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Abstract

What makes people “click” on a first date and become mutually
attracted to one another? While understanding and predicting the dynamics
of romantic interactions used to be exclusive to human judgment, we show

that Large Language Models (LLMs) demonstrate some capacity to detect



linguistic cues of romantic attraction during brief getting-to-know-you
interactions. Examining data from 964 speed dates, we show that ChatGPT
(and Claude 3) can predict both objective and subjective indicators of speed
dating success (r=0.12-0.23), and that their judgements overlap with those
made by human observers (r=0.21-0.35) with modest levels of accuracy.
Notably, however, ChatGPT’s predictions of actual matching (i.e., the
exchange of contact information) were not only on par with those of human
judges who had access to the same information but also incremental to speed
daters’ own predictions. Drawing on the Brunswik lens model, our findings
also offer insights into how ChatGPT arrives at its judgements. Specifically,
they suggest that its predictions can be explained by a combination of
common content dimensions (e.g. the valence of the conversation) as well as
more complex conversational dynamics (e.g., the use of humor, common
interests or aligned values). While we found substantial overlap in the social
cues utilized by ChatCPT and human raters, not all of these cues were valid
predictors of matching. This suggests that both humans and LLMs rely on
shared but imperfect heuristics when judging romantic attraction.
Keywords: Large Language Models, ChatGPT, speed-dating, romantic
attraction, relational agents.
Can Large Language Models Detect Verbal Indicators of Romantic
Attraction?
The dynamics of human interaction have long been a subject of interest for

researchers seeking to understand romantic attraction!. Can we predict



whether two people are going to say “yes” to each other after an initial
encounter? And what factors predict the elusive "clicking" that sparks

interest between two people and prompts the possibility of a partnership?

The ability to analyze and interpret interpersonal dynamics has historically
been confined to human perception, with research showing that observers
can predict romantic interest?3 and long-term relationship success* with at
least some level of accuracy. However, rapid advances in computers’ capacity
to represent unstructured data - including text and (moving) images -have
made them viable contestants with respect to understanding conversational

dynamics and predicting the success of initial romartic encounters>5.

The most notable of these technological advances is the emergence of Large
Language Models (LLMs7-11), LLMs are trained on vast corpora of textual
data to learn statistical patterns in language’ and produce novel text that is
often indistinguishable from that created by humans8. By using probabilistic
estimates for which words (or groups of words) are most likely to follow a
particular prompt, LLMs can answer open-ended questions, summarize

content, or translate text from one language to another.

However, LLMs are capable of far more than merely generating text. As a
growing body of research suggests, LLMs possess human-like abilities that
allow them to engage in complex social reasoning and interpret the types of
social cues needed to understand human interactions beyond what is

expressed on the surface. For example, LLMs exhibit properties resembling



theory of mind® the ability to accurately impute the mental states of other
entities, and have demonstrated a remarkable ability to detect human
emotion and sentiment!0-13 as well as psychological dispositions such as
personality traits!415, Similarly, research suggests that LLMs can discern
subtle social signals, such as humor!® or sarcasml!’, and both identify and
explain social norms and norm violations in text, reflecting a capacity to

understand implicit social rules!s,

In this paper, we explore whether Large Language Models (LLMs) can detect
external signals of romantic attraction during brief getting-to-know-you
interactions between human subjects (i.e., speed daies). The speed-dating
context offers an interesting test case for evaluating LLMs' capacity for social
judgment for multiple reasons. First, speed dates are highly structured and
time-limited in format, allowing for a direct comparison across multiple
dyads. Second, the brevity of interactions makes our test a conservative
estimate of LLMs’ capacity to interpret the content of social interactions.
Finally, the dynamic nature of the conversations allows LLMs to consider not
just individual social cues but also their temporal sequence in the broader

context of socio-cultural expectations and norms.

Our investigation is exploratory - rather than hypothesis-driven - in nature
and follows a predictive - rather than explanatory - approach that is aimed
at studying LLMs’ baseline capacity for social judgements!9. However, we

ground this predictive exploration in the Brunswik’s Lens model?0, a



conceptual framework for understanding and systematically analyzing how
people - or Al algorithms - make judgments about their social environment
(see Fig. 1). Whether such judgements occur in the context of assessing the
quality of a job candidate, predicting the success of a stock on the stock
market, or estimating another person’s romantic interest, humans as well as
Al algorithms often cannot observe the “true” state of the world directly.
Instead, they rely on available information, or “cues”, to infer a higher-level
construct of interest. For example, they might consult a person’s CV to scan
for indicators of resilience, study prior stock performance in the context of
current market trends or look for an overlap in interesis that might indicate
romantic compatibility. These observable cues function as a lens that

mediates the human or Al’s perception of the unobservable criterion.

