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Inferring mind wandering from perceptual
decision making
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People need to sustain focused attention to achieve goals. Yet, attention often lapses, as minds
wander towards task-unrelated thoughts. The conventional way to study such shifts in attention is
through thought probes that explicitly ask if thoughts are task-related. However, probes are rare and
interrupt behavior. Other methods to measure mind wandering assume a 50/50 split in time spent on-
task vs off-task. We address these issues with a framework to infer mind wandering (MW) using
computational modeling. We use a random dot motion task with varying evidence, but with a strong
bias inducing a repetitive response requirement. Occasional thought probes were used for validation.
When participants (N = 93) reported being off-task, accuracy was higher and reaction time (RT) was
lower, suggesting less stimulus processing and more reliance on bias. To classify internal states for
individual trials from performance, we fit a Hidden Markov Model with Generalized Linear Models
(GLM-HMM) for each state to responses. A two-state GLM-HMM predicted lower RTs on off-task
trials, revealed an increase in mind wandering across the task, and aligned with self-reported focus.
This shows that temporal variation in attentional states canbemeasuredona trial-to-trial basiswithout
thought probes, paving the way for future MW research.

To achieve goals, humans need to exert sustained attentional control. Yet,
theirminds often drift toward thoughts unrelated to ongoing events1. In the
language of cognitive psychology, such “mind wandering” is typically
defined as a failure to maintain sustained attention on the current task
accompanied by a shift in attention towards task-unrelated thoughts
(TUTs)2–7.

Beyond minor disturbances in everyday life (such as missing your bus
stop), mind wandering also carries serious consequences. Mind wandering
increases negative mood1, leads to a higher likelihood of traffic accidents8–10

and impaired academic performance11–13, and has been related to clinical
disorders such as depression14,15 and attention-deficit hyperactivity
disorder16,17. Therefore, the study of mind wandering, and its behavioral
characteristics18, temporal dynamics19,20, and neural correlates21, has been of
widespread scientific interest.

In this pursuit, cognitive psychologists have developed several
experimental techniques to capture mind wandering in laboratory settings.
However, these tools carry several notable limitations. As detailed below,
these techniques either rely on explicit self-report or do not capture
between-subject variability in the rate of mind wandering. In this paper, we
first review these techniques and then propose a task that enables inferring
mind wandering and its temporal dynamics from behavior using compu-
tational modeling.

The gold-standard paradigm for studying mind wandering is the
Sustained Attention to Response Task (SART)22. In this “go/no-go” task,
participants make the same response to “go” stimuli, which appear in the
majority of the trials, and withhold their response to a “no-go” stimulus,
which occurs with a low probability2,23,24. The repetitive response require-
ments of this task quickly become automatic, leading to reduced sustained
attention22,25,26. Indeed, participants in the SART often fail to withhold their
responses in the rare no-go trials. Reduced response times (RT) preceding
such errors further suggest that this is caused by lapses in attentional
control22.

Mostmind-wandering studies, however, assess the occurrence ofmind
wandering during the task using thought probes27–30. These interrupt the task
and require participants to explicitly report whether they were focused on
task-related or TUTs4,31,32. A large body of work using variants of the SART
shows that these self-reports capture fluctuations in mental states27,33,34. For
example, self-reported mind wandering is associated with shorter RTs and
higher errors on rare trials in the SART2,6,25,35,36. Self-reports of mind wan-
dering have also revealed the existence of two distinct modes of mind
wandering (intentional vs. unintentional37,38). At the same time, this
approach has several well-acknowledged limitations.

First, thought probes occur infrequently and therefore only provide
insight into mind wandering for a few time points in the task. Such sparse
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sampling is undesirable, especially given thatmindwandering likely persists
for more than a single trial. By infrequently sampling attentional states,
researchers likely fail to capture dynamic changes in attention allocation
across time39. Second, thought probes can interrupt the natural flow of
attentional states. Previouswork suggests that probes reduce the occurrence
ofmindwandering by redirectingparticipants’ awareness to evaluating their
thoughts40. Third, the thought probe method depends on participants’
honesty41 and metacognitive awareness42,43, which biases mind-wandering
reports. Finally, thought probes come in a wide variety of formats25,27. It has
been shown that the format of the thought probes affects reports34,44, with
more reported mind wandering when people are asked whether their mind
was on “something other than the task” compared to “on the task” 34. This
limits the ability to compare findings across studies32.

Because of these limitations, the field needs methods that measure
mind wandering from behavior alone. One influential idea has been to use
variability in RTs as one such marker of fluctuations in attention45. Speci-
fically, increased RT variability predicts higher error rates20,45,46 and more
self-reportedmindwandering45–49. Even though this framework can identify
trials with reduced attentional focus, its analytic approach makes limiting
assumptions. First, trial-to-trial fluctuations in RT variability are calculated
using a moving window to smooth across trials, requiring researchers to
pick a timescale at which attention fluctuations occur45. Thus, this approach
is not sensitive to individual differences in the frequency of attentional state
switches. Second, trials are labeled as “on-” and “off-task” by comparing
each trial’s RT variability to the participant’s median. Therefore, this
approach results in an equal number of trials being classified to either state.
This is likely not a valid assumption. Participants vary greatly in the pro-
portionof time spentmindwandering2,14, which thismethod fails to account
for. These concerns motivate further search for a method of inferring
attention fluctuations that captures variation in the degree and length of
mind-wandering states.

Interestingly, analytic tools using Hidden Markov Models (HMM)
provide ways to infer discrete internal states that avoid these pitfalls50.
Specifically, Ashwood and colleagues50 demonstrated that behavior from
mice on a perceptual decision-making task could best be described in terms
of transitions between distinct internal states that persist across many trials.
The mice performed a simple task in which they had to respond to the
location in which a stimulus appeared (left or right), but with varying
evidence strength across trials. Discrete states were identified based on the
relationship between the evidence strength of the stimulus and behavioral
performance. Specifically, the modeling approach characterizes each state
with a unique logistic Generalized Linear Model (GLM) that translates
stimulus evidence into a response. Next, an HMM captures behavior in
termsof transitions between these discrete, data-driven states.Ashwoodand
colleagues50 found evidence that a GLM-HMM with one “engaged” state
sensitive to stimulus strength and multiple “disengaged” states with
response biases provided a superior fit of behavior relative to single-state
psychophysical models, including those that model attentional lapses.

The GLM-HMM approach not only provides GLM parameters for
each state, but also a set of transition probabilities between them.Combined
with the behavior, these can be used to generate internal state predictions for
every trial in the task. Ashwood and colleagues50 validated these trial-level
predictions by demonstrating that RT distributions and the rate of missed
responses were qualitatively different between the engaged and disengaged
states. Here, we describe a framework that combines this modeling
approach with a task that adopts the best practices from the SART.

