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Abstract

Background: Knowing a student’s depressive symptoms can facilitate significantly more precise diagnosis and treatment. But
very few studies focused on depressive symptom predictions through unobtrusive systems and these studies are limited by
smaller sample sizes, lower performance, and the requirement for higher resources. Besides, it is unexplored whether there exist
statistically significant rhythms based on different app usage behavioral markers (e.g., app usage sessions) which could be
potential in finding subtle differences to predict with higher accuracy like the models based on rhythms of physiological data.

Objective: The main objective of this study is to explore whether there exist statistically significant rhythms in resource-
insensitive app usage behavioral markers and predict depressive symptoms through these markers-based rhythmic features.
Another objective of this study is to understand whether there is a potential link between rhythmic features and depressive
symptoms.

Methods: Through a countrywide study, we collected 2952 students’ raw app usage data and responses to the 9 depressive
symptoms of the Patient Health Questionnaire (PHQ-9). The students’ app usage behavioral data were retrieved through our
developed tool which was previously used in our pilot studies in Bangladesh on different research problems. To explore whether
there is a rhythm based on app usage data, we will do a zero-amplitude test. Additionally, we will develop a cosinor model for
each participant to extract the rhythmic parameters (e.g., acrophase). Besides, to get a comprehensive picture of the rhythms, we
will explore the non-parametric rhythmic features (e.g., interdaily stability) as well. Apart from these, we will do a regression
analysis to understand the association of rhythmic features with depressive symptoms. Finally, we will develop a personalized
multi-task learning (MTL) framework to predict symptoms through rhythmic features.

Results: After excluding participants to satisfy different requirements (e.g., having app usage data of at least 2 days to explore
rhythmicity), 2902 students’ are kept for analysis where there are 24.48 million app usage events data and 7 days’ app usage
data of 98.17% (n=2849) students. The participants were from all divisions of Bangladesh, both public and private universities,
52 different departments, and 19 different universities of Bangladesh. We are analyzing the data and will be publishing the
findings in a peer-reviewed venue.

Conclusions: Having an in-depth understanding of the app usage rhythms and their connection with depressive symptoms
through a countrywide study can significantly help healthcare professionals and researchers to better understand depressed
students and may create possibilities for using app usage-based rhythms for intervention. Additionally, the MTL framework
based on app usage rhythmic features may more accurately predict the symptoms due to the rhythms' capability to find subtle
differences.
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Abstract
Background:  Knowing a student’s depressive symptoms could facilitate significantly more precise diagnosis
and treatment. However, very few studies focused on depressive symptom predictions through unobtrusive
systems, and these studies are limited by smaller sample sizes, lower performance, and the requirement for
higher  resources.  Besides,  it  is  unexplored  whether  there  exist  statistically  significant  rhythms based  on
different app usage behavioral markers (e.g., app usage sessions) which could be potential in finding subtle
differences to predict with higher accuracy like the models based on rhythms of physiological data.
Objective: The main objective of this study is to explore whether there exist statistically significant rhythms
in resource-insensitive app usage behavioral markers and predict depressive symptoms through these markers-
based rhythmic features. Another objective of this study is to understand whether there is a potential link
between rhythmic features and depressive symptoms.
Methods: Through a countrywide study, we collected 2952 students’ raw app usage data and responses to the
9 depressive symptoms of the Patient Health Questionnaire (PHQ-9). The students’ app usage behavioral data
were retrieved through our developed tool which was previously used in our pilot studies in Bangladesh on
different research problems. To explore whether there is a rhythm based on app usage data, we will do a zero-
amplitude test.  Additionally, we will  develop a cosinor model for each participant to extract the rhythmic
parameters (e.g., acrophase). Besides, to get a comprehensive picture of the rhythms, we will explore the non-
parametric rhythmic features (e.g.,  interdaily stability) as well.  Apart from these, we will  do a regression
analysis  to  understand  the  association  of  rhythmic  features  with  depressive  symptoms.  Finally,  we  will
develop a personalized multi-task learning (MTL) framework to predict symptoms through rhythmic features.
Results: After excluding participants to satisfy different requirements (e.g., having app usage data of at least 2
days to explore rhythmicity), 2902 students’ data are kept for analysis where there are 24.48 million app usage
events data and 7 days’ app usage data of 98.17% (n=2849) students. The participants were from all divisions
of Bangladesh, both public and private universities, 52 different departments, and 19 different universities. We
are analyzing the data and will be publishing the findings in a peer-reviewed venue.
Conclusions:  Having  an  in-depth  understanding  of  the  app  usage  rhythms  and  their  connection  with
depressive  symptoms  through  a  countrywide  study  can  significantly  help  healthcare  professionals  and
researchers to better understand depressed students and may create possibilities for using app usage-based
rhythms for intervention. Additionally, the MTL framework based on app usage rhythmic features may more
accurately predict the symptoms due to the rhythms' capability to find subtle differences.

