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Abstract

Background: Anxiety and mood disorders, characterized by elevated negative affect (NA) and cognitive impairments, are
highly prevalent among college students. Within-person (WP) NA variability, which captures moment-to-moment fluctuations
in NA, provides unique insights into emotional processes that are not reflected in mean NA levels. Cognitive variability,
particularly reaction time (RT) inconsistency, is increasingly recognized as a sensitive marker of cognitive health and
functional integrity. Although prior research links NA to cognitive variability, the short-term dynamics of these associations
in naturalistic settings remain understudied. College students provide an ideal population for examining these dynamics using
ecological momentary assessment (EMA).

Objective: This study investigated the association between WP NA and RT inconsistency, hypothesizing that higher WP
fluctuations in NA would predict increased RT inconsistency. We also examined the moderating roles of practice effects and
covariates, including neuroticism, insomnia, and sex.

Methods: Using EMA, 99 university students completed morning and evening assessments over 14 days, including a
cognitive task measuring RT inconsistency (standard deviation in trial-level RT) and self-reported NA. Multilevel modeling
was used to assess WP fluctuations in NA and their impact on RT inconsistency, accounting for time (session number),
between-person differences in NA, and covariates such as sleep problems, neuroticism, age, sex, and use of a touch device.

Results: WP fluctuations in NA significantly predicted increased RT inconsistency (exp(p)=1.022, 95% CI 1.008-1.037;
P=.007), supporting the hypothesis that NA variability disrupts cognitive performance. Male students exhibited lower RT
inconsistency than female students, with a small effect size (exp(f)=0.824, 95% CI 0.694-0.977, P=.049). Finally, EMA
sessions were inversely associated with RT inconsistency, with a stronger effect up to session 3 (exp($$)=0.930, 95% CI
0.879-0.985; P=.03) than after session 3 (exp([3)=0.986, 95% CI=0.979-0.992; P<.001), indicating practice effects.

Conclusions: Momentary fluctuations in NA influence cognitive variability, particularly in the early stages of repeated
cognitive tasks, underscoring the role of emotional processes in cognitive performance. Practice effects and individual
differences, such as sex and insomnia, influence these associations. These findings highlight the use of EMA for understanding
cognitive-affective processes and suggest potential intervention targets, such as addressing NA, to improve cognitive function-
ing in emotionally vulnerable populations like college students.
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Introduction

Anxiety and mood disorders, also known as emotional
disorders, are the most common mental disorders and leading
contributors to the global burden of disability [1,2]. Emo-
tional disorders are often chronic and highly comorbid due to
their shared features, including a high level of negative affect
(NA) and strong reactivity to NA, also known as neuroticism
[3]. Elevated NA is typically accompanied by both affec-
tive dysregulation and other cognitive impairments such as
lower executive functioning, reduced attention capacity and
processing speed, and impaired short-term memory, all of
which are associated with the severity of emotional disorders
and the likelihood of relapse [4,5]. NA has been extensively
linked to emotional disorders, yet its momentary fluctua-
tions and their cognitive implications remain underexplored.
This study bridges this gap by using ecological momen-
tary assessment (EMA) to examine the real-time interplay
between NA and cognitive variability.

Recent research using EMA has examined within-person
(WP) variation in NA. Broadly, this body of work dem-
onstrates that dynamic fluctuations in NA are associated
with increased psychiatric symptoms [6-9]. Emotional inertia,
or the tendency for emotional states to persist over time,
represents another critical dimension of affective dynam-
ics [10]. Prolonged negative emotional states may indicate
difficulties in emotional recovery, contrasting with high
emotional instability, which reflects rapid fluctuations in
affect. Both extremes of these dynamics are linked to the risk
of mood disorders [11]. EMA allows researchers to measure
both affect inertia and affect fluctuations in real-time, offering
a nuanced perspective on these emotional processes and their
cognitive implications. This study focuses on momentary WP
fluctuations in NA, which have been consistently linked to
psychiatric symptoms. In prior EMA research, in a study
of 40 individuals with depression and 40 healthy controls,
participants with depression exhibited more variable NA [8].
In another EMA study (N=365), participants with a current
depression and/or anxiety disorder had higher NA fluctua-
tions, suggesting sensitivity to internal and external sources of
stress coupled with poor emotion regulation skills [11]. Based
on a meta-analysis of 79 studies on emotion dynamics and
psychological well-being, low psychological well-being tends
to occur when there are more variable and unstable emotions,
especially negative emotions [7].