There have been previous approaches using HMMs to study human
mind wandering. For example, Lee and colleagues51 found that HMMs can
be used to categorize participants based on eye movement patterns during
the SART. Specifically, participants who showed eye movements with a
stronger tendency to stay focused on the goal-relevant area of the computer
screen showed increased behavioral performance and reduced self-reported
mind wandering. Thus, eye movements can distinguish between groups of
people employing different attentional strategies. Although this work shows
the promise of using HMMs for detecting attentional states, this approach

relies on specialized eye-trackingmeasures. In contrast, our approach infers
changes in attentional states (and associated information processing stra-
tegies) directly from behavior, making it more scalable and easier to inte-
grate across experimental contexts.

In another attempt, Bastian and Sackur39 leveraged the difference inRT
variability between attentional states, fitting a two-state HMM to partici-
pants’ RT data on the SART. The main assumption behind this analysis is
that because mind wandering leads to a different RT distribution than the
on-task state, the model can estimate the posterior probability that the RT
on each trial belongs to one of the two distributions. This allowed the
authors to use the model to make predictions about the active state on each
trial. Most importantly, they found that their model-predicted states indeed
aligned with participants’ subjective reports of mind wandering.

This approach demonstrates the potential of computational modeling
in inferring attentional states. However, there are still notable shortcomings
to this approach. First, this modeling framework does not validate the
inferred states on data other than self-reported attentional states. This poses
a problem when using this approach down the line in the intended way:
without using thought probes. In that case, this framework leaves no way to
validate the model-inferred states. Ideally, one should be able to validate
inferredmind-wandering states from anHMMon some independent set of
behavior (i.e., which it has not seen). For example, the temporal sequence of
attentional state predictions could be used to examine a classic temporal
effect where later trials are increasingly more likely to be categorized as
“mind wandering” 52,53. Second, this model assumes that the RT distribu-
tions of the two states have the samemean and only differ in their variance.
This assumption is likely not valid, since an extensive set of studies indicates
that RTs speed up when people are mind wandering2,22,26,36. A data-driven
model with fewer between-state constraints should be better suited to
capture behavioral differences between states. Finally, the duration of these
inferred bouts of off- and on-task states was substantially shorter than those
reported in the literature54–56. Together, these results leave anopportunity for
the GLM-HMM framework to infer mind wandering from behavior alone
while addressing these concerns.

One obstacle for current tasks (such as the SART) is that they do not
generate behavioral patterns that are rich enough for validating states using
an independent set of observations or for fitting GLMs. For example, the
SARTand thegradual continuousperformance task45 use categorical stimuli
(either a go or no-go), which leads to the majority of trials being identical
and likely producing similar behavior. Thus, if model-generated states were
used to predict choice behavior, this would simply lead to a high probability
of making the “go” response. Moving to a stimulus with continuously
varying levels of evidence provides a solution for this issue. Importantly, it
also allows for fitting a GLM-HMM on one behavioral measurement
(choice) and validating the states in patterns of another (RT). Such vali-
dation would provide strong support for the ability of the model to tease
apart meaningful cognitive states using HMMs. At the same time, even
though the GLM-HMM framework has successfully captured attentional
lapses in mice, this approach has not yet been used to study human mind
wandering. One potential reason may be that the tasks used in this domain
are not optimized to induce mind wandering in humans. Critically, mind-
wandering tasks encourage habitual and repetitive responses. Thus, there is
untapped potential for using the GLM-HMM approach to infer the tem-
poral dynamics of mind wandering from behavior alone.

Here, we develop a paradigm (Fig. 1) that tackles these issues. The task
(1) retains the repetitive response structure ofmind-wandering tasks like the
SART to induce mind wandering and (2) uses stimuli with continuously
varying levels of evidence to allow the fitting of GLM-HMMs. In this per-
ceptual decision-making task, participants indicate the direction of coher-
entlymoving dots in a randomdot kinematogram (RDK) stimulus, with the
proportion of coherence dots varying from trial to trial57. Importantly, 90%
of trials involve the same (“dominant”)motion direction, which encourages
habitual and repetitive responding.We included occasional thought probes
for validation. We hypothesized that this task, combined with the GLM-
HMM, can be used to infer mind wandering without thought probes,

https://doi.org/10.1038/s44271-026-00424-9 Article

Communications Psychology |            (2026) 4:60 2

www.nature.com/commspsychol


revealing a detailed insight into its temporal dynamics. In short, wefind that
this task successfully renders distinct behavioral profiles for two self-
reported attentional states (on- vs. off-task), with participants relying more
on the task’s bias when they report being off-task. Next, we fit individual
GLM-HMMs to task behavior, using these behavioral profiles to label the
resulting states as on- and off-task. Critically, the inferred trial-wise state
classifications from this modeling approach provided converging evidence
that they tracked mind wandering: Model-derived off-task trials involved
RT times and higher degrees of self-reported mind wandering. In addition,
the modeling approach uncovered a classic temporal effect22,52,53, with trials
later in the taskbeingmore likely tobe classified as off-task45. Together, these
findings suggest that GLM-HMMs can be used to infer dynamics in
attentional state switches from behavior alone.

Methods
This study was not preregistered.

Participants
We recruited 117 participants (33 males, 81 females, 3 non-binary; Age
range = 18–22, M = 19.44, SD = 1.16) from the student population of
Washington University in St. Louis. Information about sex was provided
through participants’ self-report. We did not collect data on race or ethni-
city. Participants received academic course credit through participation.
All participants completed the experiment inperson andprovided informed
consent before starting. We excluded participants with accuracy rates
lower than 2/3 from the analysis. We also excluded those with an average
probe response greater than 90, since a high level of average focus may
indicate that the participant did not engage in any mind-wandering beha-
vior. To ensure a substantial level of attention fluctuation, we also excluded
participants whose maximum and minimum probe responses had a dif-
ference of less than 30 units. This results in an exclusion of data from 24
participants, resulting in a sample size of N = 93. All procedures were
approved by the Washington University in St. Louis Institutional
Review Board.

Procedure
Participants in our task (Fig. 1) viewed and responded to a sequence of RDK
stimuli57–59. Occasionally, a thought probe stopped the main task and asked
participants to indicate their level of focus just before the probe.

Random dot motion task
Each trial startedwithafixation cross in the center of the screen.Participants
then saw an RDK stimulus, where a total of 200 dots movedwithin a round
aperturewith awidth of 250 pixels. Aproportion of the dotsmoved together
towards a coherent direction, while the remaining dots moved in random
directions. Participants were instructed to indicate whether the coherent
dots were moving either left or right with one of two possible keyboard
responses (Q and P).

Importantly, the task involvedhighly repetitive response requirements,
modeled after the SART: 90% of the trials had the same coherent direction
and therefore elicited the same correct response. This “dominant” direction
was randomly chosen for each participant and stayed the same throughout
the entire task.

