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Abstract

Self-description is a routine part of daily life, but choosing what
to reveal about ourselves is a cognitively sophisticated commu-
nicative act. How do children talk about themselves, and how do
they differ from adults? To characterize developmental changes
in self-description, we asked 3- to 4-year-old children and adults
to share 12 things about themselves. We analyzed over 3,000
self-descriptions using qualitative annotations and sentence em-
beddings to quantify their semantic structure. Children gen-
erated small, idiosyncratic “islands” of self-description, sam-
pling narrowly from a specific topic, whereas adults’ responses
spanned a broader semantic range, reflecting a more “scripted”
approach. While preliminary and descriptive in nature, our
work demonstrates how advances in natural language process-
ing can be leveraged to quantify and visualize developmental
changes in self-description. The results are consistent with the
possibility that self-description evolves from idiosyncratic nar-
ratives to a normative social act, raising new questions about
the cognitive underpinnings of this development.
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Introduction

Humans are motivated to talk about themselves (Tamir &
Mitchell, 2012), but figuring out what to reveal about oneself is
a sophisticated cognitive feat. Unlike in describing something
about the world (e.g., describing one’s car), where the referent
has properties that are directly observable and verifiable by
others, describing something about the self requires retrieving
from a store of knowledge in which much of the relevant
content is not directly observable or verifiable. Yet, as adults,
we have an intuitive sense of what information is worth sharing
about us from an internal repertoire of experiences, traits,
thoughts, and preferences. How does this ability develop?
Longstanding theories in linguistics and cognitive science
characterize communication as a process by which two agents
share information by thinking about each others’ minds (e.g.,
Clark, 1996; Grice, 1975; Sperber & Wilson, 1986). This
idea has fueled a large body of work formalizing communi-
cation and examining its development (Bonawitz et al., 2011;
Goodman & Frank, 2016; Gweon, 2021; Ho et al., 2017;
Shafto et al., 2014), but it has primarily focused on how hu-
mans communicate about the external world rather than about
themselves. Here, we take a first step towards computationally
characterizing how adults and children communicate about
themselves and how this act might change over development.

Much prior work has focused on why people talk about
themselves. Beyond the idea that people have a drive for self-
disclosure (Carbone & Loewenstein, 2023; Tamir & Mitchell,
2012), existing work has explored the role of self-disclosure
in building intimacy (Laurenceau et al., 1998) and how re-
ciprocal sharing and content valence affect how people talk
about themselves (e.g., Altman & Taylor, 1972; Gable et al.,
2004). However, much remains unknown about the seman-
tic structure of self-description and the cognitive mechanisms
underlying what people choose to share about themselves.

Imagine that you just met someone; what would you say
about yourself? In principle, you can say anything: your cul-
tural and demographic background; your preferences, traits,
and qualities; even your inner fears or aspirations. From this
repertoire of self-knowledge, you must choose what to include
or omit based on what you want others to know about you. For
instance, it is acceptable (and perhaps advisable) to mention
a peculiar recurring rash to your doctor, but perhaps best to
avoid it in a self-introduction to your new boss. As adults, we
may have some rehearsed sets of self-descriptions for different
social contexts; we routinely mention our research interests in
academic settings, but instead mention hobbies and music
tastes in other contexts. Intuitively, we can entertain at least
three key components that underlie the development of sys-
tematic, flexible self-description: source content, sampling
strategy, and social scripts.

The first component is the source content—one’s knowl-
edge about the self—providing the “database” for any self-
description. In fact, prior work analyzed self-descriptions of
adults (Bugental & Zelen, 1950; Kuhn & McPartland, 1954)
and children (Harter, 2012; Montemayor & Eisen, 1977) as a
window into their self-concept, finding a shift from observ-
able, concrete attributes such as physical traits among children
to more abstract, psychological, and relational traits among
adults. While some of this shift may indeed reflect a genuine
change in what children know about themselves, the content
of self-descriptions is further modulated and constrained by
how we draw from the store of knowledge.

The second component is sampling strategy: the process
of retrieving information from source content. Sampling from
one’s self-knowledge is a form of memory search (Hills et al.,
2012), which changes across development (Nelson & Koss-
lyn, 1975; Storm, 1980), and can be adapted to the specific
context and listener by choosing what is most informative or
relevant (Clark & Murphy, 1982); such tailoring likely relies



on our ability to reason about others’ mental states (Theory of
Mind; see Rakoczy, 2022) and the expected utility of informa-
tion (Goodman & Frank, 2016; Gweon, 2021), as well as our
desire to manage our reputation via communication (Asaba &
Gweon, 2022; Baumeister, 1982). As these social-cognitive
capacities undergo substantial changes in early childhood, de-
velopmental shifts in how children talk about themselves may
also reflect changes in their sampling strategy.

