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Abstract

While most existing dialogue studies focus on
dyadic (one-on-one) interactions, research on
multi-party dialogues has gained increasing im-
portance. One key challenge in multi-party
dialogues is identifying and interpreting the re-
lationships between participants. This study
focuses on multi-party chat corpus and aims to
estimate participant pairs with specific relation-
ships, such as family and acquaintances. We
evaluated the performance of large language
models (LLMs) in estimating these relation-
ships, comparing them with a logistic regres-
sion model that uses interpretable textual fea-
tures, including the number of turns and the
frequency of honorific expressions. The re-
sults show that even advanced LLMs struggle
with social relationship estimation, perform-
ing worse than a simple heuristic-based ap-
proach. This finding highlights the need for
further improvement in enabling LLMs to natu-
rally capture social relationships in multi-party
dialogues.

1 Introduction

In multi-party dialogues, humans naturally infer
interpersonal relationships and degrees of inti-
macy among participants, adapting their linguistic
choices and social behaviors accordingly. Recog-
nition of these interpersonal relationships plays
a crucial role in facilitating smooth and effective
communication. However, modeling these rela-
tionships is significantly more complex than in
dyadic (one-on-one) settings (Ishizaki and Kato,
1998; Clark, 1982; Novick et al., 1970). Multi-
party conversations involve intricate phenomena
such as sub-dialogues, shifting listener roles, and
unacknowledged utterances, making the automatic
estimation of social relationships a considerable
challenge.

Despite its importance, most research on com-
putational relationship recognition has focused

on dyadic interactions, such as estimating rap-
port (Nishihara et al., 2008) and intimacy (Mat-
sumoto et al., 2018). These methods, often de-
signed for specific dyadic or scripted contexts, are
not directly applicable to the complex, spontaneous
nature of multi-party chat. Furthermore, while
large language models (LLMs) like GPT have been
applied to various multi-party tasks (e.g., addressee
recognition, response generation), their ability to
robustly infer nuanced social relationships remains
limited and not well-understood (Tan et al., 2023).

This study addresses this gap by focusing on
the estimation of interpersonal relationships within
a Japanese multi-party chat corpus. Our primary
objective is to identify participant pairs with pre-
existing relationships (specifically, family and ac-
quaintances) and distinguish them from partici-
pants meeting for the first time. In multi-party
dialogues involving three or more participants, it
is often the case for some relationships to have al-
ready been established. We also assume a setting
in which a system joins an ongoing dialogue be-
tween two persons. In these cases, it is important
for the system to estimate relationships within the
party. We also explore the task of assessing rela-
tionship depth based on conversation history. To
achieve this, we investigate the efficacy of two dis-
tinct approaches: (1) a simple, interpretable logis-
tic regression model using explicit textual features
(e.g., number of turns, frequency of honorifics, and
use of mention tags), and (2) a recent LLM, GPT-
4o (OpenAI, 2024), using zero-shot and few-shot
prompting.

Our main contribution is a comparative analy-
sis that reveals the limitations of current LLMs
in this social reasoning task. The results demon-
strate that the simple interpretable logistic regres-
sion model, leveraging heuristic features, signifi-
cantly outperforms GPT-4o in identifying both the
type of relationship and the specific pairs involved.
We find that LLMs tend to misinterpret frequent
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interaction or empathy as a sign of a pre-existing
relationship, particularly struggling with ‘Family’
dialogues where participants may interact less than
acquaintances. These findings highlight a critical
area for improvement: enabling LLMs to capture
the subtle, and sometimes counter-intuitive, social
relationships inherent in multi-party communica-
tion.

2 Multi-Party Chat Corpus

This section provides an overview and examples of
the corpus used in this study and the preprocessing
that was applied.

2.1 Corpus Overview
The multi-party chat corpus used in this study was
developed by Tsuda et al. (2025) and consists of
text-based three-party dialogues in Japanese. The
participants engaged in approximately 100-turn
text-based chats in an online meeting space. Here,
a unit that ends with a line break is counted as a
separate turn. Each dialogue was terminated at a
natural topic boundary after it exceeded 100 turns.

