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Abstract

Language transmits cultural identity even without explicit disclosure, shaping how individuals perceive and engage in
interpersonal tasks. We investigate these identity signals within the KODIS (KObe DISpute) corpus, an English-only
corpus of anonymous text-chat negotiations involving participants from the US, UK, Mexico, and South Africa. We test
whether a speaker’s country can be inferred from dialogue using zero-shot LLMs and embedding-based classifiers.
Our results demonstrate that cultural identity is reliably detectable in text, with embedding models achieving far higher
accuracy. Critically, while objective negotiation outcomes remain consistent across groups, these subtle identity
cues significantly alter participants’ subjective feelings about the interaction. These findings suggest that cultural
identity-related signals are embedded in language and may be relevant for analyzing negotiation dialogue.
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1. Introduction

Language use can convey cues about a speaker’s
background and social identity (Gumperz, 1982).
Word choice and expression shape impressions
about a person’s background and social identity,
and these impressions influence how interaction
unfolds (Koschate et al., 2021). In social psy-
chology, this process is known as Person Percep-
tion (Keith, 2013). Interaction is influenced not only
by what is said but also by how the speaker is
perceived (Kunda and Thagard, 1996). In natural
dialogue, speakers rarely state their cultural back-
ground directly. Even so, patterns of language use
may convey subtle identity-related signals.

Identifying these signals from text is a meaningful
research goal, not just a step toward downstream
analysis. In many natural dialogue datasets, espe-
cially those from online disputes or archived nego-
tiations, cultural background information is missing
or unreliable. A classifier that infers cultural ori-
gin from language makes culture observable and
measurable in large unlabeled corpora where meta-
data is not available (Tetreault et al., 2013). Ne-
gotiation is a useful context to study this problem.
Prior dialect identification work mostly focuses on
neutral or everyday language, but negotiation dia-
logue is different. It involves strategic interaction,
power differences, and emotionally charged face
threats (Lawler and Yoon, 1995). These conditions
may strengthen or weaken cultural signals, but this
has not been tested empirically.

This paper examines whether traces of cultural
identity emerge in task-based dialogue when speak-
ers do not explicitly disclose their background.
It also examines whether these signals reflect
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surface-level differences in expression or are as-
sociated with differences in interaction outcomes.
To explore this, we analyze English negotiation
dialogues collected under the same task con-
ditions from patrticipants in four countries (Hale
et al., 2025). The analysis focuses on whether
a speaker’s country can be inferred from dialogue
alone and whether the strength of this inference is
related to negotiation behavior.
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Figure 1: Overview of the study design and evalu-
ation framework.

Specifically, we address the following research
questions:

+ RQ1: To what extent can a speaker’s country
of origin be inferred from dialogue when cul-
tural identity is neither relevant nor intentionally
disclosed?

RQ2: Which computational approach better
captures these signals in negotiation dialogue:
zero-shot LLMs or embedding-based classi-
fiers?

RQ3: Are these inferred identity signals associ-
ated with differences in negotiation outcomes,
as reflected in within-country versus between-
country interactions?
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2. Related work

2.1. Cultural identity in language

Sociolinguistic research has shown that social and
cultural identity can be reflected in patterns of lan-
guage use, such as lexical choice, spelling con-
ventions, and pragmatic style (Bucholtz and Hall,
2005; Labov, 2006). These patterns often emerge
without explicit self-disclosure and can be observed
across different communicative contexts (Bucholtz
and Hall, 2005). Prior work suggests that listeners
may form social impressions based on such linguis-
tic cues, even when identity is not directly relevant
to the task (Giles and Powesland, 1975).

2.2. NLP for social variable detection

Prior work in NLP has examined the prediction of so-
cial variables from text, including demographic and
cultural attributes (Tetreault et al., 2013). These
studies are motivated by the observation that such
social variables are systematically reflected in lin-
guistic patterns, and have proposed a range of
computational approaches, most commonly us-
ing feature-based representations of text (Zampieri
et al., 2018), with more recent work applying large
language models for social attribute prediction (Al-
Nuaimi et al., 2024). However, these studies have
largely focused on static text genres such as es-
says or social media posts, overlooking interac-
tive task-oriented dialogue. Negotiation is a par-
ticularly compelling yet underexplored setting: it is
fundamentally a social interaction shaped by per-
ceptions of group membership and identity (Tajfel
et al., 2001), where in-group favoritism and inter-
group bias can influence communication style and
subjective evaluations (Brewer, 1999; De Dreu and
Carnevale, 2003). However, the application of NLP
methods to negotiation dialogue remains largely
unexplored, even though strategic pressure and
emotional intensity may influence how cultural iden-
tity is expressed.