To include evidence on a continuous scale, we varied the proportion of
dots moving in the coherent direction. We refer to this proportion as the
“coherence level”. The coherence levelwas chosen randomly from10 to50%
on each trial. To include more noise, the coherent direction was randomly
chosen from the range of [−30, 30] degrees, deviating from the left and right
direction. We refer to this movement direction as “deviance”. Both the
coherence level and deviance were randomly chosen on each trial, inde-
pendent of the correct response and dominant direction. The inter-trial
interval was 1.5 s. The response deadline was 4 s.With 600 trials in total, the
experiment lasted ~30min.

Thought probes
To validate our experimental approach, we included occasional thought
probes to obtain attentional states throughout the experiment. Before the
experiment, participants received information about the terms “task-rela-
ted” and “task-unrelated” thoughtsmeant, and how to respond to a thought
probe.On average, a thought probe stopped themain task every 30 trials. To
lower the interruption from probes on the main task, we chose this probe
rate by selecting the lowest probe rate of 2%38 in the literature we examined.
Specifically, we matched the average probe interval by comparing average
RTs between their task and our pilot study. Because we estimated focus
levels on trials without a probe by performing linear interpolation on
neighboring probe responses, we asked participants to report the focus of
their attention on a continuous slider that ranges from “completely on
unrelated thoughts” (0 units) to “completely on the task” (100 units). Par-
ticipants were informed that their probe responses would not affect the
credit they received andwere encouraged to respondwith complete honesty.

This experiment was developed with the jsPsych library58.We used the
RDK plugin to display our stimulus59.

Analysis
Interpolation of attentional state from self-report. To estimate the
attentional states for trials without a thought probe from the self-report
measures, we performed linear interpolation on every pair of two
neighboring probe responses. To do this, we first took a pair of neigh-
boring probe trials, where the trial is associated with an available probe
response.We then assigned each of the unprobed trials between these two
trials a calculated focus score by performing linear interpolation on the
two responses.We assumed the first trial had a probe response of 100.We
performed the same procedure for all pairs of neighboring probe trials. As
a result, most trials in the experiment are associated with a focus score,
except for the small number of trials after the last available probe
response. For the Figures wheremeasures are plotted as a function of self-

Fig. 1 | Task procedure.On every trial, participants
see an RDK stimulus and indicate the coherent
motion with key presses (P or Q). Participants also
respond to thought probes throughout the task to
report internal states. Even though coherence levels
varied across trials, one “dominant” direction (here:
right) was more likely (90%) to occur than the other
“rare” direction (10%).

In the moments prior to
this screen, what was your

attention focused on?

Completely on
unrelated thoughts

Completely on
the task

Dominant direction
High coherence

Dominant direction
Medium coherence

Rare direction
High coherence

Dominant direction
Low coherence
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reported focus, we split all trials into two categories (on- vs. off-task)
based on this variable. To do so, we normalized these focus scores with
respect to each participant’smean score. The trials with normalized focus
scores greater than zero were labeled “on-task” whereas the rest were
labeled “off-task”. Because probes were interspersed randomly
throughout the trial sequence, two probes could potentially be quite far
away from each other. Therefore, we only kept the trials that were atmost
within 20 trials from the closest preceding or following probes. However,
such data exclusion is only relevant for analyzing observed behaviorswith
respect to self-reported states (Fig. 2). All remaining analyses incorpo-
rated all trials, regardless of their positions.

General linear mixed effects model. We first analyzed behavioral
measures, including choice behavior and RT. To examine the behavioral
patterns in different self-reported states, we fit a hierarchical logistic
regression for choice behavior (P(dominant)). The response requirement
in our design naturally guaranteed that choice data met the basic
assumptions of logistic regression, where each observation is binary and
independent of the others:

PðdominantÞ ¼ 1
1þ e�ðβ0þβ1�stateþβ2�coherenceÞ

We included attentional state and coherence level as model predictors.
In this regression, attentional state is the normalized self-reported focus
score, and coherence is a continuous regressor, with values ranging from
−50 to 50, and negative values indicating the raremotion direction.We also
fit a hierarchical linear regression predicting RT on correct trials with the
same predictors as above. RT distributions did not have normal distribu-
tions. Addressing this non-normality, we performed a log transformation
for all analyses where RT was involved as a dependent variable:

logðRTÞ ¼ β0 þ β1stateþ β2coherence

All model fitting was done with R package lme460. Effect sizes and
confidence intervals were calculated with R package effectsize61 and
r2glmm62.

Hierarchical drift diffusion modeling. To examine how attentional
states affect the perceptual decision making process, we fit a hierarchical
drift diffusionmodel (HDDM)63,64. This model fits choice and RT data on
coherence level and self-reported attentional state. All choices on priors
followed the original work on themodel package64.We estimated the drift
rate (v) and initial bias (z). Drift rate was free to vary by coherence level
and attentional state, and initial bias (z) was free to vary by attentional
state. To estimate the HDDM parameters, 2000 samples from the

posterior were generated with Monte Carlo methods, and 200 samples
were discarded as burn-in. For within-subject effects, we calculated the
difference in the fitted parameters for on-task trials and off-task trials and
examined the posterior distributions of these differences. A full
description of posterior distributions is available on OSF.

GLM-HMM
To infer participants’ internal states based on the relationship between
behavior and stimulus strength, we fit a HMM where each discrete state
corresponds to a set of decision strategies50. For each participant, we fit
GLM-HMMon the coherence level and choice behavior. The model fitting
procedure aims to learn the transitionmatrix, the GLMweights influencing
choice in each state, and the initial state distribution.We followed the same
structure as the original work50. The prior over the GLM weights was an
independent, zero-mean Gaussian. An independent Dirichlet prior was
placed on each row of the transition matrix as well as the initial state
distribution.

This set of parameters was collectively fit to choice data using max-
imum a posteriori estimation, practically implemented by the EM algo-
rithm. The E-step uses a forward-backward algorithm. In each iteration in
the forward pass, the model estimates the posterior state probabilities up
until each trial t, given the current set of parameters. In the backward pass,
themodel calculates the posterior probability of the choice data beyond trial
t. These probabilities are then used to calculate an estimate for the log-
posterior of the parameters given the choice and input data. The M-step of
the EM algorithm maximizes this estimate with respect to the model
parameters. Initial state distributions and transition matrices were calcu-
lated through closed-form updates, whereas GLM weights are found
numerically. As a result, the model estimated a set of weights placed on
evidence strength and bias, respectively for each state, as well as transition
probabilities between the states. The model also generated a prediction of
the current state for each trial.

Model comparison. To identify the optimal model, we fit models with
different numbers of latent states from one to four for each participant
and perform model comparison. Note that a one-state GLM-HMM
reduces to a basic logistic regression with only one intercept and one
coefficient for each participant. To assess the performance of amodel, we
randomly withheld 10% of the trials as the testing set and fit themodel on
the remaining trials. After we obtained the fitted parameters, we provided
the model with the complete dataset.

