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Abstract: Self-report questionnaires, used for detecting major depressive disorder
(MDD) in daily life, may incur biases stemming from social desirability and repetitive
answers. Though detection based on mobile sensing was being developed recently,
it cannot sufficiently promote self-help action due to the characteristics of passive feed-
back. Thus, an active self-monitoring and feedback system is crucial for individuals to
recognize and address theirmalfunctions. In this study, we proposed to predict changes
in MDD severity using cognitive tasks monitored on mobile devices. An online survey
was conducted to evaluate the severity, incorporating cognitive tasks such as Navon
task, Go/No-go task, and n-back task, along with the Quick Inventory of Depressive
Symptomatology. Participants completed the survey three times on their mobile
devices. The analysis included data from 75 participants, including 21 participants
whoseMDD score increased by at least one point during the second and third surveys;
the first survey was excluded to avoid confounding effects. A random forest classifier
was employed for classifying participants whose depression has and has not wors-
ened. The learned model achieved modest accuracy (68.3%) with a significant mean
area under the curve of 0.59 (t(9) = 2.98, p = .016, dz = 0.94), suggesting the potential
to predict depressive states based on cognitive domains. Moreover, working memory
and attentional inhibition functions contributed to predicting the severity changemostly.
Though improvements are required to reduce false negatives for practical applications,
our result suggests thatMDD aggravation could be assessed bymobile cognitive tasks.
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Depressive disorder remains a major problem
worldwide that impacts individual well-being
and socioeconomic situations. Considering the
prognosis after treatment, depressive disorder
needs to be detected more accurately and ear-
lier before it becomes more severe (Cacheda
et al., 2019). At present, several self-reported
questionnaires have been used to detect depres-
sion (Lamoureux et al., 2010; Radloff, 1977).

However, these methods have limitations, as
subjective complaints are prone to over-
estimation or underestimation compared to
objectively measured symptoms (Pavlova &
Uher, 2020). In addition, the variability
resulting from repeated self-measurement is sig-
nificant (Long et al., 2020), so it is considered
unsuitable for repeated daily assessment. Also,
except for occasions such as annual health
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checkups, the questionnaires are often com-
pleted only after the awareness of the depres-
sive symptoms, which is not suitable for early
detection. On the other hand, behavioral
changes (Seppälä et al., 2019), physiological
changes (Moretta & Benvenuti, 2022), or cogni-
tive function decline (LeMoult & Gotlib, 2019;
X. Wang et al., 2020) caused by depression can
be used to evaluate depression objectively. It is
argued that the explicit nature of self-reports
makes them susceptible to various biases
(Hunt et al., 2003); thus, integrating data-driven
tools and advanced data analysis techniques,
such as behavioral and neurophysiological
assessments, would be beneficial for enhancing
the accuracy of psychiatric diagnostic processes
(Richter, Fishbain, Fruchter, et al., 2021). By
acknowledging the potential biases associated
with subjective measures like self-reported
assessments, it is possible to enhance overall
predictive accuracy by complementing subjec-
tive evaluations with objective assessments.
This study recognizes the important role that
subjective scales play in understanding an indi-
vidual’s condition, while also proposing
that integrating objective assessments can help
mitigate the biases inherent in repeated subjec-
tive evaluations and can provide a com-
plementary role.

There have been many attempts to detect
such changes using devices such as
smartphones. Seppälä et al. (2019) reported
the effectiveness of mobile devices in detecting
mental illness through themeta-analysis of stud-
ies investigating the relationship between
depression and either physiological or behav-
ioral data monitored from smartphone usage
or wearable sensors. However, merely detecting
depression through behavioral logs or sensors
and providing feedback is insufficient to pro-
mote self-help behavior in individuals because
these results are passive for people (Bauer
et al., 2020; BinDhim et al., 2015). Active self-
monitoring by individuals is crucial for seeing a
doctor and stress-management behaviors (Bos
et al., 2015; van Os et al., 2017). Therefore, it is
necessary to create a system that provides feed-
back to individuals to detect their malfunctions

for prevention, not only depending on
passive data.

