, low, excluding cannot judge) and post-level
evidence annotations to support evidence-aware
personality recognition. More details about the
dataset and the annotation process are provided in
Appendix D.

5.2 Baseline

We select three categories of representative meth-
ods from existing personality recognition research
as baselines: (i) content-based methods: TextCNN
(Kampman et al., 2018) and BERT (Devlin et al.,
2019); (ii) relation-based methods: HC-GNN
(Fu et al., 2024), DSIG (Xie et al., 2025), SAH-
GCN (He et al., 2025), KEHG (Song et al.,
2025), DEN (Zhu et al., 2025), and Semi-PerGCN
(Zhu et al., 2024); (iii) LLM-based methods:
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Model Evidence utterance F1 score (%) std.dev
Avg. OPN CON EXT AGR NEU (pp)

GPT 75.92 83.49 86.17 60.33 73.85 75.76 9.05
Claude 67.53 74.72 75.49 58.53 68.65 60.26 7.07
DeepSeek 77.28 90.67 86.97 74.61 72.53 61.63 10.47
CoPE 75.94 - - - - - -
Qwen 80.19 87.59 87.23 77.07 74.49 74.57 5.97
Graph 83.10 91.22 88.31 79.41 75.48 81.06 5.81

Table 1: Evidence Utterance Identification Performance on PersonalityEvd.

Method Personality Accuracy (%)
Avg. OPN CON EXT AGR NEU

GPT 60.33 72.18 62.53 46.28 60.33 60.33
w/ Evi 62.48 71.90 63.36 49.04 65.84 62.26
DeepSeek 63.52 79.83 67.31 57.22 62.01 51.25
w/ Evi 65.67 77.41 66.12 58.95 62.53 63.36

Table 2: Effect of Ground-Truth Evidence Utterance
Injection on Personality Prediction Accuracy for Per-
sonalityEvd.

GPT-4-Turbo (OpenAI, 2025), Claude-4-Sonnet
(Anthropic, 2025), DeepSeek-V3.2 (DeepSeek-AI
et al., 2025), ETM (Bi et al., 2025), and EmoP-
erso (Shen et al., 2025a), as well as LoRA (Hu
et al., 2022)-fine-tuned CoPE (Sun et al., 2024) and
Qwen3-8B (Team, 2025). Details of each base-
line and evaluation metrics are provided in Ap-
pendix A.1 and A.2.

5.3 Implementation Details

We implement the model in PyTorch and train
it with AdamW for 50 epochs, using BERT-
base-chinese for PersonalityEvd and BERT-base-
uncased for PANDORA to generate node embed-
dings and employing 256-dimensional GCN layers.
Additional implementation details, including hy-
perparameter choices and LLM inference settings,
are reported in Appendix A.3.

6 Experiment Results

We first investigate evidence-related effects on Per-
sonalityEvd, which provides high-quality manu-
ally annotated evidence utterances, followed by an
overall evaluation of personality recognition perfor-
mance across different data settings with Personali-
tyEvd and PANDORA.

6.1 Impact of Evidence Utterance Injection on
Personality Prediction Performance

We compare the personality prediction accuracy
of GPT and DeepSeek before and after inject-
ing ground-truth evidence utterances on Person-
alityEvd. As shown in Table 2, after evidence utter-

ance injection, GPT’s average accuracy increases
from 60.33% to 62.48%, and DeepSeek’s average
accuracy increases from 63.52% to 65.67%, with
relative improvement ratios of 3.56% and 3.38%,
respectively. The results demonstrate that explic-
itly introducing evidence utterances can effectively
guide LLMs to focus on utterances with genuine
personality diagnostic value, reducing interference
from irrelevant background information and im-
proving overall recognition accuracy.

6.2 Evidence Utterance Identification
Performance Across Models

Table 1 compares the performance of LLMs and
our graph model on PersonalityEvd for evidence
utterance identification. It can be observed that
the graph model approach achieves the best F1
scores across all five personality traits, with an
average F1 of 83.10%, representing a 3.63% im-
provement over the second-best model Qwen. This
confirms that compared to LLMs, the graph model
better captures the structural information of dif-
ferent speakers and contextual interactions in dia-
logues, enhancing evidence utterance identification
performance. At the same time, while achieving
superior performance, the lightweight graph model
introduces only about one-thousandth additional
latency, as shown in Appendix C.

6.3 Performance of EPIR on Personality
Prediction

We compare the proposed model with all baseline
models for personality prediction, using the accu-
racy of each trait as well as the average accuracy
across all traits as evaluation metrics. All experi-
ments were repeated five times with random seeds,
and the averaged results are reported in Table 3.