Then, based on the fitted parameters, the model estimated PPts, the
posterior probabilities of being in state s, for each trial t. The model also
estimated Pdomts, the probabilities of making the dominant response,
assuming trial t is in state s. We multiplied these two probabilities for each

a) b)

Fig. 2 | Behavioral measurements by coherence level and self-reported attentional state. a Probability of choosing the dominant response. b Response time. Error bars:
standard error of the mean. Negative coherence levels on the x-axis represent trials with rare motion direction. N = 93 participants.
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state and summed over the resulting products across all states s to calculate
the total probability of making the dominant response in each trial t:

Pdom totalt ¼
XS

s

PPtsPdomts

where S is the set of all possible states.We then calculated predictive error by
averaging the differences between actual responses and model predictions
for each trial t:

error ¼ 1
T

XT

t

jPdom totalt � ytj

where T is the set of all held-out trials, and y is the actual choice observed.
We performed such an analysis on 100 different randomly defined

held-out sets, and we obtained the prediction error by calculating the
average value of these errors. Model predictive accuracy is then defined as
the complement of predictive error.

Validating model predictions of states. Based on the results from our
model comparison analysis, we concluded that the two-state model is
sufficient in capturing behavioral patterns and thus used the two-state
model for the following analysis. According to results from both the
hierarchical GLMandHDDM, the off-task state is associated with higher
bias, irrelevant to stimulus strength. Thus, we labeled the state with a
higher weight for bias to be “off-task”, and the other state as “on-task”.

To test the validity ofmodel-generatedpredictions of attentional states,
weperformed several analyses.Wefirst compared the self reports andmodel
predictions over time. To do so, we calculated the average normalized focus
scores for each trial throughout the task across participants. We performed
the same analysis using model predicted probability of being on-task.

Next, we directly compared the model predictions and self reports on
the individual subject level. For each participant, we calculated the average
level of normalized self-reported focus scores for trials labeled “on-task” and
“off-task” by the model, respectively. Then we calculated the difference in
focus between the two types of trials for each participant.

Next, we examined the relationship between evidence strength and
RTs using model-generated states. This analysis uses the same methods
described above for examining behavioral patterns with different self-
reported states. Lastly, we investigated whethermodel predictions correlate
with two known markers of mind wandering, RT variability and speeding.
To do this, we calculated the correlations between the proportion of trials
categorized as “off-task” and (1) RT variability and (2) average RT across
subjects. In contrast with the analyses reported in prior sections, these
analyses were performed on all trials (without discarding those that were
more than 20 trials away from any thought probe), which allows us to test
model predictions for the entire task duration.

Effect of probes on attentional states. We examined whether self-
report thought probes transiently altered the level of focused attention in
our task. For each participant, we calculated the difference between the
average probability of being on-task for trials after probes and for all other
trials. To rule out that this effect only reflected simple time-on-task
effects, we also ran a control analysis where changes in each participant’s
attentional states were calculated using the probe positions of other
participants. That is, we computed a given participant’s probability of
being on-task between these types of trials as if the probes had occurred at
the times experienced by another participant. This Monte Carlo per-
mutation procedure preserved the overall temporal structure of the task
while disrupting any direct relationship between a participant’s own
probes and their attentional state. We repeated this procedure 100 times
for each participant (using randomly drawn probe positions from other
participants on each iteration), generating a “null” distribution of 100
observations. We then computed the true effect against this distribution
of permuted effects, which allowed us to assess whether the observed

decline in attentional focus following probes exceeded what would be
expected by chance.

Results
Oneach trial of our task (Fig. 1), participants (N = 93) responded to an array
of moving dots (an RDK). A subset of “coherent” dots moved in the same
direction (either left or right), and the remaining dots moved in random
directions. The coherence of motion (the percentage of dots moving in the
samedirection) varied across trials. Participantswere instructed to use a left/
right key press to indicate the direction of the coherently moving dots.

To facilitate mind wandering, one randomly selected direction was
more prevalent (“dominant”, 90% of trials), and the otherwas less prevalent
(“rare”, 10%). This feature of the task introduces a repetitive response
requirement like the SART, which allows participants to rely on the bias in
coherent motion.

We included infrequent thought probes in the task to characterize the
behavioral profile of attentional states and to validate our computational
modeling framework. In these trials, participants reported the focus of their
attention just before the probe on a continuous scale from “completely on
the task” to “completely on unrelated thoughts”. At face value, the con-
tinuous nature of this scale stands at oddswith the assumption of ourHMM
framework that people shift between discrete states. However, the con-
tinuous nature of the self-report allows participants to indicate uncertainty
about their cognitive state (using less extreme values), and they facilitate
descriptive interpolation between probes to provide trial-by-trial compar-
ison to the model-inferred states.

When off-task, participants make more and faster dominant
responses
To analyze the behavioral profile of attentional states, we assigned each trial
an attentional focus score by linearly interpolating between pairs of self-
reported scores (not including trials that were removed more than 20
trials from the nearest probe). Note that this practice is only relevant for
the initial set of validation results reported in this section (see “Methods” for
details).

Next, we analyzed choice behavior using a hierarchical logistic
regression model, predicting the probability of making the dominant
response from the degree of evidence for dominant motion and the con-
tinuous focus score.Unsurprisingly, theprobability ofmaking thedominant
response increased as the evidence for the dominant motion increased
(z = 94.79, p < 0.001, OR = 1.09, 95%CI [1.08, 1.09]). Importantly, we saw a
main effect of self-reported focus, with the probability of making the
dominant response increasing as self-reported focus decreased (z =−9.52,
p < 0.001,OR = 0.88, 95%CI [0.85, 0.90]). For visualizationpurposes, Fig. 2a
shows these findings with self-reported state as a discretized categorical
variable. All analyses reported here use the continuous version of this
variable (though analyses using the categorical version offered similar
results).

Figure 2b shows response times (RTs) on correct trials as a function of
coherence and self-reported state.We saw an expected decrease in RT with
increasing coherence for both dominant (positive values) and rare (negative
values) motion. Because of the non-monotonic relationship between
coherence level and RT, we fit GLMs for dominant and rare motion trials
separately. These models predicted log-transformed RT (due to the non-
normal nature of RT distributions) as a function of coherence and self-
reported focus. For dominant trials, RTs decreased as absolute coherence
increased (t(42780) = -68.61, p < 0.001, partial R² = 0.098, 95% CI [−0.014,
−0.013]). RTs also increased when self-reported focus increased
(t(42798) = 25.07, p < 0.001, partial R² = 0.014, 95% CI [−0.053, −0.062]).
For rare trials, we again found coherence level (t(4686) =−28.61, p < 0.001,
partial R² = 0.189, 95% CI [−0.016, −0.014]) and attentional state to be
significant predictors (t(4676) = 5.30, p < 0.001, partial R² = 0.008, 95% CI
[0.020, 0.043]). Finally, we directly compared the effect of focus on RT and
found that it was larger for dominant compared to rare trials
(t(53999) = 2.29, p = 0.022, partial 95% R² < 0.001, CI [0.006, 0.081]).
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Together, these behavioral findings indicate that participants in the
task draw more on the task’s bias when off-task, regardless of the evidence,
which leads them to make more correct and fast responses on dominant
trials, butmore errors on rare trials. In otherwords, theymay start sampling
stimulus evidence not fromaneutral starting position, but fromone in favor
of the dominant direction.