NA is consistently linked to cognition, but the mecha-
nisms accounting for these relationships remain undercharac-
terized and poorly understood [12]. One theory is that the
associations between NA and cognitive ability may reflect
the underlying integrity of the nervous system and the
efficiency of information processing [12]. Efficient informa-
tion processing refers to the ability to quickly and accurately
process stimuli and integrate them with appropriate responses.
Furthermore, efficient information processing could explain
why better cognitive ability is related to better physical and
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mental health [12]. However, the naturalistic, short-term (eg,
day-to-day) time course of WP associations between NA and
cognition remains unclear. This study integrates Barlow et
al’s [3] framework on neuroticism and affective variability
and Jokela’s [12] theory on neural efficiency to establish a
unified understanding of how fluctuations in NA influence
cognitive performance. Reaction time (RT) inconsistency
serves as a sensitive indicator of these cognitive-affective
dynamics, reflecting momentary fluctuations in attention and
processing speed. By using EMA, we aim to elucidate the
real-world implications of these theoretical constructs.

WP variation in cognition has been discussed in the
literature in several ways, including (1) variability across
tasks measured at a single time point, known as dispersion;
(2) variability across trials within a single task, known as
inconsistency; and (3) variability over time across repea-
ted task administrations, referred to as fluctuations [13].
Cognitive dispersion and inconsistency have been shown
to increase with age and may serve as important indica-
tors of cognitive functioning across the lifespan [14-16]. In
comparison to the number of studies on variation in cognition
in older adults, much less is known about physical and mental
health-related correlates of WP variation in cognition in
emerging adults. Our study targets WP variation in cogni-
tion in college-age students using RT-based measurement,
specifically, standard deviation in trial-level RTs. Standard
deviation in RT, which we refer to as “RT inconsistency,”
is increasingly accruing evidence as an indicator of cognitive
health, which also includes domains of executive functioning,
attention, and memory [17]. RT inconsistency has potential
for furthering our understanding of dynamic processes in
health, cognition, and affect [18,19]. As a WP metric that can
be readily assessed using EMA, RT inconsistency may yield
novel insights in emerging adults who are experiencing stress
and NA in their daily lives. Moreover, RT inconsistency,
rather than mean RT, can represent a dimension of cognitive
performance that is a dispositional characteristic reflecting
underlying changes in psychological processes or neurologi-
cal functioning [19]. However, while RT inconsistency is a
valuable indicator of cognitive health, it is also important to
study other factors, such as sleep, fatigue, and other learned
behaviors. Our study controls for baseline insomnia and
neuroticism in assessing the dynamic relationship between
RT inconsistency and NA variability.

College students face significant academic, social, and
personal stressors, including high levels of academic pressure,
the transition to independent living, and the challenge of
navigating new social environments [20]. These stressors
contribute to emotional dysregulation, particularly fluctua-
tions in NA, which can impair cognitive functioning such
as attention and memory [21]. Furthermore, college stu-
dents are a population with high rates of emotional disor-
ders and treatment-seeking behaviors [20], making them an
ideal group for studying the dynamic interplay between NA
and cognition. These developmental transitions, along with
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the increased prevalence of anxiety and mood disorders,
underscore the importance of understanding how fluctuations
in affect influence cognitive performance during this critical
period of young adulthood [22]. In a study of older and
young adults who reported on daily stress and completed
daily tasks of cognitive performance, WP variability in
stress predicted cognitive fluctuations, evidenced by WP RT
variability on a 2-back working memory task in both groups
[23]. This is consistent with the attention-depletion hypoth-
esis, which posits that stress-related cognitive interference
disrupts attentional resources, weakening attention-dependent
cognitive processing [23,24].

While the impact of stress on college students, the impact
of NA on higher-level cognition [25,26], and the associa-
tions among stress, NA, and cognition in individuals with
emotional disorders (see review by Pechtel and Pizzagalli
[27]) have been well-established, there remains a surpris-
ing lack of published research using EMA to understand
dynamic, short-term, WP connections among these factors.
A better understanding of the mechanisms that connect
momentary changes in affect and momentary changes in
cognition is now possible through EMA. Specifically, a
better understanding of RT inconsistency and its relation-
ship with NA may advance our understanding of psychologi-
cal functioning and cognitive health [13,17]. Understanding
the relationships between cognition, NA, and emotional
disorder symptoms in college-age students and emerging
adults could aid in providing targeted directions for treat-
ments of individuals vulnerable to stress, NA, and disrupted
cognitive performance.

In summary, symptoms of emotional distress are associ-
ated with elevated NA [3,28], greater NA variability and
instability [29-31], and poorer cognitive performance [32].
However, NA and cognition are not typically measured
together in high-frequency study designs, which obscures
insights into the momentary effects of NA on cognition.
This study addressed this gap by examining WP associations
between NA and RT inconsistency in university students.
Participants completed daily EMAs measuring NA and
cognition. For each EMA, RT inconsistency was operational-
ized as the standard deviation in trial-level RTs [15,33,34].
RT inconsistency was chosen as the primary measure due to
its sensitivity to moment-to-moment fluctuations in cognitive
processing. Compared to other measures, such as working
memory or attention switching, RT inconsistency captures
variability in attentional control and neural efficiency [12],
making it particularly relevant for studying the cognitive
impact of NA.