Keywords:  Depressive  symptoms,  app-usage  rhythm,  behavioral  markers,  personalization,  multi-task
learning framework.
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Introduction

Background

The need for the identification of depressive symptoms

On every 40 seconds, a person commits suicide and there are more than 20 attempts globally [1].
Among suicide attempters,  major  depressive disorder (MDD) is  common [3] and people having
MDD are at greater risk of suicidality [2]. Despite these facts, there is a significant lack of taking
steps to mitigate depression due to which the depression rate is increasing. In fact, it is estimated that
depression will rank first as a global burden of disease by 2030 [4]. Additionally, due to the COVID-
19 pandemic, a significantly higher number of people faced MDD [5], and such a negative impact
may persist  for a prolonged period.  In Bangladesh,  the depression prevalence is  higher than the
overall  rate  in  South  Asia  [10].  Compared  to  Bangladeshi  people  of  any other  professions,  the
depression  rate  (e.g.,  82.4%  of  students  have  at  least  mild  depression  [42])  is  higher  among
university students [6] which is alarming. 

To significantly facilitate early intervention to mitigate depression, there is an urgent need for its
early identification [9]. A person is identified as depressed if symptoms (e.g., hopelessness) appear
for a time period such as most days for a minimum of 14 days [39, 40]. However, it is difficult to
precisely assess depressive symptoms [96]. In fact, primary care providers fail to identify depression
in more than 50% of cases [13, 14]. Knowing the depressive symptoms (e.g., 9 symptoms of the
PHQ-9 scale [8]) of a person in real-time can facilitate mental healthcare professionals significantly
to understand the illness more precisely, to early identify depression, and take steps accordingly for
intervention.

Pervasive health research in low and middle-income countries

Despite the fact that over 80% of depression’s burden is found in low and middle-income countries
(LMICs)  [7],  there  remains  a  severe  scarcity  of  mental  healthcare  professionals  in  LMICs.  In
Bangladesh, there are only 565 psychologists [10] though it has a population of over 165 million [12]
and  1.234  million  university  students  [11].  In  these  cases,  a  pervasive  technology  such  as  a
smartphone-based monitoring system can play a significant role which is available to a large number
of  people  of  LMICs  [43]  Additionally,  to  minimize  the  barriers  to  healthcare  facilities  in  low-
resource settings, AI-based mobile applications can be potential [41]. However, almost all of the
studies that demonstrated the pervasive technology-based automated system to identify depression
have been conducted in the context of high-income countries. For instance, all of the studies which
have been included in a recent systematic review are from countries other than the LMICs [20]
which indicates how less pervasive health research has been conducted in the context of LMICs. As a
result, the developed models based on participants from high-income countries may not be applicable
in LMICs since the behavior (e.g., app usage behavior [21]) varies among countries, and various
factors such as socioeconomic status [22] and culture [21] impact behavior.