3. Method

3.1. KODIS Dataset

We use English negotiation dialogues from the
KODIS dataset. The dialogues are collected from
an online negotiation experiment in which partici-
pants interact anonymously to resolve a purchase
dispute (Hale et al., 2025). Participants do not
know each other’s country of origin, and there is no
requirement or incentive to reveal it during the inter-
action. All dialogues follow the same task scenario:
a buyer requests a refund after receiving an incor-
rect basketball jersey from a seller. The scenario is
designed to elicit emotionally charged exchanges,
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as the buyer has been wronged and may express
frustration or anger during the dispute.

Each dialogue is associated with a buyer country
label among four classes: U.S., U.K., Mexico, and
South Africa.We construct a balanced dataset with
80 dialogues per country (320 total), where both
buyer and seller are from the same country.

3.2. Models

We analyze only the buyer side of each dialogue
(speaker-specific setting). We use 5-fold stratified
cross-validation with an 80% train and 20% test
split in each fold.

* LLM (Zero-shot). We use gpt-4o-mini
model as a zero-shot classifier. The prompt
provides a short list of linguistically grounded
cues (e.g., spelling variants, lexical choice, de-
livery terminology, and interactional tone) to
guide the prediction. The model is queried
with a temperature of 0.3 to reduce output vari-
ability.

Embedding + Logistic Regression. Buyer
utterances are embedded using text-
embedding-3-large (8072-dimensional
representations). A multinomial logistic
regression classifier is trained on these
embeddings using L. regularization with a
maximum of 1000 iterations. The random
seed is fixed for reproducibility.

Embedding + SVM. The same precomputed
embeddings are used as input features. We
train a Support Vector Machine with an RBF
kernel, using the library’s standard regulariza-
tion and kernel parameters.

Embedding + Random Forest. The same
embedding representations are used to train a
Random Forest classifier. We use the default
number of trees and feature-sampling strategy
provided by the library.

3.3. Lexical Cues by Country

We analyze TF-IDF logistic regression coefficients
to identify lexical features associated with each
country. Features are ranked by their class-
specific coefficient magnitude, and the top posi-
tively weighted cues are selected for inspection.
The model assigns high weights to words and
phrases that reflect country-specific linguistic style.

"The full prompt is provided in the Appendix.



3.4. Within- vs. Between-Country
Interaction Analysis

We compared negotiation outcomes between
within-country and between-country dyads. All di-
alogues were collected under identical task condi-
tions with matched incentives and roles. We ex-
amined resolution rates, buyer and seller points,
joint points, and all facets of the Subjective Value
Inventory (SVI) (Curhan et al., 2006). For this anal-
ysis, we included all dyads with complete outcome
information (N = 2076 dialogues). Dyads were
categorized as within-country or between-country
based on whether the buyer and seller shared the
same country label. Resolution outcomes were
analyzed using a chi-square test of independence,
while buyer points, seller points, joint points, and
SVI measures were analyzed using mixed-effects
ANOVAs with Role as a within-dyad factor and
Match as a between-dyad factor.

4. Result

4.1. Performance

Table 1: Model performance comparison.

Method Accuracy F1-Score
LLM 0.431 0.374
LogReg 0.625 0.627
SVM 0.616 0.628
RandomForest 0.615 0.612
Chance (4-class) 0.250 -

In Table 1, embedding-based methods substan-
tially outperform the LLM classifier across all met-
rics. Logistic Regression achieves 62.5% accuracy
and an F1-score of 0.627, compared to 43.1% ac-
curacy and 0.370 F1 for the LLM.

LogReg
Acc=0.625, F1=0.626

outh Affica UK.
Predicted

SVM
Acc=0.619, F1=0.628

outh Affica UK
Predicted

Figure 2: Confusion matrices for four models on
the four-country classification task

The confusion matrices in Figure 2 further clarify
why this gap emerges. The LLM exhibits a strong

36

prediction bias toward the U.S. class: for true U.S.
instances, it predicts U.S. 91.2% of the time, but it
also incorrectly maps a large proportion of Mexico
(51.2%), South Africa (66.2%), and U.K. (57.5%)
samples into the U.S. category.