Figure 1

Brunswik lens model applied to the perception of romantic attraction
(criterion) by human and artificial agents (judgment) who can access
observable indicators (social cues).
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Importantly, the Brunswik lens model introduces several metrics that can be
used to probe and evaluate LLMs’ capacity to accurately decode social cues.
First, cue validity represents the relationship between observable (social)
cues and the unknown criterion, which is the target of the judgment. In the
context of romantic attraction, the observable cue of physical attractiveness,
for example, is known to be related to romantic attraction?1-24, Second, cue
utilization indicates the extent to which a human or AI algorithm uses a
particular cue in their judgment of the target. For example, different agents
might consider physical attractiveness more or less important in their

prediction of romantic attraction, regardless of whether the cue itself is, in



fact, valid. Both cue validity - i.e. the presence of valid, observable cues - and
cue utilization - i.e., the use of these cues by human or artificial judges - are
necessary for accurate social judgments, which are captured by the accuracy
metric of the lens model. Specifically, accuracy captures the correlation
between the criterion (i.e., romantic attraction) and the prediction made by

the human or artificial judge (i.e., predicted romantic attraction).

Our investigation relies on the findings of prior research suggesting that
there are at least some valid, observable social cues of romantic
attraction21.22.25.26 Notably, most this existing work has focused on physical
attractiveness as a driver of dating choices21.23.?4 g1 investigated non-verbal
(e.g. laughing, gaze?’-29) or paraverbal behaviors (e.g. pitch®30) that are
unobservable to the purely text-based [.LMs deployed in this paper. However,
there is at least some evidence for verbal indicators of romantic attraction in
the context of online dating3! and existing romantic relationships32-34, Using
the structural analysis of social behavior coding scheme (SASB3%), for
example, Eastwick and colleagues? identified several verbal indicators of
smooth versus awkward dates. Participants on dates that were rated as
smooth tended to speak more warmly and were more other-focused than
those on awkward dates2. Similarly, romantic attraction has been linked to
linguistic style matching (i.e., the extent to which people are similar in how
they talk with one another36), as well as the frequency by which speed-dating
participants asked follow-up questions®. Taken together, existing research

suggests that there are at least some valid verbal indicators of romantic



attraction (i.e., some degree of cue validity) LLMs could draw on when

judging the social dynamics of speed dates.

However, it remains an open question whether LLMs indeed utilize these -
or other currently unknown — cues to romantic attraction in their social
judgments. On the one hand, the ability of LLMs to process and analyze vast
amounts of language data reflecting the human experience across a wide
range of domains (e.g., social media posts, news articles, stories, and cultural
explorations) makes them ideal candidates for the detection of social
patterns. If LLMs are indeed able to detect cues of romantic attraction, this
would not only support their potential for relational agents but also offer a
promising path for better understanding romantic attraction itself. For
example, it is possible that LLMs identiiy cues that are valid indicators but
have been overlooked by previous investigations, which have more narrowly

focused on theoretically meaningful, pre-defined cues.

On the other hand, most current LLMs still lack the ability to process crucial
non-verbal and paraverbal cues—such as facial expressions, body language,
tone of voice, and timing—that often play an important role in romantic
interactions. Additionally, there is a risk that Al models merely perpetuate
stereotypical patterns of romantic attraction that form the foundation of their
training and overlook more idiosyncratic expressions of romantic preferences

and expressions.



In this paper, we aim to empirically test LLMs’ ability to detect social cues of
romantic attraction Specifically, our analyses aim to answer three
interrelated questions. Can LLMs like ChatGPT predict romantic interest
from brief social interactions between humans? How does their predictive
accuracy compare to that of human observers? Which linguistic and
conversational cues do LLMs (and human judges) rely on in their predictions,

and which among these cues are valid?

Methods

Participants and Procedure

The original dataset contained 1,039 specd dates from 187 undergraduate
students (93 women and 94 men; age = 19.6+1.2 years old) who attended
one of eight speed dating events at a large Midwestern University in 2007.
Participants were recruited via flyers and e-mails and engaged in
approximately 12 speed dates, each lasting four minutes and consisting of a
man and a woman (see Fig. 2 for an overview of the Study Design and
Supplemental Material A in the SI for recruitment materials). Immediately
following each speed date, participants evaluated the experience (see the
Methods section for more details and refer to Finkel and colleagues3” for the
original publication of the dataset). The data collection for this study was
approved by the Ethics Committee of Northwestern University (Protocol

#1343-019). All research was performed in accordance with the University’s



guidelines for human subjects research, and all participants provided

informed consent before participating in the study.

Figure 2

Overview of study design.
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Note. Speed dates were independently evaluated by four judges: speed date participants,
ChatGPT (and Claude 3 in supplementary analyses supporting generalizability), human
observers with access to video recordings of the speed dates, and observers with access
to speed date transcripts only. All judges provided information on both the (predicted)
speed-dating outcomes and experiences. ICC = Intraclass Coefficient (measure of inter-
rater reliability).

All speed dates were recorded on video and transcribed by human
professionals. We were able to match 964 of the transcripts based on their
unique identifiers in the self-report data and file names of the transcripts,
which included an average of 864+147 words per date. The sample size

allows us to detect small effects of r = 0.10 with a power of 90% (assuming



an alpha of 0.05). The data and code needed to replicate our findings are
openly available on the project’s OSE page (view-only for peer review

purposes).

Measures

The speed dates were evaluated by four independent sources: (i) the speed
daters immediately after the interaction; (ii) ChatGPT (gpt-4-0613), which
analyzed the written transcripts of the speed dates (the Supplementary
Information also reports the findings for judgements made by Anthropic’s
Claude3, supporting the generalizability of our findings to other LLMs), (iii)
eighteen judges (of which 12 raters scored every item), who watched the
speed-dating videos; and (iv) four judges who read a random subset of 500

speed-dating transcripts without access to the videos.

