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PSYCHOLOGICAL SCIENCE

Day-to-day fluctuations in cognitive precision predict
the domain-general intention-behavior gap

Daniel J. Wilson and Cendri A. Hutcherson*

The idea that better cognitive functioning helps to close the gap between goals and behavior seems self-evident,
yet empirical work has found unusually weak interindividual associations between cognitive task performance
and real-world, goal-relevant outcomes. Here, we resolve this paradox by shifting from trait-level to state-level
analysis. Leveraging a microtask design to measure daily fluctuations in cognitive function, goal setting and goal
progress, mood, sleep, and motivation over a 12-week intensive longitudinal study of university students (N = 184,
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time points = 9248), we show that within-person upswings in domain-general cognitive processing precision pre-
cede and predict same-day self-reported goal setting and achievement across both academic and nonacademic
domains, even controlling for other factors. A one-standard-deviation change in cognitive precision had an effect
statistically equivalent to ~40 min of work, with similar or larger predictive effects compared to fluctuations in
mood/motivation and no moderation by trait-level self-control or conscientiousness. Our work addresses long-
standing controversies and highlights the power of intraindividual analysis to reveal relationships missed by

cross-sectional approaches.

INTRODUCTION
Humans travel the path linking goals, intentions, and outcomes every
day, but our pace is often frustratingly fickle. Why? What differs be-
tween the days we achieve what we intend, and the days we fall short?
Although much of the day-to-day variation in goal achievement un-
doubtedly stems from external obstacles, a substantial proportion is
likely due to internal psychological factors. However, despite consid-
erable empirical work on the predictors of goal achievement across
individuals [e.g., (1-5)], we still have an incomplete understanding of
how fluctuations in intraindividual psychological processes could
shrink or grow the intention-behavior gap (I-B Gap) (6). Here, we
focus on a particularly controversial issue: Do day-to-day variations
in cognitive states related to information processing, attention, work-
ing memory, or inhibitory control predict changes in the effectiveness
of daily goal pursuit in a domain-general way, across a broad spec-
trum of goals? If so, which cognitive processes matter, and how im-
portant are they relative to other predictors? Intuitively, the answer
seems obvious. Because goal pursuit often requires us to ignore dis-
tractions, manage conflicting temptations, and occasionally push
through unpleasant or effortful tasks for longer-term rewards (2, 7, 8),
then, when processes related to cognitive control operate at their
peak, people should be better at achieving their intentions and goals
(9). However, the considerable efforts to document such relationships
have, to date, generated more controversy than clarity (5, 10-13).
Part of the issue is that much of the research on the hypothesized
benefits of optimal cognitive functioning has focused on differences
across individuals rather than dynamics within individuals. While
more recent computational approaches could reveal clearer links
(14, 15), cross-sectional research is largely characterized by mixed and
often disappointing results in healthy samples (5, 16-25). However, it
is unlikely that approaches examining trait-level differences between
individuals have much to say about whether day-to-day changes in the
operation of specific cognitive factors predict variability in day-to-day
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goal achievement. Inter- and intraindividual associations can be statis-
tically distinct (26-28), and empirical evidence suggests that differ-
ences in cognitive task performance within versus between individuals
reflect different cognitive processes and sources of variability (29).
Thus, daily cognitive function could show a strong relationship to dai-
ly goal accomplishment, even in the absence of any cross-sectional as-
sociation (or vice versa).

Unfortunately, an extensive body of research focused more direct-
ly on the relationship between state fluctuations in cognitive function
and goal-directed behavior is similarly muddy. For example, tests of
the “ego depletion” hypothesis (9) often attempt to manipulate state
cognitive control and then demonstrate subsequent declines in self-
control. However, these tests rarely directly measure the declines in
cognitive control that are postulated to mediate the effect (11). They
also frequently fail to replicate (10, 12, 30), and even the most promis-
ing studies largely focused on behavioral outcomes in laboratory tasks
(31, 32) rather than real-world goal-directed decision making.

The handful of previous studies that directly measure longitudi-
nal variation in cognitive task performance and its association with
real-world goal-related behavior report mixed and often null find-
ings (33-36), likely due in part to methodological limitations. These
studies generally follow small sample sizes for a limited duration
(e.g., 1 to 3 weeks); measure performance on only a single cognitive
task (e.g., the Go/No-Go task); focus on a single behavioral domain
(e.g., food or alcohol consumption); rarely measure in real time the
changing goals people hold; and generally fail to measure or control
for important alternative explanations, such as concomitant changes
in affective and motivational processes (13, 37, 38). It thus remains
unclear if fluctuations in cognitive function directly affect the effec-
tiveness of daily goal pursuit, which functions matter, how much,
and for which goals. Answering these questions is of vital impor-
tance, not only for resolving major theoretical controversies in psy-
chology, but also for directing resources toward the most fruitful
avenues of exploration for boosting goal achievement.

To address limitations of past research, we explore the feasibility
of, and insights derived from, a microtask method for studying
cognition-dependent goal achievement, both within and across
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individuals. Using a 12-week intensive longitudinal design (Fig. 1A,
top), we provide evidence for the existence of a domain-general cog-
nitive state variable that we refer to as mental sharpness (see Results
below for justification of terminology). We argue that we can obtain
a meaningful daily estimate of this state using six brief (1 to 2 min)
cognitive tasks, by showing that our metric covaries with fluctuations
in daily mood, motivation, and behavior. Last, we examine whether
and how this variable relates to daily goal pursuit and achievement
within and across individuals and compare the magnitude of effects
to other important self-reported behavioral, motivational, and affec-
tive predictors. Our results support the idea that day-to-day fluc-
tuation in mental sharpness has a pronounced, domain-general
association with the daily gap between intentions and behavior and
raise previously unexplored avenues for research in the quest to im-
prove daily goal achievement, and through it, well-being (39).
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RESULTS

Overview

Our analysis proceeds in five steps. First, we describe how we mea-
sured daily cognitive function, exploring the psychometric prop-
erties and behavioral/psychological correlates of our measure.
Second, we describe how we measured real-world goal achieve-
ment. Third, we directly test whether and how our measure of
daily cognitive function correlates with goal achievement, con-
firming that this correlation is not mediated by other noncognitive
factors, and comparing the strength of its effect to other predic-
tors. Fourth, we ask whether a parallel measure of trait-level cog-
nitive performance correlates with trait-level goal achievement.
Last, we engage in a multiverse analysis to illustrate the robustness
of effects as well as their moderation by specific methodological and
analytical choices.

Fig. 1. Measurement of daily behaviors, goal achievement and cognitive function. (A) Top: Participants completed up to 84 days of tasks and survey questions as-
sessing mood/subjective state, cognitive performance, details of daily activities (e.g., hours of sleep and hours of work), subjective evaluations of daily goal achievement,
and setting of goals for the next day. Bottom: Cognitive performance was measured with six 1- to 2-min versions of standard cognitive tasks (Go/No-Go, color (Clr) and
affective (Aff) Stroop tasks, spatial span, paced serial addition, and trail making) each day. (B) Day-to-day pairwise associations between task parameters. We focused on
12 different daily task performance parameters: Go/No-Go d’, spatial working memory span, serial addition % correct, DDM parameters related to overall drift rate v (rep-
resenting differentiation of evidence for correct versus incorrect response), congruency/difficulty effects on the drift rate (Dfc), and threshold a, estimated separately for
each of the Stroop and trail-making tasks. Data for each parameter were detrended and normalized within participants and then subjected to pairwise correlations in
mixed effects regression models. *P < 0.05, Bonferroni-corrected for multiple comparisons. This revealed evidence for a common factor affecting task performance in all
cognitive measures, largely related to the precision of cognitive evidence (i.e., overall drift rate in several tasks, d’ in the Go/No-Go, etc.), as well as covariation of the re-
sponse threshold estimated from DDMs of three tasks. We found little correlation in cross-task difficulty effects.