Using a 14-day EMA design, we examined WP associa-
tions between NA and RT inconsistency in 99 university
students. We hypothesized that momentary WP increases
in NA would be associated with greater RT inconsistency
at subsequent assessments. As a secondary hypothesis, we
examined whether individual differences in sex, neuroticism,
and insomnia severity were associated with RT inconsistency.
Examining these processes in daily life may clarify mecha-
nisms linking emotional distress to functional impairment.

https://mhealth.jmir.org/2026/1/e64397

Rutter et al

Methods

Participants

Participants were sampled from (1) a psychology student
subject pool at a large Midwestern university (n=78) and
(2) a paid study in which individuals were recruited through
university online classified advertisements and flyers posted
around campus (n=72). Inclusion criteria included being a
university student aged 18 years or older with an email
address, access to the internet, and a device to complete study
assessments. Exclusion criteria included individuals younger
than 18 years.

Ethical Considerations

This study was reviewed and approved by the Indiana
University Institutional Review Board as human subjects
research (protocol numbers 2011722518 and 12537). All
study procedures complied with institutional and federal
guidelines for the ethical conduct of research involving
human participants. Informed consent was obtained elec-
tronically from all participants prior to study enrollment.
Participants were informed that participation was voluntary
and that they could withdraw from the study at any time
without penalty. Informed consent covered both the baseline
assessment and the subsequent 14-day EMA protocol. To
protect the privacy and confidentiality of participants, all data
were deidentified. Identifying data (email addresses used for
study communication) were stored separately from survey
and cognitive task data on secure servers accessible only
to the research team via 2-factor authentication. Participants
recruited through the psychology subject pool received course
credit for participation. Participants recruited through paid
advertisements were compensated up to US $60 for complet-
ing at least 75% (18/24) of EMA assessments. No additional
incentives were provided.

Procedure

The 14-day EMA protocol was chosen to capture meaning-
ful WP variability while maintaining participant retention,
as longer durations may lead to increased dropout rates and
data loss [35]. The frequency of daily assessments (2-13 d)
was selected to balance participant burden with the need to
capture fluctuations in NA and cognitive performance. This
schedule ensures adequate data collection while minimizing
participant fatigue, which could compromise the quality of
responses. The morning and evening sessions are consistent
with prior EMA studies [23], and they allow us to assess
affective and cognitive fluctuations at multiple time points.

Participants completed all study assessments on their
personal devices. They were prompted to complete EMAs
twice daily via email. We assessed for technical issues after
each EMA and explored device compatibility in our prior
work [36]. All assessments for the study were completed via
Qualtrics and TestMyBrain.org. TestMyBrain.org is a citizen
science research initiative that allows people to participate
in studies in exchange for individualized feedback on their
performance or self-reported characteristics [36-38]. Data
from TestMyBrain.org have been shown to be of similar
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high quality to data gathered in a laboratory setting [37].
On day 1 (baseline), participants were emailed at 7 AM to
complete their baseline assessment battery, and they were
sent a reminder email at 5 PM to complete their day 1 battery
by midnight. They were advised to complete the assessment
battery when they had approximately 45 minutes of uninter-
rupted time, specifically, “in 1 sitting, without distraction.”
On the following days, participants received daily links to
their email addresses to complete study assessments in the
morning and evening each day. Morning study reminders
were sent at 7 AM and evening study reminders were sent at
4 PM. Participants were reminded to complete EMAs on days
2 to 13 when they had 5 minutes of uninterrupted time. On
day 14 (termination), participants were sent links to complete

Textbox 1. Schedule of ecological momentary assessments.

Rutter et al

their assessment battery at 7 AM, with a reminder at 5 PM
to complete the assessments before midnight. They were
advised to complete the battery when they had approximately
35 minutes of uninterrupted time. When participants missed
more than 2 days in a row of tests, they were reminded by
email to complete as many assessments as possible. Partic-
ipants were compensated, either by course credit or elec-
tronic gift cards, approximately 2 days following the study
termination.

Measures

This study is part of a larger study measuring cognition and
emotions over time. Relevant assessments for this study are
included in Textbox 1.