A third component is what people consider as the social
norms or ‘scripts’ about self-description (e.g., what informa-
tion is typically included in self-introduction). Such knowl-
edge can be acquired through repeated experience or observa-
tion across different settings. Research suggests that through
repeated social interactions, individuals internalize autobio-
graphical “schemas” that standardize how a life story or iden-
tity is presented (Habermas & Bluck, 2000; Nelson & Fivush,
2004). These scripts may provide templates that help speakers
gauge what is typical, appropriate, or relevant to share in a
given context. Thus, the development of self-description may
further reflect the gradual alignment between one’s internal
sense of the self and their broader cultural environment.

In addition to these key components, the ability to verbally
express one’s thoughts also undergoes substantial develop-
ment (e.g., vocabulary size, see Frank et al., 2021). Thus,
linguistic competence is yet another factor that constrains the
content of self-description. All in all, characterizing the cog-
nitive processes that underlie self-description in humans is an
ambitious undertaking that requires an understanding of the
complex interplay between these components and beyond.

With this broader goal in mind, the current work takes a key
first step towards building a such unified understanding: Char-
acterizing the developmental shift itself. Only after knowing
how children’s self-descriptions differ from those of adults can
we start generating hypotheses about their underlying cogni-
tive mechanisms and their development. While some past
work has analyzed self-descriptions in adults (Bugental & Ze-
len, 1950; Kuhn & McPartland, 1954) and children (Harter,
2012; Montemayor & Eisen, 1977), they primarily relied on
qualitative methods and classifying the contents into discrete
categories. Thus, it remains difficult to distinguish whether
observed changes in self-descriptions reflect genuine changes
in the self-concept or development of other factors such as
sampling strategies, social scripts, or linguistic competence.

Recent advances in computational linguistics and natural
language processing (NLP) have made it possible to quantify,
compare, and visualize the semantic content of multifarious
utterances. Beyond classification-based approaches to iden-
tify latent signals of personality (Park et al., 2014) or men-
tal health status (Coppersmith et al., 2014; Eichstaedt et al.,
2018), some recent work has used sentence embeddings to
characterize the semantic structure of conversations and its
change over time (e.g., see Hawkins et al., 2020; Schmidt
et al., 2025). This approach allows researchers to analyze
how people “explore” a latent semantic space across multiple
utterances, characterizing not just their semantic contents but

also their trajectory in semantic space. Thus, language em-
beddings can serve as a powerful tool to precisely quantify
changes in how people describe themselves across develop-
ment. While language embeddings in general have been pro-
ductively applied to child-produced language corpora (e.g.,
Charlesworth et al., 2021), no prior work to our knowledge
has used sentence embeddings to reveal developmental trends
in how people explore a latent semantic space.

The current study is exploratory and descriptive in nature,
aiming to use qualitative annotations and sentence embed-
dings to identify both well-established and novel develop-
mental changes. To maximize the range of developmental
change, we start with the youngest possible children who can
understand the task and produce verbal responses: 3- to 4-
year-olds. In Part 1, we describe the behavioral paradigm for
children and adults. In Part 2, we report results from qualita-
tive analyses using manual annotation. In Part 3, we present
our quantitative analyses using sentence embeddings.

Part 1: Behavioral Paradigm

In this section, we describe the behavioral paradigms used to
elicit self-disclosure in children and adults.

Participants

Children: Thirty-four 3- and 4-year-old children were re-
cruited from a preschool in the United States, where En-
glish was the primary language of instruction (M(SD)gge
=4.03(0.56) yrs, Range: 3.12 - 5.01 yrs).

Adults: Two hundred and fifty adults were recruited on Pro-
lific (M(SD)qge = 41.63(13.44) yrs, Range: 18-82 yrs) and
paid $1.25 for participation. Only participants who had an ap-
proval rate of 95% or higher, spoke English as a first language,
were based in the United States, were eligible to participate.

Procedure & Data Preparation

To elicit self-descriptions in a context-neutral way, we asked
participants to share 12 things about themselves. This was
inspired by the Twenty Questions Test used in prior work
(Bugental & Zelen, 1950; Kuhn & McPartland, 1954; Mon-
temayor & FEisen, 1977) where participants were asked to
provide 20 different answers to the question “Who am 1?”.