The dialogues are broadly categorized into three
types based on the relationships among the three
participants: dialogues among first-timers (meeting
for the first time), dialogues involving two family
members and one first-timer, and dialogues involv-
ing two acquaintances and one first-timer. The first
type will be referred to as "First-time dialogue," the
second as "Family dialogue," and the third as "Ac-
quaintance dialogue." The participants consist of
six family pairs (12 participants), a group of 16 mu-
tual acquaintances, and 115 participants who were
complete first-timers. Each turn is annotated with
the speaker, the utterance content, and, when the
speaker wants to, a mention tag (@name) explicitly
indicating the intended addressee. Each group of
participants engaged in five dialogues, except for a
small subset of the family dialogue; each dialogue
was conducted independently, and the discussion
topics were not shared across dialogues.

The corpus contains 1,000 First-time dialogues,
500 Family dialogues, and 500 Acquaintance dia-
logues. An example of a Family dialogue is pre-
sented in Table 1. From this example, we can eas-
ily infer the relationships among the participants:
Speaker A is Speaker B’s mother.

2.2 Preprocessing
For the corpus used in this study, we prepared three
types of datasets, as shown below, by applying

Table 1: Example of chat corpus (Example from the
Family dialogue subset (translated from Japanese). “@”
indicates a mention tag.

Speaker Utterance
A Did you have breakfast this morn-

ing?
B @A Yes, I did!
C @A I had soba!
B @A The green onions were spicy in

mom’s natto rolls.
A @C Looks great for the morning!
C @B Natto rolls!
A I had to make 6 natto rolls. For three

people.
C That sounds like a lot of effort!

processing related to mention tags. Since the cri-
teria for assigning mention tags can vary across
participants, relying on human annotation alone
may lead to inconsistencies. To address this issue,
we prepared two versions of the corpus: one with
all mentions removed and another with mentions
automatically estimated.

• Original data
• Data without mention tags (by removing

them)
• Data with estimated mention tags (by predict-

ing them)

First, we conducted experiments using the origi-
nal corpus data, as shown in Table 1. Second, we
created a version of the corpus with the mention
tags removed. Third, we created a version with
automatic mention tags assignment for all turns
using GPT. Specifically, we provided GPT-4o with
a sequence of 10 turns, and for the final turn, we
asked it to estimate the mention tag as either “@A”,
“@B”, “@C”, or “@all”. To obtain stable outputs,
a few-shot prompt was used. This process was ap-
plied to all turns, resulting in the creation of a chat
corpus with mention tags for all turns. A number
of studies have been conducted on the addressee
recognition (AR) task (e.g. Le et al., 2019; Li and
Zhao, 2023; Tan et al., 2023), and according to Tan
et al. (2023), the accuracy for GPT-4 in the AR
task is 82.5%. For the corpus used in this study,
the accuracy was 65.2%. A large difference in per-
formance is that the dataset used by Tan et al (Tan
et al., 2023). was from the Ubuntu IRC (Hu et al.,
2019), which mainly consists of questions and an-
swers, and is different from the casual conversation
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Table 2: Input and Output Example (Acquaintance di-
alogue, R: Relationship, RP: Relational Pair, R and P:
Relationship and Pair, RD: Relationship Depth).

Input
Speaker Utterance

A I’ve been immersed in baseball with
my kids.

B That’s nice!
C Sounds great!
C You even play catch when you go

home during the week, right?

Task Correct Output Example
R Acquaintance dialogue
RP A and C
R and P Acquaintance: A and C
RD 1

used in this study.

3 Task Definition

To systematically evaluate a model’s ability to esti-
mate interpersonal relationships from dialogue, we
define four distinct tasks. These tasks are designed
to assess performance across multiple dimensions
of social reasoning: from the general classifica-
tion of a dialogue’s social context (i.e., whether it
contains a pre-existing relationship) to the specific
identification of the related pair, the type of rela-
tionship, and finally, the depth of the relationship
established over time. This section details the ob-
jective and input-output format for each task. All
tasks are evaluated using accuracy. Table 2 pro-
vides a concrete example of the input dialogue and
the expected output for each of the defined tasks.