Wilson and Hutcherson, Sci. Adv. 12, eaea8697 (2026) 4 February 2026 20f15

9202 ‘62 |1dy uo Bio'a0us I0s" MMM/ SA1IY WoJ) papeouUMoq



SCIENCE ADVANCES | RESEARCH ARTICLE

Measuring daily cognitive function and its properties

To measure daily fluctuations in cognition, we selected six popular cog-
nitive tasks thought to tap different cognitive constructs and requiring
judgments across different modalities (Fig. 1A, bottom; see Materials
and Methods and the Supplementary Text for details and justification).
These tasks included a spatial span task (40), a Go/No-Go task (41), a
paced serial addition task (PSAT) (42), a trail-making task (43), a color-
word cognitive conflict Stroop task (44), and a face-word affective con-
flict Stroop task (45). Daily performance was assessed using (i) the sum
of correct recall on sequences of increasing length in the span task,
(ii) mean accuracy in the PSAT, (iii) d’, a measure of discrimination ac-
curacy in the Go/No-Go (46), and (iv) 9-day-level parameters (three
per task) derived from a hierarchical drift diffusion model [DDM,; (47)]
of the trail-making and two Stroop tasks. DDM parameters specified
signal precision (i.e., overall drift rate v toward correct responses), the
effect of congruence/difficulty on drift rate (vDfc), and response threshold
(), estimated separately for each individual and task, with day nested
within participant. Simulation exercises and model convergence statis-
tics suggested that, despite small numbers of daily trials, we can obtain
stable, meaningful daily estimates of these parameters (see the Supple-
mentary Text, note S1). We observed evidence for, and thus removed,
effects of practice in all tasks (see Materials and Methods for details).

We then performed an exploratory analysis looking for evidence
of a meaningful domain-general cognitive state variable (or vari-
ables) influencing behavior across some or all task parameters com-
pleted on a given day. To test this, we looked for evidence of pairwise
daily covariation among the normalized, detrended residuals of task
parameters, using a series of mixed-effects models predicting one pa-
rameter from another. We found evidence for such covariation, with
significant positive cross-task correlations (all P < 0.05, Bonferroni-
corrected for 132 comparisons) between spatial span, PSAT accura-
¢y, Go/No-Go d', and overall drift rates in trail making, cognitive,
and affective Stroop tasks (Fig. 1B). We also observed cross-task co-
variation in response thresholds, although task-specific thresholds
did not consistently correlate with other cross-task parameters. We
found no detectable cross-task covariation in difficulty effects.

These results suggest that six parameters related to overall perfor-
mance on different tasks jointly reflect a domain-general cognitive
process, distinct from conflict resolution/difficulty effects or response
caution. However, the standardized pairwise regression coefficients
across parameters ranged from 0.04 to 0.13 (M = 0.081), suggesting
substantial measurement noise in any single task. We thus took the
average of these six parameters as our measure of daily cognitive func-
tion, which statistical theory suggests should have a correlation of ~0.6
with the true underlying state, given the magnitude of the individual
correlations among items (48). Put differently, our measure captures
around 34% of the variance in cognitive fluctuations, equivalent to
Cronbach’s a of 0.34. We accepted this level of measurement impreci-
sion to enable measurement efficiency, keeping the completion time of
our cognitive assessments to a manageable 10 min per day and allow-
ing us to retain participants over a longer study duration. This ulti-
mately also means that any relationship observed between our measure
of cognitive function and goal achievement is almost certainly an un-
derestimate of its true magnitude, given measurement noise.

In the remainder of this manuscript, we refer to this six-task com-
posite score as daily mental sharpness. We use this term, rather than
a term like cognitive efficiency (14) or information processing speed
(15), for several reasons. First, it provides a more intuitive and gener-
ally accessible description of what we suspect our measure ultimately
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reflects. Second, although our cognitive measure correlates most clearly
with objectively derived computational parameters related to the
strength/sharpness of signal relative to noise in information process-
ing, it also correlates with performance metrics in tasks that are not
as amenable to computational modeling and thus cannot directly be
tied to evidence accumulation processes. Last, we opted for this term
because our measure correlates most strongly with the subjective
phenomenology of feeling sharp and focused rather than distracted
while completing tasks (see below).

Properties of daily mental sharpness

To bolster the conclusion that despite measurement noise we can esti-
mate a domain-general cognitive state on a day-to-day basis with suf-
ficient accuracy for statistical inferences, we show that fluctuations in
our mental sharpness composite are not random, but have clear tem-
poral structure and covary with theoretically sensible factors related to
behavior, mood, and motivation (see Materials and Methods for mod-
el details, standardized f coefficients reported unless otherwise noted).
First, we find that mental sharpness shows strong autocorrelation
across days (Fig. 2A): Sharpness up to 3 days prior (even accounting
for intervening days) predicted today’s sharpness, with declining effects
at increasing intervals (Bpay - 1 = 0.086 + 0.017, P < 0.00001; Ppay -2 =
0.048 +0.013, P=0.0003; fpay - 3 = 0.040 + 0.012, P = 0.001; Ppay 4 =
0.014 + 0.012, P = 0.25). Second, we show that our measure demon-
strates moderate fatigue effects: It is higher if participants reported
sleeping more hours than typical the night before (Bgieep = 0.024 + 0.01,
P =0.02) and declines continuously over time within the day (unstan-
dardized Byour = —0.006 + 0.0009, P < 0.00001; Fig. 2B).

Consistent with other findings of relations between mood and
cognition (49), our measure of daily mental sharpness also correlated
with self-reported mood (Fig. 2D). It was lower when people had
felt more depressed (Ppepressed = —0.04 £ 0.012, P = 0.002), ex-
cited (Pgxcited = —0.04 + 0.013, P = 0.0008), or (marginally) angry
(Banger = —0.022 + 0.012, P = 0.06); was higher when they felt more
generally motivated or anxious (Bpotivated = 0.049 = 0.013, P = 0.0002;
Banxious = 0.031 + 0.013, P = 0.02); and was unrelated to feeling hap-
pier or calmer (both P > 0.15). The composite measure also corre-
lated with task-related self-report (Fig. 2E). It was higher when
participants endorsed items from the NASA task load index (NASA-
TLX) related to performance (Bperformance = 0.16 & 0.014, P < 0.00001)
and effort (Bggort = 0.055 + 0.013, P < 0.00001) and correlated nega-
tively with frustration/negative affect (Bgrustration = —0.033 + 0.013,
P =0.02). Composite scores were unrelated to finding the tasks
mentally demanding or temporally rushed (both P > 0.2). Mental
sharpness also correlated with two additional items tapping task-
related engagement, being higher on days when participants re-
ported before the tasks that they felt more motivated to perform well
(PraskMotivation = 0.029 + 0.013, P = 0.02) and lower when they felt
more distracted (Ppistraction = —0.11 = 0.013, P < 0.00001), reported
after task completion.