All four sources rated the same set of five statements using a 9-point Likert
scale (see Supplemental Materials B, C, and D in the SI for the specific items,
the distributions of judgments, and ICCs). Two of the statements captured
speed-dating outcomes: (i) participants’ level of liking for their partner (e.q.,
“, and (ii) the likelihood of saying “yes” to a potential follow-up date (e.g., “I
am likely to say yes to my interaction partner”). The other three captured
speed daters’ experiences as potential mechanisms: participants’ beliefs that
they (i) had “a lot in common” with their partner, (ii) had “similar

]

personalities,” and (iii) experienced “a real connection.” ChatGPT and the

human judges reading the transcripts rated the outcomes at the dyad level



(e.g. “On a scale from 1-9, how likely do you think the interaction partners
will say “yes” to each other and exchange contact information?”). In contrast,
both participants and the human judges with access to the video recordings
rated them at the level of individual participants; To score the speed date as
a whole, we averaged those individual ratings across both interaction

partners.

While interrater reliabilities for the human judges with access to the speed-
dating videos were high (average ICC = 0.92 across the two speed-dating
outcomes and experiences), they were significantly lower for the human
judges who only read the transcripts (average [CC = 0.46). Notably, the
interrater reliabilities associated with the ratings produced by ChatGPT (and
Claude 3 in the SI) can be influenced by adjusting the model’s temperature,
a parameter that determines how similar the model’s responses are across
different rounds38. For the purpose of this study, we kept the models’
standard settings (temperature=1) to test their baseline performance. The
average agreement across the three independent API queries for ChatGPT
was ICC=0.74 (average ICC = 0.71 for Claude 3). On average, the ratings of

ChatGPT and Claude 3 were correlated by 0.71.

After the speed-dating event concluded, participants indicated whether they
wanted to exchange contact information with each partner for a potential
follow-up date. Among all the speed-dating dyads, 23% matched by

exchanging contact information. This mutual signal of interest or “matching”



served as a third, objective speed-dating outcome with clear real-world
consequences. Because the decision to match happened without the partner’s
immediate knowledge and was made several hours after the event, at home
in private, actual matching should be less susceptible to potential biases than
the previously outlined self-report measures (e.g. participants’ desire to be
polite, social pressure). Consequently, we use actual matching as our main
metric of romantic attractions. Notably, however, the fact that our findings
are robust across different subjective and objective indicators, increases our

confidence in their validity as well as generalizability.

Analyses

We conducted two complementary anaiyses to evaluate ChatGPT’s prediction
accuracy. First, we assessed dyad-level predictive validity by examining the
zero-order correlations between LLM-generated predictions, actual
matching as well as the subjective speed-dating outcomes and experiences.
This first set of analyses evaluates whether LLMs can infer attraction from
conversational content at the level of individual interactions (i.e. answering
the question “Are ChatGPT’s predictions aligned with real outcomes?”), and
as such is most closely aligned with the accuracy metric in the Brunswik Lens
Model. However, because participants engaged in multiple dates, we also ran

a series of mixed-effects regression models that account for the non-



independence of observations by modeling crossed random intercepts for

both partners39.

Results

Research Question 1: Can ChatGPT predict speed-dating outcomes

and experiences?

To assess whether ChatGPT can detect linguistic signals of romantic
attraction, we first evaluated predictive accuracy at the level of individual
dates (i.e., accuracy in the Brunswik lens model). Specifically, we examined
the association between ChatGPT’s predictions and the objective outcome of
mutual contact exchange. This analysis treats each dyad as an independent
prediction target and provides a direct test of the model’s ability to infer
attraction from conversationa! content. To offer a comparison point, we
evaluate ChatGPT’s accuracy vis-a-vis that obtained by human judges, which
include both the self-reported intentions of the speed-dating participants
themselves as well as the post-hoc ratings made by human judges based on
the speed-dating transcripts or videos (Fig. 3A). The zero-order correlations
of all variables and the equivalent results for Anthropic’s Claude 3 (claude-3-

opus-20240229) can be found in Supplemental Materials E and F in the SI.

Although ChatGPT’s predictive accuracy of actual matching was relatively
low (r=0.12, p<.001), the LLM performed on par with the human raters who

had access to the same information (i.e., transcripts only; r=0.13, p=.003).



As expected, the human coders who could also draw on the non-verbal cues
observable in the video recordings outperformed both ChatGPT and their

human counterparts with less information (r=0.31, p< .001).

Notably, ChatGPT successfully predicted matching above and beyond
participants’ self-reported intentions (5=0.19, SE=0.09, z=2.17, p=.030). In
contrast, we did not observe incremental predictive power for the ratings of
the human judges who had access to transcripts only (5=0.03, SE=0.16,
z=0.19, p=0.853). This suggests that ChatGPT observed unique social cues
in the speed-dating transcripts that were neither accessible to the speed-
dating participants themselves nor the coders who evaluated the same
transcripts (note that human coders in the video condition did provide

incremental predictive power: B=0.46, SE=0.10, z=4.62, p<.001.).