3.1 Relationship Identification Task (R)

The relationship identification task is defined as a
three-class identification task aimed at determining
the dialogue type based on participant relationships,
as mentioned in Section 2.1: First-time, Family,
and Acquaintance dialogues.

3.2 Relational Pair Identification Task (RP)

The relational pair identification task focuses on
Family and Acquaintance dialogues. This task iden-
tifies which two of the three participants have a
relationship (either the family pair in Family dia-
logues or the acquaintance pair in Acquaintance
dialogues). Here, the task is performed for given

dialogues consisting of two family or acquaintance
participants and one first-timer.

3.3 Relationship and Pair Identification Task
(R and P)

This task is a combination of the two tasks men-
tioned above, that is to identify the two participants
with a relationship in Family and Acquaintance dia-
logues, and simultaneously determine whether they
are a family pair or an acquaintance pair. The si-
multaneous estimation of both the relationship and
the pair will facilitate its application to dialogue
systems.

3.4 Relationship Depth Assessment Task (RD)

In the relationship depth assessment task, we fo-
cus on data from the first and fifth dialogues with
the same participants, and identify whether the
dialogue is the first or fifth one. Each group of
participants was engaged in five or more dialogue
sessions. Hayashi et al. (2023) define rapport as the
feeling of connection and harmony with the other
person, showing that rapport increases as the num-
ber of conversations grows. Therefore, a higher
rapport, a deeper relationship, and the depth of
the relationship are expected to emerge in the fifth
session compared to the first session.

4 Method and Analysis

In this section, we describe the methods used to
estimate interpersonal relationships from the chat
corpus. We first detail an interpretable baseline
model, a logistic regression classifier, including
the specific Dialogue features selected for the task.
We then present a detailed statistical analysis of
these features to validate their effectiveness and to
uncover the distinct interaction patterns that char-
acterize each relationship type.

4.1 Logistic Regression-based Approach

We performed logistic regression using the Dia-
logue features extracted from the sentences. We
standardized all features using z-score normaliza-
tion (mean = 0, standard deviation = 1). We trained
an l2-regularized logistic regression classifier with
C=1.0 (inverse regularization strength). To evaluate
the model, we employed 10-fold cross-validation.
Logistic regression is used as an interpretable base-
line, positioned as a means to demonstrate the per-
formance gap between simple feature-based mod-
els and LLMs.
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Table 3: Mean values (and standard deviations) per participant for each dialogue type and feature.

Dialogue Type Participants #Utterances #Honorifics #Questions
First-time First-timer 34.4 ( 8.0) 20.6 (7.9) 3.2 (2.7)
Family First-timer 39.8 ( 7.2) 22.9 (7.4) 7.2 (4.5)
Family Family 32.6 ( 7.8) 16.5 (6.6) 3.0 (2.4)
Acquaintance First-timer 27.9 ( 7.9) 13.1 (7.3) 4.0 (3.0)
Acquaintance Acquaintance 39.3 (10.8) 8.5 (5.6) 4.4 (3.2)

Table 4: Mean values of mention-related the Dialogue features.

Speaker Mentioned person #Mention tags
#Mention tags #Mention tags
/w honorifics /w questions

First-timer First-timer 4.0 2.9 0.5
First-timer Family 5.8 3.7 1.3
Family First-timer 5.2 4.1 0.9
Family Family 2.7 0.3 0.4
First-timer Acquaintance 5.4 2.9 0.9
Acquaintance First-timer 8.0 4.0 1.2
Acquaintance Acquaintance 9.1 0.4 1.2

Following Matsumoto et al. (2018), we investi-
gated “Dialogue features” hypothesized to reflect
social relationships as:

• Number of turns per participant
• Number of honorifics per participant
• Number of questions per participant
• Number of mention tags per participant
• Number of mention tags with honorifics per

participant
• Number of mention tags with questions per

participant

The number of honorific expressions was mea-
sured using a dictionary-based pattern matching ap-
proach, in which common Japanese polite endings
such as “desu” and “masu” were detected and each
counted as one instance. Similarly, the number of
questions was measured using a rule-based method,
counting each occurrence of a question mark (“?”)
as one instance. For the mention-related features,
we measured three types of interactions between
each pair of participants, based on the assumption
that identifying relationships would be easier by
referring to the addressee of honorifics and ques-
tions:

• Number of mention tags used from each par-
ticipant to each other participant

• Number of mention tags with honorifics from
each participant to each other participant

• Number of mention tags with questions from
each participant to each other participant

Table 5: t-test results (two-tailed). Asterisks indicate
significance: * for p < 0.05 and ** for p < 0.01. The
t-value is bolded when Family > First-timer or Acquain-
tance > First-timer (Acq: acquaintance).

Participants Dialogue Features t-value
#Turns 17.8**
#Questions 19.0**

First-timer #Honorifics 16.4**
and Family #Mention tags 17.4**

(@Family dialogue) #Mention tags 31.0**
w/ honorifics
#Mention tags 14.7**
w/ questions
#Turns 23.1**
#Questions 2.4*

First-timer #Honorifics 12.4**
and Acquaintance #Mention tags 12.8**
(@Acq dialogue) #Mention tags 27.9**

w/ honorifics
#Mention tags 3.1**
w/ questions

All features were measured by absolute counts per
dialogue, noting that all dialogue sessions consist
of approximately 100 turns. Note that since the
number of mention tags could not be measured in
the dataset where mention tags were removed, we
did not use any mention-related features.
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4.2 Statistical Analysis

To validate the effectiveness of the features used
for the logistic regression model, we conducted a
statistical analysis of the dataset. Our goal was to
confirm that these "Dialogue features" (Matsumoto
et al., 2018)–including the number of turns, hon-
orifics, questions, and mention tags–exhibit statis-
tically significant and distinct patterns across the
different relationship types.

The results of this analysis are presented in Table
3 (for participant-level features) and Table 4 (for
pair-wise, mention-related features). To test the
statistical significance of these observations, we
performed t-tests comparing the mean differences
between the first-timer and the family members
(in Family dialogues), and between the first-timer
and the acquaintances (in Acquaintance dialogues),
with the results shown in Table 5.

The results reveal statistically significant differ-
ences (p < 0.05) between the participant types.
Key findings include: (1) In Family dialogues, fam-
ily members had significantly fewer turns, used
fewer honorifics, and asked fewer questions com-
pared to the first-timer. (2) In Acquaintance dia-
logues, acquaintances had significantly more turns
and used more mention tags than the first-timer.

This analysis confirms that distinct interaction
patterns emerge based on the relationship context.
As illustrated in Figure 1, conversations in Family
dialogues tended to evolve around the first-timer,
with fewer direct exchanges between the family
pair. Conversely, in Acquaintance dialogues, the
two acquaintances often engaged more actively
with each other. These statistically validated pat-
terns provide useful information for our logistic
regression model, demonstrating that the selected
features are indeed indicative of the underlying
social relationships.

5 Evaluations

We evaluated the performance on each task defined
in Section 3 by comparing our interpretable base-
line against a state-of-the-art LLM. This section
details the experimental setup for both models and
presents the results for each of the four tasks.

For the logistic regression experiments, we
trained and evaluated the model (described in Sec-
tion 4) using three distinct data preparations to
understand the impact of mention tags: (1) the orig-
inal data with human-annotated mention tags, (2)
data with all mention tags removed, and (3) data

Figure 1: Interaction patterns in First-timer, Family, and
Acquaintance dialogues. The white person represents
the first-timer, the black person represents a family mem-
ber, and the striped person represents an acquaintance.
Arrow thickness indicates the frequency of interaction
between each pair.

with automatically estimated mention tags. For
comparison, we also conducted ablation studies us-
ing the original data, removing either all honorific-
related features or all question-related features to
assess their respective contributions. The final
trained regression coefficients for these models are
reported in Appendix A.