We also found evidence of effects related to working harder than
average, especially over extended periods of time (Fig. 2C): While
mental sharpness was higher on days that participants reported having
worked longer than average (Brodays work = 0.033 + 0.01, P=0.006) and
was not affected by working longer than average the previous day
(Bprevious Day's work = —0.006 + 0.013, P = 0.67), it was significantly low-
er if the past week had involved longer-than-average work days
(Bprevious Weeks work = —0.037 £ 0.014, P = 0.007). The effect of a long
work week persisted (Bprevious Weeks Work = —0.036 + 0.013, P = 0.007)
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Fig. 2. Properties of daily mental sharpness. Our CC of mental sharpness showed (A) strong autoregressive effects across days, correlating with sharpness up to 3 days
prior; (B) declines over time within a day; (C) a tendency to be lower after reporting having worked more hours than average over the past week, but not after a single day;
(D) significant relationships with daily mood; and (E) strong relationships with self-reported task load (NASA-TLX items), as well as motivation to perform well (reported
prior to the tasks) and distraction (reported after). Bars represent the unique, standardized effect of a variable estimated from a mixed-effect regression including all
variables displayed within a given panel. Error bars represent standard error of the p coefficient. +P < 0.1; *P < 0.05; **P < 0.005.

even after controlling for self-reported daily affective motivation, task-
specific motivation, distraction, and prior sleep, suggesting that it was
not simply due to opportunity costs or labor/leisure-style shifts in de-
sire to work (13, 38).

Characteristics of goal completion
Before turning to the relationship between mental sharpness and goal
pursuit, we next describe how we measured goal achievement, as well
as its characteristics (see Fig. 3). As with cognitive state, we used a
combination of measures, largely focused on the gap between inten-
tions and outcome. First, every evening, participants briefly described
two goals they wanted to complete the next day (sample responses:
“Finish bio homework” and “Get car fixed once n for all”). Partici-
pants also answered questions about each goal, including anticipated
effort, importance, internal and external motivation, confidence in
completion, and consequences for failure. The next day, we reminded
participants of their two freely described goals and asked them to rate
what percentage (0 to 100%) of each goal they had completed.

We also obtained more general measures of goal completion, by
asking participants to indicate their subjective estimate of the overall

Wilson and Hutcherson, Sci. Adv. 12, eaea8697 (2026) 4 February 2026

gap between the things they had intended to do and what they actu-
ally did, on a scale from 0 (no gap) to 100 (got nothing done of what
they wanted). Participants also indicated how productive and fo-
cused they had felt, as well as how much they had procrastinated.

Last, participants answered binary yes/no questions about whether
they had goals for the next day in specific domains (e.g., work, minutes
of exercise, time spent in leisure activities, etc.). If participants indi-
cated having a goal, they were prompted to quantify this goal (e.g.,
amount of time desired). We then compared this quantity to the quan-
tity they indicated completing the next day (without reminding them
of their previous intention). Participants endorsed domain-specific
goals relatively rarely, except in the case of work hours. We thus report
analyses only for the I-B Gap between desired and actual work hours,
computed on days for which participants had a goal the previous eve-
ning (~30% of days).

On average, participants reported both considerable success, as
well as notable failures, in goal completion. They completed on aver-
age 61.5 + 14% of their two freely described specific goals, had a
self-estimated overall gap of about 47.6 + 14.7%, and reported
working 1.13 + 1.76 hours less per day than intended. Participants’
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Fig. 3. Exploring the daily I-B Gap. The daily gap, measured as a percentage of desired achievement (0 = no gap, 100 = total gap) and averaged across self-reported gaps for
two specific goals and a question assessing the overall gap on a given day, showed (A) a broad distribution across days; (B) declines on average over the course of a semester;
and (C) strong associations with behavior, mood, motivation, and subjective focus. Bars represent the unique effect of each variable, standardized within participant, estimated
from a mixed-effect regression including all variables displayed in the panel. Error bars represent standard error of the estimated regression coefficient. *P < 0.05; **P < 0.005.

self-reported gaps in both specific goals and overall (all P < 0.03)
decreased over the semester (Fig. 3B), although this trend did not
extend to the work hour gap (P = 0.44). Because the source of these
long-term trends is unclear, we conducted analyses on the relation-
ship between cognition and goal achievement both with and with-
out linear detrending of goal achievement measures. This had little
effect on conclusions (Supplementary Text, note S2).

Last, we explored how goal achievement related to behavior,
mood, and motivation (Fig. 3C). Because individual goal measures
correlated with each other (all P < 0.0001), we created a composite
measure of the I-B Gap using normalized, detrended versions of the
three subjectively reported goal completion items (i.e., the overall
gap and the two specific goal reports, reverse-scored). We refer to
this composite measure as the I-B gap. We then assessed daily covaria-
tion in the I-B gap and hours worked, hours slept, mood, motivation

Wilson and Hutcherson, Sci. Adv. 12, eaea8697 (2026) 4 February 2026

and focus (see Materials and Methods for model details). Working
longer than average hours was the strongest single correlate of the I-B
gap (p = —0.134 + 0.015, P < 0.00001), followed by feeling focused
(p=—-0.13 +0.014, P < 0.00001) and feeling motivated during the day
(p=—0.093 +0.015, P < 0.00001). Feeling happy (p = —0.031 + 0.013,
P = 0.02) was negatively associated with the gap, while feeling de-
pressed correlated positively (f = 0.060 + 0.013, P < 0.00001). The
I-B gap was marginally higher after sleeping more than average (f =
0.020 + 0.011, P = 0.06) and unrelated to feeling excited, calm, anx-
ious, or angry, after accounting for other factors.

The relationship between state fluctuations in mental
sharpness and the I-B Gap

Does daily cognitive function relate to daily goal achievement? A
mixed-effects regression predicting daily fluctuations in the composite
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I-B gap from daily fluctuations in mental sharpness suggested that it
does (p = —0.047 + 0.011, P < 0.0001; Fig. 4A). Supplementary analy-
ses also confirmed that this relationship was not driven by any single
item from the composite gap measure but was consistently observed
across different goal-related items separately (Supplementary Text,
note S2). It was also not affected by accounting for cyclic patterns re-
lated to the day of the week (Supplementary Text, note S3). Cognitive
composites (CCs) related to response caution (i.e., the average of pa-
rameters related to the estimated decision threshold a from tasks mod-
eled by the DDM) and conflict resolution (i.e., the average of parameters
related to the effects of difficulty on DDM drift rates vDfc) did not con-
sistently correlate with goal achievement (Supplementary Text, note S2).

We next asked whether the association between mental sharpness
and goal achievement was mediated by other variables. Sharpness
remained strongly and independently associated with the I-B gap
(f = —0.034 + 0.011, P = 0.001) even after controlling for other vari-
ables that correlated with both mental sharpness and the composite
gap, including total work hours, motivation, self-reported focus, de-
pression, and sleep. Moreover, the relationship between mental sharp-
ness and the I-B gap was not simply due to people performing more
poorly on cognitive tasks in the evening after they had experienced
repeated goal failures during the day: The relationship remained

significant when restricting analysis to the 24% of days where cogni-
tive tasks were completed before noon, a minimum of 8 hours prior
to the report of goal completion (f = —0.059 + 0.025, P = 0.02),
suggesting that higher morning levels of mental sharpness preceded
and predicted goal-directed behavior throughout the remainder of
the day.

