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Abstract

Background: Cognitive symptoms are an underrecognized aspect of depression that are often untreated. High-frequency
cognitive assessment holds promise for improving disease and treatment monitoring. Although we have previously found it
feasible to remotely assess cognition and mood in this capacity, further work is needed to ascertain the optimal methodology to
implement and synthesize these techniques.

Objective: The objective of this study was to examine (1) longitudinal changes in mood, cognition, activity levels, and heart
rate over 6 weeks; (2) diurnal and weekday-related changes; and (3) co-occurrence of fluctuations between mood, cognitive
function, and activity.

Methods: A total of 30 adults with current mild-moderate depression stabilized on antidepressant monotherapy responded to
testing delivered through an Apple Watch (Apple Inc) for 6 weeks. Outcome measures included cognitive function, assessed with
3 brief n-back tasks daily; self-reported depressed mood, assessed once daily; daily total step count; and average heart rate. Change
over a 6-week duration, diurnal and day-of-week variations, and covariation between outcome measures were examined using
nonlinear and multilevel models.

Results: Participants showed initial improvement in the Cognition Kit N-Back performance, followed by a learning plateau.
Performance reached 90% of individual learning levels on average 10 days after study onset. N-back performance was typically
better earlier and later in the day, and step counts were lower at the beginning and end of each week. Higher step counts overall
were associated with faster n-back learning, and an increased daily step count was associated with better mood on the same
(P<.001) and following day (P=.02). Daily n-back performance covaried with self-reported mood after participants reached their
learning plateau (P=.01).

Conclusions: The current results support the feasibility and sensitivity of high-frequency cognitive assessments for disease and
treatment monitoring in patients with depression. Methods to model the individual plateau in task learning can be used as a
sensitive approach to better characterize changes in behavior and improve the clinical relevance of cognitive data. Wearable
technology allows assessment of activity levels, which may influence both cognition and mood.
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Introduction

Background
Major depressive disorder (MDD) is a debilitating condition
and the leading cause of disease burden worldwide [1,2]. MDD
is characterized primarily by low mood, or reduced interest and
pleasure in daily activities [3]. Cognitive deficits are a
substantial problem in patients with MDD, with reported
impairments in a range of domains, including processing speed,
attention, executive function, learning, and memory [4-6].
Despite impaired cognition being widely reported, further
studies using objective neuropsychological measures are
required [7].

Self-Assessment of MDD
MDD is typically assessed using retrospective self-report, where
patients reflect on their experiences over a period of days or
weeks. However, this method of reporting is subject to a variety
of memory distortions [8,9], and depression itself is linked to
impaired recollection, memory bias, and overgeneralization
[10]. A direct comparison between retrospective recall and
repeated real-time assessments has shown negative emotional
biases in patients with depression [11,12] which persist beyond
the depressive episode in a subset of patients [13]. Various
explanatory factors have been proposed, such as the number of
previous episodes and demographic factors, but overall results
have been inconsistent [14].

If patients’ recollections correspond poorly with their actual
experiences, this is likely to distort our understanding of disease
course and treatment response [15]. Discrepancies between
objectively measured cognitive function and patients’self-report
have been demonstrated, with the latter being influenced by
depressed mood [16-18]. This may be true even in cases of
significant cognitive impairment, where self-reported cognitive
function is associated with subjective complaints of depressive
symptoms but not objective cognitive outcomes [19]. Hence, it
is plausible that self-reported and objective assessments are
measuring different cognitive capabilities, with objective
measures needed to reveal underlying cognitive function.

Results from cognitive tests may also vary in relation to
within-individual differences, including dietary effects and
sleep-wake cycles [20,21]. These variances can make it difficult
to differentiate clinically meaningful change from measurement
error [22]. Higher frequency sampling is thought to generate
more stable and reliable estimates of constructs of interest [22],
by reducing state effects on punctual relationships, which can
obscure the signal in study interventions, and by narrowing the
margin of error [23].

Real-Time Measurement of Cognition, Mood, and
Activity
Advances in portable technology have enabled the precise,
unobtrusive recording of real-time psychological, behavioral,

and physiological measures. Higher frequency assessments in
the context of everyday life can identify real life changes that
are associated with clinical improvement [24], improve
sensitivity for detecting change [25] and help to identify shifts
in depressive symptoms [26]. Additionally, this approach allows
for the characterization of the temporal relationship of symptoms
over time in relation to changes in an individual’s behavior and
environmental influences [27,28] creating a profile of the
dynamic relationships between cognitive function, psychological
processes, and biological processes of an individual [29].