On PersonalityEvd, among different types of
methods, content-based models showed relatively
low performance, with average accuracies of
55%–58%. BERT improved over TextCNN but
only marginally, indicating a limitation of modeling
personality solely from text semantics. Relation-
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Method Personality Accuracy (%) std.dev
Avg. OPN CON EXT AGR NEU (percent point, pp)

PersonalityEvd
TextCNN 54.85 70.52 71.07 51.52 39.39 41.77 13.64
BERT 57.99 71.28 65.05 53.29 47.40 52.94 8.79
HC-GNN 50.78 50.83 50.61 50.15 48.76 53.50 1.54
DSIG 56.20 71.07 66.94 50.69 47.38 44.90 10.70
SAH-GCN 58.35 70.80 70.80 56.20 48.76 45.18 10.77
KEHG 61.27 70.25 70.25 59.78 50.97 55.10 7.84
DEN 54.77 69.42 60.61 56.20 45.73 41.87 9.99
GPT 60.33 72.18 62.53 46.28 60.33 60.33 8.28
Claude 60.61 68.60 64.19 53.44 60.33 56.47 5.39
DeepSeek 63.52 79.83 67.31 57.22 62.01 51.25 9.73
Qwen 66.34 79.61 69.42 62.53 60.88 59.23 7.49
ETM 58.51 72.45 63.36 59.50 49.04 48.21 9.11
EmoPerso 62.09 72.73 66.39 64.74 60.06 46.56 8.76
CoPE 66.45 75.48 68.87 63.39 63.36 61.15 5.18
EPIR (GPT) 63.69 71.35 63.09 60.88 65.79 57.35 4.72
EPIR (DeepSeek) 67.46 74.93 68.26 65.45 68.60 60.06 4.83

PANDORA
TextCNN 50.33 48.34 49.52 52.84 50.55 50.41 1.48
BERT 52.41 51.37 53.73 52.77 54.69 49.52 1.82
Semi-PerGCN 51.13 52.10 51.00 50.63 50.77 51.14 0.52
KEHG 50.94 51.51 51.59 48.93 50.92 51.73 1.04
DEN 52.28 53.28 51.51 51.14 52.69 52.77 0.81
DeepSeek 56.75 53.14 58.67 58.30 57.56 56.09 2.01
Qwen 53.05 53.28 54.32 51.81 52.84 52.99 0.81
ETM 54.13 53.51 51.59 55.87 54.02 55.65 1.56
EmoPerso 55.06 54.91 56.97 56.75 54.24 52.40 1.69
EPIR (DeepSeek) 57.86 56.46 56.09 60.15 56.83 59.78 1.74

Table 3: Overall Personality Prediction Results.

based models performed better, with KEHG achiev-
ing 61.27%, a 5.66% improvement over BERT,
showing the benefit of structural modeling. LLM-
based models showed substantial accuracy im-
provements, with average accuracies ranging from
58% to 66%. The best baseline model CoPE
reached 66.45%, reflecting their strong ability to
capture high-level semantic and personality cues.
Among all baselines, the proposed method with
DeepSeek achieved the best result at 67.46%, sur-
passing the second-best CoPE by 1.52%, and im-
proving over GPT or DeepSeek alone by 5.57%
and 6.20%, respectively, demonstrating its effec-
tiveness.

Similarly, on PANDORA, EPIR (DeepSeek)
achieved the highest average accuracy of 57.86%,
yielding a relative improvement of 1.96% over the
best baseline. This result provides complementary
validation of the proposed method in a different lin-
guistic and cultural setting, supporting its broader
robustness and applicability.

In addition, the proposed model can also reduce
performance variance across different personality
traits, yielding more balanced predictions on Per-
sonalityEvd. As shown in Table 3, except for HC-
GNN, which performs poorly with accuracies all

around 0.5, most models achieve the highest accu-
racy on Openness, followed by Conscientiousness,
while the remaining traits show noticeably lower
performance. The standard deviation of accuracy
across the five traits exceeds 7.5pp for most mod-
els, with only Claude and CoPE achieving lower
values of 5.39pp and 5.18pp, respectively. This
imbalance arises because the dataset is derived
from scripted dialogues, where OPN and CON
are often consistently emphasized to shape char-
acter identities. However, other traits fluctuate with
situational factors, leading to ambiguous decision
boundaries and frequent misclassification due to
LLM overconfidence. By leveraging the Genera-
tive–Discriminative Feedback mechanism, the pro-
posed method effectively mitigates overconfidence-
induced errors, reducing the accuracy variance
to 4.72pp, and leading to reductions of 43.00%
and 50.37% compared to using the original LLMs
alone.

