Asking the right questions? What people learn about strangers in conversation
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Abstract

When meeting somebody for the first time, how do we get to
know them? In the current work, we investigate how people
learn about others’ personalities through the questions they ask
in conversation. Across two studies, participants completed a
personality inventory then were paired with an online partner
for a ten-minute chat. They were either instructed to get to
know their partner in freeform conversation or were provided
questions to discuss. The questions were either informative or
uninformative for getting to know a stranger. Participants com-
pleted the same personality inventory about their partner after-
wards. We test whether choosing from informative questions
enabled participants to form a more accurate impression of their
partner. We find that freeform conversation improved personal-
ity predictions overall, but differences in the informativeness of
the questions discussed had minimal effects on accuracy; deep
questions may only be as good as the disclosures they elicit.
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Introduction

People mingle at dinner parties, strike up conversations at bars
and bus stops, and introduce themselves to new co-workers,
sometimes all in the same day. In these settings, we participate
in a complex human ritual: interacting with people we’ve
never met before. One of the core challenges faced by social
humans is learning about the people around us, even those
with whom we have no prior history. When interacting with
somebody for the first time, we may want to know what they
are like, to form impressions that will help us predict their
behavior, decide whether to trust them, and determine whether
we might get along. How do we arrive at this knowledge?
People know a lot about the people they know best; acquir-
ing this knowledge about someone involves filling in a mental
model that captures the ways they differ from other people we
know (Anzellotti & Young, 2020; Tamir & Thornton, 2018;
Vélez et al., 2019). Our mental models of others may in-
clude a broad swath of knowledge about them; however, it’s
been proposed that abstract traits or dispositions are a crit-
ical component of how we represent others, whether close
friends or those we’re meeting for the first time (Anzellotti
& Young, 2020; Tamir & Thornton, 2018). For example,
first impressions may be highly sensitive to people’s warmth
and competence (Fiske et al., 2007) or their trustworthiness
and social dominance (Oosterhof & Todorov, 2008). Beyond
first impressions, power, sociality, and valence may underlie
many of the judgments we make about others (Thornton &

Mitchell, 2018). Regardless of the exact format of our rep-
resentations, learning about others seems to involve inferring
abstract, trait-like dimensions (van Baar et al., 2022).

To learn this information, people rely on a diverse set of
cues during interaction (FeldmanHall & Nassar, 2021; Zheng
& Lin, 2024). For instance, people make rapid, spontaneous
judgments about traits like generosity after observing others’
actions (Uleman et al., 2008; Winter & Uleman, 1984); they
infer trustworthiness from faces (Oosterhof & Todorov, 2008;
Peterson et al., 2022); even the sound of someone’s voice may
carry signal about their personality (Lavan et al., 2024). De-
spite this array of social cues, this work largely overlooks a
critical aspect of human social learning—in addition to pas-
sive inferences about others from their actions or appearance,
people may actively seek out information about them.

The ability to engage in active learning through interven-
tion and exploration has been critical to explaining how people
acquire useful information about their environment (Coenen
et al., 2019; Gureckis & Markant, 2012). In particular, re-
cent work has emphasized people’s ability to pose informative
questions which maximize expected information gain about a
task (Grand et al., 2024; Rothe et al., 2018) and to reuse ques-
tions that have been useful in the past (Liquin & Gureckis,
2022). Learning about other people through exploration—
active social learning—requires a parallel capacity to ask in-
formative questions. Recent work suggests that people have
reliable intuitions about what makes a good question when get-
ting to know somebody; further, these intuitions were broadly
consistent with information about a speaker’s personality that
could be inferred from their answers (Brockbank et al., 2025).
Thus, beliefs about what makes a good question may reflect
the information it reveals about the respondent’s personality.