However, this approach also has important implications for
sampling strategy and data analysis. Diurnal changes in mood
and affect have been reported in individuals with depression,
where negative symptoms are more prevalent in the morning
[30] and increased positive affect is seen later in the day [31,32].
Further, research indicates cognitive function follows the same
pattern as daily changes in mood, with worse performance in
the morning and better performance in the evening on a range
of cognitive measures, including memory, attention, and
psychomotor speed [33]. In the general population, more
positive and less negative moods are typically seen on weekends,
with improvements starting on Fridays [34], while more activity,
measured by higher step counts, is noted during weekdays in
comparison with weekends [35,36]. To account for the
complexity of these fluctuations and how patients themselves
may experience depression, novel data collection methods, such
as ecological momentary assessments, are a promising
opportunity to address this gap. Current scientific literature is
mostly laboratory-based. Although ecological momentary
assessment studies have shed light on various aspects of the
disease, such as rumination and emotion reactivity [37],
however, less is known about the relationship between cognition
function and mood in MDD.

Goal of This Study
Here we examine data from a 6-week feasibility study of daily
cognitive, mood, and activity assessment in adults with
mild-to-moderate depression stabilized on antidepressant
treatment. Previously, in this same sample, we demonstrated
excellent compliance with daily cognitive and mood assessments
on a smart watch and good agreement with validated full-length
cognitive and self-report measures [38]. High adherence rates
were found (95%) with no deterioration over the course of the
study. Adherence was not associated with depressive symptoms
or cognitive functioning.

In this study, we aim to optimize methods for analyzing
high-frequency longitudinal data and characterize relationships
between cognition, mood, and activity data in order to facilitate
future intervention studies. This study aims to examine (1)
longitudinal changes in mood, cognition, activity levels, and
heart rate over 6 weeks; (2) diurnal and weekday-related
changes; and (3) the cooccurrence of fluctuations between mood,
cognitive function, and activity.
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Methods

This was an observational study aimed at characterizing
longitudinal patterns in cognition, mood, and activity in patients
with MDD over 6 weeks with high-frequency assessment
enabled by a wearable device.

Participants
Full recruitment details have previously been reported by
Cormack et al [38], who demonstrated the feasibility of
high-frequency testing for a prolonged period of 6 weeks in
participants with depression. In brief, participants were recruited
for a primary psychiatric diagnosis of MDD with mild to
moderate depression (as defined by Patient Health Questionnaire
[PHQ]-9 scores between 5 and 15, inclusive). They were
recruited through a patient recruitment company with links to
primary care providers and patients with depression groups.
Participants aged between 18 and 65 years, inclusive, who were
able to read and understand English, were eligible for
participation. Individuals were excluded if they had a personal
history of another psychiatric disorder (except nonprimary
anxiety); mental, neurological, or neurodegenerative disorders;
or substance abuse or dependence. In total, 30 participants with
MDD receiving antidepressant monotherapy treatment were
enrolled.

Measures
Cognitive function and mood were assessed with the Cognition
Kit app (joint venture between Ctrl Group and Cambridge
Cognition), loaded onto the Apple Watch (high-resolution
touch-screen watch), and paired with an iPhone. Participants
were asked to wear study equipment between 8 AM and 10 PM
for 6 weeks. This duration was chosen as it is the time it
typically takes for the improvement in mood to be seen
following the start of administration of the antidepressant
medication.

Prompts for cognitive assessment were given 3 times daily
(morning, afternoon, and evening). Cognitive function was
assessed with the Cognition Kit N-Back test, which has shown
sensitivity to impairments in MDD [39]. Research suggests that
n-back task performance is a marker of cognitive function,
including aspects of working memory, task switching, and
attention [40]. During test administration, 9 symbols randomly
selected from a pool of 227 were presented briefly, one at a
time, over 30 trials. Participants were asked to respond when
any symbol was the same as the one presented 2 trials
previously. The primary outcome measure was d-prime (the
ratio of hits [correct detection of an n-back match] to false
alarms [response during no match]). Under the current
implementation of the paradigm, values of d-prime range from
–3.33 to 3.33. Test-retest reliability of high frequency testing
using n-back d-prime is 0.8 in a mixed sample of participants
with neurodegenerative disease, immune-mediated inflammatory
disorders, and healthy controls [41]. Each assessment took 30
seconds to complete, after which participants were shown their
test score.