Child Paradigm Children were tested individually in a
quiet room at their preschool. The experimenter first iden-
tified herself as a new ‘game-room teacher’—a designation
familiar to the children at this site. The experimenter then
introduced the task, framed as a game where the child earned
a uniquely colored ‘star’ (laminated paper with Velcro back-
ing) for each piece of self-information shared, to attach on a
felt-covered board (approx. 12 x 12 in.). The experimenter
provided a scripted prompt: “For every one thing that you
share about yourself, I am going to give you a star. You can
place the star anywhere on the board.”

To establish her baseline knowledge about the child and
initiate the task, the experimenter acknowledged the child’s



name and school affiliation and expressed her interest in get-
ting to know more about the child: “I know that your name
is X and that you go to [school name]. What else can I learn
about you?” This initial cover story and open-ended prompt
provided a naturalistic conversational context to facilitate chil-
dren’s self-disclosure. After each response, the child received
a star to place on the board and was prompted for another
response (e.g., “Thank you for sharing, here’s a star. What
else would you like to say about yourself?””). The session
continued until the child opted to stop or collected all 12 stars.

Adult Paradigm Adults completed a custom jsPsych exper-
iment after passing a Google reCAPTCHA v2 verification to
screen for bots. Participants were instructed to imagine that
they had just met someone with whom they had just exchanged
names, and then asked to answer the question “What are some
other things you’d like to say about yourself?” across 12 free-
response trials. To mimic the task for children, adults were
prompted with variations of “What[’s] [the first/another/else]
[thing/would] you[’d] like to [say/share] about yourself?”
above a text box. Participants were required to provide text
input before advancing to the subsequent trial. Similar to the
stars in the child version of the task, a progress indicator (e.g.,
“x out of 12”) was displayed throughout the task.

Data pre-processing We used a two-step pre-processing
pipeline to prepare this dataset for subsequent analyses.

1. Transcription and extraction: Child sessions were tran-
scribed using WhisperX (Bain et al., 2023). We then hand-
extracted and de-capitalized each discrete response. Some
responses were extracted over a few exchanges. Consider
the following exchange, for instance, between the child (C)
and the experimenter (E): (C) “I have a big bobby house”;
(E) “A bobby house?”’; (C) “No, a BOBBY house, like with
dolls” (E) “Oh, a Barbie house!”. This exchange was coded
as “i have a big barbie house”.

2. Standardization: To prevent confounds in the semantic
analyses, we equated orthography between the child and
adult data by de-capitalizing all text responses and removing
any punctuation that was not a period or apostrophe.

This pre-processing procedure yielded a dataset containing
a total of 3,339 discrete responses across all participants.

Part 2: Qualitative analysis

In this section, we describe our qualitative approach to char-
acterizing and comparing the contents of responses provided
by children and adults. First, in light of prior work that sug-
gests increasing levels of abstraction in children’s self-concept
(Harter, 2012), we asked whether children tend to generate re-
sponses that are more concrete and episodic in nature, which
may become more abstract with age. We then looked at the
specific content of these responses to analyze the number of
topics children and adults mention in their self-descriptions.

The level of generality and abstractness

Our first analysis examined the level of generality and ab-
stractness in children and adults’ responses. We developed
a 7-point coding scheme to assess generality (from episodic
facts to general traits or qualities) and abstractness (from con-
crete or perceptual facts to abstract qualities) in participants’
self-descriptions: 0 = No response; 1 = irrelevant (i.e., not
about the self); 2 = self-relevant but impossible/not true (e.g.,
“I can fly”); 3 = self-relevant, concrete, episodic, retrieval
of past events (e.g., “I ate yogurt this morning”); 4 = self-
relevant, concrete, episodic, future-oriented (e.g., “T will walk
my dog this evening”); 5 = self-relevant, concrete or per-
ceptual traits and qualities (e.g., “I have brown eyes”); 6 =
self-relevant, abstract/conceptual traits and qualities (e.g., “I
like to dance”).

We found that children’s tendency to mention more abstract
traits and qualities was significantly different than adults; their
average abstractness score (M (SD) = 3.67(2.04)) was sig-
nificantly lower than the average score in adults (M (SD) =
5.52(0.75)), W = 476, p < .001, Wilcoxon rank sum test).
Within child participants, however, age was not a significant
predictor of abstractness score (8 = .35, p = .29).