6.4 Ablation Study

To demonstrate the effectiveness of different com-
ponents in the EPIR framework, we ablate the
bidirectional iterative process and the Generative-
Discriminative Feedback mechanism on Personali-
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(a) Ablation analysis of per-
sonality prediction.
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(b) Ablation analysis of ev-
idence identification.

Figure 3: Ablation Results. (a) and (b) show results for
personality prediction and evidence utterance identifica-
tion, respectively.

tyEvd.

Figure 3a presents the ablation results for differ-
ent EPIR components, where "w/o Iteration" and
"w/o GDF" denote the removal of the bidirectional
iterative process and the Generative-Discriminative
Feedback mechanism, respectively. Compared to
the LLM baseline, introducing either component
individually brings performance improvements, in-
dicating that both the bidirectional iterative process
and the GDF mechanism contribute positively to
personality prediction. Removing the bidirectional
iterative process and the GDF mechanism leads to
average accuracy decreases of 3.02% and 3.77%,
respectively, with cross-personality dimension sta-
bility declining by 37.47% and 95.58%. This re-
veals the importance of both components to the pro-
posed method and further validates the contribution
of the GDF mechanism to cross-dimension perfor-
mance stability. The complete model achieves the
best results, indicating synergistic gains between
the two components.

Figure 3b compares evidence utterance identifi-
cation performance between using only the graph
model and receiving iterative feedback signals from
different LLMs, validating the feedback role of per-
sonality prediction results on evidence utterance
identification within the EPIR framework.

Results show that feedback signals from the
personality prediction module can effectively im-
prove evidence utterance identification perfor-
mance. Compared to using only the graph model,
iterative feedback from GPT and DeepSeek per-
sonality prediction results achieves performance
improvements of 2.23% and 2.96%, respectively,
validating the promoting effect of personality pre-
diction results on evidence utterance refinement.

7 Conclusion

In this paper, we first reframe personality recogni-
tion as an Evidence-Personality Iterative Reasoning
problem, which systematically explores the inter-
play between evidence utterance identification and
personality prediction. The experimental results
show that the graph model can more accurately lo-
cate the evidence utterances and the bidirectional
iterative mechanism contributes to improved per-
sonality prediction. The full model achieves accu-
racies of 67.46% on PersonalityEvd and 57.86%
on PANDORA, demonstrating the effectiveness of
the proposed method.

Limitations

The proposed method achieves iterative reason-
ing between the graph module and LLM module
by leveraging their respective classification out-
puts. Although its effectiveness has been validated
across multiple experiments, several limitations
still remain. First, the current framework integrates
the predictions of each module in a unified man-
ner. More advanced encoder-decoder or mixture-
of-expert structure could be explored to further
enhance module interaction. In addition, to main-
tain a clear focus on the core research questions of
the effectiveness of the proposed framework, this
work does not conduct an exhaustive exploration of
all possible LLM variants or fine-tuning strategies,
although these may lead to further performance
gains. These directions will be explored in future
work.

Ethical Statement

Personality recognition can enable sensitive profil-
ing and may be misused for surveillance, manipu-
lative targeting, or discriminatory decision-making
(e.g., hiring, insurance, or credit scoring). Errors
in trait inference may also lead to unfair treat-
ment or psychological harm, particularly in high-
stakes contexts. Our experiments are conducted
on two research datasets, PersonalityEvd, derived
from CPED, and PANDORA, based on Reddit data.
Models trained on these datasets may be affected by
biases arising from dataset construction, platform
characteristics, linguistic differences, and annota-
tion procedures, and may not generalize well across
populations, domains, or languages. We therefore
recommend restricting use to research and other
low-stakes settings with meaningful human over-
sight, avoiding integration into high-impact deci-
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sion pipelines, and conducting additional evalua-
tions of fairness, robustness, and privacy risks prior
to any real-world deployment.
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Appendix

A Experiment Setup Details

A.1 Baseline Details
In this section, we introduce the details of the base-
lines.

A.1.1 Content-based Methods
• TextCNN (Kampman et al., 2018): This

method adopts a tri-modal CNN that fuses
audio, visual, and textual features from video
clips for personality prediction. We use its
text-channel CNN as a baseline.