Here, we build on these findings by investigating whether
questions asked during conversation with a stranger help peo-
ple learn about their personality, and how much it matters
which questions they discuss. Across two studies, online par-
ticipants were paired for a ten-minute conversation in which
they were either instructed to simply get fo know their partner,
or were given different questions to guide the conversation
(Figure 1). Participants completed a personality inventory
before the conversation, then answered the same personality
questions about their partner afterwards. We evaluate the
relationship between the conversation setting in which partic-
ipants got to know their partner, and the personality informa-
tion they learned about them in the process.
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Figure 1: Experiment overview. Participants completed the 44-item Big Five personality inventory, then were matched with
another online participant for a ten-minute conversation. Participants were either instructed to simply “get to know” their partner
(free chat), or were prompted with questions meant to be informative (deep questions) or uninformative (small talk) for getting
to know a stranger. After conversing, participants predicted their partner’s responses on the same personality inventory.

Getting to know a partner in conversation

We conducted two closely related studies.! The first charac-
terized what people learn about a stranger’s personality during
freeform conversation. The second tested whether prompting
participants to discuss questions previously judged to be more
or less informative modulates what they learn. Because the
studies shared the same platform, procedure, and measures,
we describe methods jointly below, noting where they differ.

Participants

We recruited 750 participants from Prolific. For Study 1 (free
chat), we targeted 100 complete dyads; for Study 2 (ques-
tion prompting), we targeted 100 dyads per condition (200
dyads total). Participants were excluded if they failed atten-
tion checks, failed to complete the full study or interact for the
full duration of the chat, or experienced technical issues pre-
venting dyad formation. When either member of a dyad was
excluded, the full dyad was removed from analyses. Data col-
lection and exclusion criteria were preregistered on the Open
Science Framework. Of 250 individuals recruited for Study 1,
98 were excluded for the reasons above, leaving 76 complete
dyads. Of the 500 individuals recruited for Study 2, 94 were
excluded for the reasons above, leaving 203 complete dyads.
Participants represented a mix of gender (50% female, 48%
male), age (mean age: 41 years, SD = 13 years, range: 18-94
years), and race (77% White, 11% Black, 5% Asian).

Materials

Personality inventory Participants completed the 44-item
Big Five Inventory (BFI; John & Srivastava, 1999), which

LAll experiment and analysis code, stimuli, and data are avail-
able on Github at: https://github.com/erik-brockbank/traits_from_
conversation_cogsci_2026.

measures five broad personality traits: Openness, Consci-
entiousness, Extraversion, Agreeableness, and Neuroticism.
Each item asks respondents to rate agreement with a self-
descriptive statement (e.g., “I see myself as someone who is
talkative”) on a continuous slider ranging from 0 (strongly
disagree) to 100 (strongly agree). The BFI is a widely used
framework for characterizing individual differences in self-
described personality (Goldberg, 1993) and has been pro-
posed to align with abstract trait dimensions people use to
reason about others (Tamir & Thornton, 2018); it is there-
fore an ideal candidate for distinguishing participants’ infer-
ences when discussing more and less informative questions.
Two attention checks embedded in each BFI administration
instructed participants to move the slider to an extreme end-
point. Participants whose response deviated more than 10
points from the target on any attention check were excluded.

Question prompts In Study 2, participants were shown a list
of questions to guide their conversation. These questions were
sampled from a large set normed in prior work in which raters
judged how informative each question would be for getting
to know a stranger (Brockbank et al., 2025). In the deep
questions condition, participants chose from questions rated
as highly informative (e.g., “What would your past self think of
your current self?””). In the small talk condition, participants
chose from questions rated as uninformative (e.g., “Describe
the last time you went to the zoo.”). There were 234 questions
in total (125 deep questions and 109 small talk questions).

Procedure

In both studies, participants first completed the BFI about
themselves. They were then directed to a virtual lobby where
they waited up to five minutes to be matched with a part-
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Small talk Deep questions

What is your most favorite day of the week? Is there something you've dreamed of doing
Least favorite? Why did you choose these? for a long time? Why haven't you done it?