Comparing mental sharpness to other behavioral and
motivational factors

Although these results suggest a significant relationship between
daily mental sharpness and goal achievement, effect sizes were gen-
erally small. We thus compared the magnitude of these effects to
other predictors of the I-B gap. We focused on three variables, in-
cluding the best single-item behavioral predictor of goal achieve-
ment (hours worked in a day, reported in the evening), as well as two
composite predictors: a two-item composite of “subjective readi-
ness” combining self-reported motivation and focus (both of which
correlated highly with goal achievement), and a three-item compos-
ite of negative mood, combining self-reported depression, anxiety,
and anger. Because items making up these composites were reported
twice, once in the morning as concurrent affect and once in the eve-
ning as a retrospective average over the day, we computed separate
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composites for both time points. To compare effects, we normalized
each measure within the participant and used it, along with mental
sharpness, to predict the normalized composite I-B gap, resulting in
standardized f coefficients for comparison.

For work hours, this analysis revealed that a 1-SD change in men-
tal sharpness had ~26% of the impact of a 1-SD change in hours
worked. Given that 1 SD in work equaled 2.59 hours on average across
participants, this suggests that being 1 SD or more above one’s mean
in mental sharpness (which would be expected on 16% of days, or ap-
proximately once a week) predicts a change in the gap that is statisti-
cally equivalent to working an additional 40 min in a day. Conversely,
a 1-SD decline in sharpness is roughly like losing 40 min of work that
day. We emphasize, however, that this estimate should be considered
an approximation, with the precise equivalence likely dependent on a
variety of factors including the nature and time commitment required
of the goals.

We approached the comparison to subjective readiness and nega-
tive mood in two ways. First, we compared daily mental sharpness to
subjective ratings made at day’s end. This revealed that a 1-SD increase
in sharpness had ~16% of the explanatory power of a 1-SD increase in
average subjective readiness (Cronbach’s a = 0.66) throughout the day
and ~73% that of a 1-SD change in negative mood (Cronbach’s
a = 0.60). However, these comparisons likely underestimate the pre-
dictive power of mental sharpness, since evening readiness and mood
reports were assessed retrospectively as estimates over the whole day
and could be biased or informed by assessments of the gap itself,
whereas cognitive tasks were assessed at a single point in time and of-
ten in the morning, prior to most of the day’s activities. To provide a
fairer comparison, we examined the predictive power of mental sharp-
ness and morning self-reports of subjective readiness (Cronbach’s
a = 0.61) and negative mood (Cronbach’s o = 0.49), restricted to days
when tasks and self-reported metrics were both completed prior to
12:30 p.m. (the cutoff for morning reports of subjective experience).
Compared to morning reports of subjective readiness, daily mental
sharpness had greater (1.33X) predictive power, although both inde-
pendently and significantly predicted the gap (Breadiness = —0.046,
P =0.04; Bsharpness = —0.061, P=0.01). A composite of morning nega-
tive mood failed to predict the I-B gap later in the day, and mental
sharpness had a much larger (~13.5X) effect (Bypood = 0.005, P = 0.83;
Bsharpness = —0.063, P = 0.008). Thus, our CC measured at a single time
point in the morning had comparable or greater predictive power for
goal achievement over the rest of the day compared to self-reported
motivational and affective factors measured at roughly the same time.

The influence of daily mental sharpness is not specific to
cognitive goals

We next asked whether mental sharpness predicts only the comple-
tion of cognitive/academic goals in our student sample or whether it
might relate to more general goal achievement. To answer this ques-
tion, we used a large language model (LLM) to categorize each of the
two freely described daily goals as academic (i.e., goals pertaining to
schoolwork and learning, collectively representing 46% of the sam-
ple) or nonacademic goals (Cohen’s k = 0.86 with human ratings;
see the Supplementary Text, note S4 for details). We then estimated
self-reported achievement of each specific daily goal from three
variables: daily mental sharpness, a binary variable indicating goal
category (academic/nonacademic), and their interaction. Although
we observed a main effect of goal category, indicating that academic
goals were harder to achieve (f = —4.73  0.715, P < 0.00001), there
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was no significant difference in the effect of mental sharpness as a
function of goal type (p = 1.38 + 1.11, P = 0.21), which continued to
correlate with goal achievement when considering only nonaca-
demic goals (f = 2.11 & 0.96, P = 0.03; Fig. 4B). However, we did
observe an important relationship between mental sharpness and
whether goals were academic or nonacademic. On days when sharp-
ness was high, participants were significantly more likely to set aca-
demic goals for the next day (f = 0.14 + 0.04, P = 0.0001). These
results suggest a domain-general effect of mental sharpness on goal
achievement, as well as a domain-specific effect on the tendency to
set academic rather than nonacademic goals for the coming day.

Trait-level individual differences

Our work highlights a relationship between intraindividual fluctuations
in mental sharpness and goal achievement. However, research on cross-
individual differences in cognitive function suggests that it bears little
relation to either self-reported self-control (17, 22, 23) or to important
life outcomes (5). Although the sample size for this analysis (N = 137
participants with at least 28 complete days of task data) is somewhat
underpowered to detect cross-individual differences, we nevertheless
sought to test, as a point of comparison, whether there are interindi-
vidual relationships in addition to intraindividual ones. To assess trait-
level cognitive function, we used a widely used method in longitudinal
data analysis (50) to estimate individual intercepts after accounting for
learning/growth (see Materials and Methods for details). These esti-
mates were derived for each of the six cognitive tasks (e.g., Go/No-Go
d’, overall drift v in the color Stroop, etc.), normalized across partici-
pants within a task, and then averaged for each individual (Cronbach’s
a = 0.82). We then estimated a mixed-effects model predicting the raw
composite I-B gap (i.e., the day-to-day average of the raw values of our
three goal report items) from both the person-level estimate of cogni-
tive performance (normalized at the group level for comparability to
within-subject effects) and our normalized within-subject measure of
daily mental sharpness. This model also included day-in-study to ac-
count for linear trends in the raw data. This model confirmed that
within-person daily mental sharpness was associated with the raw daily
gap (P = —0.968, P < 0.0001). However, between-person variation was
not (p = —0.437, P = 0.68; Fig. 4C). We also note that not only was the
estimated between-person effect less than half the strength of the
within-person effect, but the higher reliability of the trait-level compos-
ite also implies considerably less attenuation of the estimate.

We next sought to determine whether trait-level cognitive per-
formance correlated with other measures of trait-level self-reported
goal achievement, such as conscientiousness (51), self-control (2),
and grit (52). While inclusion of these trait-level measures in mod-
els of the raw daily I-B gap confirmed that they correlated with low-
er overall I-B gaps (all p < —3.44, all P < 0.0001), we observed little
correlation between these measures and trait-level cognitive perfor-
mance (all r13, < 0.12, all P> 0.18).

Last, we asked whether conscientiousness, self-control, or grit
moderate the relationship between daily fluctuations in mental sharp-
ness and goal achievement (Fig. 4D). This analysis tests the hypothesis
that people who are better able to achieve their goals are also more
resistant to fluctuations in their cognitive state. However, we found no
moderating effect of any personality variable (all P > 0.31). We also
did not find any evidence that conscientiousness, grit, or self-control
buffer individuals against low cognitive states, while allowing them to
take advantage of high cognitive states: The moderating effect of per-
sonality was no stronger when mental sharpness was below a person’s
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average than when it was above. Thus, although conscientious and
self-controlled individuals more frequently achieve their goals on av-
erage, they show the same relationship between daily fluctuations in
mental sharpness and goal completion as anyone else.