Prompts for mood assessment were given up to twice daily
(afternoon and evening), with no prompt delivered in the

evening if participants had completed the assessment in the
afternoon. Mood was assessed with the following three questions
adapted from the PHQ-2 and Perceived Deficits Questionnaire:
How much have the following problems bothered you over the
past day? (1) Lack of interest or pleasure in doing things; (2)
Feeling down, depressed, or hopeless; and (3) Trouble
concentrating on things (eg, newspapers or television).
Responses were coded on a 4-point scale of severity of
symptoms (1=no problem to 4=greatly). Responses were
summated to provide a summary mood score. The PHQ-2, a
short, validated form of the PHQ-9, has high accuracy and
sensitivity to depression [42].

Total daily step count and average heart rate, measures
associated with depressive symptom severity, [43,44], were
acquired passively through the Apple Watch. The Apple Watch
has been found to be a reliable and valid tool for assessing heart
rate variability and is extremely accurate as a daily step count
[45,46]. Similarity the n-back test has been previously used in
wearable technology studies that incorporated high-frequency
testing, demonstrating its feasibility [38,47].

Procedure
Participants attended the study site, where researchers introduced
the devices and tasks to participants, who were given the
opportunity to practice using the software and hardware and
ask questions. Testing was completed in the following 6 weeks
(42 days), with data uploaded to secure study servers when
transfer through Wi-Fi or roaming was possible. The study was
completed with a home visit at 6 weeks, during which study
hardware was returned.

Daily assessments were completed as part of a larger test battery,
including full-length rating scales, and cognitive tests, and a
semistructured qualitative interview, as described previously
[38].

Statistical Analysis

Data Cleaning
Data were harmonized by defining the first study day as the
first day in which participants responded to assessment prompts
for cognitive and mood assessments. Earlier days, only passive
data were excluded from analyses. For activity and heart rate
measures, non-wearing days (defined as days with <100
recorded steps [48,49], or where no heart rate was recorded)
were excluded from the analyses (25 observations out of 1160).

Response frequency within each 1-hour period collapsed across
days (eg, 6 AM-6:59 AM, 7 AM-7:59 AM, and 8 AM-8:59
AM) was examined separately for mood and d-prime to identify
periods with sparse data. One-hour periods with n<25
assessments overall were excluded. This left n-back data from
6 AM-11:59 PM (n=29 observations dropped) and mood data
from 12 noon until 5:59 PM (n=98 observations dropped). For
all included 1-hour periods, there were between 41-287 data
points available (mean 182 mood, 180 n-back assessments per
1-hour period).
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Change Over Time
Since outcome measures are sampled repeatedly, hierarchical
models are required to account for observations nested within
individuals [50]. Random effects of participants with random
intercept and random slope were applied to all models to control
for between-participant variability, allowing the intercept and
regression coefficient to vary between participants [51]. Model
parameters were estimated using maximum likelihood, and
model fits were compared with model likelihood ratios. This
allowed the direct comparison of models with different
fixed-effect structures using chi-square analysis and the selection
of the best-fitting model. Diagnostic tests included examination
of the normality of residuals and their spread for each predictor
variable.

Raw data were transformed using log and square root
transformations into normally distributed data as appropriate.
A series of longitudinal mixed-effects models examined change
in each outcome measure over the 6-week duration of the study
to identify time-related trends in outcome measures. Each
outcome measure was designated as the response variable, and
a fixed effect of time-on-task was specified. Intercept-only
models and linear, quadratic, and cubic trends of time-on-task
were examined. For unequally spaced timepoints (cognitive
assessment or mood), a continuous autoregressive correlation
structure was applied. For summated daily indices (step count
or heart rate), a first-order autoregressive covariance structure
was used.

Diurnal and Weekday Effects
Fixed effects of diurnal variation or weekday were examined
by appending these as additional predictors (fixed effects) to
the best-fitting models. The time of day was treated as a
continuous variable. Weekday was dummy coded from 1 to 7
(1=Monday to 7=Sunday). As in previous work, the quadratic
and linear fixed effects of time of day and day of week were
examined [32]. For measures with variation both in time-of-day
and day-of-week (d-prime and mood), models first examined
the effects of time-of-day and then incorporated weekday effects.