Next, we examined the ability of ChatGPT and human judges to predict
participants’ judgments of romantic attraction at the end of the speed date.
ChatGPT predicted participants' ratings with correlations ranging between r
=0.13to r=0.23 (all p<.001; Fig. 3B), even after accounting for word count.
The correlations were markedly lower than those made by human judges in
both conditions (average correlation for observers with access to videos r=
0.46, and transcript only r= 0.33), suggesting that human judges reading the
transcripts are better at predicting participants’ self-reported experience of
the speed date but not their actual commitment to exchanging contact

information (actual matching). Notably, the relative levels of accuracy across



predicted metrics appeared largely consistent across all judges, with

participants’

more proximal experiences being easier to predict (in

particular, whether they had a lot in common) than the more distal, overall

evaluations of the speed dates.

Figure 3

Correlations between the speed-dating ratings of different evaluators.
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Note. A) Point-biserial correlations between the behavioral speed-dating outcome of
matching and the predictions made by different judges of whether participants would
exchange contact information. B) Pearson correlations between participants’ self-
reported outcomes and experiences at the end of the speed date and the predictions
made by ChatGPT and the human judges.



Because each participant engaged in multiple speed dates, observations were
not statistically independent. To quantify the impact of individual differences
on mutual matching, we first estimated a null crossed random-intercept
logistic model with random intercepts for both daters. We then computed
variance-partition coefficients on the latent (logit) scale to estimate the share
of outcome variance attributable to male- and female-specific baseline
matching propensity versus residual dyad-level variation (with residual
variance fixed at m?/3). The null model indicated that stable individual
differences accounted for a roughly a third of the variance in mutual
matching (34%), with most variability driven by residual, dyad-specific
variance (see Table S3 in Supplementary Materials G for the results of
variance decomposition across all subjective outcomes, which ranged
between 12 and 21% of variance accounted for by individual differences).
Even though the dyadic-specific variance includes both relationship-specific
effects and noise, its large share suggests that matching outcomes are
substantially influenced by interaction-dependent factors. In the next step,
we estimated mixed-effect models for each outcome, including a fixed effect
for ChatGPT’s predictions and random intercepts for both interaction
partners to account for the non-independence of observations. Once again,
ChatGPT’s predictions were associated with a greater likelihood of mutual
matching in the logistic model (OR = 1.27, p < .001). Likewise, the linear
mixed-effects models predicting the subjective outcomes showed that

ChatGPT’s predictions were also positively related to participants’ self-



reported matching intentions (B = 0.13, p = .005), liking (B = 0.13, p=.012),
perceived similarity (B = 0.24, p < .001), commonality (B = 0.30, p < .001),
and connection (B = 0.16, p < .001). As for the raw correlations, the overall
variance explained by the fixed effect of ChatGPT’s prediction was modest in
magnitude (marginal R?s = .01-.04; see Table S4 in Supplementary Material

H for the full model output).

Research Question 2: Do ChatGPT’s predictions overlap with those

made by human judges?

In addition to comparing the predictive accuracies of ChatGPT and human
raters, we also investigated the extent to which ChatGPT and human judges
relied on similar cues when making their predictions. As the correlations in
Fig. 4 show, there was meaningful overlap between the predictions of
ChatGPT and the human judges (mean r = 0.29 across all metrics and
conditions). The fact that these correlations were higher than those observed
with participants’ self-reported scores (Fig. 3B) suggests that both ChatGPT
and human judges utilize cues that are commonly considered markers of
successful interactions but are not empirically associated with actual speed-
dating outcomes or experiences (see the following results section for more

details).

Figure 4.

Correlations between ChatGPT’s predictions and the ratings made by human
Jjudges.
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Although the predictions of ChatGPT and human judges overlap, they were
not redundant in predicting speed-dating outcomes and experiences. For at
least some of the metrics, both ChatGPT and human judges offered significant
predictive power when added simultaneously into a linear regression model
(notably, the effects of ChatGPT became non-significant when added with

both, text-based and video-based, human judgments at the same time).

Research Question 3: Which linguistic and conversational cues are
driving the predictiens of ChatGPT, and are these cues valid

indicators of romantic attraction?

To better understand how ChatGPT arrived at its predictions, we conducted
two sets of additional analysis: First, we mapped ChatGPT’s predictions
against established markers of linguistic styles. Specifically, we used LIWC40
- a widely used, dictionary-based text analysis tool - to categorize and
quantify the psychological, emotional, and cognitive aspects of the speed-
dating transcripts along 117 validated dictionaries. Second, we prompted
ChatGPT to explain each of its predictions and subsequently asked it to

synthesize these explanations in a parsimonious taxonomy of romantic



attraction markers. In both cases, we applied a Brunswik lens approach to
test whether the cues utilized by the model (i.e., the language dimensions
correlated with ChatGPT’s predictions of attraction) were actually valid
indicators of romantic attraction (i.e., exchange of contact information by

participants).

LIWC Mapping

To explore the linguistic features associated with ChatGPT’s predictions as
well as actual matching, we extracted all 117 available LIWC dimensions for
each of the transcripts. The dimensions cover a wide range of categories,
such as linguistic dimensions (e.g., pronouns, verb tense), psychological
constructs (e.g., affective processes, socia! concerns, cognitive processes),
and personal concerns (e.g., work, money, health). We subsequently
correlated the LIWC scores for each transcript with the predicted matching

scores as well as actual mnatching outcome (see OSF for all correlations).