Multiverse analysis

The results reported above represent a hypothesis-driven but explor-
atory set of analyses that were not formally preregistered. We thus
engaged in a multiverse analysis (53) to ensure robustness to experi-
menter degrees of freedom, including decisions about subject-level
exclusions, task measures, task preprocessing, and computational
modeling. In the primary analysis reported above, we estimated the
association between the I-B gap and mental sharpness, as measured
over 12 weeks by a combination of six different task parameters (in-
cluding three estimated from day-level DDMs). Our analysis includ-
ed removing temporal trends, excluding the first and last 2 days of
the time series based on visual inspection of residuals and excluding
any participant who did not have at least 28 days” worth of observa-
tions for both the I-B gap and daily mental sharpness. However, a
number of these decisions represented “informed guesses” as to good
design and analytical approaches, with reasonable arguments for al-
ternatives. For example, we could have collected less data from par-
ticipants (e.g., asking them to complete daily measures for 3 weeks
instead of 3 months). We could have used only a subset of the cogni-
tive tasks or used different metrics on these tasks (e.g., percent ac-
curacy for the Stroop rather than drift rate). We could have opted not
to remove practice effects or not to remove “beginning and end” ef-
fects during temporal detrending. Any of these choices could have
affected the strength of our conclusions.

We thus engaged in a multiverse analysis (53), analyzing the rela-
tionship between the I-B gap and daily mental sharpness under dif-
ferent assumptions and approaches that varied the specification of
the CC as well as details of study design and analysis (see Materials
and Methods for details). The combination of these alternatives
yielded 144 “alternative candidates” for analytical pipelines. Hetero-
geneity of findings across these alternatives might be a basis for low
confidence in our findings. However, our multiverse analysis of
these 144 combinations suggested unexpectedly robust and reliable
effects, with 116 (80.6%) yielding a significant association (P < 0.05)
between mental sharpness and the I-B gap (see Fig. 5A for a histo-
gram of P values).

Nevertheless, the patterns of significance and nonsignificance
(Fig. 5B) make clear that two design decisions have an important influ-
ence on the strength of effects. First and most clearly, using CCs of
daily mental sharpness that rely only on traditional metrics of accuracy
from conflict tasks, rather than using the DDM to estimate overall evi-
dence precision, generally weakens results. For example, analyses us-
ing a CC that relied exclusively on traditional metrics from the Go/
No-Go and two Stroop tasks (CC5 in Fig. 5) showed weaker relation-
ships to goal achievement, with only 33% of analyses falling below the
P < 0.05 threshold. Notably, a CC of the same three tasks but modeling
two of them with the DDM (CC3 in Fig. 5) increased the frequency of
observing significant relationships between mental sharpness and the
I-B gap from 33 to 83% of cases. These results support other work sug-
gesting that computational modeling of responses with the DDM may
help to overcome other limitations of traditional metrics (14). Second,
excluding the first few days of task data, when learning effects are most
pronounced, has a notable, although subtler effect: 60.4% of analyses
without any exclusions found significant effects, suggesting that there
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may be early learning dynamics or noise that are not fully captured by
our models, adding heterogeneity to the observations.

Last, just as interesting as the analytical choices that mattered were
those that did not. Somewhat contrary to our expectations, analyzing
shorter time periods (3 weeks instead of 3 months) or excluding par-
ticipants with a smaller percentage of completed days generally did
not alter effects when the CC measure itself was robust. This suggests
that researchers interested in exploring these relationships might be
able to recruit individuals for shorter periods of time and still observe
notable effects. For example, if a researcher were interested in efficient
data collection, our results suggest that responses could be collected
from just three tasks (the Go/No-Go and two Stroop tasks, which in
combination take only 5 min per day to complete) and for as little as
3 weeks. When modeling Stroop tasks with the DDM, dropping the
first week to avoid practice effects, and excluding low-frequency re-
sponders, our results suggest that such a design could still produce
robust effects at a level of P < 0.001. We hope that such observations
will prove useful to researchers and enable more studies on the role of
daily cognitive function in shaping behavior and goal achievement,
even with limited resources.

DISCUSSION
Attempts to understand the psychological processes that promote goal
achievement have resulted in contentious debates about the relative
importance of cognitive functions related to information processing,
attention, and cognitive control (5, 11, 13, 14, 17, 22, 23, 30, 54-57). By
combining brief mobile phone-based assays of cognitive performance
with computational modeling and daily assessments of real-world goal
pursuit over a 12-week period, we contribute to this debate, providing
the most robust evidence to date that state variability in what we term
mental sharpness, a factor associated with the precision or clarity of
information processing (14, 15), is associated with subjective daily goal
progress across a variety of goals. This association persists even after
accounting for other important predictors of goal pursuit, including
sleep, work hours, mood, and motivation. Crucially, the magnitude of
this effect is nontrivial: A 1-SD boost in mental sharpness is associated
with changes in goal achievement comparable to an additional 40 min
of work, and the power of this cognitive factor to predict how the day’s
goal achievement will unfold is similar to or even exceeds self-reported
measures of motivational and mood states. Despite these robust intra-
individual relationships, trait-level cognitive performance and goal
achievement were unrelated. Our findings may help to reconcile com-
peting theories and observations about the predictors of goal achieve-
ment (6) and point to previously unidentified avenues for exploration.
Our use of a variety of cognitive tasks to measure different aspects
of daily cognitive function helps to illuminate both the domain general
nature of daily fluctuations in cognitive performance, as well as which
aspects of cognition may matter most. We find that our metric of men-
tal sharpness, conceptually related most clearly to the clarity of infor-
mation processing and anchored in measures of signal precision like
DDM drift rate, outperformed indices of conflict-specific effects or
response caution. One possibility for why we observe such effects is
that many real-world goals hinge more on the demand for sustained,
high-fidelity processing of task-relevant information in noisy environ-
ments, rather than the ability to inhibit or resolve conflicting responses
per se. This perspective aligns with theoretical work suggesting that
cognitive efficiency, the ratio of task-relevant information to internal
and external noise, may be a central currency of self-regulation (14),
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Fig. 5. Assessing robustness via a multiverse analysis. We conducted 144 different replications of our central finding examining the association between daily mental
sharpness and the I-B gap. (A) The distribution of P values from these analyses suggested a robust effect, with the majority of analytical choices (80.6%) resulting in signifi-
cant P values. (B) Examining patterns of significance and nonsignificance with different combinations of methodological and analytical choices yields several insights into
the choices that affect the strength of the relationship. Rows: two levels of choices involving whether to exclude participants who fail to meet a minimum (min.) threshold
for total observations (obs) and whether to trim/exclude the first few and last few days of tasks (trim of 0, 2, or 7 days). Columns: two levels of choices involving collecting
only 3 weeks of data or 3 months, as well as using one of six different variants of a CC mental sharpness measure. CC1: the CC measure reported in the primary analysis. CC2:
a measure that included only spatial working memory and serial addition tasks. CC3: a measure that included only the Go/No-Go and overall drift rates from the color and
affective Stroop tasks. CC4: a measure that included all tasks, but used overall accuracy instead of overall drift rate v for the two Stroop and trail-making tasks. CC5: a measure
that included only the Go/No-Go and accuracy measures from the color and affective Stroop task. CC6: measure using all six of the primary analysis task parameters, as in
CC1, but with no detrending to remove practice effects. Dashed square indicates the specific combination of choices leading to the results reported in the primary analysis.

and that cognitive control may be largely irrelevant for real-world goal
pursuit (5, 17, 23, 55). However, it is also possible that metrics related
to daily inhibitory control or response caution are computed less reli-
ably or require more trials to cleanly measure (58) compared to overall
signal precision, thus obscuring their predictive associations. Our re-
sults thus speak more to the importance of the efficiency of cognitive
processing, rather than speaking definitively against the importance of
other cognitive factors.