Ecological momentary assessment days 1-14
* Day 1 (baseline)
o Demographic questionnaire
o Depression, Anxiety, and Stress (DASS)
o Generalized Anxiety Disorder-7 (GAD-7)

o Insomnia Severity Index (ISI)
o Choice Reaction Time (Choice RT)
e Days 2-13
o Morning (7 AM-12 PM)
= PANAS-SF
= Choice RT
o Evening (4 PM-12 AM)
= PANAS-SF
e Day 14
o DASS
o GAD-7
o PANAS-SF
o MEDI
o Choice RT

o Positive and Negative Affect Schedule —Short Form (PANAS-SF)
o Multidimensional Emotional Disorder Inventory (MEDI)

Positive Affect and Negative Affect Schedule—
Short Form (PANAS-SF)

The PANAS-SF is a widely used and extensively validated
20-item self-report scale assessing positive affect (PA) and
NA [39]. Items are rated on a 5-point Likert scale ranging
from 1 (“Very slightly or not at all”) to 5 (“Extremely”),
yielding scores from 10 to 50 for PA and 10 to 50 for
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NA. Higher scores indicate higher levels of affect for both
subscales. The PANAS sampling schedule is described in
Table 1. On day 1, participants were instructed to complete
the PANAS based on how they felt in the past week. On days
2 to 14, participants were instructed to complete the PANAS
based on how they felt at the time of EMA (ie, “right now”).
In our sample, internal consistency was acceptable (Cronbach
a=0.75).
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Table 1. Sample characteristics of participants who completed any ecological momentary assessments after baseline (day 1).
Variable More than 50% (n=99) Less than 50% (n=17) P value?®
Sample, n (%) .10
Student 37 (37) 10 (59)
Paid 62 (63) 7 (41)
Age (y), mean (SD; range) 22.9 (7, 18.0-56.0) 21.9 (7.3; 18.0-47.0) 07
Sex, n (%) 74 (75) 9(53) 08
Neuroticismb, mean (SD; range) 16 (8; 1-33) 15 (9; 0-29) 6
DASS-Depression®, mean (SD; range) 9 (9; 0-38) 10 (11; 0-40) 9
DASS-Anxietyd, mean (SD; range) 8 (7;0-38) 6 (8;0-30) 2
GAD-7¢ total, mean (SD; range) 6.2(4.9;0.0-21.0) 5.5(4.7,0.0-19.0) 6

3Pearson chi-square test, Wilcoxon rank-sum test, and Fisher exact test.
bMultidimensional Emotional Disorder Inventory Neuroticism scale.

“DASS-Depression: Depression Anxiety and Stress Scale —Depression subscale.

dDASS-Anxiety: Depression Anxiety and Stress Scale— Anxiety subscale.
®GAD-7: Generalized Anxiety Disorder-7.

Insomnia Severity Index

The Insomnia Severity Index is a 7-item self-report scale
validated for measuring the insomnia symptom severity over
the previous 2 weeks [40-42]. Items are rated on a 5-point
Likert scale ranging from 0 (“none”) to 4 (“very severe”),
yielding total scores of 0 to 28. Total scores are interpreted
such that O to 7 indicates the absence of insomnia, 8 to 14
indicates subthreshold insomnia, 15 to 21 indicates moderate
insomnia, and 22 to 28 indicates severe insomnia. In the
sample, internal consistency was good (Cronbach 0=0.88).

Depression Anxiety and Stress Scales

The Depression Anxiety and Stress Scales (DASS) is a
21-item measure rated on a 4-point Likert scale from 0 (“does
not apply to me at all”) to 3 (“applied to me very much,
or most of the time”) [43]. It assesses levels of depres-
sion, generalized anxiety, and general NA or stress. Based
on factor analytic work, the DASS demonstrates excellent
psychometric properties [42,43]. In our sample, internal
consistency was good (Cronbach 0=0.89).

Multidimensional Emotional Disorder Inventory

The Multidimensional Emotional Disorder Inventory (MEDI)
assesses transdiagnostic dimensions of emotional disorder
psychopathology [44]. It consists of 49 items that are rated
on a 9-point Likert scale from O (“Not characteristic of
me/does not apply to me”) to 8 (“Extremely characteris-
tic of me/applies to me very much”). The initial valida-
tion of the MEDI used factor analysis to determine the
factor structure of 9 empirically supported transdiagnostic
dimensions proposed by Rosellini and Brown [44]. These 9
dimensions include neurotic temperament, positive tempera-
ment, depression, autonomic arousal, somatic anxiety, social
anxiety, intrusive cognitions, traumatic re-experiencing, and
avoidance. The MEDI showed strong evidence of reliability
and validity in its initial psychometric evaluation in clinical
and outpatient samples [43]. We used the MEDI neuroticism
subscale as our measure of neuroticism, with higher scores
indicating a higher degree of neuroticism. In our sample,
internal consistency was excellent (Cronbach a=0.94).
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TestMyBrain Choice RT

TestMyBrain choice RT measures psychomotor response
speed, response selection, and cognitive inhibition [45,46].
It was adapted for brief digital administration from Maljkovic
and Nakayama [47] and demonstrates high between-person
(BP) and WP reliability in EMA [48]. Each administration
lasted approximately 2.5 minutes and included 4 practice
trials followed by 24 task trials. On each trial, participants are
presented with 3 vertically aligned squares (blue or yellow)
containing an arrow pointing either left or right. One of the
3 squares is always of a different color from the other 2, and
participants are asked to choose the direction of the arrow
in the differently colored square as quickly as possible by
clicking or tapping their touchscreen. Participants had 5000
ms to respond to each trial, with an intertrial interval of 700 to
1500 ms. RT inconsistency was computed for each EMA as
the standard deviation of trial-level RTs.