For the GPT-4o experiments, we evaluated its
performance using three prompting strategies to
test its reasoning capabilities under different condi-
tions:

• Zero-shot: Provided only the task descrip-
tion.

• Few-shot (FS): Provided the task description
along with several representative examples of
inputs and correct outputs.

• Few-shot + Statistics-aware (FS+ST): An
enhanced FS prompt that explicitly incorpo-
rated the key statistical properties identified
in our analysis (Section 4.2). Specifically,
we informed the model that: honorifics are
rarely used among family members or ac-
quaintances; utterances between family mem-
bers are infrequent; and utterances between
acquaintances are more frequent.

5.1 Relationship Identification Task
The following is the prompt for the GPT-based
method for the relationship identification task.

Analyze a conversation between three people
and output in one line an estimate of whether
it includes two family members, or two people
who are not family members but who know
each other, or whether no one is family or
knows each other.
The output format should be “family” only if



384

Table 6: Results of Relationship Identification Task
(FS: Few-Shot prompt, ST: Statistics-aware prompt, M:
Mention, EM: Estimated Mention).

Method Accuracy
GPT-4o w/ M 0.41
GPT-4o w/o M 0.41
GPT-4o w/ EM 0.33
GPT-4o FS w/ M 0.65
GPT-4o FS w/o M 0.53
GPT-4o FS w/ EM 0.56
GPT-4o FS+ST w/ M 0.65
GPT-4o FS+ST w/o M 0.60
GPT-4o FS+ST w/ EM 0.58
Logistic w/ M 0.80
Logistic w/o M 0.79
Logistic w/ EM 0.75
Logistic w/ M w/o honorifics 0.62
Logistic w/ M w/o questions 0.78

family pairs are included. If acquaintance pairs
are presumed to be included, output only “ac-
quaintances”. If neither family nor acquain-
tances are presumed, output only “no”.

In order to estimate the relationship, we employ
logistic regression with three class categories: First-
time dialogue, Family dialogue, and Acquaintance
dialogue.

The results are presented in Table 6. The results
indicate that the logistic regression model achieved
the highest performance on the original data. Al-
though the logistic regression models generally out-
performed GPT, in the case where honorific-related
features were removed, the performance got close
to that of GPT. When the question-related features
were removed, there was no significant decrease
in accuracy. In the zero-shot prompts, the accu-
racy decreased when using the estimated mention
tags, whereas this decline was not observed in the
few-shot prompts or the logistic regression model.
In the prompts augmented with statistical informa-
tion, a slight improvement was observed only when
using the dialogues without mention tags or with
estimated mention tags.

5.2 Relational Pair Identification Task

The following is the prompt for the GPT-based
method for the relational pair identification task.
The term “family” was replaced with “acquain-
tance” in the experiments involving Acquaintance
dialogues.

Analyze the conversation and estimate which
two of the three are the family pair.

Table 7: Relational Pair Identification Task (Accuracy,
FS: Few-Shot prompt, ST: Statistics-aware prompt, M:
Mention, EM: Estimated Mention).

Method Family Acquaintance
GPT-4o w/ M 0.44 0.72
GPT-4o w/o M 0.44 0.70
GPT-4o w/ EM 0.35 0.61
GPT-4o FS w/ M 0.64 0.70
GPT-4o FS w/o M 0.66 0.69
GPT-4o FS w/ EM 0.51 0.67
GPT-4o FS+ST w/ M 0.69 0.68
GPT-4o FS+ST w/o M 0.59 0.65
GPT-4o FS+ST w/ EM 0.59 0.69
Logistic w/ M 0.96 0.97
Logistic w/o M 0.86 0.90
Logistic w/ EM 0.96 0.95
Logistic w/ M w/o honorifics 0.76 0.75
Logistic w/ M w/o questions 0.97 0.97

Table 8: Reasons for GPT’s Family Pair Identification
(C: Correct, IC: Incorrect, FS: Few-Shot prompt)

Reason C IC C IC
(FS) (FS)

Calling by Name or Relationship 27 41 24 15
Empathy 1 36 5 20
Frequent Interactions and Questions 0 28 0 12
Shared Topics 82 6 106 15
Others 20 9 35 18

The output format should be only “A and B”,
for example, if you think that A and B are a
family pair.