• BERT (Devlin et al., 2019): This Method uses
a pretrained BERT-base-chinese for Personali-
tyEvd and bert-base-uncased for PANDORA
to extract global semantic features from dia-
logues and then applies a two-layer MLP to
output personality predictions.

A.1.2 Relation-based Methods
• HC-GNN (Fu et al., 2024): This method pro-

poses a graph to model speaker relations and
enhances diversity via data interpolation, then
applies multi-layer attention to fuse heteroge-
neous features for personality prediction.

• DSIG (Xie et al., 2025): This method con-
structs a heterogeneous graph over utterances,
dialogue, and speakers, and improves struc-
tural awareness via a dynamic graph and pre-
training on dialogue discourse parsing.

• SAH-GCN (He et al., 2025): This method
builds an utterance-level heterogeneous graph
focusing on target speaker, and adopts
emotion-enhanced contrastive learning to mit-
igate semantic similarity issues.

• KEHG (Song et al., 2025): This method con-
structs a graph over posts, words, and multiple
external knowledge, and models associations
via global multi-view graph encoding to ob-
tain aggregated personality trait predictions.

• DEN (Zhu et al., 2025): This method mod-
els long-term traits using a LIWC-based psy-
chological graph and short-term states from
individual posts, then fuses them through bidi-
rectional graph interaction.

• Semi-PerGCN (Zhu et al., 2024): This method
constructs heterogeneous personality graphs

and combines LIWC-based multi-view graph
augmentation with graph consistency learning
for semi-supervised personality detection.

A.1.3 LLM-based Methods

We evaluate several mainstream LLMs, including
GPT-4-Turbo (OpenAI, 2025), Claude-4-Sonnet
(Anthropic, 2025), and DeepSeek-V3.2 (DeepSeek-
AI et al., 2025), under a zero-shot inference setting
to assess their performance on the task of dialogue-
based personality prediction. As a competitive fine-
tuning-based approach, we also include Qwen3-8B
(Team, 2025), which is parameter-efficiently fine-
tuned with LoRA (Hu et al., 2022). We further con-
sider two recent LLM-enhanced personality detec-
tion methods. ETM (Bi et al., 2025) enhances user
representations with LLM embeddings and aligns
them with multi-perspective personality-label in-
terpretations through contrastive learning. EmoP-
erso (Shen et al., 2025a) combines LLM-based
data augmentation with joint personality-emotion
modeling, cross-attention, and self-taught reason-
ing. Finally, we adopt CoPE (Sun et al., 2024),
a baseline tailored to conversational settings that
constructs chain-of-thought data and combines it
with fine-tuning for dialogue-based personality pre-
diction.

A.2 Evaluation Metrics

We employ F1-score and accuracy as the primary
metrics. Specifically, for evidence utterance identi-
fication, we report the F1-score for each Big-Five
trait and the average F1-score across all five traits.
For personality recognition, we report the accuracy
for each trait and the average accuracy across the
five traits. Additionally, to further assess perfor-
mance stability across personality traits, we report
the standard deviation (std.dev) over the five traits.

A.3 Implementation Details

The model is implemented using PyTorch and
trained for 50 epochs by AdamW with an initial
learning rate of 2e-5 for BERT and 1e-4 for the
GCN and a dropout ratio of 0.5. We use BERT-
base-chinese for PersonalityEvd and BERT-base-
uncased for PANDORA to generate node embed-
dings. The hidden dimension of all GCN layers is
256. All hyperparameters are tuned on the valida-
tion set.

Each personality trait is associated with an inde-
pendent evidence-selection threshold. A two-layer
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Method Personality Macro-F1 (%) std.dev
Avg. OPN CON EXT AGR NEU (percent point, pp)

PersonalityEvd
TextCNN 31.57 27.65 27.98 32.96 37.62 31.61 3.65
BERT 33.51 35.15 30.69 31.38 38.42 31.89 2.90
HC-GNN 23.45 27.51 27.70 24.21 15.07 22.75 4.60
DSIG 39.31 41.21 37.28 34.23 43.45 40.36 3.22
SAH-GCN 32.39 30.23 30.12 37.00 30.31 34.30 2.79
KEHG 32.90 27.51 29.14 39.23 33.81 34.79 4.19
DEN 41.08 41.98 39.28 42.44 45.04 36.66 2.87
GPT 49.87 54.85 49.50 38.95 48.57 57.51 6.39
Claude 52.39 53.15 56.76 42.02 54.48 55.53 5.32
DeepSeek 52.34 52.55 52.45 46.88 59.41 50.41 4.09
Qwen 53.02 57.16 45.85 46.99 59.28 55.82 5.51
ETM 41.28 37.50 38.06 37.26 48.30 45.27 4.60
EmoPerso 53.89 52.79 57.26 52.93 59.54 46.91 4.34
EPIR (GPT) 53.88 53.83 48.84 51.22 57.99 57.51 3.54
EPIR (DeepSeek) 54.16 45.90 49.78 49.67 67.77 57.67 7.81

