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Abstract

Many problems seem to require a ŕash of insight to solve. What
form do these sudden insights take, and what impact do they
have on how people approach similar problems in the future?
In this work, we prompted participants (𝑁 = 189) to think
aloud as they attempted to solve a sequence of őve łmatchstick-
arithmeticž problems. These problems either all relied on the
same kind of non-obvious solution (Same group) or a different
kind each time (Different group). Our őrst observation was that
Same participants improved more rapidly than Different par-
ticipants. We then leveraged techniques from natural language
processing to analyze participants’ speech, and found that this
accelerated improvement for Same participants was accompa-
nied by changes in both how much they spoke and what they
said. In particular, they were more likely to spontaneously label
the kind of problem they were working on. Taken together,
these őndings suggest that a hallmark of transferable insights
is their accessibility for verbal report, even if the underlying
precursors of insight remain difficult to articulate.

Keywords: reasoning; language; strategies; learning; think-
aloud protocol

Introduction

Many problems seem intractable until suddenly they are not.
Such moments of insight are often described as abrupt transi-
tions, accompanied by a subjective łAhaž experience (Bowden
et al., 2005; Danek & Wiley, 2017; Kounios & Beeman, 2014).
Yet insight itself is not directly observable, and solving an łin-
sight problemž does not guarantee that a solver experienced a
discrete Aha moment. Here we focus on just the observable
behaviors that we treat as a proxy for these moments of insight.
In particular, we investigate the distinguishing characteristics
of the speech people produce as they are about to succeed in
solving a problem for the őrst time, as well as what they say
when they encounter similar problems in the future.

A prominent account characterizes insight as a shift from
search within an initial problem representation to search
within an alternative representation, or łproblem spacež (Ka-
plan & Simon, 1990). Such shifts may involve relaxing
implicit constraints, decomposing familiar chunks, or dis-
covering a more productive description of the problem state
(Knoblich et al., 1999; Öllinger et al., 2008). If successful
solutions in such tasks reŕect changes in the problem rep-
resentation, the őrst successful attempt should do more than
terminate the current search Ð it may also change how solvers
organize their later search: which candidate moves they con-

sider, which features of the problem they attend to, and how
readily they can apply the discovered structure to new prob-
lems. These predictions raise the question of how these new
approaches to search over the problem space become observ-
able in subsequent reasoning.

Testing these predictions requires measures that capture
problem solving as it unfolds, rather than only accuracy or
response time. Think-aloud protocols offer such a window by
asking participants to verbalize their thoughts during a task
(Ericsson, 2017; Ericsson & Simon, 1980). However, these
protocols have historically been difficult to scale because of
the costs associated with transcribing speech and coding for
the relevant features. Recent advances in automated speech
recognition and natural language processing have made it
more feasible to analyze verbal behavior at multiple levels,
including when and how much people talk, as well as what
they are talking about, and what role each utterance seems to
play in their reasoning process (Wurgaft et al., 2025).

Here, we use scalable analyses of think-aloud speech to
study successful problem solving and transfer in matchstick-
arithmetic problems, a classic insight paradigm in which
solvers must transform an invalid equation by moving a sin-
gle matchstick (Knoblich et al., 1999; Öllinger et al., 2006,
2008). In our experiment, participants solved a sequence of
őve invalid Roman numeral equations while thinking aloud.
We manipulated whether all őve problems shared the same
underlying transformation type (Same condition) or each re-
quired a different transformation type (Different condition).
This design distinguished two stages: the őrst successful at-
tempt Ð our operational marker of restructuring Ð and sub-
sequent trials, on which the discovered structure was reusable
(Same) or not (Different).

This design enabled us to test two things: whether partic-
ipants spoke differently on őrst-success trials than on earlier
trials, across the multiple levels of speech we measured, and
how participants continue to change how they speak after the
őrst success when the discovered structure can be reused. We
found that on őrst-success trials in both groups, participants
spoke more, talked about different things, and considered
fewer candidate solutions. After the őrst success, partici-
pants continued to change how they spoke in later trials only
when the same problem type recurred in subsequent prob-
lems (Same condition): they continued speaking more, kept
shifting what they talked about, and increasingly named the
problem type. These őndings suggest that successful restruc-
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turing does more than improve task performance: it changes
how people talk about a problem.