Figure 2: Sample chat segments from the Small talk and
Deep questions conditions. Chosen questions are shown at
the top, with each participant’s initial response below.

ner. Participants who were not matched were excluded. Once
matched, dyads proceeded to a text-based chat interface for
a ten-minute conversation. In Study 1, participants were in-
structed to “get to know” their partner, with no further guid-
ance about how to structure the interaction. In Study 2, dyads
were randomly assigned to the deep questions or small talk
condition. During the chat, participants took turns choosing a
question to discuss. The question bank was populated with five
questions sampled at random based on the dyad condition. A
progress bar at the top of the chat indicated the recommended
time (roughly two minutes) for each question. If participants
discussed all five questions before the chat concluded, the
question bank was refreshed with a new set of questions. After
completing the chat, all participants predicted their partner’s
responses to the BFI. In a post-experiment survey, they were
asked how well they felt they had gotten to know their partner
and how accurate they believed their BFI predictions were.

Control study: predictions without conversation

As a comparison for participants’ prediction accuracy about
their partner, we also collected BFI predictions from partic-
ipants who were never paired with a conversation partner.
Instead, they were asked to give their best estimate of how
a typical person would respond to each item (“Imagine we
selected a random person from the general population. With-
out knowing anything else about them, how do you think they
would respond?”’). 50 participants were recruited from Pro-
lific. We compare the accuracy of participants’ BFI predic-
tions in Study 1 and Study 2 to the accuracy that would be
obtained by predicting the typical response on each item.

Results

If people use questions posed in conversation to learn what
others are like, several predictions about such active social
learning emerge. First, people should make more accurate
predictions about a conversation partner’s personality after
talking to them than in the absence of conversation. Second,
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Figure 3: Performance across experimental conditions.
Empirical and model-estimated root mean squared error
(rmse) of personality predictions. Dashed line estimates the
error that would be expected from predicting a typical re-
sponse on each item. Error bars show 95% confidence inter-
vals. Offset black points show model estimates.

some questions should matter more than others when it comes
to inferring a partner’s personality. We test these hypotheses
by comparing personality prediction accuracy across our stud-
ies. We fit multilevel Bayesian regression models (Biirkner,
2017) to participants’ prediction error with random intercepts
for variation in BFI item and participant within each dyad. We
compare these models using estimated log predictive density
(Aelpd) in cross-validated samples (Vehtari et al., 2017).

Impact of conversation on personality predictions To un-
derstand whether conversation helped people learn about what
their partner was like, we compare participants’ prediction
accuracy to that obtained by guessing typical personality re-
sponses (Figure 3). Participants in Study 1 and Study 2 were
matched with participants from our control study to generate
sample prediction errors from guessing typical responses on
each BFI item. We averaged the sample prediction errors
for subjects across 1000 bootstrapped estimates to obtain a
prediction error distribution for BFI predictions that lack in-
dividual information. We compare this to model estimates
of the average error (rmse) in each condition from a multi-
level Bayesian regression model fit to participants’ prediction
error with condition as a factor. The posterior probability
that participants made more accurate predictions about their

Free chat Small talk ~ Deep questions
Questions — — 4.5 (1.2) 43(1.4)
Messages  28.8 (10.0) 19.4(9.9) 17.4 (7.1)
Words 288 (95) 242 (101) 255 (86)

Table 1: Summary of chats by condition (mean and SD).
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Figure 4:

Prediction accuracy by experimental condition for each Big Five personality trait. (Top row): Prediction

error (rmse), with dashed lines indicating the error that would be expected from predicting a typical response on the relevant
personality items (lower values indicate more accurate predictions). (Middle row): Model estimates of the mean signed error
(prediction bias) from predictions for each trait (values > 0 indicate overestimating the trait). (Bottom row): Model estimates
of the uncertainty (standard deviation) from predictions for each trait. All error bars indicate 95% credible intervals.

partner than would be expected by guessing typical responses
was largest in the free chat condition (98.1%, 95% credible
interval: [97.8%, 98.4%]). This was followed by the small
talk (67.3%, 95% Crl: [66.2%, 68.2%]) then deep questions
(31.3%, 95% Crl: [30.3%, 32.4%]) conditions. Thus, partici-
pants’ predictions about their partner after conversation were
reliably more accurate than predictions about a typical person
in the free chat condition, while accuracy improvements in
the deep questions and small talk conditions were less clear.