The question arises: Is there any objective
indicator that can make us aware of such a
decline? As mentioned, the decline in cognitive
function serves as a suitable index. Depression
symptoms are strongly associated with cognitive
impairment led by dysfunction of the brain:
attention, executive function, memory,
processing speed, poor concentration, and
impaired attention (Ahern & Semkovska,
2017; Henriques & Davidson, 1997; Semkovska
et al., 2019). For example, Richter et al. (2020)
and Richter, Fishbain, Fruchter, et al. (2021)
attempted to predict depression using cognitive
tasks and built a highly accurate model. How-
ever, this study is only laboratory-based and
did not capture longitudinal changes in real-life
situations. For daily depression screening, tools
must be less burdensome and usable regardless
of location or time. Although Cormack et al.
(2019) proposed measuring cognitive tasks and
depressed mood in daily life via smartwatch
applications to support patient treatment and
remediation, no paper has yet attempted
depression detection using this method.

As explained thus far, depressive symptoms
are difficult to recognize and often go untreated
until they become severe. Our proposed
method aims to detect depression at an early
stage and promote self-help behaviors. While
many neuropsychological tests directly measure
cognitive function, they are typically conducted
in medical or laboratory settings, are time-
consuming, and are rarely used for daily mea-
surements. Therefore, if it becomes possible to
measuremild cognitive decline daily, like a ther-
mometer, it could serve as a tool to quickly
become aware of one’s mental state. For this
purpose, making predictions from data col-
lected in an environment similar to a real-life sit-
uation would be valuable. The goal of this study
is to create a predictor of changes in depressive
symptoms using daily-measured cognitive func-
tion data. This approach involves measuring the
decline in cognitive function that leads to
depressive symptoms based on changes in brain
condition. Instead of examining the state at a
single point, a series of three surveys was
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conducted, and the values from the second sur-
vey onwards and their difference values were
collected to make more dynamic predictions.
Additionally, to facilitate the practical applica-
tion of cognitive tasks in predicting depressive
states in real-world settings, it is essential for
the model to be robust against “noisy” data.
Therefore, the goal should be developing a pre-
dictive model capable of effectively predicting
depressive states without the need for a con-
trolled environment.

Utilizingmachine learning with a random for-
est classifier, we constructed a model composed
of three cognitive functions to detect depres-
sion. The outcome of this study may help
develop screening and preventive tools for
depression in daily life. The present study
attempted to create a predictive model for
depression exacerbation using cognitive func-
tions related to impaired function due to mental
illness through three simple cognitive tasks via
smartphones and tablets. The Navon, Go/No-
go, and n-back tasks were employed for the cog-
nitive tasks. These tasks were selected because
the cognitive functions that can be assessed
using them are closely related to MDD: the
Navon task to assess the tendency to prioritize
processing at the global level (de Fockert &
Cooper, 2014), the Go/No-go task to measure
attentional inhibition (Kaiser et al., 2003), and
the n-back task to evaluate working memory
(Nikolin et al., 2021; Rose & Ebmeier, 2006).
In order to provide a practical tool for the early
detection of depression in the real world, we
tested whether short-term measures of cogni-
tive function can effectively predict long-term
depressive tendencies.