In contrast, embedding-based classifiers show
balanced decision boundaries across all four
classes. Logistic Regression correctly identifies
62.5% of Mexico, 50.0% of South Africa, 72.5%
of the U.K., and 65.0% of U.S. samples, with sub-
stantially reduced cross-country confusion. This
balanced error distribution leads to a much higher
macro F1-score. Similar patterns are observed for
SVM (F1=0.628) and Random Forest (F1=0.557),
all of which avoid the systematic overprediction
seen in the LLM.

Limitations of Zero-Shot LLM Classification:
Analysis of the explanations (“reasons”) generated
by the LLM alongside its predictions reveals two
main sources of error. First, the model shows a
strong bias toward the U.S. class, frequently in-
terpreting generic negotiation language (e.g., ref-
erences to refunds or shipping) as evidence of
American origin, regardless of the speaker’s ac-
tual country. Second, the LLM relies primarily on
explicit surface-level cues, such as spelling variants
or named institutions, and fails to capture more sub-
tle discourse-level differences when these markers
are absent. These tendencies are reflected in the
model’s own reasons, which often cite generic lexi-
cal cues rather than distinctive linguistic patterns.

Mexico

opinion MM 0.469
shirt IS 0.483

South Africa

page:
need refu ncé— 0.510
of .
I E—0.571
g
shirt didn} 0.565
said 0.576
ok 0.596
make
want: 0.667
player I 0.884
refound G 0.025
0.0 0.5 1.0
U.K.

00 02 04 06

terminally NSNS 0.474
remove reviev I 0.497
advertised - 0.500

willing IE—— 0.414

sounds good I 0.418

negative reviews IS 0.425
ordered kobe IS 0.451
refund buyer I 0.468
receive correct B 0.475

_ sent ME———— 0.595 erent 0.489
listin 0.612 number 0.529
state 0.618 consider 0.535
purchased 0.660 great 0.554
described 0.693 posted 0.558
0.760 ordered 0.624
order 0.781 jersey 0.648
apolqglse 0.949 fraud I——— 0.707
item I 1.114 negative I 0.761
0.0 0.5 1.0 0.00 0.25 0.50 0.75

Coefficient Value Coefficient Value

Figure 3: Lexical features with the highest coeffi-
cients for each country in the logistic regression
model.

4.2. Corpus-level Linguistic Signals

Figure 3 shows distinctive words for each coun-
try, identified based on the highest positive logistic
regression coefficients from the country-level clas-
sifier. These features reflect corpus-level stylistic
tendencies rather than fixed cultural traits, and may



be shaped by task context, role expectations, and
L2 language use. U.K. dialogues contain politeness
markers and British spelling variants (e.g., “apolo-
gise”, “colour”). U.S. dialogues emphasize direct
and transactional language (e.g., “refund”, “fraud”).
Mexican dialogues show simplified phrasing and
L2-influenced constructions (e.g., “im”, “ok”). South
African dialogues contain procedural and regula-

tory terms (e.g., “courier”, “terms”).

4.3. Within- vs. Between-Country

Table 2: Result of Mixed ANOVA Analysis

DV Effect p Direction

Points Role <0.001 Buyer > Seller
SVI Instrumental Match .040 Between > Within
SVI Instrumental Role .022 Buyer > Seller
SVI Relationship Match .004 Between > Within
SVI Relationship Role .017  Buyer > Seller

We analyzed interaction outcomes using mixed
ANOVAs with Match (within-country vs. between-
country) as a between-dyads factor and Role (buyer
vs. seller) as a within-dyads factor. Resolution
outcomes were analyzed separately using a chi-
square test. Table 2 summarizes the main effects of
Match and Role on negotiation outcome measures.
Significant effects were observed for Role on points
and for Match on instrumental and relationship-
focused subjective value.

5. Discussion

Regarding RQ1, our results suggest that cultural
identity-related signals may emerge through linguis-
tic style even when such information is not explicitly
disclosed. The results support this assumption:
despite the absence of direct references to nation-
ality, both zero-shot LLMs and embedding-based
models were able to infer speakers’ countries from
dialogue patterns alone. This suggests that social
identity may be reflected not only in explicit content
but also in subtle stylistic features such as ortho-
graphic choices, hedging, and discourse structure.