Characterizing Individual N-Back Learning Curves
N-back learning curves were characterized following previously
described methods [52]. This includes (1) the “starting point,”
the level at which performance begins; (2) the “asymptote,” the
theoretically best score achievable toward which task
performance tends with unlimited assessments; (3) the “slope,”
the rate at which learning occurs; and (4) the “learning rate,”
how quickly a prespecified level of performance is reached.

Intercepts extracted for each participant from the best-fitting
mixed model for change over time using the analysis steps
described above were implemented as individual starting points.
These were subtracted from d-prime at each assessment occasion
to provide a baseline-adjusted d-prime. As in previous work,
the data were smoothed [53] by applying a 3-assessment moving
average to the data series, corresponding to the typical number
of assessments per day.

For each individual participant, nonlinear regression was used
to fit an inverse curve (Y=a–(b/X)), yielding personalized

estimates for a (asymptote, the theoretically best score
achievable: as X →∞, Y →a) and b (slope) for baseline adjusted
d-prime (Y) over each consecutive n-back assessment (X). A
90% learning rate was defined as the number of trials required
by each individual participant to reach 90% of their potential
beyond their starting point (Y=0.9a when X=10*b/a) [52]. The
stable maximum d-prime was calculated for participants by
summating their asymptotes and intercepts.

Exploratory correlations of individual asymptotes and slopes
were completed with summary measures from mood and activity
assessments. The data were first examined for normality, and
parametric and nonparametric correlations were completed as
appropriate.

Covariation of Fluctuations With Mood
Fluctuations over time were quantified using random effects.
Residuals derived from the best-fitting hierarchical models
described above, regressing out significant effects of
time-on-task (to control for practice effects), diurnal effects, or
weekday effects as relevant to each outcome measure. Residuals
reflect the deviation of each individual from their own slope at
each moment in time (better or worse, or higher or lower),
quantifying the difference between each observation and what
would be statistically expected. Since all measures, with the
exception of d-prime, reflected overall daily measures, mean
daily residuals for d-prime were computed by averaging d-prime
residuals for each day, providing a consistent time scale for
covariation analyses. Hierarchical models were used to examine
covariation between measures. All models specified a first-order
autoregressive covariance structure and random intercepts.
Diagnostic tests included examination of the normality of
residuals and their spread for each predictor variable.

A step-by-step approach was taken to examine the covariation
of mood with d-prime and other assessment domains. First, a
mixed model was used to predict fluctuations in mood based
on fluctuations within all other domains (fixed effects: d-prime,
activity, and heart rate). Next, the direction of causality was
examined using a time-lagged approach. Analyses examined
whether the fluctuations in mood were predicted by fluctuations
in the predictor variable on the previous or following day. Only
outcome measures that were significant predictors in concurrent
covariation analyses were taken forward and included in the
lagged models.

Analyses were repeated after excluding the period during which
90% of n-back learning took place (computed from individual
participant learning curves), with the exception of participants
who showed no significant slope where all data were included.
This helped to identify correlation between measures after the
influences of task learning were minimized. Where significant
associations with mean daily d-prime fluctuations were seen,
analyses were repeated when constrained only to days in which
3 n-back assessments were available. This aimed to test whether
covariation between d-prime and mood was affected by
regression to the mean (where days with fewer n-back
assessments are likely to show greater variability).

JMIR Ment Health 2024 | vol. 11 | e46895 | p. 4https://mental.jmir.org/2024/1/e46895
(page number not for citation purposes)

Cormack et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Ethical Considerations
The study was reviewed and approved by the Proportionate
Review Sub-Committee of the Wales Research Ethics
Committee at Swansea University (17/WA/0042) and performed
in accordance with the current version of the Declaration of
Helsinki. All participants provided written informed consent
before being enrolled.

Results

Sample Characteristics
The final sample (N=30) included 19 women and 11 men, aged
between 19 and 63 years (mean 37.2, SD 10.4 years). All
participants received antidepressant monotherapy and had been
on their current medication for an average of 9.9 (SD 9.5
months; range 0.4-94.3). Current medications included selective
serotonin reuptake inhibitors (n=20), serotonin and
norepinephrine reuptake inhibitors (n=5), tricyclic
antidepressants (n=4), and serotonin antagonists and reuptake

inhibitors (n=1). The mean depression symptom severity as
measured by the PHQ-9 was 9.1 (SD 3.1; range 5-15).