Method

Participants

One hundred and twenty-one people partici-
pated in our survey through Crowdworks
(https://crowdworks.jp/). In the three surveys,
127 participants completed the first survey,
125 completed the second survey, and 121 com-
pleted the third survey. We decided on the sam-
ple size based on the previous research

(Richter, Fishbain, Fruchter, et al., 2021; Rich-
ter, Fishbain, Richter-Levin, & Okon-Singer,
2021), following the guideline of sample size
determination (Lakens, 2022). We primarily
recruited workers because mental health issues
are most prevalent in the working-age popula-
tion (Ministry of Health, Labour, and Welfare
of Japan, 2017). The collected data were
excluded based on the following predetermined
criteria detailed below. The number of valid
samples was 75, including 36 males and
39 females, aged between 22 and 60 years
(M = 40.41 years, SD = 8.91 years). Exclusions
were as follows: two participants due to data
mismatch caused by code miss-entry, four par-
ticipants with the same IP address as another
participant, one participant who respondedwith
“did not understand” to any of the cognitive
tasks, three participants who incorrectly
answered a control question, and 36 participants
with at least one outlier in each cognitive task.
The data-reduction process is detailed in the
Supplementary Methods in Data S1.

Procedure

The study consisted of three surveys, and partic-
ipants were required to complete all three. Only
in the first survey did participants select their
age, sex, and employment status at the begin-
ning. Each survey involved performing four
cognitive tasks in random order, followed by
the Quick Inventory of Depressive Symptom-
atology, Japanese version (QIDS-J). The tasks
included multiple objects tracking (MOT),
Navon task, Go/No-go task, and n-back task.
The entire survey took approximately 50 min.
Data acquisition occurred during three periods
as follows: the first survey from February 14 to
16, 2022; the second survey from February
17 to 18; and the third survey from March
14 to 15. Details on equipment are provided in
Supplementary Methods in Data S1.

Measurement

Questionnaire. The QIDS-J is a 16-item
self-report rating scale assessing the severity of
depression. It also corresponds to the diagnostic
criteria for major depressive disorder
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(American Psychiatric Association, 2000). The
internal validity of theQIDS-J has been demon-
strated by a Cronbach’s alpha coefficient of .86
(Rush et al., 2003). In our sample, the
Cronbach’s alphas were .89 in the second survey
and .87 in the third survey. We calculated the
change in QIDS-J scores from the second to
the third survey and used a cutoff point of an
increase of one point. In this study, we adopted
a smaller cutoff value than the clinical threshold
(e.g., 3.5; McIntyre et al., 2021) to achieve the
goal of predicting the risk of worsening depres-
sion in advance.

Cognitive tasks. Cognitive tasks were con-
structed using PsychoPy (Ver. 2020.2) and
administered via Pavlovia (https://pavlovia.org/)
from the participant’s device. Too quick
responses of less than 100mswere treated as false
responses. The detailed information on each task
is shown in Supplementary Methods in Data S1.

1. In the Navon task, eight Navon stimuli were
created using the target stimuli alphabet letters H
and F and the other alphabet letters L and T
(Figure S1). Participants were instructed to press
the “H” button if the stimulus made up an H or if
it consisted of small Hs, and the same rule was
also applied to “F.” Sixty-four trials (eight by
eight stimuli) were conducted in random order
(Figure 1A).

2. In the Go/No-go task, there were
target alphabet letters F and J, and non-target
P and T, and each letter was presented every
1,500 ms in random order. Participants were
only asked to press the reaction button when
they saw the target. The button was active for
1,000 ms after the stimulus was displayed. There
were 200 trials, and the four alphabet letters
appeared at equal rates (Figure 1B).

3. The n-back task consisted of three sets:
n = 0, 1, 2. In one set, 25 numbers from0 to 9were
displayed one by one with 2,000-ms intervals. Par-
ticipants needed to press the reaction button in
the following cases: in n = 0, when “3” was pres-
ented, and in n = 1, 2 if the number was the same
as that presented one or two before it. In each

condition, five out of 25 numbers were targets
(Figure 1C).