Data Cleaning

EMA data cleaning aimed to maximize the signal-to-noise
ratio by excluding data that were strongly suggestive of
careless responding. From our full sample of 150 individuals,
we first excluded participants who failed to complete EMAs
after the baseline assessment (day 1). The remaining sample
included 116 participants. Second, we excluded participants
who failed to complete the morning EMA, including both
choice RT and PANAS, in at least 50% (7/14) of assessments.
Finally, we excluded EMA data when choice RT accuracy
was less than 50% (ie, chance).

Missing data primarily arose from missed EMA assess-
ments. Rather than imputing missing values, we used listwise
deletion at the observation level within mixed-effects models,
such that only available observations contributed to each
model. In this study, missingness reflected missed EMA
prompts rather than partially completed surveys, mean-
ing that entire measurement occasions were absent rather
than individual items within completed assessments. For
this reason, we prioritized analyzing observed EMA data
using mixed-effects models rather than imputing unobserved
moments. Sensitivity analyses comparing models applying
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stricter data-cleaning criteria showed consistent results,
suggesting minimal bias introduced by this criterion. After
these cleaning procedures, 99 participants were included in
the analyses.

Data Analyses

Prior to analysis, we conducted a power analysis to evaluate
the sample size needed to detect WP associations between
NA and RT inconsistency in multilevel models. Based on
prior similar EMA studies, we anticipated effects in the
small-to-moderate to moderate range [7,23]. Assuming a
medium effect size (2=0.15), a 2-sided significance o level
of .05, and a desired power of 0.80, a sample of approxi-
mately 80 to 90 participants with repeated observations was
estimated to be sufficient to detect the primary WP effect.
The final analytic sample included 99 participants contribu-
ting 1177 EMA observations, which provided adequate power
to detect medium-sized WP effects. However, given early
attrition and noncompliance, the study may be underpowered
to detect small effects. Accordingly, nonsignificant findings
should be interpreted cautiously.

Data were analyzed in RStudio Version 2023.06.0+421
using tidyverse for data wrangling and visualization (version
1.3.0) [49] and Ime4 for multilevel modeling (version 1.1-26)
[50]. First, we standardized DASS and MEDI neuroticism for
ease of interpretation. Next, general linear mixed models (ie,
multilevel models where sessions were modeled as nested
within persons) were used to examine the impact of WP
fluctuations in NA on RT inconsistency, accounting for time
(ie, session) in the study, BP differences in NA, sex, age,
neuroticism, and insomnia.

Predictors were entered in stages to quantify incremen-
tal variance explained, and intercepts were allowed to vary
for each participant (ie, as random effects). In model O,
we ran an empty means, random-intercept-only model to
examine the overall pattern of individual differences in RT
inconsistency. In model 1, a 2-piece discontinuous model
of change by describing the change before and after EMA
session 3 as 2 separate linear slopes was fitted to capture
the apparent breakpoint in session 3 (Multimedia Appendix
1). In model 2, NA was added at levels 1 and 2. In model
3, level 1 and cross-level interactions were added between
EMA session and NA. In model 4, sex, age, neuroticism,
insomnia, and response device were added at level 2.
These covariates were included to account for potential
differences in cognitive performance related to maturation,
sex, and the device used.

Comparison of model fit across models, including an
alternative model describing change as a continuous slope,
suggests that model 4 fit the data best based on the likelihood
ratio test. The diagnosis of model assumptions (linearity,
constant and normal distribution of variance, and independ-
ence of residuals across levels) for model 4, along with a
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check of collinearity and autocorrelation as well as model fit
comparisons, is provided in Multimedia Appendix 1. Model 4
equations are provided below:

Level 1 (observation level)

log(sdRT,,) = By; + fB1(Slope 1,) + B,(Slope 2), + B3(NA;, — NA)

_ _ 1
+B4(NA;, — NA;) X (Slope 1), + B5(NA;, — NA;) x (Slope 2),, + ¢, @

Level 2 (person level)

Intercept: By; = Yoo + Yo1(Sex) + yo.(Age — 18) + yo3(Neuroticism — 16)

+7Yos(Insomnia) + yos(Device) + yos(NA; — 15) + Uy @
Slope 1: fy; = y10 + Y11 (NA; — 15) 3

Slope 2: B5; = ¥20 + ¥2(NA; — 15) C)

WP NA:B3=73 ©)

WP NA by Slope 1: 4=V (6)

WP NA by Slope 2: B5=ys @)

Results

Of the 150 recruited participants, 22.7% did not complete
any EMAs and are considered early dropouts (n=34). Early
dropout was defined as completing a portion of the day 1
baseline measures but not beginning EMAs over the next 13
days. The majority of early dropouts were participants from
the psychology study pool.