App usage rhythm that may resemble biobehavioral rhythm

Zeitgebers, the social  and environmental cues,  help a person’s rhythms to synchronize well  [80]
which can impact their  daily activities. Rhythms based on pervasive device-sensed physiological
data change depending on external cues such as light exposure, eating time, and physical activity
[80]. Similarly, smartphone usage behavior is linked with factors such as eating behavior [81]. Also,
there is a relation of app usage with alertness, chronotype [76], and physiological data such as sleep
[75, 76, 84]. Like the physiological data, app usage behavioral markers vary depending on the hour
of the day [59, 82, 83] and exercise [84]. These facts show app usage behavior may also have a
rhythmic pattern with reproducible waveforms similar to the rhythms based on physiological data. 

https://preprints.jmir.org/preprint/51540 [unpublished, peer-reviewed preprint]



JMIR Preprints Ahmed et al

Though a recent  study extracted parametric  rhythmic feature dominant periods from smartphone
usage data  [24],  the study is  limited  by not  exploring  rhythmic features  such as  the acrophase,
interdaily stability, intradaily variability, and relative amplitude. Besides, that study explored mere
screen usage, without any exploration of more informative features [25] such as entropy data-based
features. In the case of the other previous app usage data-based studies, researchers used descriptive
statistical methods [59, 82, 83] to find whether there is any variation over the day and inferential
statistical methods [16, 34] to find the difference in terms of aggregated data of the 4 time periods,
namely, morning, afternoon, evening, and night. These approaches have some limitations. First, it
lacks statistical evidence to show whether there exists any rhythm that could be resolved by the zero-
amplitude test [67, 97] which is used to detect rhythm in the field of chronobiology. Additionally, the
mere analysis in presenting the difference between the aggregated data of morning and evening can
not present whether there is a cycle that can repeat over the days. The average data may also miss the
microscopic view [98] of data. On the other hand, an analysis fitting the mathematical models (e.g.,
cosinor  model)  to  time series  data  can present  the microscopic view of the data  and inferential
statistical estimates of the rhythmic properties [98]. Besides, many informative behavioral markers
such as the dominant period, stability in the behavior, and the peak time of the oscillation in the
rhythm can not be extracted from just finding the differences between periods (e.g.,  morning vs.
night period).

The  potential  of  app  usage-based  rhythms  in  identifying  depressive
symptoms in LMICs

In human life, physiological changes reappear in a cyclable waveform [98]. The rhythm features
based on the physiological data have been explored both in the chronobiology [85] and pervasive
health  [24]  areas.  Researchers  found  a  relation  between  the  physiological  data-based  rhythmic
markers and health status [24]. These markers can find out the subtle differences that enable these
markers-based features to predict hospital readmission [86], to identify loneliness and depression
class  [24].  This  shows  the  possibility  of  improving  the  performance  of  the  models  upon  the
incorporation  of  app  usage  rhythmic  features  to  predict  the  symptoms  of  depression.  However,
previous studies [24, 86] mostly relied on wearables to extract the rhythmic features which are costly
and may not be affordable [87] by the low-income people.  On the other hand, smartphones are
economically attainable [88] and app usage data are resource-insensitive [25]. As a result, app usage
data-based systems may be feasible in LMICs.

Predicting  depression  and  depressive  symptoms  through  an
unobtrusive method

Classification of the depressed and non-depressed: Most existing research based on AI for mental
health has worked on classification problems [52]. Researchers classified the depressed and non-
depressed participants by developing personalized models [18] and using the contextually filtered
features where the rule mining technique was incorporated [19]. Some other studies (e.g., [23, 27]
relied on sensing data (e.g., GPS data) along with smartphone data call history to predict depression.
Researchers also leveraged internet usage data [32], location data retrieved through the campus WiFi
infrastructure  [29,  30],  and GPS [28,  30,  31].  Recently,  some researchers  focused  on exploring
rhythmic features to assess depression. For instance, [24] leveraged the rhythm-based features to
classify the depressed and non-depressed participants. However, the classification does not provide
precise  information  about  a  participant’s  depressive  status  since  scores  of  all  the  symptoms are
aggregated  together  to  keep  a  participant  into  a  particular  group  (e.g.,  depressed  or  moderate
depression) which loses the complexity of the psychological problem depression.
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Predicting depression scores:  Compared to the classification research problems, there is relatively
less research on predicting the depression score (e.g., a person’s PHQ-9 score 11). These studies in
the  pervasive  health  area  can  be  broadly  categorized  into  the  studies  which  developed  models
leveraging data based on both smartphone and wearable [17, 51, 54, 55], only smartphones [17, 54],
various sensing devices along with Social Media [101], subjective and smartphone data [57]. There
remain mixed findings  on whether  the smartphone has  superior  performance than  the  wearable.
Smartphone-sensed data showed higher performance in a previous study [54] when models were
evaluated after splitting the training and testing data based on time. However, in the same study [54],
researchers found inferior performance of smartphones in another evaluation criterion. Regardless of
their  superiority,  both  wearables  and  smartphones  show  promising  performance  in  automated
assessment of depression [17] which can play a role in real-time remote monitoring of the sufferers
[58]. The wearable and smartphone-sensed behavioral markers such as call duration [57] and heart
rate [56] as well as inferred markers such as circadian rhythm [56] have a significant correlation with
the depression score which may explain the fact of enabling the sensed data to predict depression.
However,  like  the  classification,  in  the  prediction  of  depression  scores  also,  there  remains  the
inability to understand the depressive symptoms precisely since a person’s depression score (e.g., 11)
can be found in combination with different frequencies of different symptoms’ appearance.