Several studies have shown that data from
online cognitive tasks can yield performance
and effect sizes comparable to those from labora-
tory experiments (Crump et al., 2013; Sauter
et al., 2022).At the same time, it has been pointed
out that it is difficult to control the experimental
situation in online experiments, and there is a risk
that the variance of the data may increase and
outliers may be easily observed (Gagné &
Franzen, 2023). Since the goal of this study was
to assess depression through cognitive tasks in
daily life, we did not restrict the surrounding envi-
ronment in which participants took part in the
study. We set explicit limits on the devices used
by the participants (i.e., smartphones or tablets,
see Data S1 for details).

In addition, we emphatically instructed the
participants to keep the screen in portrait orien-
tation during the task and not to interrupt other
tasks in the middle of the task. We checked
through practice whether the participants
understood the instructions. We conducted rig-
orous data screening before the analysis (see
Data S1 for details).

Analysis

Calculation of cognitive task scores. In
the Navon task, the positive reaction time in
the global condition was subtracted from the
positive reaction time in the local condition to
obtain an index of attentional focus. The smaller
this index of attentional focus is, the narrower
the attentional range becomes. In the Go/No-
go task, commission error on No-go trials, omis-
sion error, and reaction time on the Go trials
were calculated for all trials. In the 0-, 1-, and
2-back tasks, the number of hits (the number
of trials in which the participant responded cor-
rectly to the target stimulus ≤5) and the average
reaction time in hit trials were computed,
respectively. The performance and standard
deviation in the third survey as well as the differ-
ence between the second and third
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Figure 1
Paradigms of cognitive tasks.

Note. (A) Navon task. Navon stimuli composed of smaller letters forming larger ones are presented on the
screen. Participants identified letters (“H” or “F”) within global letters or smaller components. (B) Go/No-go task.
The alphabet stimuli are sequentially presented at 1-s intervals in a random order. Participants respond to “F” or
“J” quickly by touching a button on the screen; they avoid responding to other letters. (C) N-back task. The single-
digit stimuli are sequentially presented at 2-s intervals. Participants detect the number “3” (0-back), which
matches the one before (1-back) or two before (2-back) in a sequence of presented numbers.
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performance were used as features for each
indicator.

Statistical analysis. Instead of using data
from a single survey, changes between two sur-
veys were analyzed. Data from the second and
third surveys were analyzed to account for the
training effect of the cognitive task and to utilize
the performance and their variability as fea-
tures. The analysis was performed using scikit-
learn (Ver. 1.1.2) in Python (Ver. 3.8.5). Ran-
dom Forest (Breiman, 2001) was used to predict
the change in the depressive score. First, the
data from 75 participants were randomly split
into training sets (60% of the data) and test sets
(40% of the data) with no overlapping. Parame-
ter tuning and training were performed on the
training data (45 participants). To identify the
optimal hyperparameters, we conducted a grid
search with cross-validation to tune the maxi-
mum depth of trees, the number of trees in the
forest, and the number of features to contem-
plate when seeking the best division. Then, a
random forest classification model was trained,
given the selected parameters. The trained
model was fitted to the test data (30 partici-
pants). The diagnostic results from the ques-
tionnaires were considered the ground truth,
and the accuracy of the predicted diagnoses
from the model was calculated. This process
was repeated 10 times with different data splits.
To evaluate model accuracy, we calculated the
area under the receiver–operator curve
(AUC) for a binary classifier. The AUC mea-
sures the model’s ability to distinguish between
classes, with values ranging from 0.5 (random)
to 1 (perfect). This metric is particularly useful
for imbalanced datasets.

Ethics

We obtained the approval of the Research
Ethics Review Committee of the Division of
Education, the Graduate School of Human Sci-
ences, Osaka University (23017R). Informed
consent was obtained from all participants
through the recruitment page on Crowdworks.

Results

Demographic Results

Tables 1 and 2 provide sociodemographic and
clinical scores by group, and Figure 2 shows
the trajectory of QIDS-J scores across three sur-
veys. In the first survey’s QIDS-J scores, there
was no significant difference based on gender
(t(72.8) = 0.14, p = .890, dz = 0.03). Similarly,
no significant differences were observed based
on age groups (F(4, 71) = 1.43, p = .233,
ηp2 = .08) or employment status (F(3, 71)
= 1.48, p = .228, ηp2 = .06).