PANDORA
TextCNN 46.61 47.86 47.98 50.26 41.69 45.26 2.93
BERT 51.64 50.46 53.07 52.33 53.54 48.82 1.76
Semi-PerGCN 42.65 44.38 36.51 47.07 44.96 40.36 3.76
KEHG 37.80 36.24 34.03 44.91 37.06 36.79 3.71
DEN 50.92 52.23 50.36 49.43 51.03 51.57 0.97
DeepSeek 52.40 39.13 52.31 58.16 57.17 55.21 6.93
Qwen 52.37 52.20 54.06 50.93 52.20 52.48 1.00
ETM 52.48 52.93 48.29 53.86 52.04 55.28 2.35
EmoPerso 53.40 52.43 56.40 55.68 53.39 49.11 2.59
EPIR (DeepSeek) 54.41 45.62 51.17 59.86 56.54 58.88 5.33

Table 4: Overall Personality Prediction Results of Macro-F1.

Trait Ours Mean ± SD 95% CI Strongest Baseline ∆ p Significance
OPN. 74.93± 0.52 [74.29, 75.57] 75.48 −0.55 0.0379 *
CON. 68.26± 0.45 [67.70, 68.83] 68.87 −0.61 0.0201 *
EXT. 65.45± 0.60 [64.71, 66.20] 63.39 +2.06 0.0008 ***
AGR. 68.60± 1.23 [67.07, 70.12] 63.36 +5.24 0.0003 ***
NEU. 60.06± 0.00 [60.06, 60.06] 61.15 −1.09 –
Avg. 67.46± 0.31 [67.07,67.85] 66.45 +1.01 0.0010 ***

Table 5: Statistical significance analysis over five runs against the strongest baseline.

MLP learns the mapping from personality predic-
tions to the corresponding trait-specific evidence-
selection thresholds. During training, ground-truth
personality labels are provided through teacher
forcing to guide the learning of threshold adjust-
ments. During iterative inference, the ground-truth
labels are replaced by the personality predictions
obtained from the preceding iteration, allowing the
evidence-selection thresholds and evidence sets to
be dynamically refined.

The personality recognition module is imple-
mented via API-based LLM inference with a frozen
LLM. In practice, generation for different traits and
levels is executed via parallel and incremental API
calls to reduce latency. During EPIR inference,
the iterative process stops when both the dialogue-
level personality prediction and the evidence set
remain unchanged between two consecutive itera-
tions or when the maximum number of four iter-

ations is reached. For LLM inference, we set the
temperature to 0.7 for the Generator, and 0.0 for
the Discriminator.

B Supplementary Experiment

B.1 Performance of Macro-F1
we report the Macro-F1 results in Table 4. EPIR
(DeepSeek) achieves the highest average Macro-F1,
54.16% on PersonalityEvd and 54.41% on PAN-
DORA, outperforming the strongest baseline with
relative improvement ratios of 0.50% and 1.89%,
respectively. The consistent improvements in both
accuracy and Macro-F1 further demonstrate the ef-
fectiveness and robustness of the proposed method
for personality recognition.

B.2 Statistical Significance Analysis
To evaluate the robustness of the observed perfor-
mance gains, we report 95% confidence intervals
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Model Task Parameter Count Computational Cost End-to-end Delay
BERT Per 102.28M 386.40 GFLOPs 5.06 ms
DeepSeek Per 685B – 11.05 s
DeepSeek Evi 685B – 6.19 s
Graph Evi 104M 386.41 GFLOPs 6.73 ms
EPIR (DeepSeek) Per + Evi 685B + 104M 386.41 GFLOPs + LLM API 17.32 s

Table 6: Computational cost and latency comparison. In this table, Per and Evi denote Personality Prediction and
Evidence Utterance Identification

Statistic Value
# Speakers 72
# Dialogues 1,924
# Utterances 32,673
Avg. dlg per spk 26.72
Avg. utt per dlg 16.98
Avg. length of utt 16.73
Avg. tgt spk utt per dlg 8.43
Avg. evi utt IDs per dlg 4.26
Train speakers 51
Validation speakers 7
Test speakers 14
Train dialogues 1,380
Validation dialogues 181
Test dialogues 363

Table 7: Dataset statistics of PersonalityEvd. In this
table, spk, dlg, and utt stand for speaker, dialogue, and
utterance, respectively; tgt and evi denote target and
evidence, respectively.