We compared the study pool and paid study samples
before and after excluding early dropouts. Before excluding
early dropouts, compliance and age differed between the
samples (Table 2). The study pool sample tended to be
younger and less compliant. As shown in Table 2, 40%
(31/78) of the student sample dropped out after day 1,
compared to only 42% (3/72) of the paid sample. After
excluding early dropouts, age no longer differed between the
samples (Table 1). Sex, levels of neuroticism, depression, and
anxiety did not differ between the samples (Tables 1 and 2).
This indicates that once participants began completing the
study EMAs, they were not significantly more likely to be
compliant if they were older or experiencing less depression
and anxiety. The largest dropout occurred before beginning
the EMA. Participants in the paid study were more likely
to complete more than 50% of EMAs than those in the
student sample. Morning assessments were chosen for data
analyses to minimize potential confounds introduced by daily
fatigue cycles or stress accumulation. Despite a dropout rate
of 22.7% (34/150), comparisons between completers and
noncompleters showed no significant differences in baseline
characteristics, reducing concerns about systematic bias.
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Table 2. Sample characteristics of participants who completed the baseline assessment (day 1; N=150).
Variable Student (n=78) Paid (n=72) P value?
Group, n (%) <.001
Dropout 31 (40) 3(4.2)
<50 10 (13) 79.7)
>50 37 (47) 62 (86)
Age (y; n=148), mean (SD; range) 20.0 (3.7; 18.0-47.0) 24.4(7.9; 19.0-56.0) <.001
Sex (n=148), n (%) 60 (77) 50 (71) 4
Neuroticism? (n=148), mean (SD; range) 16 (8;0-34) 16 (9; 0-33) 9
DASS-Depression® (n=148), mean (SD; range) 10 (10; 0-42) 9 (9; 0-40) 9
DASS-Anxietyd (n=148), mean (SD; range) 8 (8: 0-38) 7 (7;0-34) 5
GAD-7° total (n=148), mean (SD; range) 6.6 (5.3;0.0-21.0) 6.1 (4.4;0.0-19.0) 8

@Pearson chi-square test and Wilcoxon rank-sum test.
PMultidimensional Emotional Disorder Inventory Neuroticism scale.

°DASS-Depression: Depression Anxiety and Stress Scale—Depression subscale.

dDASS-Anxiety: Depression Anxiety and Stress Scale— Anxiety subscale.
®GAD-T7: Generalized Anxiety Disorder-7.

Next, we examined WP associations between NA and RT
inconsistency. Results for models 1 to 4 are shown in Table
3. The intraclass correlation coefficient for RT inconsistency
was 0.45 from model O (results not shown), indicating that
45% of its variance was due to BP mean differences. RT
inconsistency decreased by 10.3% between sessions 1 and
2, but only by 1.3% after session 3 (model 1). Model 2
introduced both BP and WP NA as the main effects, while
model 3 included their interaction with both slopes. Includ-
ing interaction terms improved the model fit (Ay%=11.58;
P=02).

We focus our interpretation on model 4, which examines
whether RT inconsistency is predicted by WP fluctuations in
NA, controlling for sex, age, insomnia level, and the response
device used. Consistent with hypotheses, WP fluctuations
in NA predicted RT inconsistency. Specifically, RT inconsis-
tency increased by 2.2% when NA was higher than usual.
Having a higher-than-usual NA during the first 2 sessions
seems to attenuate its effect by 1.1%, but not so afterward.
In addition, we observed significant main effects of our
control variables: RT inconsistency was nearly 25% lower
among individuals with moderate-to-severe insomnia, but
using touch devices increased RT inconsistency by 11.8%.
RT inconsistency was also 17% higher for women compared
to men (P=.049).
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Discussion

Principal Findings

Attention dysregulation is a cardinal symptom of emotional
disorders [51-53], and prior work demonstrates that trial-
level RT variability reflects attentional control processes and
underlying information processing efficiency [12,23,24,34].
Using a 14-day EMA with repeated cognitive (choice RT)
and affective (PANAS) measures, the current study examined
whether WP fluctuations in NA (deviations from an individ-
ual’s mean NA) were associated with RT inconsistency in
daily life. This approach allowed for an examination of the
dynamic associations between cognition and affect as they
unfold in naturalistic settings.