The breadth of topics

Our second analysis examines the number of “topics” that
child and adult participants mentioned across their 12 re-
sponses. As a preliminary pass at categorizing the topic of
each response, the first author manually coded the responses
for unique topics within each group. Then, we counted the
number of unique topics mentioned (e.g., favorite activities,
physical attributes, etc.) within each group.

We found that, rather than selecting key facts from a diverse
range of topics (as adults do), children tend to construct one
or two ad-hoc domains on-the-fly (e.g., favorite activities)
and keep generating closely thematically related facts; the
difference between children and adults in their average topic
count was statistically significant (W = 406.5, p < .001,
Wilcoxon rank sum test). Age was a significant predictor of
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Figure 1: The number of topics mentioned by each child
participant (n = 34 total) with the mean topic count for a
random subset of adult participants (n = 14).



topic count (8 = 1.68, p = .005; see Figure 2), suggesting a
clear developmental trajectory toward a more diverse range of
topics with age.

Part 3: Characterizing the semantic space of
self-descriptions

In this section, we leverage language embeddings to quan-
tify how children and adults explore semantic space as they
describe themselves. Language embedding models allow us
to precisely locate each self-description in a multidimensional
semantic space, making it possible to conduct quantified com-
parisons of each person’s descriptions to their counterparts
(Hawkins et al., 2020). We use a sentence transformer model,
which represents the meaning of each word in its sentential
context and achieves high alignment with humans’ ratings of
sentence similarities (Reimers & Gurevych, 2019). This class
of models has been fruitfully used to examine how humans
explore semantic space in dialogues (Schmidt et al., 2025).
By representing the semantic content of participants’ utter-
ances as high-dimensional embeddings, we can quantify the
semantic similarity between utterances both within and across
individuals and precisely compare adult and child groups.

To quantify the semantic content of children’s and adults’
self-descriptions, we used the Sentence-BERT (SBERT)
framework (Reimers & Gurevych, 2019) (specifically the
all-distilroberta-vl model hosted on the Hugging
Face) to extract a 768-dimensional vector for each item pro-
duced by the participants. Full vectors were used for analyses;
we used UMAP, a dimensionality reduction algorithm, to re-
duce representations to two dimensions for visualization in
plots (Mclnnes et al., 2018).

We started by comparing the mean verbosity (word count
per response) between groups to see whether semantic struc-
tural differences might be driven by response length. Children
produced shorter responses than adults on average (Mcpijg =
6.68 words, M4, = 8.31, Welch’s 1(60) = 2.54,p = .01,
Cohen’s d = .37, 95% C1[0.08,0.67]). To assess whether
the semantic differences reported below are driven by this
verbosity difference, we control for mean word count in sub-
sequent analyses.

Internal cohesion in children vs. adults

Our primary finding from the qualitative topic coding was that
the content of self-descriptions spans more topics in adults
than children, suggesting that the semantic content of self-
descriptions becomes more varied with age. In the present
analysis, we tried to quantify the breadth of topics using se-
mantic similarity, which represents the tightness, or coher-
ence, of a participant’s self-descriptions in a semantic space.

To assess within-participant semantic similarity, we calcu-
lated the mean pairwise cosine similarity between all pos-
sible pairs of responses for each participant. Children ex-
hibited significantly higher internal similarity than adults
(IM =092 vs. M = 0.90], Welch’s #(44.54) = -8.25, p
< .001). To verify that this difference was not driven by

the verbosity gap reported above, we conducted a linear re-
gression including each participant’s mean word count as
a covariate. The age effect remained large and significant
(B = .023,SE = .003,7(280) = 8.08,p < .001, nf, = .21,
95% C1[0.14,1.00]), with the full model explaining 24.9%
of variance (F(2,280) = 47.62, p < .001). This indicates that
a given child produces a more semantically constrained set of
descriptions independent of how many words they produce,
whereas a given adult covers a wider semantic space.

Semantic dispersion in children vs. adults

The fact that individual children respond in tightly-clustered
areas of semantic space is consistent with at least two possibil-
ities. One is that children all respond in a small shared region
of semantic space; another is that each child samples from a
small but idiosyncratic region of semantic space. Here, we
test dispersion across individuals: As a group, how much of
semantic space do children cover compared to adults?