Drift diffusion modeling of self-reported focus
This prediction is particularly well-suited to be tested using sequential
sampling models such as the DDM. This class of computational models
describes decision making as a process of sequential sampling of evidence
for available responses until a threshold is reached. Thus, theDDMcaptures
both RTs and choices.

For a formal test of ourprediction,wefit a hierarchicalDDMtoanalyze
which of its parameters are affected by self-reported focus63,64. Model fitting
was done using the HDDM package64, which uses a Markov chain Monte
Carlo sampling method to estimate posterior parameter distributions. This
model predicted the combination of choice RT data as a function of
coherence level and self-reported attentional state using Bayesian hier-
archical regression. Specifically,we let thedrift rate (v) parametrically vary as
a function of both the coherence level and self-reported focus, and the
starting point bias (z) as a function of self-reported focus.

As expected from decades of research in this domain, we found that an
increase in coherence level was associated with increased drift rate. All
samples of the posterior distribution of this effect (Fig. 3a) were greater than
zero (95% CI [0.051, 0.059]).

More importantly,we also found that increased self-reported focuswas
associated with both a larger starting point bias (95% CI [−0.038,−0.008])
and drift rate (95% CI [−0.17, −0.05]) (Fig. 3b, c). As self-reported focus
increased, both drift rate and starting point bias increased. For both these
within-subject effects, all posterior distribution samples were negative.
These results indicate that when participants report being off-task, they
show a stronger initial bias towards the dominant response as well as
increased evidence accumulation. This confluence of effects has been
repeatedly reported in tasks with a bias in stimulus evidence63,65,66.

Two-state GLM-HMM captures behavioral patterns
Using self-reported attentional focus, the analyses reported so far suggest
that behavior on our task is generated by different internal states. However,
the goal of our investigationwas to demonstrate thatwe can infer these from
behavior alone.

Todo this,wefitmulti-stateGLM-HMMs50 toparticipants’data.These
models assume that behavior is generated by a set of distinct states, each
corresponding to the psychometric choice curve. For each participant, this
procedure estimates twoGLMparameters representing the stimulus weight
and bias parameter of the choice curve for each state, aswell as the transition
probabilities between states (for details, see “Methods”). These can be
combined to obtain a prediction of internal states for all trials in the task.

To determine the optimal number of states, we computed predictive
accuracyonheld-out trials forGLM-HMMswith thenumberof latent states

ranging from one to four (Fig. 4). The two-state model strongly out-
performed the simple one-state logistic regression. On average, it raised
predictive accuracyby1.11%.Aswe increased thenumberof states fromtwo
to three and four, the model performance only improved slightly, with a
0.28%and0.14% increase in accuracy.Thus, the two-statemodel sufficiently
captures behavior while minimizing model complexity, and therefore we
chose it for further analysis.

Next, basedon results fromboth thehierarchicalGLMandHDDM,we
labeled the two model-identified states using their associated state para-
meters. According to analyses, the off-task state was associated with an
increased bias towards the dominant response. Thus, for each participant,
we labeled the state with a higher bias parameter as “off-task”, and the other
as “on-task”. Figure 5 shows the estimated transitionmatrix for one example
participant (panel a), as well as the probability of the on-task state being
active on each trial across the entire task (panel b). This participant was
predicted to be on-task for 42% of the trials. Importantly, the state predic-
tions suggest that this participant fluctuated between internal states
throughout the entire task. Figure 5c shows a distribution of on-task state

a) b) c)

Fig. 3 | Distribution of the posterior probability of fitted parameters in relation to evidence strength and states. a Drift rate change by coherence level; b Drift rate
difference between the two states; c Initial bias difference between the two states. Full description of posterior distributions is provided on OSF. N = 93 participants.

Fig. 4 | Model comparison results. Average predictive accuracy on the held-out
trials for GLM-HMM models with different numbers of latent states.
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probabilities for all participants across all trials, and the bimodality of this
distribution indicates that the model has a high confidence in its state
predictions.

Model-characterized attention fluctuations
Wenext examined the transition probabilities between the two states across
participants. We found that the average probability of staying on-task was
0.96 (SD = 0.11) and the probability of staying off-taskwas 0.95 (SD = 0.08).
Note that these two probabilities are very close to 1, indicating that both the
on-task state and themind-wandering state typically persist for several trials
in a row. Even though they were close to each other, a pairedWilcoxon test
showed that participants were significantly more likely to stay on-task than
stay off-task (z =−2.13, p = 0.03, Cohen’s d = 0.45, 95% CI [−0.014,
−0.001]). This suggests that the on-task state is more stable than the off-
task state.

While these results replicate thefindings fromBastian andSackur39, the
stay probabilities in our task aremuch higher than the ones reported in their
work (0.89 and 0.82, respectively). In other words, ourmodel predicts more
stable states and fewer state switches. Accordingly, our model predicted
longer durations for each on-task and off-task episode. On average, an on-
task state persists for 1=ð1� 0:96Þ ¼ 25:0 trials, which translates to 26.4 s
if accounting for the average RT of a trial. By the same logic, the expected
duration of a sequence of off-task trials in the task was 1=ð1� 0:95Þ ¼
20:0 trials or 21.1 s. These durations are substantially higher than those
found using the RT-variability HMM procedure by Bastian and Sackur39,
which were 18.2 s and 11.1 s for on- and off-task, respectively. Indeed,
previous researchmeasuring the duration ofmind-wandering epochs using
a wide variety of methods54–56 suggests that off-task episodes typically last
20 s or more. Our results align well with this set of convergent estimates,
supporting the validity of our HMM-GLM framework in providing

meaningful estimates of fluctuations in attentional engagement over rea-
listic timescales.

Model-inferred attentional states track self-reported focus and
behavioral performance
Finally, we set out to validate that the model-predicted states aligned with
measures of behavior that were not used during model-fitting, such as
participants’ self-reported attentional focus and response times.

First, we used the fits to test whether participants indeed reported
higher levels of focus on the trials that the model labeled as on-task. We
found that participants’ self-reported focus was higher on model-predicted
on-task trials compared to off-task trials (Fig. 6, t(92) = 3.52, p < 0.001,
Cohen’s d = 0.37, 95% CI [0.15, 0.54]). We also examined the relation
between self-reported and model-predicted focus on probe trials alone,
without using the interpolated scores. A hierarchical linear regression
showed that model predictions successfully predicted self-reported focus
(t(1731.23) = 9.90, p < 0.001, partial R² = 0.02, 95% CI [6.37, 13.31]). These
results indicate that the predicted attentional states from the GLM-HMM,
which were fit using only stimulus strength and choice, aligned with self-
reported mind wandering.