The Results of Cognitive Measures

Table 3 illustrates the average data values col-
lected during the initial survey of representative
cognitive task indices. No significant differences
were observed between individuals with and
without worsening severity of depressive
symptoms in any of the examined vari-
ables (ps > .10).

The Performance of the Random

Forest Model

Among the 75 analyzed participants, 21 had an
exacerbation in QIDS-J scores of one or more
points over the approximately 1-month survey
interval. The random forest classifier algorithm
demonstrated an accuracy of 68.3%. The AUC
across iterations was significantly higher than

Table 1
Mean and standard deviations of demographic
information for each group

Group
Depressive
(N = 21)

Non-
depressive
(N = 54)

Sex 10 female
(47.6%)

29 female
(53.7%)

Age (years) 41.3
[�10.1]

40.1 [�8.5]

1st QIDS-J score 6.1 [�3.8] 6.1 [�5.1]
2nd QIDS-J score 4.9 [�4.0] 5.8 [�5.3]
3rd QIDS-J score 7.1 [�4.0] 4.5 [�4.9]
Difference value of
QIDS-J score

2.2 [�1.8] −1.3 [�1.7]

Note. QIDS-J = Quick Inventory of Depressive
Symptomatology.
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the chance level (mean AUC = 0.59, t(9)
= 2.98, p = .016, dz = 0.94, Figure 3). We also
constructed another model including the base-
line depression severity and sociodemographic

variables, but the performance did not improve
(see Data S1).
Additionally, our analysis revealed the mar-

ginal contribution of each behavioral measure
derived from the input (Figure 4). The most
contributing feature was the standard deviation
(SD) of reaction times in the 2-back task, which
measures the working memory. This was
followed by mean reaction time in the 2-back
task, the local condition of the Navon task, and
the 1-back task. The features of importance dif-
fered depending on the model, and the results
needed to be more consistent.

Discussion

In the present study, we developed a predictive
model to detect an increase in theQIDS-J score,
an indicator of MDD status, based on partici-
pants’ aggregated performances and changes
in several cognitive tasks. This study revealed
a substantial number of false negatives, so it
did not achieve high accuracy. According to

Šimundi�c (2009), an AUC of 0.59 falls just

Table 2
Mean and standard deviations (SDs) of demographic and clinical scores by group

Sample
size Ratio

1st QIDS-J
average
[�SD]

2nd QIDS-J
average
[�SD]

3rd QIDS-J
average
[�SD]

Difference value
of QIDS-J
score [�SD]

Total
All 75 100.00% 6.1 [� 4.7] 6.1 [� 5.0] 5.2 [� 4.8] −0.3 [� 2.3]

Age (years)
20–29 10 13.30% 8.0 [� 3.8] 7.4 [� 4.0] 7.3 [� 4.5] −0.1 [� 3.3]
30–39 22 29.30% 6.4 [� 4.5] 5.2 [� 4.4] 4.6 [� 4.2] −0.6 [� 2.2]
40–49 29 38.70% 6.4 [� 5.3] 6.1 [� 5.8] 5.6 [� 5.5] −0.5 [� 1.8]
50–60 14 18.70% 3.6 [� 3.8] 3.4 [� 4.3] 3.9 [� 4.2] 0.5 [� 2.7]

Sex
Male 36 48.00% 6.0 [� 4.7] 5.1 [� 4.9] 5.0 [� 4.7] −0.1 [� 2.4]
Female 39 52.00% 6.2 [� 4.8] 5.9 [� 5.1] 5.4 [� 4.9] −0.5 [� 2.2]