We analyzed the semantic distances between participants’
response centroids within each age group. Each participant’s
centroid was defined as the mean vector of their response em-
beddings, which we then L2-normalized. For each participant,
we computed the mean cosine distance from their centroid
to every other same-group participant’s centroid, yielding a
per-participant idiosyncrasy score representing how far each
participant sat from their group’s typical position. We then
fit a linear regression model predicting this score using age
group (children vs. adults) and mean word count.

Children’s centroids were significantly further from same-
group peers than adults’, even after controlling for verbosity
(mean word count); 8 = .006, SE = .001,¢(281) =3.53,p <
.001, 77%, = .03, 95% CI[0.01,1.00]). Verbosity, however,
was also an independent and somewhat larger predictor, as
it accounted for more variance, of inter-participant distance
(B < .001,SE < .001, #(281) = 4.69,p < .001, nf, =
.07,95% C1[0.03,1.00]). The model including verbosity
accounted for 10.0% of total variance in inter-participant
distance (F(2,281) = 15.65,p < .001). Complementing
the difference between children and adults, a non-parametric
permutation test of multivariate dispersion (PERMDISP)
also found greater dispersion among children than adults,
F(1,282) =4.21,p = .047.

Together with the cohesion result, these findings suggest that
children’s self-descriptions cluster in distinct regions of se-
mantic space. It is notable that dispersion is larger in children
than adults despite the fact that individual adults’ responses
cover a wider space than individual children’s responses. This
raises the possibility that although adults sample broadly to
provide a representative list of self-descriptions, their contents
are overall more aligned to each other than those of children.

Sequential leap distance in children vs. adults

The difference between children and adults—tightly clustered
but idiosyncratic regions in children versus widely spread but
overlapping (across individuals) regions in semantic space
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in adults—could result from different patterns of sequential
sampling. Thus, we further sought to examine how each
group explores the semantic space as they sample one self-
description after another, moment-to-moment.

To compute the step length between responses, we calcu-
lated the cosine distance between each set of consecutive re-
sponses within individuals. We then ran a linear mixed-effects
model to determine whether age group predicts the average
distance between individuals’ sequential semantic steps, with
arandom intercept for subject identity to control for individual
differences in baseline disclosure style. This model revealed
a significant main effect of age groups: Children took sig-
nificantly smaller steps in semantic space compared to adults
(B =-0.025, SE = .003, #(300) = —7.98, p < .001).

To assess the effect size of age group on sequential seman-
tic distance, we calculated the marginal and conditional R?
values for the mixed-effects model. The fixed effect of age
group explained a 6% of the total variance (Marginal R = .06)
in step-distance, and the full model—including random inter-
cepts for individual participants—accounted for 22.7% of the
variance (Conditional R = .23). The Intraclass Correlation
Coeflicient (ICC) was .18, indicating that approximately 18%
of the variance in semantic step size was attributable to sta-
ble individual differences between participants, which further
justifies our use of a multilevel modeling approach.

General Discussion

Using both qualitative annotation and semantic embeddings,
we examined how young children and adults talk about them-
selves. In particular, our sentence embeddings approach iden-
tified differences between adults’ and children’s semantic tra-
jectories that would be difficult to precisely characterize using
traditional qualitative methods.

We found that children’s self-descriptions were internally
cohesive in semantic space while also exhibiting striking id-
iosyncrasy: While adults’ responses covered larger areas of
semantic space that overlap with those of other adults, chil-
dren tended to pick a distinctive region of semantic space and
sample narrowly. As a result, each child’s responses formed
semantic “islands’ that were distinct from those of their peers,
but as a group, their responses were dispersed over a larger
semantic space than those of adults.

While these findings are descriptive in nature, we can spec-
ulate on how these patterns bear on potential developmental
changes in the key components of self-description: source
content, sampling strategy, and social script.

First, it is notable that even children as young as 3 were able
to talk about themselves, suggesting they already have a form
of self-knowledge—source content—from which to generate
these responses. But the fact that their responses are clustered
around fewer topics suggests that this source content continues



to grow and become more refined in development.

Second, children and adults may also differ in their sam-
pling strategy; adults have better pragmatic competence and
more experience retrieving from their memory, leading them
to sample broadly to form a representative list of self-
descriptions; in contrast, children might forage rather inef-
fectively through their self-knowledge (Abbott et al., 2015;
Hills et al., 2012)—retrieving and assembling self-relevant
facts on the fly—without the communicative goal to form a
representative description of the self.