Second, we found that the average probability of the on-task state
decreased throughout the task (t(55705) =−74.0, p < 0.001, partial
R² = 0.06, 95% CI [−0.00060, −0.00057]; Fig. 7a). This finding is note-
worthy because the GLM-HMMs do not formally capture such trends (e.g.,
by including a parameter that captures changes in transition probabilities
over time). Thus, without assuming any underlying dynamics, the model
reveals the widely observed trend of increased mind wandering over time.
These results suggest that the analytic procedure was sensitive to a beha-
vioral trend that influenced the inferred state probabilities. Importantly, an
analogous effect was present for self-reported focus level
(t(54466) =−131.9, p < 0.001, partial R² = 0.24, 95% CI [−0.0030,
−0.0029]; Fig. 7b). Thus, both self-reports and model predictions indicate
an overall decline in focus level as the task progressed, providing support for
the validity of the model-predicted states. Such declines in attentional focus
are a key characteristic of mind-wandering behavior22,52,53. Importantly, a
follow-up mixed-effects model, regressing both model-predicted state, trial
number, and their interaction (including random intercepts and slopes) on
self-reported focus, indicated amain effect of trial number (t(47.6) =−5.54,
p < 0.001, partialR² = 0.12, 95%CI [−0.003,−0.002]) andmodel-predicted
state (t(203.0) = 4.42, p < 0.001, partialR² = 0.02, 95%CI [0.213, 0.872]), but
not their interaction (t(53968.0) =−0.09, p = 0.925, partial R² = 0.07, 95%
CI [−0.004, −0.001]). These results again show that self-reported focus
decreases as trial number goes up, but, more importantly, the probability of
being on-task (i.e., themodel-predicted state) positively tracks self-reported
focus beyond this general decline.

Thirdly, because our GLM-HMMs were not fit on RT data, we could
examine patterns of RTs based on the model-predicted state categorization
(Fig. 8). The trends in RT were very similar to those analyzed using self-
reported focus states. Twomixed linearmodelsfit onmodel-predicted states
replicated the core results of themodelfit using self-reported states. For both
dominant and rare motion trials, both coherence level (dominant:

Fig. 5 | Model estimations for an example participant. a Transition probabilities between on-task and off-task states. bModel predicted probability of being on-task for all
trials. c Distribution of model predicted states across all participants and trials.

Fig. 6 | Distribution of difference in self-reported focus between states. This
histogram shows the participant-level differences in self-reported focus (z-scored)
between on-task and off-task trials based on model-predicted states. The vertical
black line at zero indicates no difference.
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t(43872) =−70.11, p < 0.001, partial R² = 0.10, 95% CI [−0.014, −0.013];
rare: t(4806) = 28.04, p < 0.001, partialR² = 0.14, 95%CI [16.77, 19.29]) and
focus state (dominant: t(43750) = 25.78, p < 0.001, partial R² = 0.01, 95%CI
[0.170, 0.198]; rare: t(4722) = 2.12, p = 0.03, partialR² = 0.001, 95%CI [3.70,
91.96]) were significant predictors for RT. Thus, this analysis provides
further corroboration that the model-predicted states align with self-
reported focus levels (Fig. 2b). In addition, we also fit a hierarchical linear
model that predicted RTs across all trials as a function of trial type (domi-
nant vs rare), absolute value of coherence level, and the model-predicted
probability of being on task. In addition to main effects of coherence
(t(48753) =−47.10, p < 0.001, partial R² = 0.02, 95% CI [−0.014,−0.012]),
model-predicted on-task probability (t(48816) = 14.77, p < 0.001, partial
R² = 0.001, 95% CI [0.208, 0.271]) and trial type (t(48753) = 3.72, p < 0.001,
partial R² < 0.001, 95% CI [0.054, 0.174]), this revealed a significant inter-
action between trial type and model-predicted focus level
(t(48752) =−2.46, p = 0.01, partial R² < 0.001, 95% CI [−0.208, −0.024]).
In other words, reduced attentional focus led to speeded responses for the
dominant trials, but this effect was less distinct for correctly answered rare
trials where participants successfully overcame their response bias. These

RT results provide convergent external validation that the GLM-HMMs
inferred fluctuations in attentional state.

Characterizing the transition dynamics of group-level differ-
ences in mind wandering
After validating the model at the within-subject level, we aimed to investi-
gate between-subject effects. First, we leveraged the across-participant var-
iation in the proportion of on-task trials to determine the mechanistic
nature of increased mind wandering. To do this, we adopted an extreme-
group analysis, comparing the estimated state transition probabilities
between the participants with the 25% highest and lowest proportion of on-
task trials (Fig. 9). This analysis revealed that the groupwith thehighest rates
of mind wandering showed a reduced probability of transitioning from the
on- to the off-task state (i.e., reduced lapsing), t(23) =−2.74, p = 0.012,
d =−0.57, 95% CI [−0.066, −0.009], and an increased probability of
transitioning from the off- to the on-task state (reengagement), t(23) = 3.40,
p = 0.002,d = 0.71, 95%CI [0.049, 0.203].This shows that participants in the
on-task group were less likely to lapse and more likely to get back on task
after lapsing.

Individual differences inmindwandering relate to response time
variability and speeding
Next,we examinedwhether individual differences inmodel-predictedmind
wandering aligned with known behavioral markers of attentional lapses,
such as response time variability45–49 and speeding22,36.

First, we investigated whether participants’RT variability correlated
with model-predicted rates of mind wandering. Interestingly, we found a
negative correlation between RT variability and the proportion of
trials categorized as “off-task” on the subject level (Fig. 10a)
(r(91) =−0.28, p = 0.006, 95% CI [−0.46, −0.08]). This result seems to
contradict prior work, using the SART or related tasks, in which mind
wandering is associated with increased RT variability45,46. In our task,
however, we believe that the inverse pattern is to be expected because
there are trial-to-trial fluctuations in the degree of perceptual evidence
(Fig. 2): if participants are off-task, the increased response bias should
make participants less variable, especially on the more numerous
dominant trials.

Moreover, we also found a negative correlation between average RT
and proportion of off-task trials (Fig. 9b) (r(91) =−0.21, p = 0.04, 95% CI
[−0.40, −0.01]). This result, which indicates increased speeding for parti-
cipantswith ahigherprevalenceof off-task trials, ismoredirectly in linewith
prior research22,36,67.

a b

Fig. 7 | Time-on-task effects revealed by self-reported focus andmodel predictions. a Self-reported focus (z scores) over time, averaged across participants. b Themodel-
predicted probability of being on-task over time, averaged across participants. Shaded area: standard error of the mean. N = 93 participants.