Table 1 displays the 10 LIWC dimensions (in addition to overall word count)
that showed the highest absolute correlations with GPT’s predicted likelihood
of saying “yes.”, capturing ChatGPT’s cue utilization independent of
accuracy. To increase the robustness of the relationships displayed we only
included dimensions that showed consistent effects (in both direction and
significance) in two randomly divided subsamples of the overall sample (see
Supplemental Material I for the correlations in the subsamples). The

examples suggest that GPT indeed relied on the affective valence of



conversations but also highlight the importance of other dimensions
unrelated to emotional valence (e.g., high levels of certitude and a reduced
focus on the present). In addition, the table captures cue utilization of human
judges for the same dimensions as well as cue validity (i.e., correlation with
the actual outcome). As the comparison between these different variables
suggests there is a strong overlap between the cues utilized by ChatGPT and
Humans, but not always high levels of accuracy (i.e., utilized cues are not
always valid indicators). In some instances, the utilized cues are not only non-
predictive of actual matching but, in fact, point in the opposite direction. For
example, both ChatGPT and humans consider negations and the use of
auxiliary verbs a negative indicator of romantic attraction, while both are

indeed positively associated with actual matching.

Table 1.

LIWC dimensions that were most strongly correlated with ChatGPT’s
predictions of romantic attraction (i.e., cue utilization) alongside the cue
utilization of human judges and cue validity.

Cue Cue Cue
Utilization  Utilization Validit
Dictionary Examples (ChatGPT) (Human) y
Negations Not, no, never, -0.29 -0.06 0.09
nothing
Positive Tone Good, well, 0.28 0.19 0.05
new, love
Emotional Tone  Degree of 0.26 0.16 0.03
positive
(negative) tone
Affect Good, well, 0.26 0.20 0.06
happy, hope
Positive Emotion Good, love, 0.20 0.31 0.09

happy, hope



Word Count Total word 0.20 0.36 0.13

count
Emotion Degree of 0.19 0.28 0.08
positive
(negative)
emotion
Auxiliary Verbs Is, was, be, -0.18 -0.12 0.06
have
Differentiation But, not, if, or -0.17 -0.11 -0.01
Present Focus Is, are, I'm, -0.15 -0.14 0.02
can
Certitude Really, 0.14 0.08 -0.003

actually, of
course, real

Note. Cue Utilization = correlation between judgement and cue, Cue Validity

= Correlation between actual matching and cue.

To estimate the overall degree to which ChatGPT relied linguistic cues, we
conducted a cross-validated out-of-sample estimation of the variance in
ChatGPT’s judgments of mutual attraction (i.e., the exchange of contact
information) that could be explained by a linear combination of the 117 LIWC
features. To do so, we first randomly selected 50% of the data (training
dataset with 499 speed dates) to train a LASSO model, tuning the model
parameter lambda in a 10-fold cross-validation. We subsequently applied the
model to the remaining 50% of the data (testing dataset with 461 speed
dates). The out-of-sample validation of the model on the testing data suggests
that LIWC accounted for only ~12% of the variance in ChatGPT’s predictions
(r=0.35). This highlights that only a relatively small proportion of the
variance in the predictions made by ChatGPT can be explained by the

relatively comprehensive set of content dimensions included in the LIWC



dictionaries. The following sections therefore explore whether and to what
extent ChatGPT might have relied on more complex conversational dynamics

when judging romantic attraction.

ChatGPT-based Explanations

To probe the conversational cues underlying ChatGPT’s predictions, we move
beyond pre-defined linguistic markers and, instead, introduce a novel
approach that leverages ChatGPT’s ability to reflect on its own reasoning.
That is, we prompted the model to explain the predictions it made through a
zero-shot chain-of-thought process*!. Specifically, we prompted ChatGPT:
“How likely do you think the interaction partners will say “yes” to each other
and exchange contact information? Let's think step by step.” (see our OSF
page for all generated explanations). A manual inspection of the explanations
revealed that ChatGPT referred to many of the same indicators of romantic
attraction previously identified in the literature (e.g. smoothness of
conversation?42), Instead of imposing a pre-existing taxonomy on the
explanations generated by ChatGPT, we asked the model to “Create a
parsimonious taxonomy of explanation categories that captures recurring
explanations and are psychologically meaningful’ (see Supplemental
Material J in the SI for full details). Given the limited number of tokens per

API query, we limited ChatGPT to the first 100 explanations.

The proposed taxonomy included eight broad categories (e.g., Conversation

Flow and Engagement), and 19 secondary indicators (e.g., Smoothness of



Conversation, Mutual Engagement, Humor and Playfulness). Before
proceeding with additional analyses, we excluded three categories we
reasoned would be difficult to rate reliably based on textual data alone (i.e.,
External Factors and Contextual Influences, Internal States and Perceptions,
Non-Verbal and Unspoken Cues). Notably, the inclusion of these categories
in the proposed taxonomy could be explained in two ways: First, it is possible
that ChatGPT complemented its analysis of the specific with its generic
representation of romantic attraction. Second, many explanations mentioned
the categories and its indicators as important drivers that could not be
considered given the purely textual input (e.g. body language). Although
these explanations explicitly highlight the absence of these cues from the
transcripts, it is possible that ChatGPT nonetheless included them in the
creation of its overall taxonomy. The final taxonomy with primary categories
and secondary indicators is displayed in Table 3 (see Supplemental Material
K in the SI for additional explanations of the indicators and excluded
categories). Importantly, the proposed taxonomy is a bottom-up, exploratory
framework that serves the particular purpose of exploring ChatGPT’s
decision-making. As such, it represents a reconstruction of the cues the model
appears to rely on when making predictions (i.e., cue utilization), rather than
an independently validated set of empirically established attraction markers
(we examine the validity of these indicators in subsequent analyses). In other

words, the taxonomy not meant as a definitive, exhaustive taxonomy



capturing all possible or plausible cues of romantic attractions or a canonical

structure for how any such cues should be organized.