(CIs) and statistical significance tests over five runs
against the strongest baseline on PersonalityEvd.
The proposed framework achieves an average ac-
curacy of 67.46 ± 0.31 (mean ± standard devia-
tion), with a 95% CI of [67.07, 67.85], while the
strongest baseline achieves an average accuracy of
66.45. Notably, the lower bound of the confidence
interval already exceeds the baseline result. A one-
sample t-test yields t(4) = 7.21 and p = 0.0010,
and all five runs consistently outperform the base-
line. Detailed results are presented in Table 5.

The approximately 1.0-point gain in average
accuracy exhibits a clear directional pattern. At
the level of individual personality traits, the pro-
posed framework achieves statistically significant
improvements on Extraversion (+2.06, p < 0.001)
and Agreeableness (+5.24, p < 0.001), while
showing slight decreases on Openness, Conscien-
tiousness, and Neuroticism (∆ ≤ 1.1), all within
approximately one standard deviation. Specifically,
substantial and statistically significant gains on two
traits, together with only minor variations on the
remaining three, indicate that the overall perfor-
mance improvement is not attributable to noise.

Statistic Value
# Users 1,355
# Posts 23,035
Avg. posts per usr 17.00
Avg. length of post 39.34
Avg. evi posts per usr–trait 4.25
Training users 948
Validation users 136
Test users 271

Table 8: Dataset statistics of PANDORA. In this table,
usr and evi denote user and evidence, respectively.

Interval Dialogue Count Proportion
[6, 10] 137 7.10%
[11, 15] 775 40.30%
[16, 20] 528 27.40%
[21, 25] 315 16.40%
[26, 30] 160 8.30%
[31, 43] 9 0.50%

Table 9: Distribution of dialogue lengths in Personali-
tyEvd.

C Computational Cost and Latency

We report the parameter count, computational cost,
and latency per sample of the proposed frame-
work. The graph-based evidence mining module
is lightweight and adds only marginal computation
beyond the base LLM call. In comparison, using
DeepSeek for evidence utterance identification in-
troduces an average latency of 6.19 s per dialogue,
whereas our graph-based module adds only 6.73
ms while delivering higher accuracy. Furthermore,
the extra latency introduced by EPIR is only 6.27s
per dialogue, which is approximately the same as
the cost of performing evidence utterance identifi-
cation through one additional LLM iteration. The
generation and discrimination processes are imple-
mented with parallel and incremental LLM calls
to further reduce computational overhead. Over-
all, the average number of iterations per sample is
2.13, and the average inference time is 17.32s per
dialogue on a single NVIDIA A100.

37891



Trait Dialogue Count # Evidence utterances Coverage (%)
Mean Median Max Mean Median

OPN 440 3.6 3 17 21.30 18.50
CON 616 3.9 3 18 23.30 20.00
EXT 916 4.9 4 23 28.30 25.00
AGR 1,336 3.9 3 22 23.50 20.00
NEU 1,030 4.7 4 28 27.50 25.00

Table 10: Per-dialogue evidence utterance counts and their global proportion among all dialogue utterances.

Location Interval OPN CON EXT AGR NEU
[0.0, 0.2) 16.20 14.10 18.90 16.60 14.90
[0.2, 0.4) 18.50 17.60 18.90 17.80 18.00
[0.4, 0.6) 22.20 20.40 20.20 19.80 20.70
[0.6, 0.8) 21.80 22.10 20.60 20.90 22.20
[0.8, 1.0] 21.20 25.70 21.30 24.90 24.20

Table 11: Location distribution of Evidence utterances in the Dialogue.

D Dataset Details

D.1 Annotation Procedure of PersonalityEvd

PersonalityEvd (Sun et al., 2024) is a dialogue-
based explainable personality recognition bench-
mark built on CPED, providing both dialogue-level
personality labels and corresponding evidence ut-
terance annotations. The evidence annotations
were obtained through a rigorous multi-stage man-
ual annotation and verification procedure involving
psychology-trained annotators and multiple rounds
of expert review, with additional quality assess-
ments confirming their reliability and interpretabil-
ity. Given this careful annotation and quality-
control process, we directly adopt the released ev-
idence annotations to preserve the original bench-
mark setting without introducing additional annota-
tion variance. Detailed annotation procedures and
evaluation results are provided in the original paper
(Sun et al., 2024).