Predicting  symptoms  and  multi-task  learning:  With  great  interest,  researchers  did  a  network
analysis of the depressive symptoms and presented the possible viable target for intervention [46]
and central symptoms for possible focused treatments [47]. The relation of ecological momentary
assessment  of  depressive symptoms with PHQ-9 score [53] and  also the relation of  depressive
symptoms with behavioral data [45] was also investigated in previous studies. Exploring pervasive
device-sensed data, researchers [45] found a link of higher spending duration in dorms with higher
fatigue which is  a  depressive symptom.  Though there  are  studies  predicting symptoms of  other
psychological problems such as Schizophrenia [48] and ADHD [49], there are very few studies [33]
that predicted the appearance of depression symptoms. In a previous study [33], authors predicted
depressive symptoms through the data of iPhone users and Android users. However, their study has
several limitations. First, their models’ performance is low in the case of the maximum depressive
symptoms, particularly, the specificity score is around 60% or below 60% in many models developed
by leveraging smartphone data. Second,  they developed a separate model to predict each of the
symptoms  which  makes  the  model  resource  sensitive.  Third,  they  considered  each  symptom-
predicting task as a separate one which could be improved by leveraging the shareable information
among  symptoms  through  the  multi-task  learning  (MTL)  framework  as  MTL  has  superior
performance than the single-task learning technique [17, 48]. However, researchers grouped all the
predicting tasks into a single model in previous studies [17, 48] which may lower performance since
all tasks do not help each other to improve the performance [50].

The Objective of This Study

To overcome the limitations mentioned above, the main objective of this study is to explore app
usage data-based rhythmicity detection and develop and validate an MTL framework leveraging app
usage data-based parametric and non-parametric rhythmic parameters through a countrywide study
in Bangladesh. Another objective of this study is to explore whether the app usage rhythmic features
relates to depressive symptoms.

Methods

Ethical Considerations
Our  study  was  approved  (reference:  2022/OR-NSU/IRB/0704)  by  the  North  South  University
Institutional Review Board/Ethics Review Committee. While collecting the data, we presented the
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consent form in Bangla (native language) and English languages in short (Figure 1(a)) where we
provided a summary of the data that we were going to collect. In addition, we provided a consent
form in detail (Figure 1(b)) about different matters including data safety, privacy, and each data that
we are going to collect. Apart from these, before data collection, we briefly described the research to
the  participants.  All  participants  provided  their  consent.  After  collecting  data,  we  provided  an
incentive of around USD 0.3 equivalent food tokens to each participant.

All participants’ data are stored in the Google Firebase database which only one of the researchers
can  access  with  2-factor  authentication.  From the  participants,  we  did  not  collect  any  personal
information such as name, email, and phone number. Additionally, from the participants, we did not
collect the names of the departments and universities so that participants could feel more comfortable
in donating the data. It can be mentioned in this paper, we reported the number of departments and
universities based on our aggregated notes.