Consistent with our primary hypothesis, momentary WP
fluctuations in NA predicted greater RT inconsistency,
even after accounting for BP differences in NA, neuroti-
cism, insomnia, age, sex, and device type. Additionally,
individual differences in sex and insomnia severity were
associated with RT inconsistency, partially supporting our
secondary hypothesis. Together, these findings suggest that
acute increases in NA relative to an individual’s typical affect
may disrupt attention and information processing above and
beyond sleep problems or individual differences in emotional
distress. These results extend prior work linking depression,
anxiety [54,55], and stress [56-58] to cognitive complaints in
young adults by showing that NA changes influence cognition
at the momentary, WP level. Notably, the association between
NA fluctuations and RT inconsistency was strongest during
the early EMA sessions, suggesting that momentary affective
states may be particularly disruptive to cognitive performance

Rutter et al

before participants become familiar and comfortable with a
task.

Potential Mechanisms and Interpretation

There are several potential mechanisms that account for the
association between momentary NA fluctuations and RT
inconsistency. Much like anxiety’s effects on performance
[59], it is possible that the effects of NA on cognition
depend on perceptions of task effort and difficulty, which
may be influenced by practice. Early in the study, elevated
NA fluctuations may more strongly tax attentional resources,
whereas repeated exposure to the same tasks may reduce
cognitive load. This is speculative and requires further testing.

An alternative explanation involves speed-accuracy
tradeoffs. For example, at the beginning of the study,
participants experiencing low and high NA may similarly
prioritize accuracy. At the end of the study, participants
experiencing high NA may be more likely to prioritize
speed by rapidly tapping the screen, thereby reducing RT
inconsistency [60-63]. Indeed, the interaction between earlier
sessions and NA, while statistically significant, highlights
the dynamic nature of cognitive performance over time. An
interaction plot (Figure 1) illustrates how RT inconsistency
changes across sessions at varying levels of NA, provid-
ing insights into the moderating role of practice. Future
research is required to replicate these findings, test com-
peting explanations for the interaction between NA fluctua-
tions and practice, and examine generalizability in relation
to other cognitive domains. Additionally, future work could
incorporate multiple equivalent cognitive tasks to reduce
task-specific learning effects and allow for a more accurate
assessment of cognitive variability.

Figure 1. Predicted values of standard deviation reaction time (centered) based on within-person NA and session. NA: negative affect.
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Strengths and Limitations

There are many strengths of the study and EMA approaches
in general. EMA offers the opportunity to measure daily
cognitive functioning in naturalistic environments, which

https://mhealth.jmir.org/2026/1/e64397

can enhance our understanding of contemporaneous, WP
relationships between cognitive and affective processes in
clinical and community samples. In clinical assessments of
cognition, there may be nuances that emerge outside the
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context of formal assessment, prior to the onset of a disor-
der. To be most useful, assessments of cognition should
be easy to obtain in real-world settings at multiple points
across time, but few validated tests exist. Our study used
brief, repeated cognitive tasks that have been validated by
our team [37,45,48,64-66] and are reliably administered on
any mobile device (laptop, desktop, iPad, tablet, iPhone,
and Android). Moreover, our approach used assessment at
multiple timepoints, repeatedly, which allowed for meas-
urement of intraindividual RT inconsistency across several
timepoints, which is increasingly recognized as a warning
sign of future cognitive decline and poorer prognosis. This
approach allows for the detection of very subtle cognitive
changes associated with depression and anxiety, as well as
with aging-related changes in cognitive functioning.

Despite the many strengths of this study, several limita-
tions should be considered. First, our sample was predom-
inantly female and White, which limits generalizability.
Future research should aim for greater diversity to validate
these results in broader populations, including diverse age,
gender, and socioeconomic groups. Our study also consis-
ted of college-age, emerging adults [22]. The high dropout
rate and reliance on psychology students as participants
limit the generalizability of our findings. While dropout was
partially mitigated by comparing baseline characteristics, the
homogeneity of the sample restricts applicability to broader
populations and reduces the sample size for analyses. In
our study, paid participants showed lower dropout rates than
psychology pool students. Participant fatigue and lack of
strong incentives may have influenced results. Missing EMA
assessments may introduce bias if missingness is systemati-
cally related to participants’ affect or cognitive performance.
We did not formally test whether missingness was completely
at random, which limits our ability to rule out systematic
patterns of missingness. However, our sample was primar-
ily impacted by noncompliance in the EMA, which could
be addressed by more frequent and personalized reminder
emails or a more thorough introduction to the study during
the consent process. Participants were instructed to com-
plete the assessments when they were not distracted, but
we cannot confirm that occurred, and participants completed
assessments at inconsistent timings based on their schedules.
In future work, text messages may prompt more immediate
responses than email reminders.