Modelling Changes in Mood, Cognition, Activity
Levels, and Heart Rate Over 6 Weeks
Model selection statistics and resultant model parameters are
presented in Table S1 in Multimedia Appendix 1. A cubic trend
provided the best fit for change in cognitive performance over
6 weeks. Similarly, a linear trend provided the best fit for
within-subjects change in mood over 6 weeks, in which
depressive symptoms showed a subtle reduction over the course
of the study. Heart rate and activity levels showed no overall
change over time.

Data for d-prime and mood are presented in Figure 1. Here,
individual daily scores (light gray lines) are shown alongside
fitted random effects (bold gray) and the fitted fixed effect
(orange). This illustrates the variability across participants in
the direction and magnitude of change over the 6 weeks and the
remaining variability from these model fits.
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Figure 1. Change over study duration (A) in d-prime (up to 3 daily) is shown on the y-axis, with higher scores equating to better performance and (B)
total mood as reflected by the y-axis (higher scores equate to a more depressed mood): random effects (bold gray lines), fixed effects (orange lines),
model fits, and individual scores (pale gray lines) for individual participants.

Diurnal and Weekday-Related Changes
D-prime showed a significant quadratic effect of time-of-day,
with better performance seen first thing in the morning and later
at night (Figure 2A; time-of-day: estimate=–0.02, SE 0.01;
t=–2.33; P=.02; time-of-day: estimate=0.001, SE 0.0006; t=2.48;

P=.01). The model including time-of-day improved model fit
(fit statistics: Akaike information criterion [AIC]=5952.15,
Bayesian information criterion [BIC]=6019.10, likelihood ratio

χ2=6.16; P=.01). No significant linear or quadratic effect of the
weekday was observed (P≥.15).
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Figure 2. Diurnal and weekday effects in data: (A) Bubble chart of d-prime over time-of-day from early morning until midnight with loess regression
line, with higher scores showing better performance; (B) bubble chart of total mood over time-of-day from noon until evening with loess regression
line, with higher total mood denoting more severe depressive symptoms; (C) total steps taken over weekdays with mean line; and (D) average heart rate
(beats per minute) over weekdays with mean line.

Mood showed a subtle improvement over the course of the day,
which did not reach significance thresholds and did not improve
model fit (Figure 2B; time-of-day: estimate=–0.01, SE 0.006];
P=.06; model fit statistics: AIC=436.22, BIC=476.20, likelihood
ratio=3.55; P=.06). The effects of day-of-week were also not
significant (P≥.14).

Significant changes in activity and heart rate were also found
over weekdays (Figure 2C-2D). Step counts were lower at the
week onset and end (weekday: estimate=3.52, SE=1.50; t=3.52;
P=.004; weekday: estimate=–0.64, SE 0.17; t=–3.66; P=.003).
As expected, including these quadratic weekday effects
improved model fit (fit statistics: AIC=10131.19,
BIC=10166.41, likelihood ratio=–5058.60; P=.002). Similarly,
heart rate showed a subtle quadratic effect of weekday with
lower heart rates recorded on week onset and end (weekday:
estimate=0.01, SE=0.006; t=1.96; P=.05, weekday:
estimate=–0.002, SE=0.0008; t=–1.98; P=.05), with improved

model fit (AIC=–2312.81, BIC=–2272.56, likelihood ratio=3.91;
P=.05).

Characterizing the N-Back Learning Curve
An adequate fit of the inverse learning curve model was seen
for 27 out of 30 participants of whom estimates for both slope
and asymptote were significant (minimum t=2.18; P<.04). In
participants with adequate fit, 90% learning rates were reached
after an average of 22.4 assessments (range 13-31), occurring
after a mean of 10 days (range 6-24). Participants with data
showing poor fit displayed a flatter trajectory and lower slope
over the period of assessment than those with a better fit (Figure
3). Stable maximal d-prime was seen at a mean of 1.94 (range
0.74-2.93), with 4 individuals having maximums within the top
quintile of positive n-back scores (at 2.59 and above) and no
participants with 95% CIs incorporating the highest possible
score.
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Figure 3. Examples of individual learning curves (dark gray lines), and inverse curves for n-back performance (orange line; y=asymptote–(slope/x))
over period of assessment. Asymptotes are shown in black dashed lines, while 90% learning rate is shown in pale gray. Subjects A (slope=2.48) and B
(slope =1.47) show moderate and adequate fit for the inverse curve, while a poor fit is seen for subject C (slope=0.12).