Retrieval of App Usage Behavioral Markers
We focus on developing the system in a way so that the users of our system and also the healthcare
professionals can be informed about the depressive symptoms in real-time. For instance, a healthcare
professional,  having the consent of a user to access information, can be notified if  our systems’
automatic prediction in a day shows that the depressive symptoms can get worse. For this research,
we  used  our  previously  developed  tool  [15]  which  can  retrieve  the  participants’ past  7  days’
foreground and background app usage events’ data within a second, once the participant provides the
consent. The average required time to retrieve the events is 307.94 milliseconds (SD=1.1 seconds)
[25]. For each app usage event, there is data on the app name, package name, and timestamp of the
event which we will use to extract the behavioral markers.  The tool (Figure 1) was used in our
previous studies to explore different research problems including research on students’ academic
results [89, 92, 93], depression [16, 25, 34, 91], and loneliness [26, 90] showing the reliability and
validity of the tool.

                              
(a) Consent form in short

(b)Consent form
in detail

(c) PHQ-9 scale to collect
depressive symptoms’ data

(d) App usage data

Figure 1: Screenshot of the data collection tool showing the (a) consent form in short in Bangla and English languages,
(b) consent form in detail, (c) the PHQ-9 scale, (d) app usage data.

Sample Size Determination and Data Collection

In Bangladesh, there are around 1.234 million university students [11] and to have a sample that
represents the behavior of this population with a confidence level of 95% and a margin of error of
5%, there is a need for 385 university students as we found by using the SurveyMonkey [61] where
the formula for finite sample size [105] is used. Using the same formula, we found the required
sample size is 384 for each to represent the 0.448 million female and 0.786 million male students
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[11].  Since the depression rate differs between the students of public  and private universities in
Bangladesh [44], we collected data from both types of universities. In the cases of 0.329 million and
0.902  million  students  of  the  public  and  private  universities  respectively  [11],  we  found  the
requirement of 384 students as a sample in each case. However, there is no fixed sample size that can
ensure the generalizable performance of the machine learning (ML) models. Therefore, to develop an
impactful model, we tried to maximize the  number of participants by conducting a countrywide
study. Additionally, we tried to maximize the number of students  from public universities as the
largest number of students study there [11].

We  collected  data  using  the  multi-stage  convenient  sampling  method  in  all  8  divisions  of
Bangladesh.  From  each  division,  we  collected  data  from  at  least  1  university  and  multiple
departments. By collecting data from different divisions, universities, and departments, we tried to
maximize the diversity among the participants because the socioeconomic status and many other
demographic characteristics vary by region of a country which can have an impact on mental health
[44] as well as smartphone usage behavior [102, 103].

We collected data from 2952 participants from September 2022 to March 2023. While collecting
data,  first,  through our  app [15],  the participants responded to the questions  about  demographic
characteristics (e.g., gender) after giving consent. After that, they responded to the items of the PHQ-
9 scale [8] using the same app where they responded based on their experiences of the past 14 days.
After saving responses to all questions of the psychological scales, the app automatically retrieved
the app usage data which may take less than 1 second in almost all cases as shown in our previous
estimation [25]. After retrieval, the app saved the app usage data instantly.

Data Pre-processing and Dataset Description

Our tool could not retrieve any app usage data from 14 participants’ phones. One of the plausible
reasons for having such a problem could be due to having system problems in the phones as shared
by the participants. Several of these participants shared that they do not use the original version of
the phones. Besides, in the case of the 2 participants, there were missing age values and we did not
impute these values as age information was not required for the primary purpose of the research.
Apart from these, there was missing data in the case of the 82 participants’ professions. We imputed
those missing professions based on 2 pieces of information. First, in our study, there were only 2
participants who were not students, and to whom, we did not reach out for data collection. These 2
persons donated data through installing the app from the Play Store which can be based on their own
interests. This presents that there is a very low probability of having a profession other than the
student. Second, all of these 82 participants donated data when we reached the universities for data
collection  as  we  found  by  matching  the  study  dates  and  timestamps  of  these  participants’ data
donations. Thus, we imputed these 82 participants' professions as students.

While the participants were required to donate data at least once, we encouraged the participants to
donate as many times as possible. After excluding the 14 participants for whom our tool could not
collect any app usage events, there were 2936 participants remaining. Among them, 71 participants
donated at least twice. However, since there were very few participants who donated data twice, in
this study, we will keep only the first-time donated data for the next steps of the analysis.