Impact of deep questions and small talk on personality pre-
dictions If some questions reveal more about a conversation
partner than others, participants’ predictions about their part-
ner’s personality might have differed depending on whether
they answered deep or small talk questions. We compare
model estimates of prediction error (rmse) across conditions
to determine whether error was lower among participants who
discussed deep questions (Figure 3). Our multilevel Bayesian
regression model fit to participants’ signed prediction error
estimated similar rmse values for the free chat (31.75, 95%
credible interval: [31.19, 32.32)), small talk (32.35, 95% Crl
[31.87, 32.84]), and deep questions (32.66, 95% Crl [32.15,
33.18]) conditions. This model did not show higher expected
out-of-sample predictive accuracy than a null model that in-
cluded only random effects (Aelpd = —0.2, se = 2.8). Differ-
ent questions discussed across conditions did not enable more
accurate overall predictions about one’s conversation partner.

Impact of deep questions and small talk on individual trait
predictions Participants might have exhibited differing lev-
els of prediction accuracy about their partner for individual
traits as a result of the questions they discussed (e.g., dis-
cussing deep questions might enable more accurate inferences
about a partner’s Conscientiousness than small talk). We fit a
multilevel Bayesian regression model to participants’ signed
prediction error based on condition, Big Five personality di-
mension, and their interaction. The model allowed the mean
and residual variance of prediction error to vary as a function
of condition and personality dimension. We use model esti-
mates of mean and variance to uncover whether differences in
prediction error across traits and conditions were attributable
to systematic biases or simply greater uncertainty (Figure 4).

Overall, prediction accuracy did not differ meaningfully
across conditions for individual traits—the interaction be-
tween trait and condition modestly increased expected out-
of-sample predictive accuracy (Aelpd = 2.9, se = 5.6). How-
ever, in all three conditions, participants’ prediction accuracy
varied substantially across traits (Figure 4, top row). In partic-
ular, predictions for Neuroticism (rmse: 47.16, 95% credible
interval: [45.97, 48.46]) exhibited notably higher error than
the other traits (Extraversion: 34.14, 95% Crl [33.01, 35.43];
Openness: 29.29, 95% Crl [28.66, 29.95]; Agreeableness:
26.85, 95% Cirl [26.24, 27.55]; Conscientiousness: 25.35,
95% Crl [24.79, 25.96]). Pairwise differences between the
other traits were smaller but credibly greater than zero.



Trait-level prediction error also exhibited substantial de-
viations from what would be expected by guessing typical
responses to the BFI items for each trait (Figure 4, top row).
Relative to this control, prediction error was larger for Neu-
roticism (mean difference in rmse: 13.08, 95% CrI [13.07,
13.10]) and reliably smaller for Agreeableness (mean differ-
ence: —7.23, 95% Crl [-7.24, —7.22]), as well as Open-
ness (mean difference: —2.97, 95% Crl [—2.98, —2.96])
and Conscientiousness (mean difference: —2.94, 95% Crl
[—2.94, —2.93]). Thus, conversations led participants to
make more inaccurate predictions about their partner’s Neu-
roticism, while also generating more accurate predictions
about their Agreeableness, Openness, and Conscientiousness.

This pattern can be explained in part by trait-level biases
in participants’ predictions (Figure 4, middle row). Predic-
tions for Neuroticism exhibited a strong negative bias (under-
attributing the trait to one’s partner; u = —8.71, 95% Crl
[—12.43, —4.98]), while predictions for Extraversion exhib-
ited a positive bias (u = 9.83, 95% Crl [6.31, 13.33]). Bias
for the remaining traits were relatively small and not credibly
different from zero (Openness: u= —2.41, 95% Crl [-5.68,
0.76]; Agreeableness: pu=2.33,95% Crl [—1.05, 5.86]; Con-
scientiousness: u = —0.88, 95% Crl [—4.34, 2.60]).