Methods

Participants

We recruited 202 ŕuent English speakers in the US via Proliőc.
Participants were compensated $8.25 for a 30-minute task
and gave informed consent. Preregistered exclusion criteria
included failure to pass instructional practice, audio recording
issues, and incomplete data. After exclusions, the őnal sample
consisted of 189 participants (age: 𝑀 = 41.43, 𝑆𝐷 = 11.83,
range = 19ś74; 103 female, 85 male, and 1 non-binary).

Stimuli

Participants solved őve matchstick arithmetic problems while
thinking aloud. Each trial presented an invalid Roman nu-
meral equation constructed from matchsticks, which could be
made valid by moving a single stick. These problems have
been widely used to study insight problem solving, including
representational change and constraint relaxation (Knoblich
et al., 1999; Öllinger et al., 2006, 2008). We created 25 novel
problems grouped into őve types (őve per type), each deőned
by a distinct transformation (e.g., changing a numeral or an
operator). Surface features varied across instances, but all
followed the same visual format and length. All problems
were solvable via one-stick moves; when multiple solutions
existed, they involved the same underlying transformation.
Each problem type is visualized in Figure 1A.

Design & Procedure

Participants were randomly assigned to one of two between-
subjects conditions (Figure 1B). In the Same condition, all
őve problems shared the same transformation type, allowing
the same problem type to repeat across trials. In the Different

condition, each problem required a different transformation
type, so the same problem type did not repeat across trials.

The task was completed online using a custom web-based
interface. After providing informed consent, participants
completed a microphone check and two instructional prac-
tice blocks assessing Roman numeral recognition and basic
arithmetic. Both practice blocks had to be passed in order to
proceed. Participants were then shown a worked example and
introduced to the matchstick arithmetic task.

On each trial, participants viewed a static image of an equa-
tion and were instructed to think aloud while solving the
problem. Audio was recorded continuously throughout each
trial. Participants entered responses via an on-screen interface
and received immediate binary feedback. Incorrect responses
could be revised and resubmitted within the four-minute time
limit. If the time limit expired without a correct solution,
the trial ended without revealing the answer. An automated
prompt reminded participants to verbalize if extended silence
was detected. Trial order was randomized within condition.

Measures and Data Analysis

We analyzed performance, speech, and language at the trial
and utterance levels to characterize how problem solving and
verbal behavior varied with success and transfer. Analyses
focused on differences by trial correctness, phase (relative to
the őrst success), and experimental condition. The analysis
pipeline is summarized in Figure 1C.

Task performance For each trial, we recorded accuracy
(whether a correct solution was produced within the time
limit) and response time (time to correct submission). To
examine phase-dependent effects, trials were labeled as pre-

success, őrst-success, or post-success, with post-success de-
őned as correctly solved trials following a participant’s őrst
correct solution.

Statistical models Unless otherwise noted, trial-level out-
comes were analyzed with mixed-effects models that included
condition, problem type, and participant-level random effects.
Accuracy was analyzed with logistic mixed-effects models.
Response time was log-transformed and analyzed only on
correct trials, because incorrect trials ended at the four-minute
time limit. Speech density and speech rate were analyzed with
linear mixed-effects models. Models testing change across
phases included phase, condition, their interaction, problem
type, and participant-level random intercepts.

Speech output Audio recordings were segmented into
speech and silence using Silero voice activity detection, from
which we computed speech density (the proportion of trial
time with speech). Recordings were transcribed using Whis-
perX and split into time-aligned segments, which we refer to
as utterances. Speech rate was computed as the total num-
ber of words divided by the trial duration. Speech density
was also computed across őve equal-duration bins to capture
within-trial dynamics. Two participants with at least one trial
lacking any transcribed words were excluded from speech-
based analyses (őnal speech sample: 𝑁 = 187). Behavioral
analyses retained the full sample.

Semantic content Each utterance was embedded using the
OpenAI text-embedding-3-large model. We trained lo-
gistic regression classiőers to predict correctness, trial phase,
and condition from these embeddings. Cross-validation folds
were constructed within-participant, so all utterances from a
given participant appeared in either the training set or the
test set, but not both. These classiőers tested whether what
participants said varied by correctness, phase, or condition.

Reasoning moves To track what role each utterance played
in problem solving, we used GPT-5.1 to annotate each utter-
ance with one of seven mutually exclusive reasoning-move la-
bels: Proposal (introducing a concrete candidate move or so-
lution), Evaluation (computing outcomes or judging whether
a candidate works), Categorization (recognizing the prob-
lem type or noting similarity to prior problems), Restate-











Data and Code Availability

The preregistration for this experiment can be found here. Full
code and data are available on GitHub.
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