D.2 Dataset Statistics

We provide detailed statistics of PersonalityEvd in
Table 7. The dataset is split according to speakers,
ensuring that no speaker appears in more than one
data split.

We further provide detailed statistics of PAN-
DORA in Table 8

D.3 Distribution of Dialogue and Evidence
Utterances

We further report the distribution of dialogue
lengths and trait-specific evidence utterances.

Table 9 presents the distribution of utterance
counts within each dialogue, most dialogues con-
tain between 11 and 20 utterances

Table 10 presents the per-dialogue distribution
of evidence utterance counts, along with the overall
proportion of evidence utterances across the entire
dialogue set.

Table 11 reports the location distribution of evi-
dence utterances within dialogues.

D.4 Impact of Dialogue Length

We further analyze the relationship between di-
alogue length and performance on evidence ut-
terance identification and personality recognition.
The correlation results are reported in Table 12.

Evidence utterance identification shows a weak
negative correlation with dialogue length, whereas
personality recognition remains relatively stable
across dialogues of different lengths. Overall, dia-
logue length has a limited effect on the performance
of EPIR.

D.5 PANDORA Preprocessing and
Annotation

For our experiments, we preprocess PANDORA
and construct post-level evidence annotations to
support evidence-aware personality recognition.
We first retain 1,568 users with complete Big Five
annotations. We then remove duplicate, empty and
non-English posts, retaining posts containing no
fewer than six and no more than 200 words. Since
PANDORA contains a large number of posts for
each user, we retain users with at least 17 posts and
randomly sample 17 posts per user. This number
is close to the average dialogue length of Person-
alityEvd, thereby maintaining a comparable input
scale across the two datasets. This process results
in 1,355 users and 23,035 posts. Finally, the me-
dian score of the retained users is used to divide
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Task Pearson Spearman
r p ρ p

Evidence utterance identification −0.12 0.022 −0.04 0.400
Personality recognition 0.07 0.170 0.07 0.185

Table 12: Correlation between dialogue length and task performance.

Method Avg. OPN CON EXT AGR NEU std.dev
GPT + CoT + SC 57.85 71.35 63.09 50.69 55.92 48.21 8.46
GPT + Plan 60.33 72.18 62.53 46.28 60.33 60.33 8.28
DeepSeek + CoT + SC 59.83 72.18 68.32 49.31 61.43 47.93 9.79
DeepSeek + Plan 63.52 79.83 67.31 57.22 62.01 51.25 9.73
EPIR (GPT) 63.69 71.35 63.09 60.88 65.79 57.35 4.72
EPIR (DeepSeek) 67.46 74.93 68.26 65.45 68.60 60.06 4.83

Table 13: Comparison with alternative prompting strategies on PersonalityEvd. CoT, SC, and Plan denote chain-of-
thought reasoning, self-checking, and task planning, respectively.

Iteration Personality accuracy (%)
0 62.75
1 65.40
2 67.16
3 67.44
4 67.44

Table 14: Personality recognition performance from
single inference across iterations.

each personality trait into High and Low levels.
For evidence annotation, a psycholinguistic

grounding was introduced following Yarkoni
(Yarkoni, 2010), combined with the LIWC dictio-
nary. Correlation coefficients between Big Five
traits and LIWC categories were used to compute
evidence scores for each comment. Specifically,
LIWC category proportions were first extracted for
each comment and then standardized using z-score
normalization. The evidence score for trait t is
computed as:

signedc,t =
∑

k

rt,k · zc,k, (10)

where rt,k denotes the correlation with trait t and
LIWC category k. The scores are further nor-
malized to [0, 1], and comments above the me-
dian score for each trait are labeled as evidence
comments. Evidence posts are further required to
be polarity-consistent with the corresponding user-
level personality labels.

E Alternative Prompting Strategies

We further compare EPIR with alternative prompt-
ing strategies, including chain-of-thought reason-
ing (CoT) and self-checking (SC). The existing
prompting strategy based on task planning is de-
noted as Plan. The results on PersonalityEvd are

reported in Table 13.
Among alternative prompting strategies, EPIR

achieves higher average accuracy and higher cross-
trait stability with both GPT and DeepSeek. These
results support that the performance gains mainly
arise from the proposed iterative framework rather
than from prompt complexity.