For RQ2, embedding-based classifiers captured
identity signals more robustly than the zero-shot
LLM in this setting. Although zero-shot LLMs are
often effective in many NLP settings, they were less
robust than embedding-based classifiers in our spe-
cific negotiation classification setup. One possible
reason is that negotiation dialogue contains fewer
explicit nationality markers than more conventional
dialect identification settings Error analysis further
indicated that the LLM often relied on a small num-
ber of salient lexical cues and, when such cues
were weak or absent, tended to default to predicting
the U.S. class. This observation suggests that, in
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our setting, the zero-shot model was more sensitive
to sparse surface cues, while embedding-based
models may have captured more distributed stylistic
patterns.

For RQ83, the comparison between within-country
and between-country interactions revealed an in-
teresting dissociation: despite the competitive
and emotionally charged nature of the negotiation
task, objective outcomes did not significantly dif-
fer across conditions, whereas some subjective
evaluations did. A more conservative interpretation
is that identity-related cues may shape how inter-
actions are subjectively experienced, even when
they do not translate into measurable differences
in objective outcomes. In such contexts, even emo-
tionally intense exchanges may be interpreted more
charitably in cross-country interactions, shaping re-
lational perceptions without altering material nego-
tiation outcomes. Together, these findings suggest
that social signals expressed through language
may influence how interactions are experienced
and evaluated, rather than the objective results of
the negotiation itself.

6. Conclusion

Overall, our findings show that implicit cultural iden-
tity cues can be detected in negotiation language.
Embedding-based classifiers consistently outper-
formed zero-shot LLM predictions, suggesting that
distributed stylistic patterns may provide more reli-
able signals for identity inference than surface-level
reasoning. These results suggest that culture clas-
sification can serve as a useful measurement step
for making country-linked variation observable in
naturalistic dialogue data, enabling the study of
cultural effects even when explicit metadata is un-
available. They also provide a starting point for
examining when cultural signals become salient
or are overridden in contexts shaped by strategic
interaction and emotional intensity.

Several limitations should be noted. First, par-
ticipants were not directly asked about their part-
ner’s nationality or identity perception, making it
difficult to determine whether identity inferences
were consciously recognized or only implicitly pro-
cessed. Second, although we compared multiple
classifiers and a zero-shot LLM, additional model
families or fine-tuned approaches may yield dif-
ferent patterns of robustness and generalization.
Future work could examine how emotional dynam-
ics interact with identity signaling, particularly by
considering the role of tone, politeness, and attribu-
tion in text-based communication. It would also be
valuable to investigate whether the strength or accu-
racy of inferred identity signals acts as a moderator
that shapes partner responses and the unfolding
of interaction dynamics.
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Appendices
A. LLM Prompt

LLM Prompt Snippet

System:

You are a helpful assistant that identifies the
country of origin from a dialog.

User:

Below is a dialog from a customer service dispute
over the purchase of an American basketball
player jersey. Both buyer and seller are from
the same country: U.S., U.K., Mexico, or South
Africa.

Use the following linguistic clues to help decide:

+ Spelling: “colour/organisation” (U.K.) vs
“color/organization” (U.S.)
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» Word choice: “advert” (U.K.) vs “ad” (U.S.)

+ Spanish L2 typos: “recieved”, “missunder-
standing” (Mexico)

* Delivery terms: Royal mail (U.K.), shipping
(U.S.), courier (South Africa), parcel service
(Mexico)

» Tone and references: PROFECO (Mexico),
Consumer Protection Act (South Africa)

« Ignore currency formatting and the fact that
the item is U.S. merchandise
Think step by step using these clues, but do not
show your reasoning.
Dialog:
<Speaker text inserted here>

Output format:
Prediction: <country>, Reason: <reason>

39



	Introduction
	Related work
	Cultural identity in language
	NLP for social variable detection

	Method
	KODIS Dataset
	Models
	Lexical Cues by Country
	Within- vs. Between-Country Interaction Analysis

	Result
	Performance
	Corpus-level Linguistic Signals
	Within- vs. Between-Country

	Discussion
	Conclusion
	LLM Prompt