A total of 3 participants did not show a learning effect over the
period of assessment, characterized by a nonsignificant slope.
These participants performed overall above chance in n-back
assessments (mean scores between 0.9 and 1.7), indicating
adequate understanding of test objectives but no clear learning
pattern.

Learning slope and asymptote correlated moderately with one
another (ρ=0.70, 95% CI 0.39-0.84; P<.001), but neither slope
nor asymptote correlated with the intercept (minimum P=.40).
Correlational analysis examining the relationship between
learning parameters and mean mood and activity during the
monitoring period revealed no significant association between
learning slope or asymptote with mean mood (ρ=–0.07 to 0.05;
minimum P=.74), but a significant association emerged with
mean activity (slope: ρ=0.44 [0.05-0.75]; P=.02; asymptote:
ρ=0.45 [0.08-0.68]; P=.02).

Covariation of Fluctuations Between Mood, Cognitive
Function, and Activity
When examining the full assessment period, mood fluctuations
did not significantly covary with fluctuations in daily heart rate
(t=1.2; P=.23), or d-prime (t=–1.8; P=.07). However, daily
mood fluctuations were seen with concurrent fluctuations in
step count (estimate=–0.001, SE 0.0004; t=–3.93; P<.001), with
a relatively higher levels of activity associated with relatively
better mood. Examining the direction of these effects using

lagged models for the entire assessment period revealed that
increased step count the day before was associated with better
mood on the following day (previous day activity residual:
estimate=–0.001, SE 0.0004; t=–2.40; P=.02). However, a
relatively more positive mood did not predict increased activity
on the following day (t=–0.49; P=.62).

Fluctuations between outcome variables and mood were
reexamined after excluding the period during which 90% n-back
learning rates were reached. Daily fluctuations in d-prime
(estimate=–0.06, SE 0.02; t=–2.51; P=.01) and activity
(estimate=–0.002, SE 0.0005; t=–3.50; P<.001) were associated
with fluctuations in mood (Figure 4 shows individual examples
of covariation of mood with d-prime). The covariation of mood
with heart rate was nonsignificant (t=1.74; P=.08). Estimates
and significance levels remained similar after restricting analyses
to days where all 3 n-back assessments were available (d-prime:
estimate=–0.07, SE 0.03; t=–2.57; P=.01; activity:
estimate=–0.002, SE 0.0005; t=–4.42; P<.001). Taking a lagged
approach, but after excluding the learning period, increased step
count was again associated with better mood on the next day
(estimate=–0.001, SE 0.0005; t=–2.00; P=.05). However, a
relatively more positive mood did not predict an increased step
count on the following day (t=–0.34; P=.73). This approach
also indicated that relatively higher d-prime scores were not
associated with better mood on the previous or following day
(t range=0.61 to –0.77; P range=0.44 to 0.72).
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Figure 4. Covariation of daily mood residuals and mean daily d-prime residuals before and after 90% learning level reached (denoted in dashed line)
for 4 participants. Note that mood residuals are inverted, so that higher residuals denote better outcomes for both mood and n-back performance.

Discussion

Principal Results and Comparison With Previous
Work
This study characterizes high-frequency assessments of mood,
cognition, and activity levels over a 6-week period in patients
with MDD. By modelling individual learning curves from
cognitive testing, we show that, after excluding an initial
learning period, Cognition Kit N-Back test performance shows
sensitivity to daily fluctuations in mood. The n-back test showed
rapid early performance improvement followed by more
incremental learning as participants neared a stable performance
level, a trend that is replicated from previous findings for mean
daily data in this sample [38]. This pattern is similar to that seen
in laboratory-based cognitive assessments [53,54] and in practice
effects identified during higher-frequency mobile cognitive
assessments completed over 1 week of testing [22,55].
Participants completed 90% of task learning after a mean of 22
assessments (approximately 10 days after study onset). All
participants achieved this level of improvement after 31
assessments (23 days). As such, a 10-day run-in before the
introduction of any intervention may help to reduce the majority
of learning effects in this n-back task, and subsequent
performance can be referenced relative to an individual’s
learning plateau as a proxy for baseline. Careful consideration
of learning effects may be particularly important in intervention
studies examining temporal associations between symptoms
and accurate digital phenotyping [56]. As such, after the removal
of learning effects, the association between mood and n-back
performance can be objectively measured with a brief 3-times
daily assessment. After excluding the initial learning period

from the analysis, we found that better mood was associated
with higher n-back scores on measurements taken on the same
day. This approach demonstrates a potential method to
“baseline” individual performance in high-frequency
assessments after their learning plateau is reached in order to
disentangle clinically meaningful relationships between mood
and cognition. The absence of a significant relationship between
mood and n-back performance during the learning period could
be attributable to the development of specific learning strategies
applied by participants during the learning phase [57,58] that
obscure the relationship between mood and cognition.