F Analysis of Iterative Performance

We further report personality recognition perfor-
mance across different iterations. The results from
single inference are presented in Table 14.

The results indicate that most performance gains
are obtained in the first two iterations, with each
iteration generally improving over the previous one
in terms of overall personality recognition perfor-
mance. During the iterative process, 252 samples
experienced changes in predicted personality la-
bels, among which 150 samples showed perfor-
mance improvements, 53 showed degradation, and
49 remained unchanged.

The degraded cases are mainly concentrated in
Openness. Since this trait is highly dependent on
event context and interlocutor intent, irrelevant in-
formation in the initial evidence set may introduce
local bias during iterative refinement. Neverthe-
less, the consistent improvement in overall accu-
racy indicates that the iterative process improves
performance for most affected samples.

G Cross-Model Discriminator Analysis

We further evaluate GDF using different discrimina-
tor models. GPT-4-Turbo is adopted as an indepen-
dent discriminator to evaluate candidates generated
by DeepSeek, and is compared with the original
DeepSeek self-discrimination setting. The results
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(a) Overall performance
Metric DeepSeek self GPT judge ∆ (GPT−DeepSeek)
Accuracy 0.4702 0.4654 −0.005
Macro-F1 0.4585 0.4351 −0.023

(b) Trait-level F1 scores
Trait DeepSeek self GPT judge ∆F1 Holm p
Openness 0.379 0.377 −0.002 0.162
Conscientiousness 0.394 0.409 +0.015 3× 10−5

Extraversion 0.363 0.346 −0.017 0.125
Agreeableness 0.516 0.450 −0.066 1× 10−14

Neuroticism 0.453 0.463 +0.009 8× 10−4

Table 15: Performance with different discriminators. (a) reports overall performance, and (b) reports trait-level F1
scores with Holm-corrected p-values.

ID Speaker Utterance Role in the case
U1 Speaker A Dear Miaomiao, you have to take me to the radio station

to visit him.
–

U2 Speaker B Why do you watch him broadcast? –
U3 Speaker A I have to declare my ownership. –
U4 Speaker B We have rules at our radio station. Initial rule enforcement
U5 Speaker B No one else is allowed to come in. Initial rule enforcement
U6 Speaker B Bringing someone in with you is fine, too. Core evidence
U7 Speaker B But we need to lay down a few ground rules. Core evidence
U8 Speaker B You can only watch for 5 minutes. And look, but don’t

touch.
Core evidence

Table 16: Case study of iterative evidence refinement for Agreeableness recognition. Bold utterances denote the
final evidence selected by EPIR.

are reported in Table 15.
The two discriminator settings achieve compara-

ble overall accuracy, with no significant difference
under the McNemar test (p = 0.41) and a Cohen’s
κ of 0.52. At the trait level, neither discrimina-
tor consistently outperforms the other. The results
indicate that GDF maintains generally consistent
discriminative behavior across different LLM fami-
lies.

H Case Study

We further add case study as shown in Table 16.
The case analysis further reveals how the proposed
method works. The example illustrates a sce-
nario related to Agreeableness recognition, where
speaker A requests access to a broadcasting station,
and the target speaker B, as an employee of the
broadcasting station, needs to respond to this re-
quest involving access to a restricted area. Faced
with diverse emotional signals and complex contex-
tual information in the dialogue, the graph-based
evidence utterance identification module, which as-
sociates utterances with personality traits, initially
produces a set of redundant and noisy candidate
evidence utterances. In this case, all last six ut-
terances are treated as evidence utterances, includ-

ing explicit rejections of the entry request and rule
enforcement-related utterances. This leads to mis-
interpretation by the model, resulting in the initial
personality recognition output incorrectly classify-
ing the target speaker as having low Agreeableness.

The proposed Evidence-Personality Iterative
Reasoning framework (EPIR) improves the accu-
racy of evidence utterance identification, guiding
the graph model to focus on core evidence utter-
ances (U6, U7, U8) that truly reflect the target trait.
Although the speaker initially rejects the entry re-
quest to the broadcasting station, as friends, the
speaker later agrees to relax the restriction in utter-
ances 6, 7, and 8, allowing speaker A to temporar-
ily enter the broadcasting station. Meanwhile, with
the help of the proposed Generative-Discriminative
Feedback (GDF) mechanism, the model further
verifies that the target speaker’s exceptional behav-
ior reflects high empathy and flexibility. This ulti-
mately corrects the personality recognition result
to high Agreeableness.
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