Fig. 8 | RT pattern using model predicted state categorization. Error bars: stan-
dard error of the mean. N = 93 participants.
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As a next step, we investigated whether these correlations were pri-
marily driven by participants’ propensity to reengage (probability of tran-
sition of switching from the off-task to the on-task state) or to stay on-task
(on-task to on-task). We found a significant correlation between the
probability to stayon-task andRTvariability, r(91) = 0.25,p = 0.018, 95%CI
[−0.43, −0.04] and speeding, r(91) = 0.21, p = 0.048, 95% CI [−0.39,
−0.00]. In contrast, we saw no such correlations for the transition prob-
ability from off- to on-task for neither RT variability (r(91) = 0.11, p = 0.29,
95% CI [−0.10, 0.31]) nor speeding (r(91) = 0.10, p = 0.36, 95% CI
[−0.11, 0.29]).

Intrusive thought probes transiently decrease attentional focus
One of the motivations for developing a method to detect mind wandering
without thought probes is to minimize their potential interruption on the
natural attentional fluctuations. A key advantage of ourmodeling approach
is that it estimates theprobability of beingon-task for each trial, independent
of thought probes, allowing us to directly examine whether probes them-
selves alter attentional states.

To test this, we compared themodel-predicted probability of being on-
task for trials immediately following a probe against all other trials. The
predicted probability of being on-task was significantly lower on trials
directly after a probe (t(92) =−2.52, p = 0.03, Cohen’s d =−0.26, 95% CI
[−0.021,−0.003]), suggesting that probes temporarily decrease attentional
focus. However, because trials following a probe occur slightly later than all
other trials, one alternative explanation is that this effect is driven by the
general decrease in on-task trials over time (Fig. 6).We rana control analysis
to rule out this explanation. As detailed in the Methods, we used a Monte
Carlo permutation test to compute each participant’s effect using probe
positions of all other participants, reasoning that those would capture the
general decline in on-task trials over time but not probe-specific effects. As
can be seen in Fig. 11, this analysis indicated no reliable effect in the boot-
strapped data using yoked probe positions (t(99) =−1.55, p = 0.25, Cohen’s
d =−0.12, 95% CI [−0.0014, 0.0004]), and a significant effect (p = 0.02,
percentile = 1%, two-tailed) when using participants’ own positions.

The patternmay reflect a specific form of intentionalmindwandering,
inwhichparticipants strategically choosewhen todisengage from the task to

Fig. 9 | State transition probabilities vary between
the groups with the 25% highest (orange) and
lowest (blue) proportions of on-task trials.
Reduced mind wandering is driven by both
increased reengagement and reduced lapsing. Error
bars: standard error of themean.N = 24 participants
in each group.

a b

Fig. 10 | Subject-level correlation betweenknownRTcorrelates andoff-task tendency,measured by proportion of off-task trials. aAverage RT variability.bAverageRT.
N = 93 participants.
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process internal thoughts37. Becauseprobeswere rare, participantsmayhave
anticipated a period of uninterrupted task performance following a probe,
allowing them “safely” redirect attention away from the task and rely more
heavily on the response bias68.

In summary, the results in this section indicate that GLM-HMMs,
combinedwith a biaseddotmotion task, provide an opportunity tomeasure
fluctuations in mind wandering from behavior alone.

Discussion
People need to sustain focused attention to achieve goals26,69. Yet, attention
often lapses, as minds wander toward TUTs5. To study these dynamics in
mental states, researchers typically use intermittent thought probes, which
explicitly ask if thoughts are task-related. However, probes are rare and
interrupt behavior40. Other researchers use response time variability as a
proxy for attentional state, but this method does not account for between-
person variability in mind wandering. Therefore, we developed an adap-
tationof a randomdotmotion task that, combinedwith anHMM,allows for
the inference of within- and between-participant fluctuations in mind
wandering from performance alone. As in regular dot motion tasks, parti-
cipants indicate the coherent direction of each stimulus. However, the task
adopts the repeated response structure from the traditional SART: 90% of
trials exhibit the same motion direction, which encourages a habitual
dominant response.

Because our task included conventional thought probes, we were able
to demonstrate that it encourages a disengaged mind-wandering state,
where participants rely more on the bias of the dominant response and less
on trial-specific stimulus processing. This conclusion is further supported
by the increase inmind wandering across the duration of the task22,52,53, and
increased commission errors on rare trials when participants reported being
off-task26,32,70,71.

Most importantly, this task allowed us to infer shifts between atten-
tional states without relying on self-reported focus. We fit behavior on this
task to a two-state GLMHMM, which provides inferred state probabilities
(one labeled as off-task, the other as on-task) for each trial in the task. We
provide three validations that these model-predicted states track shifts
between attentional states. First, the latent states generated from this model
predicted self-reported focus levels. Second, these state predictions suc-
cessfully capturedan increase inmindwandering over the course of the task,
even though theGLM-HMMdoes not naturally capture such trends. Third,
even though the modeling approach was only fit to choice behavior, the
inferred mind-wandering trials showed faster RTs on common trials (a

characteristic of reduced attention22,26). These results demonstrate that our
approach measures attentional states and their temporal dynamics without
relying on thought probes, paving the way for future mind-wandering
research.

Our framework carries several advantages over conventional mind-
wandering methodology. Most obviously, by allowing the measurement of
mind wandering without thought probes, the task avoids any concerns
around the confounding effect of probes themselves. This eliminates issues
about how specific probe content and framing affect self reports34,44.
Moreover, this also provides us with state inferences for all trials in the task.
Unlike methods relying on RT variability as a proxy for lapses45,46, our
approach characterizes both within-person shifts in attentional states over
time and between-person variation in the proportion of time spent in a
disengaged state. In addition,while priorwork also used anHMMapproach
to infer mind wandering39, the states from that model could only be vali-
dated using subjective self-reports. By combining a GLM-HMM with a
parametric stimulus, we were able to validate the attentional states using
extraneous behavioral measurements, both at the trial level (RT speeding
underwandering) and across the entire task (shift towardsoff-task state over
time). We believe that we were able to uncover these patterns because our
approachdoesnot constrainhowparameters varybetween states (unlike the
prior HMM approach), making the model fitting fully data-driven and
maximally flexible. Notably, our modeling framework returned expected
durations of the off- and on-task states that were more comparable with
those reported in studies using physiological measurements54,55. Together,
these findings indicate that the GLM-HMM approach carries several ben-
efits over the prior method.

These features of our methodology can invigorate research on the
consequences of mind wandering over time. By capturing fluctuations in
attention from trial to trial, researchers can avoid relying on coarse
groupings of trials based on certain events such as “trials before an error” or
“trials precedingaprobe” 18,72–74.Other groupshaveusedvariability inRTs to
predict attentional states45,46,48.While this provides state classifications for all
trials, it requires researchers to set an arbitrary cut-off point for labeling
them on- or off-task. In contrast, our approach naturally allows for the
degree of mind wandering to vary across people, while generating predic-
tions for all trials with no unused data.