Indeed, experimental studies have shown better cognitive
performance when a positive mood is induced [59-61], although
findings are not always consistent (eg, Nusbaum et al [62]). In
the case of the latter study [62], this may be due to an
examination of cognitive flexibility as opposed to working
memory, as these may have distinct underlying mechanisms
contributing toward overall cognitive performance [63].
Working memory impairments in patients with depression have
been widely observed and are associated with the number of
hospitalizations and the overall prognosis [64,65]. Performance
in this domain is associated with negative symptom severity,
including lack of motivation and apathy [66], in addition to
positive valence [60]. In this study, changes may represent
longer-term improvements in response to existing treatment
regimens or may reflect the natural history of remission and
fluctuating symptom levels commonly reported in depression
[67]. It has been suggested that enhanced patient understanding
of mood and mood changes over time may help to improve
depressive symptoms and their management [68,69]. Whether
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these methods themselves have an impact on mood over time
requires further clarification [70].

When examining diurnal and weekday effects, participants
showed modestly better cognitive test performance early in the
morning and late at night, with a slight decrease in function
throughout the middle parts of the day. These findings are in
agreement with the reported “afternoon slump” in cognition in
healthy adults [71]. Neither diurnal nor day-of-week effects on
mood were seen, in contrast to previous reports [31,34].
However, in broad agreement with previous research [35,36],
we identified day-of-week effects for activity levels as measured
by step count and similar patterns in mean heart rate. Step counts
showed a quadratic effect of day of week, with lower counts
registered at the beginning and end of each week. These findings
highlight the importance of carefully considering the timing of
assessments to ensure consistency in data sampling and control
trends in data over time. Longer-term trends in mood data
independent of any treatment effects highlight the importance
of adequately controlling for subtle overall trends in time in
future interventional studies, ideally using a randomized design
and a placebo-controlled comparison group. Using a multilevel
modeling approach, we were able to examine whether mood
fluctuated synchronously with other measures of interest over
time. We identified covariations in mood and activity levels, in
keeping with a body of research showing improvements in
depression symptoms with exercise [72,73], or simple walking
interventions [74]. Our results show that a relatively increased
mood was associated with a relatively increased step count on
the previous day (but not the following day), which indicated
that the beneficial effects of exercise on well-being may well
be protracted [75].

Limitations
While associations between activity levels (step count), mood,
and cognition were identified, step counts are likely to have

been influenced by wearing patterns [38], thereby reducing the
reliability of the data. The summarized daily step counts also
fail to elucidate whether activity was acute or prolonged,
vigorous, or light, and the exact timing of activity changes in
relation to mood and cognitive assessments. Accelerometers
can help to continuously monitor activity, and concurrent GPS
and travel diary information has been found to help to classify
and identify the duration of walking [76]. Previous studies have
examined associations between physical activity on mood in
assessments triggered through GPS distance tracking [77,78],
a method that could be used to refine the timing and accuracy
of activity assessments in this context. Additionally, since this
study focused on patients with mild-to-moderate MDD who
volunteered for participation, it is unclear whether the results
would generalize to patients with different clinical severity.

Conclusions
This study indicates the importance of incorporating objective
measures of cognitive testing and provides insight into
fluctuations in mood and cognition in patients with MDD. The
feasibility of remote high-frequency testing in MDD is
promising for future research in this field and has important
implications for clinical interventions. While these methods can
be used to monitor nuanced fluctuations between mood and
cognition in a real-life setting, they may also be useful as a
treatment tool. Understanding objective cognitive function in
depression may also be used to target patients’ acceptance of
their objective difficulties in cognition and may be particularly
relevant for interventions such as CBT and mindfulness [79].
Overall, while assessments of activity need to be further refined
and improved, the effects of step count on mood and cognition
support the concurrent capture of data on activity, which may
be an important contributor to variations in mood and changes
in cognition in everyday life in patients with depression.
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