Since in this study, we will estimate the rhythm, we are following previous studies to find out the
minimum number of days required to estimate rhythm. It is suggested to have data of at least 1 day
for estimating circadian rhythm [62]. However, sensed data from 2 days can estimate the rhythm
sufficiently [63]. Researchers [48] also found rhythmic features extracted based on the data from 2
days can predict more accurately the physiological and mental changes. Therefore, inspired by these
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previous studies, we excluded the participants (n=34) who had app usage data of less than 2 days.

Figure 2: STROBE (STrengthening the Reporting of OBservational studies in Epidemiology)
flowchart.

Finally, after excluding the 2 non-students, 14 students without any app usage data, and 34 students
having app usage data of less than 2 days, there are 2902 students’ app usage data (Figure 2) which
will  be  analyzed  in  the  next  steps.  In  total,  there  are  24.48  million  app  usage  foreground  and
background events.  These data are  of 24.84 million minutes.  Among the 2902 students,  98.17%
(n=2849) participants have app usage data of 7 days (Figure 3).

Figure 3: Number of days’ data that each participant has for the final analysis.

Ground Truth Data to Measure Depressive Symptoms
We used the Patient Health Questionnaire-9 (PHQ-9) scale [8] which is one of the most commonly
used scales to assess depression [20]. In our study, we used the translated PHQ-9 scale in Bengali
[64] which has been validated and has also been largely used in Bangladesh (e.g., [42, 44]. The
PHQ-9 score of 10 has a sensitivity and specificity of 88% in identifying major depressive disorder
[8]. Based on this cut-off score, we will categorize the participants as depressed, if the PHQ-9 score
is at least 10.

Table 1: Depressive symptom’s name for each item of the PHQ-9 scale.

Symptoms Symptom in the PHQ-9 Scale [8]

Symptom 1 Little interest or pleasure in doing things.
Symptom 2 Feeling down, depressed, or hopeless.
Symptom 3 Trouble falling or staying asleep, or sleeping too much.
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Symptoms Symptom in the PHQ-9 Scale [8]

Symptom 4 Feeling tired or having little energy.
Symptom 5 Poor appetite or overeating.

Symptom 6
Feeling bad about yourself - or that you are a failure or have
let yourself or your family down.

Symptom 7
Trouble  concentrating  on  things,  such  as  reading  the
newspaper or watching television.

Symptom 8
Moving or speaking so slowly that other people could have
noticed? Or the opposite - being so fidgety or restless that you
have been moving around a lot more than usual.

Symptom 9
Thoughts  that  you  would  be  better  off  dead  or  of  hurting
yourself in some way.

In a previous study [33], a person was categorized as having a depressive symptom, if the respective
symptom appeared several days or more. However, we will consider the threshold more than half of
the days since NIMH and WHO define a person as depressed if symptoms appear for a time frame
such as most days for a minimum of 14 days [39, 40]. That being said, if a participant reported that
he/she/they were bothered by a depressive symptom (e.g.,  Hopelessness) available in the PHQ-9
scale for more than half of the days or nearly every day of the past 14 days, we will categorize that
participant as having the depressive symptom.

Extraction of Behavioral Markers

As we will test the rhythmicity where the time series data are used [67] and we will explore the
rhythmicity  of  the  app  usage  behavioral  markers  instead  of  exploring  the  raw  foreground  and
background app usage events, we will set a time frame of 15 minutes based on which each app usage
behavioral marker will be extracted. But to check the robustness of the findings, we will follow the
same process to explore rhythmicity using two other time frames as well: 10 minutes and 20 minutes.

Apart from calculating the usage duration, frequency of launching apps, entropy-based on duration
and entropy-based on frequency of launching apps, and app usage sessions (please, see details about
these behavioral markers in our recent publications [25]), we will calculate the following behavioral
markers based on which we will extract the parametric and non-parametric rhythmic features.