Our findings have several exciting practical implications. Because
mental sharpness is malleable on a day-to-day basis and was tied to
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modifiable factors like sleep quantity, prior workload, and emotional
state, it represents a promising target for interventions. However, our
work highlights the unexpected nature of some of these associations:
Mental sharpness decreased not only when feeling depressed but also
when feeling excited, and it increased when feeling anxious. These
findings defy an easy separation by valence or arousal and suggest
that a focus on specific combinations of emotional states may foster
greater mental sharpness and perhaps goal achievement.

Our work also highlights important practical trade-offs in navi-
gating goal pursuit over extended periods of time. For example, in
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our sample of university students, working longer hours predicted a
lower I-B gap. An extended period of above-average work hours also
predicted lower cognitive function, although a single long workday
did not. These dynamics corroborate models positing extended tim-
escales of fatigue and recovery (32, 59), and caution against in-
terventions that push individuals to chronically high workloads
without adequate recovery. Future work could investigate whether
providing participants knowledge about their momentary cognitive
state or its decline over time could help them to make more adaptive
choices about when to work, as well as when and how to rest.

Future work will also be needed to address some of the most impor-
tant limitations of the present investigation. First and foremost, our mi-
crotask approach (which emphasized measurement efficiency over
precision) comes with considerable measurement uncertainty, curtail-
ing its practical utility. Our approach as currently implemented is likely
too noisy to be used for within-person research to reliably inform a per-
son about their cognitive state, or to trigger just-in-time interventions
(60), for instance. Although the strength and consistency of our find-
ings are perhaps more remarkable given such noise, future work should
explore the optimal combination of tasks and analytic approaches for
efficient-yet-reliable measurement of this important construct. Second,
our conclusions relied on self-reported goal achievement, which can
diverge in important ways from objective measures of behavior and
outcomes (61). Future work could address this dichotomy by combin-
ing our microtask approach with passive digital trace data (62) tracking
objective behaviors related to daily work, physical activity, and social
engagement. Third, our participants were young, healthy adults who
showed relatively high conscientiousness in completing daily tasks and
self-reported measures. This might restrict our ability to detect relation-
ships between interindividual differences in cognition and goal achieve-
ment by eliminating the lower end of the ranges for both measures.
Moreover, cognition-behavior links might differ in children, working-
age and older adults, clinical groups, or groups with markedly different
goals and daily rhythms, a possibility that could be explored through
recruiting more diverse samples. Last, the observational nature of our
work precludes clear causal inferences, and we urge caution in making
such claims here. However, we do think this work justifies the potential
utility of experimental work exploring behavioral or pharmacological
interventions that increase mental sharpness, which could yield theo-
retical and practical insights into the utility of cognition as a target for
fostering goal achievement.

Our findings thus open a raft of questions, reviving the intuition
that cognitive functions matter for goal pursuit, but also forcing a re-
examination of when and how they matter. Rather than a trait-level
predictor of success, mental sharpness emerges as a fluid, measurable
state that waxes and wanes with sleep, workload and mood and, in
turn, predicts differences in the daily gap between what people intend
and what they achieve. Recognizing and leveraging these fluctuations
may foster previously unexplored interventions, technologies, and or-
ganizational practices that help people pursue what they care about,
one day at a time.

MATERIALS AND METHODS

Participants

In total, we recruited 184 undergraduate students (mean age of
18.7 + 1.3 SD; 36 male, 124 female, 3 nonbinary, and 21 declined to
answer; 5.9% White, 54% Asian or South Asian, 10.8% Black, 16.8%
other, and 11.4% no answer) using fliers distributed outside an
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Introductory Psychology class at the University of Toronto Scarbor-
ough. Participants were required to be above the age of 18 and to
own an Apple iPhone. Data collection took place in two cohorts
over two 12-week (84-day) periods, with the first cohort collected
from 27 September 2022 to 19 December 2022 (inclusive), and the
second cohort collected from 30 January 2023 to 23 April 2023 (in-
clusive). Participants were compensated $387 on average. Because
our goal was to study daily dynamics of the within-person relation-
ship between cognitive states and goal achievement, we included in
the primary analyses only participants with at least 28 days on which
they completed both the evening survey item assessing their overall
goal completion and any subset of the six cognitive tasks on that day
(N =137; mean age of 18.8 + 1.4; 27 male, 103 female, 3 nonbinary,
and 4 declined to answer; 7.3% White, 59.9% Asian or South Asian,
12.4% Black, 16.8% other, and 2.9% no answer).The study was ap-
proved by the Research Ethics Board at the University of Toronto.

Procedure

Overview

Participation took place over the course of one university semester
(3 months). Upon recruitment, participants received all study de-
tails, provided informed consent, were loaned an Apple Watch, and
received help downloading and setting up MyDataHelps, a cross-
platform mobile phone application developed by CareEvolution,
Inc. that enables delivery of surveys and tasks to users. At this time,
participants also received instructions for and completed one round
of each daily phone-based task and were allowed to ask any ques-
tions they had about tasks, surveys, or participation. Following on-
boarding, participants had up to 1 week to complete a battery of 35
self-reported individual difference measures and 22 task-based cog-
nitive measures (Supplementary Text). These tasks and surveys were
largely derived from a battery of measures used to develop an onto-
logy of self-regulation (5). Participants also began completing the
daily task and self-reported measures, continuing for up to 84 days.
To promote better motivation, we developed a custom dashboard
within the MyDataHelps platform, providing participants with in-
formation about their earnings to-date, expected earnings at the end
of the study, receipt of bonus performance rewards, trends on task
and survey performance, and overall patterns of daily activity. At the
end of this period, participants had another week to complete a second
round of the same 35 individual difference surveys and 23 task-based
measures completed at the beginning of the study. Last, participants
returned the loaner watch, were debriefed, and paid according to
their total earnings (mean = $387, median = $432.50).

Cognitive microtasks

Each day, participants completed a set of 10 (Cohort 1) or 11 (Cohort 2)
“microtasks” (1- to 2-min-long versions of popular tasks for assess-
ing cognition, motivation, and decision-making). These tasks be-
came available at 5:15 a.m. each day, with participants receiving a
push notification to complete them. Participants were encouraged
to complete tasks first thing in the morning, but were allowed to
complete them at any point during the day up until 4:45 a.m. (i.e,
23.5 hours after release). Participants thus received a second push
notification at 10:15 a.m. if they had not yet completed the daily
tasks. Time of final task completion each day followed a bimodal
distribution with peaks at ~10:00 a.m. and ~11:00 p.m. (fig. S1). Par-
ticipants completed the tasks before noon or after 8:00 p.m. on 29
and 49% of days, respectively. Here, we provide details for the
six tasks comprising our measure of daily cognitive function. In
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the Supplementary Text, we also provide details regarding the re-
maining tasks.

Color-naming Stroop task. We used a preprogrammed version of
the Stroop task (44) implemented in Apple’s ResearchKit task collec-
tion and available by default on the MyDataHelps platform. Partici-
pants encountered a series of color-related words (red, green, blue,
or yellow) displayed in either a congruent or conflicting color. Par-
ticipants indicated the color of the word, ignoring the text, by select-
ing the first letter of the color’s name, displayed below the word.
Participants completed 20 trials daily. We analyzed performance us-
ing an individual-level hierarchical DDM of correct/incorrect re-
sponses, with days nested within participant (Supplementary Text,
note S1), yielding both subject-level parameters for overall drift rate,
the effect of congruency on the drift rate, threshold, and nondeci-
sion time, as well as daily deviations from these averages for overall
drift rate, difficulty effects, and threshold.