Furthermore, for analysis only, we added ’Ex-
plain the reason for your estimation’ to the prompt
for a randomly sampled 210 of Family dialogues.

Logistic regression was employed with three
classification targets: A and B, A and C, and B
and C. The results for the Family and Acquain-
tance dialogues are presented in Table 7, showing
the percentage of correctly identified pairs. A sum-
mary of the output reasons, including the inference
process, is provided in Table 8.

According to Table 7, in the Family dia-
logues, the logistic regression model excluding the
question-related features on the original dataset
achieved the highest accuracy, while in the Ac-
quaintance dialogues, the logistic regression model
using the original dataset and the model exclud-
ing the question-related features on the original
dataset achieved the best performance. However,
when the honorific features were removed, the ac-
curacy of the logistic regression model dropped
significantly. In the logistic regression model, un-
like the Relationship Identification Task, the perfor-
mance decreased when using the dialogues without
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Table 9: Example of dialogue where GPT made an error
(Family dialogue)

Utterance
A That’s why when I go to a big store, I end up

taking my time looking around.
B @A That’s so true! When you have kids with

you, you can’t really take your time.
B I quickly go while they’re at school!
A Yeah, definitely hard to take it slow with kids.
A That’s a good idea.
C @B It’s true, you can’t really take your time.

mention tags, while it improved when using the
dialogues with estimated mention tags. This sug-
gests that mention-related features have a strong
impact on identifying relationship pairs, and that
predicted mention tags with low accuracy were ef-
fective to some extent. In the zero-shot prompting,
GPT performed better on Acquaintance dialogues
than on Family dialogues. However, in the few-shot
prompting, the performance on Family dialogues
improved, reducing the gap between the two types
of dialogue. In the prompts augmented with statis-
tical information, no consistent improvement was
observed, as the performance varied depending on
the method. According to Table 8, in the zero-
shot prompting, incorrect predictions were often
made by empathy or frequent interactions. Table 9
presents an example where GPT made an error in
pair estimation: in this case, although the correct
answer was B and C, GPT incorrectly inferred that
A and B formed the family pair, reasoning that they
were empathizing with each other over a topic re-
lated to children. This suggests that LLMs tend to
interpret close communication—such as frequent
exchanges—as indicative of a close relationship.
As discussed in the analysis in Section 4, Acquain-
tance dialogues contain more exchanges between
the acquaintances themselves, which may explain
why GPT produced better results for Acquaintance
dialogues than for Family dialogues. However,
with few-shot prompting, fewer incorrect predic-
tions were attributed to factors such as calling by
name, empathy, or frequent interactions.

5.3 Relationship and Pair Identification Task

The following is the prompt for the GPT-based
method for the Relationship and Pair Identification
task.

Table 10: Relationship and Pair Identification Task (FS:
Few-Shot prompt, ST: Statistics-aware prompt, M: Men-
tion, EM: Estimated Mention).

Method Accuracy
GPT-4o w/ M 0.34
GPT-4o w/o M 0.34
GPT-4o w/ EM 0.22
GPT-4o FS w/ M 0.40
GPT-4o FS w/o M 0.44
GPT-4o FS w/ EM 0.33
GPT-4o FS+ST w/ M 0.44
GPT-4o FS+ST w/o M 0.45
GPT-4o FS+ST w/ EM 0.40
Logistic w/ M 0.92
Logistic w/o M 0.76
Logistic w/ EM 0.87
Logistic w/ M w/o honorifics 0.64
Logistic w/ M w/o questions 0.91

Analyze a conversation between three people
and estimate which two of the three are a re-
lated pair and what kind of relationship they
have and output in one line.
The output format should only be “Family: A
and B” if family pairs are included. If the pair
is not a family but an acquaintance, output only
“Acquaintance: A and B”.