Employment status
Employee 19 25.30% 5.4 [� 5.4] 5.4 [� 5.9] 5.1 [� 5.4] −0.3 [� 2.8]
Part-time job 15 20.00% 6.6 [� 4.0] 5.1 [� 4.1] 5.0 [� 3.4] −0.1 [� 2.0]
Self-

employment/
Freelance

33 44.00% 5.5 [� 3.9] 4.5 [� 3.5] 4.2 [� 3.7] −0.4 [� 2.4]

Other 8 10.70% 9.1 [� 7.0] 10.6 [� 6.9] 10.1 [� 7.0] −0.5 [� 1.7]

Note. QIDS-J = Quick Inventory of Depressive Symptomatology.

Figure 2
Transition of Quick Inventory of Depressive Symp-
tomatology (QIDS-J) scores.

Note. The red line represents the average score. The
gray lines represent individual participants’ data.
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below the “sufficient” range, which suggests that
the diagnostic performance is relatively low.
Furthermore, our findings did not achieve the
accuracy reported by Richter et al. (2020) and
Richter, Fishbain, Fruchter, et al. (2021) in lab-
oratory experiments. However, it is also true
that our results (AUC = 0.59) surpassed chance
levels. Possibly, with future revisions, there
remains the potential to predict depression to
some extent even from “noisy” data collected
in real-world mobile-based settings.

Compared with previous studies (Richter
et al., 2020; Richter, Fishbain, Fruchter, et al.,
2021), which primarily consist of laboratory
experiments with a predominantly young partic-
ipant demographic, although not attaining an
equivalent level of performance, this study pro-
vided suggestive evidence for the potential fea-
sibility of prediction using data derived from
real-world situations. In addition, our study
has confronted the issue of data imbalance. A
potential future direction could involve targeted
sampling of individuals diagnosed with
depression. Furthermore, as the foremost issue,
the current algorithms must be revised to

identify true positives correctly. One contribut-
ing factor to the limited efficacy of true positive
detection in this investigation is the deliberate

Table 3
The first survey’s mean and standard deviations (SDs) of cognitive scores

Depressive
Non-
depressive

t-
value

p-
value

N 21 54
QIDS-J 6.1 [�3.7] 6.1 [�5.1] 0.02 1
Navon In Global

condition
RT 1040.4 [�185.4] 1043.3 [�297.9]

Navon In Local
condition

RT 1101.5 [�158.3] 1039.6 [�228.5] 0.05 1

Go/No-
go

FA
count

*Max = 100 3.9 [�2.6] 4.2 [�4.7] 0.39 1

Go/No-
go

RT 488.4 [�36] 494.6 [�46.0] 0.61 1

n-back (0-back) FA
count

*Max = 20 0.2 [�0.6] 0.5 [�2.5] 0.72 1

n-back (0-back) RT 569.3 [�156.5] 560.3 [�168.9] 0.56 1
n-back (1-back) FA

count
*Max = 20 0.1 [�0.4] 0 [�0.1] 0.79 1

n-back (1-back) RT 630.9 [�101.8] 611 [�127.1] 0.69 1
n-back (2-back) FA

count
*Max = 20 0.4 [�0.6] 0.4 [�0.6] 0.42 1

n-back (2-back) RT 743 [�212.9] 796.3 [�163.6] 0.42 1

Note. The p-values were corrected using the Holmmethod. QIDS-J=Quick Inventory of Depressive Symptom-
atology; RT = reaction time; FA = false alarm.

Figure 3
Receiver–operator curve (ROC).

Note. The blue line represents the ROCplotted based
on the average estimated class probabilities across
10modeling iterations. The red dashed line serves as
a reference point for the performance of a classifier
that classifies the condition entirely at random.
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decision not to customize predictions to individ-
ual idiosyncrasies. To achieve pragmatic predic-
tive efficacy, it is advisable to formulate a
predictive model tailored to each individual’s
characteristics (Aalbers et al., 2023). Given the
inherent diversity in cognitive task performance
across individuals, establishing a universal clas-
sification threshold presents challenges of con-
siderable magnitude. Moreover, in other
studies, classification modeling utilizing behav-
ioral logs has also been conducted (R. Wang
et al., 2018), and by combining these
approaches, it may be possible to enhance the
detection performance of true positives.