Prediction error for individual traits can also be explained
by the variability of participants’ prediction error (Figure 4,
bottom row). Model estimates for the standard deviation
of prediction error were substantially larger for Neuroticism
(6 =46.31, 95% Crl [45.27, 47.38]) than all other traits (Ex-
traversion: ¢ = 32.65, 95% Crl [31.96, 33.37]; Openness:
0=29.14,95% Crl [28.57,29.72]; Agreeableness: ¢ =26.69,
95% Crl [26.13, 27.28]; Conscientiousness: ¢ = 25.28, 95%
Crl [24.74, 25.84]). Differences between the remaining traits
were once again small but consistently greater than zero.

Impact of individual questions on trait predictions Par-
ticipants may have learned about their conversation partner’s
individual traits through their responses to particularly diag-
nostic questions. To test this, we fit a Bayesian multilevel re-
gression model predicting participants’ trait inferences from
the questions they discussed in Study 2. In particular, we
modeled trait-level prediction accuracy using rmse computed
separately for each Big Five trait and standardized across all
observations. The model treated questions as “treatments” by
including random intercepts for question, as well as question-
by-trait, to capture trait-specific deviations for each question.

First, we assess whether individual questions improved or
worsened prediction error based on the model-estimated stan-
dard deviation of question-level random effects and question-
by-trait random effects. The standard deviation of over-
all question effects was small (0.012, 95% credible inter-
val [0.0004, 0.034]), suggesting minimal differences between
questions in their overall impact on prediction accuracy. The
standard deviation of question-by-trait effects was similarly
small (0.030; 95% credible interval [0.0015, 0.079]), indi-
cating little evidence that particular questions systematically
facilitated inference for specific personality traits.

Extraversion
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Agreeableness
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Figure 5: Most and least informative questions. Individual
questions that were most (triangles) and least (circles) infor-
mative for each Big Five trait. Error bars show 50% and 95%
credible intervals estimated from model posteriors.

Although overall variance attributable to individual ques-
tions was small, we examined posterior estimates of the largest
and smallest individual question-by-trait effects (i.e., ques-
tions that most strongly reduced or increased prediction error
for each trait). The most informative questions for each trait
exhibited similar levels of prediction improvement (Figure 5);
four of the five came from the small talk condition. Mean-
while, among the least informative questions for each trait, all
of them came from the deep questions condition.

What makes a revealing conversation? Participants’ con-
versations likely differed not only in the questions discussed,
but in a host of ways arising from the participants themselves.
In exploratory analyses, we investigate features of the par-
ticipants and their conversations that might have impacted
prediction accuracy. First, we examine whether dyads who
were more similar made more accurate predictions about each
other (Figure 6A). To estimate personality similarity, we cal-
culated the Euclidean distance between participants’ Big Five
trait values in each dyad. In addition, we calculate the Eu-
clidean distance between participants’ Big Five trait values
and their predictions to correct for higher prediction accuracy
attributable to guessing values similar to one’s own. After
controlling for predictions similar to oneself, dyads who had
more similar personalities made more accurate partner predic-
tions (f = 0.21, 95% CI [0.18, 0.23], p < .0001); this effect
was significant for correlation and cosine distance as well.
Participants also varied in their subjective sense of having
gotten to know their partner. In a post-experiment survey,
they were asked: How well do you think you got to know your
partner? (mean = 54.6, SD = 25.5) and How accurate do
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Figure 6: Additional accuracy indicators. (A) Prediction
accuracy (rmse) and personality similarity (Euclidean dis-
tance) in each dyad. (B) Relationship between prediction er-
ror (rmse) and features of partner messages. Top: total words
written by the partner (two participants who wrote fewer than
15 words are excluded). Bottom: total messages sent by the
partner. Large points show mean and 95% CI by decile.

you think your predictions were? (mean = 58.3, SD = 21.1).
Responses did not differ by condition (Get to know partner:
F(2,555)=1.75, p = .17; Predict partner: F(2,555) =0.64,
p =.53) and did not reliably relate to prediction accuracy (Get
to know parmer: B =—0.03, 95% CI [—0.06, 0.003], p = .08;
Predict partner: = —0.02, 95% CI [—0.06, 0.02], p = .31).