In the logistic regression method, relationship
and pair identification was performed using two
classes for relationship type (family or acquain-
tance) and three classes for pair combinations, re-
sulting in a logistic regression model with six clas-
sification categories. The experimental results are
presented in Table 10. The table shows the percent-
age of correct answers where both the relationship
type and the specific pair were correctly identified.

It shows that the logistic regression model using
the original data achieved the highest percentage
of correct answers. However, when the honorific-
related features were removed, the accuracy of
the logistic regression model dropped significantly,
whereas this decline was not observed when the
question-related features were removed. In the lo-
gistic regression model, the performance decreased
when using the dialogues without mention tags,
while it improved when using the dialogues with
estimated mention tags. This is likely because,
while the accuracy using the dialogues with esti-
mated mention tags declined in the Relationship
Identification task, the improvement in the accu-
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Table 11: Relationship Depth Assessment Task (Accu-
racy, FS: Few-Shot prompt, M: Mention, H: honorifics,
Q: questions).

Method First-timer Family Acquaintance
GPT-4o w/ M 0.46 0.53 0.51
GPT-4o w/o M 0.51 0.54 0.54
GPT-4o w/ EM 0.50 0.50 0.58
GPT-4o FS w/ M 0.53 0.77 0.70
GPT-4o FS w/o M 0.53 0.79 0.70
GPT-4o FS w/ EM 0.52 0.76 0.65
Logistic w/ M 0.54 0.60 0.53
Logistic w/o M 0.60 0.64 0.58
Logistic w/ EM 0.54 0.53 0.54
Logistic w/ M w/o H 0.45 0.45 0.49
Logistic w/ M w/o Q 0.56 0.55 0.55

racy in the Relational Pair Identification task was
more substantial. However, in GPT, the accuracy
decreased when using the data with estimated men-
tion tags, while it improved when using the data
without mention tags. This suggests that GPT may
not effectively utilize mention tags in its predic-
tions.

5.4 Relationship Depth Assessment Task

The following is the prompt for the GPT-based
method for the relationship depth assessment task.

Analyze the conversation and output “1” or “5”
for the dialogue, whether it is the first or fifth
dialogue. The first and fifth dialogues data are
given. The output format should be “numeric”
only.

We performed the logistic regression as a binary
classification task that predicts whether a dialogue
is the first or the fifth session for the same partici-
pant group. The experimental results for First-time
dialogues, Family dialogues, and Acquaintance di-
alogues are shown in Table 11.

According to Table 11, the logistic regression
model achieved the highest accuracy in First-time
dialogues, whereas GPT showed the highest accu-
racy in both Family and Acquaintance dialogues.
In this task, the overall performance was low, even
though it was a binary classification problem, and
regardless of whether mention tags were present
or not. The effect of mention tags tends to vary
greatly depending on the individual, and it is likely
that the mention-related features did not change
significantly between the first and fifth dialogues.
In this task, the decrease in accuracy caused by ex-
cluding the honorifics-related features was smaller
compared to other tasks. It is possible that even by

the fifth conversation, the relationship had not deep-
ened significantly enough to be effectively captured
by the model.

6 Conclusions

In this study, we focused on a multi-party chat
corpus and estimated relationships between partic-
ipants using GPT-4o and logistic regression mod-
els. The analysis confirmed that First-time dia-
logues, Family dialogues, and Acquaintance dia-
logues each exhibit distinctive characteristics. The
logistic regression models achieved significantly
higher accuracy than GPT on many tasks, including
detecting the presence of relationships and identify-
ing specific relationship pairs. In particular, the lo-
gistic regression model showed better performance
in the relationship pair identification task. However,
when the honorific-related features were removed,
the performance of the logistic regression model
significantly decreased. GPT tends to emphasize
frequent and dense communication, resulting in
relatively good performance for acquaintance con-
versations in the pair identification task, but show-
ing lower accuracy for family conversations. Also,
GPT performed better on the relationship depth
assessment task compared to the other tasks. These
findings suggest that GPT is relatively capable of
estimating the depth of relationships, despite its
limitations in accurately identifying specific rela-
tionships.