Table 3

Bottom-up taxonomy of indicators of romantic attraction generated by
ChatGPT

Primary Category Secondary Indicator
Conversation Flow and Engagement Smoothness of Conversation
Mutual Engagement
Humor and Playfulness

Shared Interests and Values Common Interests
Aligned Values and Goals
Emotional and Personal Connection Emotional Depth

Reciprocity of Disclosure
Flirtation and Romantic Signals
Perceived Compatibility and Future Perceived Compatibility
Potential
Expression of Future Intentions
Social Compatibility
Conversational Challenges Moments of Tension or Disagreement
Mismatch in Interests or Values

As a first step in exploring the content of ChatGPT’s explanations, we
calculated the relative frequencies by which each of the indicators was
mentioned as part of the explanations (see Supplemental Material L in the SI
for details on how we extracted the frequencies). As Figure 5 shows, mutual
engagement, common interests, perceived compatibility and smoothness of
conversation were among the most commonly referenced explanations,

followed by reciprocity and humor.

Figure 5

Relative frequencies of indicators of romantic attraction mentioned in ChatGPT’s
explanations of its predictions across all 964 speed dates.
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Next, we tested whether the explanations provided by ChatGPT were indeed
related to its predictions of romantic attraction as well as actual matching.
For this purpose, we prompted ChatGPT to rate each transcript on the
thirteen indicators as well as the likelihood of matching (e.g. “On a scale from
1-9, how smoothly did the conversation progress without awkward pauses or
forced topics?’, see Supplemental Material M in the SI for the full prompt).
As before, we repeated this exercise three times and calculated the average
rating across all three rounds (average ICC = 0.61). Figure 6 displays the
correlations between the thirteen indicators of romantic attracted and
predicted matching scores (dark grey bars). Supporting the validity of
ChatGPT’s explanations, all except one indicator (i.e., Mismatched Interests)

were significantly correlated with its predictions of matching, with all



indicators together explaining 80% of the variance in ChatGPT’s predictions
(following the same out-of-sample validation procedure as we described for

the LIWC analysis)

Similar to the Brunswik lens approach applied to the LIWC dimensions, we
further tested which of the utilized cues were indeed valid predictors of
actual matching. To do so, we calculated the correlations between indicator
ratings and actual matching (i.e., participants exchanging contact
information). As Figure 6 shows, most indicators used by ChatGPT (i.e., 10
out of 13) were significantly associated with actual matching (light grey bars).
These include Humor, Flirtation, Future Intentions, Perceived Compatibility,
Common Interests, Social Compatibility, Emotional Depth, Aligned Values,
Reciprocity and Mutual Engagement, in order of importance. Notably, when
submitted to a linear logistic regression predicting actual matching, all
ChatGPT-rated indicators combined explain approximately twice as much
variance (based on the adjusted R-squared) as the direct matching prediction
made by ChatGPT. This highlights the potential value of integrating

theoretical depth into machine-based predictions.

Figure 6

Correlations between indicators of romantic attraction as rated by ChatGPT as well
as predicted matching (dark grey bars) and actual matching (light grey bars).
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Finally, we tested the indicators as generated and rated by ChatGPT against
the benchmark of human judgements. That is, we correlated the indicator
ratings with the matching judgements made by the human observers with
access to the speed-dating videos as well as transcripts only. Mirroring the
previous findings in overlap between ChatGPT-based predictions and human
ratings (see Figure 4), the correlations displayed in Figure 7 suggest that the

human judges implicitly used many of the same cues used by ChatGPT.

Figure 7



Correlations between indicators of romantic attraction as rated by ChatGPT
as well as human-coded matching of observers with access to the full video
(dark grey) and transcripts only (light grey).
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Discussion

Taken together, our findings suggest that LLMs can detect at least some of
the conversational dynamics that lead strangers to “click” during romantic
getting-to-know-you interactions. Notably, the accuracies were modest in
magnitude (r=0.12-0.23). Yet, when predicting whether two people would
eventually exchange contact information, the predictions made by ChatGPT

were not only on par with those of human judges who had access to the same



information (transcripts) but incremental to participants’ own ratings at the
end of the speed date. Moreover, adding additional theory-driven inferential
steps that focus the LLM’s attention on observable, conversational indicators
of romantic attraction led to a boost in the model’s accuracy, highlighting the
potential value of informing predictive approaches with theoretical

frameworks and insights.