As with other EMA, a lack of control over the partici-
pants’ environment, device type, and network speed may have
impacted our results [36,67]. A lack of experimental control
is both a benefit and a limitation of EMA. Unfortunately, the
study cannot determine if participants were actually trying
their best or performing for course credit in an apathetic
manner, and rely on data cleaning to ensure for data quality.
Conducting EMA in real-world settings introduces variability
due to environmental distractions (eg, noise and multitask-
ing), device differences, and participant engagement. These
factors, while enhancing ecological validity, may obscure the
true relationship between NA and RT inconsistency. Future
studies should consider standardized device protocols and

https://mhealth.jmir.org/2026/1/e64397
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environmental monitoring, as well as more self-reported focus
checks.

Another important limitation of our design is that our
choice RT task was repeated each day from days 2 to 13.
Although our ongoing work addresses this, in this study,
we did not alter stimuli in each EMA, which challenges
efforts to disentangle the effects of task-specific learning (ie,
practice effects) from the effects of memory for task stimuli
and associated responses. Practice effects may also arise
from factors that we did not control for, such as participant
fatigue and task repetition. Future studies should administer
multiple psychometrically equivalent cognitive tasks during
EMA to mitigate the effects of memory on performance
[68]. Isolating the effects of learning on cognitive perform-
ance holds future promise to inform digital risk phenotyping.
For example, emerging evidence in older adults suggests
that individual differences in learning rate and peak (asymp-
totic) cognitive performance are related to biological age and
clinical impairment [69].

As a final limitation of our study, focusing solely on
RT inconsistency as a measure of cognitive performance
variability may be too narrow. Cognitive variability can be
captured by various other metrics, and additional cognitive
tasks can provide a more comprehensive assessment of
cognitive functioning over time. We chose RT inconsistency
because it is rapid and inexpensive [34] compared to a full
cognitive battery. Given the push toward more individualized
care through the use of basic and clinical science [70], RT
inconsistency may be a particularly useful metric, with the
potential to change the way we view the connection between
cognition and psychiatric symptoms.

Implications and Future Directions

In sum, momentary WP fluctuations in NA across 14 days
predicted RT inconsistency, but the magnitude of this effect
changed over the course of the study. These findings support
the notion that NA is a form of cognitive load that dis-
rupts cognitive performance, and even subtle fluctuations
in NA are a form of stress that impacts cognitive function-
ing. These findings have implications for the mental health
and academic performance of college students, given that
internalizing conditions are on the rise and college students
are increasingly seeking treatment for emotional disorders
and attentional complaints. Perhaps interventions to target NA
(enhancing PA, reducing NA, or directly targeting fluctua-
tions in NA) could improve cognitive functioning in college
students. For example, mindfulness-based stress approaches
[71] and cognitive behavioral therapy have shown prom-
ise in reducing affective instability and improving cogni-
tive function [72]. These interventions could be tailored to
college students and emerging adults, a population particu-
larly vulnerable to emotional and cognitive challenges, to
enhance resilience and cognitive performance. By linking
these findings to practical strategies, our long-term goal is
to provide actionable insights for researchers and clinicians.

Additional research is necessary to examine the strength of
these WP associations in relation to psychological symptoms,
with potential implications for digital risk screening and
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preventative (eg, cognitive behavioral) intervention. Indeed,
changes in affect and cognition frequently precede psycholog-
ical symptoms [73,74], suggesting that momentary cogni-
tive monitoring using scalable technologies may support
early risk assessment. This study’s focus on momentary NA
fluctuations complements prior research on emotional inertia
[10], which has been associated with prolonged emotional
disturbances and reduced cognitive resilience. Future research
should examine how inertia and NA fluctuations may interact
to influence cognitive performance, using EMA to capture
their dynamic interplay in real-world settings.

Finally, EMA can help identify patterns of emotional
responses that may signal the need for early interven-
tions aimed at improving emotional regulation. While we
focused on WP differences in NA variability, BP effects
may modulate outcomes. Additional work examining how
stable traits, such as neuroticism, insomnia, and sex,
interact with WP fluctuations in NA to influence cognitive
variability would deepen our understanding of these dynamic

Rutter et al

relationships. Future directions include the integration of
passive data to better understand cognition, stress, and sleep,
as well as testing in clinical samples and aging samples
to understand connections between depression, cognitive
impairment, and cognitive decline. Moreover, longer (eg,
longitudinal burst) time series data are recommended to
enable personalized risk modeling.

Conclusions

This study provides preliminary evidence that momentary WP
fluctuations in NA are associated with RT inconsistency in
daily life, although the magnitude of this association changed
over the course of the study. Our findings support the
value of EMA and brief cognitive tasks to capture dynamic
links between affect and cognitive functioning in real-world
contexts. Future work using longer monitoring periods and
passive data may further clarify how daily fluctuations in
affect contribute to cognitive performance variability and
psychiatric risk.
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