We would like to point out that the GLM-HMMs were fit only on
choice behavior and did not incorporate RT. However, RTs are a crucial
source of variance in perceptual decision making tasks75. In fact, there is a
rich literature that uses evidence sampling models (EAM) to jointly fit
choice and RT63,76. This introduces the opportunity to develop an EAM-
HMM approach, where each state is characterized by parameters for the
sampling model instead of the GLM. In fact, a recent study by Kucharsky
and colleagues77 has taken promising steps in this direction, incorporating a
simplified linear ballistic accumulator within an HMM. This approach was
able to uncover dynamics in how participants were instructed to perform a
simple cognitive task (focusing on accuracy vs. speed), demonstrating the
feasibility of combining response time and choice data in an HMM and
using this to infer latent cognitive parameters. Future work could extend
these ideas tomore fully parameterized sequential samplingmodels, such as
a DDM. Compared to our current model, a DDM-HMM could increase
sensitivity in state inference, as it would be based on both critical mea-
surements of the decision-making process.

We believe that several aspects of our modeling approach can provide
valuable perspectives on existing questions in the field of attention research.
First, our taskoffershigherflexibility in identifyingdiscrete attentional states
engaged during task performance. The prevalentmodel of mindwandering
is the lapse model, which assumes a weakened relationship between beha-
vior and stimulus strength when attention lapses78,79. However, some
researchers have suggested there are multiple distinct ways in which the
mind can wander37,80. For example, some studies distinguish between off-
task states based on whether awareness is involved, using more specific
options such as “tuned out” (mind wandering with awareness) and “zoned
out” (mind wandering without awareness) when acquiring self-reported

Fig. 11 | Histogram of random effects distribution generated from yoked probe
positions (gray) comparedwith the observedmeanprobe effect (black line).Error
bar: standard error of the mean. N = 93 participants.
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states5,18,81. In fact, people show different patterns of behavior and brain
activitywhenmindwanderingwith andwithout awareness, indicating these
reflect distinct attentional states82,83. So far, such differences are not reflected
in more precise computational models. The classic lapse model, which
assumes two discrete states, likely falls short in accounting for this com-
plexity. Our framework, on the other hand, can fit a custom number of
discrete states and examine the differences in the specific components of the
cognitive processes involved.

Our framework is also well-suited to studying mindfulness, the ability
tomaintainmeta-cognitive awareness of the contents of one’s ownmind84,85.
Extensive evidence suggests that increases in mindfulness are associated
with better performance on tasks that require sustained attention84,86–88. This
increase in performance may be caused by an increased ability to detect
mind wandering and a subsequent diversion to on-task thoughts88,89.
Alternatively, it may be related to an increased ability to maintain focus on
the present experience85,86. Because our computational framework provides
transitionprobabilities betweenattentional states, it candistinguishbetween
these two hypotheses. If mindfulness improves sustained attention, one
would expect a lower probability of switching fromon-task states to off-task
states in experienced practitioners. If mindfulness improves people’s ability
to bring their minds back to task-related thoughts when realizing they were
mind wandering, one would expect a higher probability of switching from
off-task states back to on-task states. Ourmodeling approach enables direct
comparisons for properties related to attentional dynamics.

Finally, our computational approach holds promise to both inform
neuroscientific theories of mind wandering, as well as to be improved by
incorporating neural signals. An obvious target would be the default mode
network (DMN), a network of brain regions spanning frontal and parietal
cortex90 that has been shown to play an important role in mind
wandering91–93. For example, functional magnetic resonance imaging
research has shown that lapses of attention are linked to increases in DMN
activation94,95, and that a reduced level of neural activation in DMN is
associated with focused states compared to mind wandering states96.
However, this body ofwork relies either on self-reported attentional focus or
RT variability to index attentional states. TheHMM framework introduced
here can be used to estimate the neural correlates of attentional states on a
trial-to-trial basis without thought probes, and while allowing the propor-
tion of disengaged trials to vary between participants. Investigating the
difference in neural responses between trials with differentmodel-predicted
states would provide a converging, and statistically more powerful, way to
investigate the role of DMN in reduced attentional control. Moreover, trial-
by-trial changes in DMN activity can then be incorporated into the HMM
models to provide further demarcation of cognitive states.

A similar set of analyses can be done using electroencephalography
(EEG), which has also been used to examine neural signals related to
attentional states. A large body of work suggests that fluctuations in spectral
power of alpha (Hz) and beta (Hz) frequency bands track temporal
dynamics of attentional states72,74,97–99. Thus, it is worth characterizing how
thesemarkers relate to themodel-predicted states fromtheHMMapproach.
Given the temporally precise prediction of our computational approach, we
can also investigate neural responses on trials that involve state switches
(either fromor towards an on-task state). The direction of themotion in the
stimuli in our task can be decoded from EEG signals100,101. This can also be
leveraged to characterize the model-inferred states in terms of their neural
implications. Specifically, because participants rely more on the task’s bias
on off-task trials, we predict reduced performance of motion direction
decoders on these trials.

Limitations
We recognize that our framework may not be the optimal choice for some
questions regarding the nature of mind wandering. Because we aim to infer
mind wandering without using thought probes, our framework naturally
fails to offer much information on the intentionality of mind wandering or
the specific content of TUTs. For example, some researchers have high-
lighted the distinction between mind wandering with and without

intentionality38,102. Studies on the content of TUTs offer probe response
options that distinguish the specific topic, such as asking whether mind-
wandering content is about the future or the past103,104. Distinctions are also
made between inattention caused by self-initiated mind wandering or by
external distraction105,106. These distinctions are crucial in forming a theo-
retical framework for mind wandering, but it is not obvious how our
paradigm could capture these differences from behavioral measurements.

In addition, while we aimed to minimize the researcher degrees of
freedom, we still had to choose how to interpolate focus levels on trials
without a probe and which trials to discard during behavioral analysis. We
recognize that these are also considered researcher degrees of freedom.
Fortunately, these decisions were only necessary for validating our
approach. Moreover, we emphasize that linear interpolation of probe
reports was not intended as a model of attentional dynamics, which we
assume to be discrete. All inferences about state transitions are derived
exclusively from the GLM-HMM fit to behavioral data. Our results suggest
that researchers can start using our framework to infer attentional states
solely from behavioral measurements and without having to make similar
design choices.

In conclusion, we developed a perceptual decision-making task to infer
mind wandering purely from perceptual decision making. We found that
participants’ choices were more biased by the task structure when they
reported beingmoreoff-task.This behavioral difference betweenattentional
states allowed us to use computational modeling to capture the temporal
dynamics of attentionwithout the restriction and interruption from thought
probes. Along with the great flexibility in stimulus space, our paradigm
provides great potential in investigating how people’s attention fluctuates
in response to tasks, goals, and environments. We hope this paradigm
will contribute to the psychological theories of mind wandering and
attention.
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