ChatGPT’s predictions were also correlated with the predictions made by
human raters (7=0.21-0.35), with both humans and ChatGPT relying on
similar linguistic and conversational cues when making their judgements.
Notably, ChatGPT and human raters were aligned in their utilization of both
cues that were, indeed, valid indicators of romantic attraction and those that
were not (see Brunswik’s lens model4?). This pattern suggests a reliance on
shared but imperfect heuristics when judging romantic attraction,
underscoring the potential risk of LLMs perpetuating stereotypical patterns
of romantic attraction (observed in their training data) while overlooking
more idiosyncratic and novel indicators of romantic preferences and

expressions.

Our analysis exploring the linguistic and conversational features utilized by
ChatGPT suggest that most of the variance in the model’s predictions is
explained by more complex conversational dynamics (e.g. the degree of
mutual engagement or use of humor) rather than concrete linguistic markers

(80% versus 12% of variance explained in an out-of-sample validation).



Moreover, our investigation of the specific linguistic and conversational
features utilized by ChatGPT helps explain why the predictive accuracies
remain relatively low. As our comparison between utilized and valid cues (see
Tables 1 as well as Figure 6) suggests, there are several instances where
ChatGPT - similar to human observers -used cues that are invalid. A better
understanding of these mistakes could eventually help improve predictive
accuracy in a modeling approach that leverages both theory development as

well as data-driven pattern recognition.

In addition, our findings highlight the challenging nature of predicting
romantic attraction. As our results suggest, ChatGPT - as well as human
raters - were generally more accurate at predicting subjective attraction
ratings than actual matching outcomies. This finding aligns with previous
research showing that momentary feelings of attraction do not always
translate into concrete dating decisions2®, underlining the complexity of
romantic attraction judgments (as well as their underlying decision-making
processes on the actor side) as a multistep and multifaceted process. Instead
of being a monolithic concept, romantic attraction involves both immediate
subjective experiences and additional context-driven considerations which
highlights the importance of differentiating between the prediction of “in-the-
moment” romantic attraction and the more challenging task of predicting the

actual pursuit of a romantic partnership.

Contributions and Future Research



Our findings offer three core contributions. First, we extend the growing
literature highlighting LLMs’ ability to solve tasks that were previously
considered to be the exclusive domain of human agents®1543.44  Prior work
had shown how LLMs are capable of interpreting and mimicking the behavior
of individuals, such as predicting people’s personality from their social media
profiles or short free-flow conversations!415, creating persuasive content that
is customized to the psychological characteristics of their counterparts and
often more persuasive than that generated by humans4345, or solving tasks
that require theory of mind® as well as inductive reasoning46. Our work
expands this literature by highlighting the ability of L1.Ms to capture social

dynamics that play out between individuals in natural interactions.

Second, our findings offer novel insights into the verbal indicators of
romantic attraction, supporting the proposition that verbal exchanges alone
- without the observability of nonverbal or paraverbal cues - can reveal
meaningful signals of romantic interest (i.e., both LLMs and human raters
were able to predict actual matching at above-chance levels based on speed-
dating transcripts alone). While most prior research has focused on static
cues such as physical attractiveness?1.2324, or nonverbal cues such as
laughing or the gazes of dating partners27-29, our research highlights the
importance of more dynamic conversational features such as mutual
engagement, shared interests or the reference to social activities. In doing
so, our findings also go beyond existing work on verbal indicators of romantic

attraction which has either focused on very specific mechanisms of language-



based interaction (e.g. language style matching3®) or the overall quality of the

interactions?’.

Finally, our research contributes to a better understanding of how LLMs (and
humans) integrate available social cues into judgments about romantic
attraction. Following a Brunswik lens approach, we showed how the
predictions made by ChatGPT and human judges rely on common cues that
are not necessarily valid predictors of romantic attraction. That is, while some
of the cues utilized were indeed related to participants exchanging contact
information after the speed date (e.g. references to emotions and social
behaviors as well as perceived humor, flirtation or social compatibility; see
the first column of Table 1 as well as Fig. 6), many of the cues utilized were
not empirically related to matching (e.g., markers of certitude, future focus
and insight as well as perceived smoothness or tension; see the second
column of Table 1 as well as Fig. 6). Our findings align with existing research,
demonstrating how people’s lay theories of what inspires romantic attraction

often differ from what actually inspires attraction®2.

Limitations

It has not escaped our notice that our study has several important limitations
that should be addressed by future research. First, as speed dates are (by
definition) brief, it is possible that LLMs might yield more accurate judgments
when observing longer initial interactions. This is particularly true as speed

dates might be rather similar in structure and content and remain more



superficial than other types of conversations due to their introductory nature
(i.e., most people will start with brief introductions and small talk). Future
research should investigate different types of social interactions (e.g.
couples’ text messages) and explore whether the accuracy of predictions can

be improved by analyzing longer text excerpts.