Measures from the 2-back task and theNavon
task contributed to the classification prediction
in this model. This finding suggests that working
memory and attentional focus impacted mental
state fluctuations. Unexpectedly, the differen-
tial values of the cognitive indicators contrib-
uted relatively little. Regarding this matter, the
assessment of 2-point variations may not have
fully captured the fluctuations in cognitive

function. In the future, it will be imperative to
accumulate cognitive function data longitudi-
nally from the same cohort of participants to
enhance the precision of cognitive decline
extraction. Furthermore, the feature impor-
tance ranking needed to be more consistent,
depending on the bias due to splitting the train-
ing and testing data. In light of these results, it
can be speculated that a diverse range of cogni-
tive measures are involved in the prediction,
and it is desirable to develop a comprehensive
tool that can measure a variety of cognitive
functions to predict MDD severity more easily.
To enhance predictive performance in forth-

coming endeavors, it is essential to address
real-world data noise, which necessitates adapt-
able preprocessing and robust data infrastruc-
ture. Given device-related impacts on
cognitive tasks, developing data-efficient appli-
cations for stable collection is anticipated.
Despite the challenges associated with device
variability, the ultimate goal of this study is to
ensure predictability across devices.

Figure 4
Mean marginal contribution of each behavioral measure.

Note. The importance values were derived from the Gini impurity reduction criterion employed during con-
struction of decision trees within the random forest ensemble. The Gini impurity is a measure of the degree of
disorder in a set of data points, where lower values indicate a purer distribution of classes. The Gini impurity
reduction resulting from each feature’s use in decision splits is accumulated during the tree construction pro-
cess. The greater the reduction, the more influential the feature is. NV = Navon task; GN = Go/No-go task;
1B = 1-back task; 2B = 2-back task; CR = correct rate; RT = reaction time; d = difference value between the
second and third performances.
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Considering participant fatigue, task refinement
for shorter assessments is required, along with
the development of composite tasks assessing
diverse cognitive functions, possibly integrating
gamification (Jamaludin et al., 2021).

Study Limitations and Future Directions

This study has several limitations. The first point
is the absence of a clear gold standard for
depression diagnosis (Richter, Fishbain,
Richter-Levin, & Okon-Singer, 2021). This sig-
nifies that self-report bias is inherent in
questionnaire-based assessments. In this study,
we constructed a predictive model utilizing data
derived from the depression questionnaire. For
subsequent model validation, it is advisable to
incorporate datasets consisting of individuals
diagnosed through clinical interviews. The sec-
ond point concerns the influence of participant
fatigue resulting from survey engagement. To
mitigate such effects, the strategic integration
of technologies like gamification into the assess-
ment methodologies assumes paramount
importance, offering not only conciseness but
also an engaging experience that counters the
impact of fatigue. Third, we did not assess indi-
vidual characteristics and lifestyle habits, which
might be considered confounding factors for
cognitive dysfunctions. However, the previous
evidence suggests that cognitive dysfunction
may have a specific impact on depression, even
considering other factors (Richter, Fishbain,
Richter-Levin, & Okon-Singer, 2021). There-
fore, we think that we can ignore this problem
here to some extent.

Conclusions

In this study, we developed a predictive model
for detecting an increase in depression scores
using real-world mobile-based data and found
the key predictors might include working mem-
ory and attentional focus. However, the model
had a high rate of false negatives and an AUC
of 0.59, which was not superior to a previous
laboratory-centric study. This finding highlights
the importance of developing more effective
mobile tools and constructing more practical

models for predicting MDD severity change
based on cognitive dysfunctions in real life.
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