The framework presented in this study has
broader applicability. Relationships such as family
and acquaintances are universal, and the method
used in this study can potentially be adapted to
other languages and cultural contexts. Thus, this
study not only demonstrates the effectiveness of
a simple, interpretable model in Japanese multi-
party dialogues but also provides a generalizable
framework for relationship estimation in dialogue
systems. Future challenges include generalizing
the model using diverse datasets, such as the Cor-
pus of Everyday Japanese Conversation (CECJ,
Koiso et al., 2022). While fine-tuning was not per-
formed in this study, as the focus was on providing
an interpretable baseline, it will likely be necessary
for future improvements. Additionally, because
honorific expressions are unique to the Japanese,
careful adaptation would be required when apply-
ing this approach to other languages.
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A Logistic Regression Coefficients

In this appendix, we provide the detailed regression
coefficients obtained from the logistic regression
models used in our experiments. Each figure corre-
sponds to a specific experimental setting described
in Section 5.1-5.4, and lists the coefficients asso-
ciated with each input feature. The coefficients
indicate the relative contribution of each feature
to the prediction of the target variable, with posi-
tive values representing a positive correlation and
negative values representing a negative correlation.
All coefficients were standardized before training
to allow for comparison across features. Figures
A.1-A.21 summarize the coefficients for each con-
dition. We include these detailed values to facilitate
reproducibility and to allow readers to interpret the
influence of individual features on the model’s de-
cision boundaries.

Figure A.1: Heatmap of logistic regression coefficients
for the relationship identification task (with mention
tags).

Figure A.2: Heatmap of logistic regression coefficients
for the relationship identification task (without mention
tags).

Figure A.3: Heatmap of logistic regression coefficients
for the relationship identification task (with estimated
mention tags).

Figure A.4: Heatmap of logistic regression coefficients
for the relational pair identification task (Family dia-
logues, with mention tags).

Figure A.5: Heatmap of logistic regression coefficients
for the relational pair identification task (Family dia-
logues, without mention tags).

Figure A.6: Heatmap of logistic regression coefficients
for the relational pair identification task (Family dia-
logues, with estimated mention tags).

Figure A.7: Heatmap of logistic regression coefficients
for the relational pair identification task (Acquaintance
dialogues, with mention tags).
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Figure A.8: Heatmap of logistic regression coefficients
for the relational pair identification task (Acquaintance
dialogues, without mention tags).

Figure A.9: Heatmap of logistic regression coefficients
for the relational pair identification task (Acquaintance
dialogues, with estimated mention tags).

Figure A.10: Heatmap of logistic regression coefficients
for the relationship and pair identification task (with
mention tags).

Figure A.11: Heatmap of logistic regression coefficients
for the relationship and pair identification task (without
mention tags).

Figure A.12: Heatmap of logistic regression coefficients
for the relationship and pair identification task (with
estimated mention tags).

Figure A.13: Heatmap of logistic regression coefficients
for the relationship depth assessment task (First-time
dialogues, with mention tags).

Figure A.14: Heatmap of logistic regression coefficients
for the relationship depth assessment task (First-time
dialogues, without mention tags).

Figure A.15: Heatmap of logistic regression coefficients
for the relationship depth assessment task (First-time
dialogues, with estimated mention tags).

Figure A.16: Heatmap of logistic regression coefficients
for the relationship depth assessment task (Family dia-
logues, with mention tags).

Figure A.17: Heatmap of logistic regression coefficients
for the relationship depth assessment task (Family dia-
logues, without mention tags).
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Figure A.18: Heatmap of logistic regression coefficients
for the relationship depth assessment task (Family dia-
logues, with estimated mention tags).

Figure A.19: Heatmap of logistic regression coefficients
for the relationship depth assessment task (Acquain-
tance dialogues, with mention tags).

Figure A.20: Heatmap of logistic regression coefficients
for the relationship depth assessment task (Acquain-
tance dialogues, without mention tags).

Figure A.21: Heatmap of logistic regression coefficients
for the relationship depth assessment task (Acquain-
tance dialogues, with estimated mention tags).
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