Affect-naming Stroop task. We used a custom-written version of
the affective Stroop task (45). This task presented participants with a
series of basic emotion words (angry, sad, or happy) superimposed
on matching or nonmatching angry, sad, or happy face images de-
rived from the Karolinska Directed Emotional Faces database (63).
Participants indicated the facial expression displayed in the image,
ignoring the text, by selecting the first letter of the emotion’s name,
displayed below the image. Participants completed 15 trials each
day. We analyzed this task in an identical manner to the color-
naming Stroop.

Trail-making task. We used a preprogrammed version of the trail-
making task (43) available from Apple’s ResearchKit task collection.
In this task, participants must tap in sequence on a series of circles
labeled with numbers (1, 2, 3,..., 13) or, in a second version, with al-
ternating numbers and letters (1, A, 2, B, 3, C,..., F, 7). We modeled
performance in this task using a hierarchical DDM of taps (coded as
correct/incorrect) and response times, similar to the Stroop tasks,
with task version (numeric-only or alphanumeric) modifying drift
rate as a measure of difficulty.

Go/No-Go task. To assess inhibitory control, we used a variant of
the Go/No-Go task with a 4:1 ratio of Go:No-Go cues (orange and
blue circles) to maximize false alarms (41). The “Go” action involved
tapping a button at the bottom of the screen. Stimuli appeared for
250 ms in random order, with an intertrial interval of 450 ms, dur-
ing which responses were still recorded. Participants completed 50
trials each day. We used d’ (46), corrected for extreme proportions
using Hautus’ method (64), to assess discrimination accuracy.

Paced serial addition task. We assessed sustained attention and
working memory using the Paced Visual Serial Addition Task (42),
in which single digits (from 1 to 9) appeared continuously spaced 1
to 3 s apart. Participants had to add each new digit to the one pre-
sented immediately before, indicating the correct answer by touch-
ing buttons with the digits from 3 to 17 laid out at the bottom of the
screen. Participants completed 30 trials daily. Percent accuracy served
as our measure of performance.

Spatial span working memory task. As a second measure of work-
ing memory and executive function, we used a preprogrammed spa-
tial span working memory task (40) available from Apple’s ResearchKit
task collection. In this task, participants see a three-by-three grid of
flower icons, in which flowers light up sequentially in a pattern that
participants must memorize and then repeat. The length of the pat-
tern sequence (the span) is automatically varied during the task, in-
creasing by one after successful sequence recall, and decreasing by one
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after a failed attempt. Participants completed a total of six trials, rang-
ing from a sequence length of 2 to 7. Performance on the task is mea-
sured by a cumulative score representing the sum of sequence lengths
for which the participant provided fully correct recall, multiplied by
20, with a maximum daily task score of 540.

Task motivation and effort questions. In addition to the tasks them-
selves, we obtained self-reported measures of a priori motivation for
completing the tasks and post hoc task load. We measured motivation
using a single-item question indicating how motivated the person felt
to do well on the tasks, responded to on an 11-point Likert scale run-
ning from 0 (not at all motivated) to 10 (extremely motivated) prior to
task completion. After task completion, participants completed five
items from the NASA-TLX (65), including the degree of mental de-
mand they experienced, temporal demand (e.g., degree of time pres-
sure), how much effort they put into the tasks, how frustrating they
found the tasks, and how successful they felt they were at completing
the tasks. We also asked two additional questions assessing how dis-
tracted the participant felt while completing the tasks, as well as the
degree to which they felt their performance was due to luck. Partici-
pants responded to these questions on a slider ranging from 0 (low) to
20 (high).

Daily self-reported surveys

To assess aspects of participants’ goal-related behaviors, affect, and
daily experiences, two sets of surveys were sent out each day. Ques-
tions fell into one of four categories: daily feeling states, daily goal pur-
suit, daily behaviors and experiences, and intended future behavior.

Daily mood/subjective state. We assessed daily mood and other
subjective states twice, once in the morning and once in the evening.
The morning survey consisted solely of questions about 20 subjec-
tive states (8 positive, e.g., calm, happy, excited, motivated, and fo-
cused; 12 negative, e.g., depressed, stressed, anxious, angry, sad, lazy,
etc.) responded to on a 5-point Likert scale from “not at all” to “ex-
tremely.” These questions assessed the participant’s currently experi-
enced feelings at the start of the day and were available for completion
from 5:00 a.m. to 12:30 p.m. The evening survey required partici-
pants to complete the same 20 items, only this time indicating how
much of each feeling they had experienced “over the past day”

Daily goal pursuit. Our primary measures of daily goal pursuit
were derived from the evening survey, which was available for par-
ticipants to complete from 8:00 p.m. each evening to 4:00 a.m. the
next morning. Participants first responded to a general question
asking them about their overall I-B gap over the past day on a slider
ranging from 0 (no gap) to 100 (accomplishing nothing of what they
intended). Participants also responded to a causal attribution ques-
tion regarding their overall gap, ranging from completely internal
(all success or failure due to one’s own actions) to completely exter-
nal (all success or failure due to outside circumstance). They then
completed a question regarding how close to ideal their day had
been. Participants also completed two questions assessing what per-
centage (from 0 to 100%) of each of two specific goals they had ac-
complished. These two goals were derived from questions they had
completed the previous day regarding their intended future behav-
ior (see below for details).

Daily behaviors and experiences. Participants completed several ques-
tions related to their experiences and behaviors during the day, including
how fatigued they had felt, how ill/sick they had felt, and how much time
they had spent sleeping, working on primary occupational tasks (e.g.,
school work), working on nonoccupational tasks (e.g., housework), in
solo or nonsolo mental or physical leisure activities, and on social media
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(reported in hours) as well as how much time they had spent exercising
(reported in minutes). Participants also indicated how much physical ef-
fort and mental effort they had expended over the day, how productive
they had felt, how much they had procrastinated, how punctual they had
been, and whether any unusual events had occurred. Last, participants
indicated how many alcoholic drinks they had consumed.

Daily intended future behavior. After reporting on their past day,
participants completed a series of questions asking them about their
goals for the next day. First, participants described two specific goals.
They were encouraged to describe goals that could, in theory, be 100%
complete by the following day. Then, for each specific goal, they com-
pleted a series of questions about properties of that goal, including
how confident they were that they could achieve it, how effortful it
would be, how important it was, how extreme the consequences
would be if they did not complete it, and how intrinsically and extrin-
sically motivated they were to complete it. Then, participants an-
swered binary yes/no questions about whether they had goals for the
next day regarding how much time they wanted to spend in the fol-
lowing day: primary occupational tasks, nonoccupational tasks, solo
leisure, nonsolo leisure, social media, sleep, and exercise. They were
also asked whether they held goals regarding drinking behavior. If
participants indicated having a goal in a particular domain, they were
then prompted to provide a numerical indicator (in hours, minutes,
or drinks) for that goal. These questions, combined with questions
about daily past behaviors, allowed us to assess the extent of I-B Gaps
across a wide variety of dimensions and domains.

Individual difference measures

To determine whether personality influenced associations between
daily cognition and behavior, we focus here on results using three of
the most popular self-reported measures related to goal achieve-
ment and self-reported self-control: the HEXACO Conscientious-
ness Scale (51), the Brief Self-Control Scale (2), and the Duckworth
Grit Scale (52).