Second, our analyses focused exclusively on short-term success metrics and
proxies of romantic interest, such as self-reported liking or the exchange of
contact information, which are likely influenced by factors such as politeness,
uncertainty, reciprocity expectations, or perceived social desirability. While
the combination of objective behavioral indicators with subjective self-
reports increases the robustness of our findings, future research should
investigate the ability of LLMs and human judges to predict medium to
longer-term indicators of romantic interest (e.g., the likelihood of entering
into a relationship and relationship satisfaction) and explore how attraction
judgements change during the early stages of a developing relationship. A
particularly interesting period to study might be the transition from initial
interest to sustained romantic commitment*8, which requires romantic
partners to incorporate new information and reevaluate prior impressions in
response to changing relational contexts*®. Akin to the romantic partners
themselves, external judges (including LLMs) might need to update their use
of different social cues across different stages. For instance, while an initial
attraction judgment might be influenced by observable surface traits, later

decisions - such as whether to pursue exclusivity or deepen emotional



intimacy - may depend on different information or a more nuanced
integration of behavioral patterns and compatibility cues2249.50, From a lens-
model perspective, this means that individuals not only rely on new
information but also reinterpret and weigh existing cues as the relationship
progresses. What seemed attractive in a first encounter may take on a
different weight when viewed in the context of everyday relationship
experiences. Being able to keep up with the shifting meanings of social cues
and the corresponding needs of their human counterparts, is likely to play a
critical role in allowing relational agents to establish and maintain
meaningful long-term relationships that develop frcm relatively superficial

encounters to deeper bonds of trust.

Third, our analysis predominantly foccused on predicting the average level of
romantic attraction per dyad alongside the mutual decision to exchange
contact information. However, as the Social Relations Model (see Social
Relations Model®!.°2) highlights, romantic attraction is made up of three
distinct elements: actor effects (i.e., how much a person generally desires
others), partner effects (i.e., how desirable that person is in general), and
relationship effects (whether any two individuals will be attracted to one
another). While we explored some of these nuances by including the results
of hierarchical models that account for individual differences (i.e. actor and
partner effects) when estimating the relationship between ChatGPT’s
predictions and actual outcomes, future research should investigate these

dynamics in more depth by treating each person as an individual datapoint.



Fourth, our sample consists of college students from a single University, most
of which are in their early 20s and were born and/or raised in the U.S.
Because LLMs were predominantly trained on the text generated by users in
Western, English-speaking countries (the majority of which are White), the
models might be better at predicting social dynamics for those populations
than others. Hence, although ChatGPT was not necessarily trained for
students (which might make the model worse for this particular population
than others), it could still perform better in our sample than in other samples
that are less represented in the corpora of text ChatGPT was trained on. In
addition, our data was collected in 2007. Although textual data pre-2007 is
heavily represented in the training data of LLMs like ChatGPT - e.g. in the
form of books, news archives or encyclopedic writing - more informal,
conversational data at internet scale is likely underrepresented compared to
more recent time periods. While most drivers of romantic attraction are likely
to be relatively stablc across time (e.g. perceived similarity), it is possible
that some romantic communication norms - e.g. norms related to gender,
boundary-setting or humor - have changed over time. Notably, such a drift
would make the predictive accuracies presented in this paper conservative

estimates of ChatGPT’s true capacity.

Fifth our study exclusively relied on language models and conversation
transcripts, which omit crucial information such as body language and
paralinguistic cues. The importance of such cues for predictions of romantic

attractions is highlighted by the different levels of accuracy between human



raters with and without access to non-verbal cues. Specifically, human raters
who not only read through the transcripts - analogous to the ChatGPT
condition - but also watched the video recordings of the speed dates, showed
significantly higher levels of both consistency in their ratings (i.e., higher
levels of inter-rater agreement) as well as predictive accuracy. This
discrepancy likely stems from the fact that text-based media are low in
richness and lack nonverbal and paralinguistic cues. As a result, the
judgements made by third-party observers - both humans and LLMs - based
on speed-dating transcripts alone are subject to higher levels of ambiguity
and subjectivity®3-5°, which, in turn, limits both their reliability and validity.
In contrast, the video recordings contain noii- and paraverbal cues that can
remove ambiguity and decrease the risk of misinterpretation (e.g. a sarcastic
statement might be much easier to identify when hearing the participants’
voices and seeing their facial expressions). In addition, the non-verbal cues
observable in the full recordings likely hold additional predictive signals that
are not captured in the transcripts but are highly predictive of romantic
attraction (e.g. smiling, leaning-in toward the partner). As generative Al
continues to expand in the domains of computer vision and multimodal
interfaces (e.g., OpenAl's GPT-40 model, which processes both spoken
language and images), future research should test whether artificial agents
can reach - or even surpass - the level of accuracy obtained by the human
raters with access to the speed-dating videos. This technological

advancement will allow for a deeper investigation of the interplay between



verbal and nonverbal signals of romantic attraction. While our study
highlights the importance of verbal behavior, it is well-established that social
impressions are often shaped by an interplay between multiple behavioral
channels®6.56.57 As LLMs develop a capacity to interpret social cues at
different levels, they could be used to explore how the integration of different
channels improves predictive accuracy and investigate the impact of
mismatched verbal and nonverbal signals (e.g., the impact of enthusiastic
language paired with disengaged body language). Investigating such
discrepancies may help explain why some interactions appear promising on

a verbal level but, in reality, do not lead to genuine roinantic interest.

Conclusion

Taken together, our work suggests that LLMs like ChatGPT have some
capacity to detect social dynamics in natural conversations, but that their
overall predictive power remains modest. However, we consider our findings
a conservative estimate of Al’s capacity to understand human interactions
and predict that its ability to interpret conversational dynamics on a much

more holistic level is poised to increase significantly over the coming years.
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