Finally, we test whether features of the conversation itself
impacted what people learned about their partner. We eval-
uate whether participants whose partner sent more or longer
messages made more accurate personality predictions. We fit
linear regressions to each participant’s signed prediction er-
ror (rmse), with the log-transformed total word count of their
partner’s messages and the log-transformed total number of
messages sent by their partner as predictors (Figure 6B). We
find that prediction error decreased significantly as a function
of the logo-transformed number of words sent by the partner
(B=—-4.44,95% CI [—8.10, —0.78], p = .02). Meanwhile,
we observe an even stronger negative relationship between
participants’ prediction error and the logjo-transformed total
number of messages sent by their partner (f = —5.71, 95% CI
[—9.38, —2.05], p = .002). These relationships did not dif-
fer reliably across conditions (total words: F(2, 552) =0.22,
p = .80; total messages: F(2,552) =0.33, p=.72).

General Discussion

From a preschooler’s first time being let loose at a playground
to an adult’s first day at a new job, our social lives often
involve interacting with people we’ve never met. In these set-
tings, how do we learn the kind of information about them
that helps us decide if we can trust them or want to spend
more time with them? Across two studies, we found that
freeform conversation helped participants draw more accu-
rate inferences about their partner’s personality than would be

expected from “typical” responses, yet prediction accuracy did
not vary as a function of the questions participants discussed.
Instead, across conversation settings, we observed similar trait
effects, with highly inaccurate under-attributions of Neuroti-
cism, and accuracy improvements for Agreeableness, Open-
ness, and Conscientiousness. These impacts likely canceled
each other out in aggregate. Thus, while participants’ social
inferences showed little sensitivity to the questions discussed,
conversation systematically impacted their trait learning.

People have strong intuitions that some questions tell us
more about a stranger than others (Brockbank et al., 2025).
Why might participants in the deep questions condition have
failed to make more accurate personality inferences? One
possibility is that in brief conversations with a stranger, prag-
matics dominate. Participants may have been less willing to
disclose personal information in response to more probative
questions without sufficient time to build trust with their part-
ner out of fear that they would be judged (Kardas et al., 2022).
Questions posed in freeform conversation may have allowed
them to achieve greater mutual disclosure more naturally.

Alternatively, deep questions may have elicited more dis-
closure, but the Big Five Inventory may not fully capture
what participants learned about their partner. Prior work
suggests that discussing questions meant to elicit greater per-
sonal disclosure leads people to feel closer to a stranger than
small talk (Aron et al., 1997). Recent work has explored
the relationship between feelings of closeness and inferences
about shared knowledge, beliefs, and values (Mahaphanit et
al., 2024; Rossignac-Milon et al., 2021). However, while
personality traits such as the Big Five may be critical to our
representations of others, the precise relationship between
our intuitive theory of informative questions and the way such
questions support social learning remains poorly understood.

What, then, does it mean to actively learn about another
person through conversation? Work on active learning in
other domains has emphasized the selection of informative
queries whose possible answers reduce uncertainty. Our find-
ings suggest that active social learning may operate differently.
In physical domains, the learner controls what queries to pose
and the environment responds deterministically. Conversa-
tion, by contrast, is a joint activity in which both parties must
coordinate not only what is said but how it is understood (Clark
& Brennan, 1991). The answer to a question depends on the
respondent’s willingness to engage. Our results suggest that
this latter challenge may be half the battle. First, participants
in the free chat condition, who could adaptively steer the con-
versation, showed the strongest evidence of learning. Next,
the higher prediction accuracy by participants who had a more
“chatty” partner suggests that more disclosive conversation is
more informative when it is achieved. Finally, participants’
outsize underestimation of Neuroticism (and overestimation
of Extraversion) may reflect efforts by their partner to manage
how these traits came across. Future work on active social
learning may broaden our understanding of how people learn
about the environment when the environment talks back.
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