Third, adults’ sampling was not only broad but also more
aligned across participants, reflecting the role of a shared so-
cial script; after all, adults have years of experience introduc-
ing themselves—or observing others introduce themselves—
in various social settings, which could lead to a learned set
of informative and socially-expected self-descriptions. It is
particularly notable that semantic dispersion was smaller in
adults than children, even though individual adults occupied a
larger space than children. In other words, acquisition of so-
cial script may manifest as convergence or alignment towards
a group’s central tendency (centroid).

These possibilities are not mutually exclusive, and the cur-
rent study was not designed to adjudicate between these poten-
tial mechanisms. Nonetheless, our findings suggest that self-
descriptions reflect more than one’s self-concept or knowl-
edge. Instead, the construction of the social self—the self
as presented to others through self-descriptions—may be the
product of a complex interplay between internal discovery,
memory retrieval, and cultural alignment, enabled by linguis-
tic competence. These findings also lay the groundwork for
understanding how the mundane yet highly personal act of
self-disclosure becomes conventionalized as a communica-
tive act (see Hawkins et al., 2019).

This preliminary study provides initial evidence that sen-
tence embeddings can be productively applied to analyze
developmental data and reveal differences in how children
and adults talk about themselves. One might wonder, how-
ever, whether these findings are unique to the self: Are chil-
dren’s idiosyncratic, ad-hoc semantic structures specific to
self-descriptions, or does this reflect a broader developmental
trend in how children retrieve information from memory? Al-
though children’s sampling strategy might develop throughout
early childhood, given that children this age have little expe-
rience introducing themselves, this tendency may be particu-
larly pronounced in the domain of self. One way to address
this question is to examine whether children show a similar
foraging dynamic when they produce descriptions in other fa-
miliar domains, such as their parent, their favorite animals, or
recent activities. More generally, disentangling self-specific
from domain-general retrieval processes is a meaningful di-
rection for future work.

The current work used a simplified version of the Twenty
Questions Test used in prior work (e.g., Kuhn & McPartland,
1954; Montemayor & Eisen, 1977). The use of this minimal
task was a deliberate decision; by minimizing conversational

dynamics such as real-time feedback, mutual disclosure, or
negotiation of common ground (Schmidt et al., 2025), we
could ensure that the observed child—adult differences can-
not be attributed to these factors. Though unnaturalistic, we
view this minimal baseline task as groundwork for follow-up
studies that manipulate specific conversational features (e.g.,
feedback contingency, communicative goals) to measure how
they modulate disclosure patterns.

However, we also note several limitations related to the task.
First, it limits the generalizability of our findings; in richer,
naturalistic conversations, social feedback and other factors
could either encourage broader semantic exploration (Barron
et al., 2018) or reinforce local cohesion (Brennan & Clark,
1996). Second, while the task requires producing multiple
discrete facts, we did not have an independent measure of se-
mantic fluency. Third, the framing of the task and response
format (speech vs. text) could have been better matched be-
tween children and adults.

Additionally, there are limitations related to our sample.
First, the sample size was asymmetric; the child sample was
much smaller than our adult sample (n = 34 vs. n = 250), lim-
iting the precision of our results and statistical power. Second,
as we focused on recruiting the youngest age group for maxi-
mal contrast with adults, a finer-grained, continuous develop-
mental trend between childhood and adulthood remains to be
seen. Third, our samples were drawn from a single sociolin-
guistic context, and our child data were collected from a sin-
gle university-based preschool. Given that norms around ap-
propriate self-disclosure, and the developmental experiences
that shape them, vary substantially across cultural contexts
(Nelson & Fivush, 2004), the demographics of our sample
constrains the generalizability of our findings. One way to
address at least some of these concerns is to collect a larger
sample of children spanning a wider age range—ideally from
a more demographically diverse participant pool—along with
additional tasks that can measure semantic fluency. In princi-
ple, our analytic approach could be applied to a much larger
dataset of self-descriptions collected from different languages
and cultures.

As a final point, although children in our study showed less
consolidated, more idiosyncratic self-descriptions than adults,
prior work has demonstrated that children are remarkably
adept in informative, cooperative communication (Gweon,
2021). Thus, it is possible that despite the idiosyncrasy in
their self-descriptions, they can nonetheless flexibly modulate
their sampling strategy depending on the context, such as how
much their communicative partner knows about them, or the
understanding that communicative utterances should be infor-
mative. Experimental studies with young children might help
shed light on these possibilities.

In sum, our work represents the first step in characterizing
the semantic space of self-descriptions in children and adults
using computational tools. These initial findings provide a
rich foundation for further studying how humans come to
learn and communicate about themselves.
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