Analysis

DDMs of daily performance

We used hierarchical DDM as implemented in the hssm package (66)
to model daily variation in task performance in three tasks where ev-
ery response could be categorized as correct/incorrect with a corre-
sponding response time: the color-naming Stroop task, the affective
Stroop task, and the trail-making task. For each task and individual,
we modeled daily task performance as a function of overall drift rate
v, the effect of trial difficulty (i.e., congruency versus incongruency in
the two Stroop tasks and alphanumeric versus numeric-only in the
trail-making task) on the drift rate vDfc, the threshold 4, and the non-
decision time ter. For overall drift v, vDfc, and a, we fit both day-level
and individual average parameters. For ter, we fit a single, overall val-
ue for each participant (see the Supplementary Text, note S1 for pa-
rameter recovery statistics and model justification).

We then modeled observed data from each of the three tasks, for
each individual with at least 21 days of data on a task. To aid in
model convergence, we removed the fastest 2% and slowest 1% of
each participant’s responses. Convergence diagnostics were assessed
via the Gelman-Rubin statistic and indicated 7 values <1.01 for be-
tween 99.97 and 100% of all individual parameters across tasks.
Removing temporal trends
Consistent with prior work (67), we observed clear effects of learn-
ing in many of the cognitive tasks. To remove these effects, we esti-
mated a series of nonlinear hierarchical models predicting a single
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task performance parameter y; (e.g., overall drift rate v in the color
Stroop task, accuracy in the serial addition task, etc.) as a function
of the number of times ¢ that the participant had completed the task.
To derive an appropriate set of parameters, we visually inspected
model residuals, attempting to achieve a reasonable balance be-
tween model complexity and the absence of clear temporal trends.
This yielded the following parameters for each task performance
parameter and subject s:

1) Three parameters (o, Ps, Vs) related to an asymptoting power
function of practice, o — Ps X ¢ '°, where o represents the partici-
pant’s asymptotic, steady-state performance level, f; represents how
far below this asymptote the participant begins, and y, controls the
steepness of the learning curve

2) A linear trend parameter 8, representing a constant increasing
or decreasing effect of repeated practice with the task

We estimated each of these subject-level parameters using Monte
Carlo Markov Chain (MCMC) methods as implemented by the rjags
package in R (68). For each model, we estimated three chains with
1000 adaptation samples, 5000 samples of burn-in, and 10,000 sam-
ples from the posterior with a thinning factor of 10. Posterior means
for each subject-level parameter were constructed using the coda
package in R (69).

Detrended values for variation in daily task performance metrics
were computed as r, = y, — 7, where y; is the observed task value at
task repetition time £, and j, represents the predicted subject-level
effects of repeated experience. For most tasks, 7, was modeled as the
posterior mean of a Gaussian distribution ~N(j,, o), where pi;; = o —
Bs X 77 4+ 8, X t. In the case of accuracy data, y, was modeled as
the output of a p distribution ~p(a,b), where a = py X ¢, and b = (1 —
Hs) X ¢. Inspection of model residuals indicated outliers in the first
two to three rounds of task practice, likely due to participants be-
coming familiar with the task, as well as on the last day or two (days
83 to 84), perhaps due to changes in focus in anticipation of comple-
tion. We thus excluded performance on the first two and last 2 days
from all analyses (see fig. S3 for two examples of the full preprocess-
ing pipeline), although multiverse analysis suggested that doing so
had little effect on conclusions (see Results), and findings remained
significant when including them.

Last, we observed temporal trends in self-reported measures of
the I-B Gap. To remove these effects, we computed mixed effects lin-
ear regressions in which each self-reported gap measure was mod-
eled as a linear function of day in the semester, with subject-specific
means and slopes

yt,s:es*t+cs

We then computed residuals of these models in the same manner
as the task data, with the detrended results serving as our target
measures for analysis.

Linear mixed-effects modeling

To examine correlates of both daily mental sharpness and the I-B Gap,
we fit linear mixed-effects models implemented via the lme4 (70) and
nlme packages [version 3.1-162; (71, 72)] in R. Unless otherwise noted,
we first disaggregated all predictors in these models into between-person
intercepts and within-person fluctuations (detrended), using a linear
mixed-effects model with day as the predictor. Per the recommendation
of Curran and Bauer (50), between-person intercepts were estimated at
the middle time point/observation for each individual, and detrended
residuals served as the estimate of day-to-day within-person fluctu-
ations. In addition, unless otherwise noted, we normalized both the
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dependent and within-person detrended predictors within each partici-
pant, resulting in standardized f coefficients for ease of comparison of
effects. Because this step removes between-person variance in the out-
come measure, we omitted between-person intercepts as predictors in
these models. Note, however, that omitting these between-person pre-
dictors should not affect estimation of within-person effects, because
these predictors are orthogonal by construction. For models using raw
(non-normalized) outcome variables (e.g., estimating between-person
effects of cognitive performance), we included between-person inter-
cepts estimated from the disaggregation model described above.

For models in which daily mental sharpness served as the depen-
dent variable, residual autocorrelation was explicitly modeled using a
third-order autoregressive (AR) structure, which accounted for clear
sequential dependencies across consecutive measurement days with-
in each participant. We selected AR(3) based on model comparison
using the Akaike Information Criterion (AIC) and the Bayesian In-
formation Criterion (BIC), which indicated superior model fit with
this third-order autoregressive structure. Observations containing
missing data were excluded via listwise deletion. For models focusing
on predictors of the I-B gap, we used an AR(1) autocorrelation struc-
ture based on similar model-comparison metrics.

Multiverse analysis

To determine the robustness of our findings, we engaged in a multi-
verse analysis (53), analyzing the relationship between the I-B gap
and daily mental sharpness under different assumptions and ap-
proaches. We explored every combination of the following alterna-
tives: (i) We examined data from only the first 3 weeks of the study
versus all 84 days; (ii) we examined data when including only par-
ticipants meeting one of four different cutoffs for total number of
observations (no minimum, or a minimum of 16%, 33%, or 50%
valid observations); (iii) we examined data with and without trim-
ming the first and last days, including trimming of 0, 2, or 7 days
from the beginning and end of the study; and (iv) we examined six
different variants of the daily mental sharpness composite measure.
In addition to the version reported in the primary analyses (referred
to here and in Fig. 5 as CC1), we tested the following alternatives: (i)
a version in which only the tasks primarily tapping working memo-
ry (PSAT and spatial working memory) were included (CC2); (ii) a
version in which only parameters from classic conflict tasks (i.e.,
Go/No-Go d’, color Stroop overall drift, and affective Stroop overall
drift) were included (CC3); (iii) a version in which all six tasks were
included, but overall accuracy measures (rather than drift rates)
were used as cognitive parameters from the color Stroop, affective
Stroop, and trail-making tasks (CC4); (iv) a version including only
traditional metrics from the three conflict tasks (CC5: Go/No-Go
d’, overall accuracy in the color Stroop, and overall accuracy in the
affective Stroop); and, last, (v) a version using an average of the same
six task parameters as in CCI, but without any removal of practice
effects (CC6). This resulted in 144 unique combinations of method-
ological and analytical decisions. For each of these 144 combina-
tions, we then conducted a mixed-effects AR(1) model predicting
the I-B gap from the appropriate CC (as defined above), with the
specified exclusions and data preprocessing.

Supplementary Materials
This PDF file includes:
Supplementary Text

Figs.S1to S3
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