Relative importance of the app categories:  In pervasive health research, aggregated usage data
(e.g., in [18, 19, 23]) are widely used where the individual app categories remain unexplored. In our
previous studies [25, 26], we found that the app category-based features are more important than the
aggregated smartphone usage regardless of category. However, in those studies, features of an app
category were extracted independently regardless of the usage behavior of other categories. As a
result, the individual category itself may not give higher information for the app categories which are
less used but contain distinguishable markers. For instance, if a participant launches Social Media
apps 100 times and Health & Fitness apps only 10 times, data from the Health & Fitness category
may get lower importance. However, data from the Health & Fitness category can be more important
since depressed students use apps that contain features for smoking prevention and reducing body
weight which may not be used more frequently, but contain enough information to be significantly
different  from the  non-depressed  students  [16].  Hence,  we  calculate  Term Frequency  -  Inverse
Document Frequency (TF-IDF) which is a widely used technique in natural language processing [94]
where the less frequent terms across the documents can get more importance. To adapt TF-IDF in the
context of app usage, we will use data from all time frames over all days. In each time frame f , the
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app usage sessions s  will work as the set of documents, and in each session (i.e., a document) j , the
list of categories of the used apps will act as the words.

Let the set of documents of a participant i  in f  be {Dij ,Dij+1 , .... , Dis};  where i ϵ n , j ϵ s ; n  presents the
number  of  participants.  We will  calculate  the  TF−IDFicj  for  each app category  c  based on the

participant’s data of sessions s . TF−IDFicj=TF icj∗IDF icj ; TFicj=log ¿ ); IDFicj= log (
1+s

1+df
); freq (c) =

number of times apps of c  was launched in session j ; df = number of sessions where c  was used; s
presents the total number of sessions in f . After calculating the TF−IDFicj  for each session, the mean
TF−IDF❑ value will be calculated for each category over the sessions of a time frame. Finally, using
that mean value, we will extract the rhythmic features to understand how the relative importance of
the participant in using a particular category c  varied or remained constant over the days, and over
the periods of a day, whether there is a rhythm in behavioral marker based on TF-IDF.

It can be mentioned that to categorize the apps, we will follow relevant previous studies (e.g., [82])
and the process of our previous studies [16, 25, 26, 34, 89] where we categorized the apps more than
20 categories after  exploring developers’ referred categories in Google Play Store and other app
stores,  and  discussing  with  graduate  students  of  the  Computer  Science  and  Engineering  (CSE)
department.

Personalized top-n apps: We will calculate the entropy based on usage duration and frequency of
launch of top-n apps which can vary by student. To find the value of n , we will use the probability
distribution and will plot the probability of using apps in the y -axis and the number of apps in the x
axis. The point where the curve will fall will be considered as the threshold (i.e., the value of n ) to
find the top-n apps. To find the cut-off value, we are inspired by a previous study [23] where cut-off
values to exclude the participants having missing values were found in this approach. 

Co-usage of apps: A significant portion of app usage consists of switching from one app to another
app [59]. One plausible reason for having such behavior can be changing moods while using the apps
[60] and the users may do it to seek support, overcome negative emotions, etc. To quantify how the
participants switch from one app to another, we will calculate the co-usage of apps where two apps
will be considered as co-app usage if they were used in a single app usage session and also were used
consecutively.  However,  in  a  smartphone,  there  remain  many  system  apps  that  get  opened
automatically  to  support  the  function  of  another  app.  The  users  do  not  need to  use  those  apps
intentionally and as a result, the inclusion of those apps may misrepresent the behavior. Besides, to
switch from one app to another, a user returns to the home screen of a phone where the launcher app
will be opened automatically. Considering the aforementioned issues, we will exclude those system
apps and launcher apps before quantifying the co-app usage.

To find the subtle difference in variation of app usage patterns, we will build a network based on the
co-usage where each edge presents a co-usage of 2 different apps. The weight of the edge will be

calculated by point  mutual information (PMI):  PMI( A1, A2)=log
p( A1 , A2)

p (A1) p( A2)
 where  p( A1 , A2)

presents the probability to appear  A1  and  A2  apps consecutively in the same app usage session;
p( A¿¿1)¿  and  p( A¿¿2)¿  presents the probability to appear  A1  and  A2  apps respectively in that

session regardless of the consecutiveness. After that, we will calculate the centrality and graph edit
distance. The calculation of centrality will help to understand the most influential app in the network
which is  connected  with  the  maximum number  of  nodes.  The graph edit  distance  between two
different sessions of the same time frame will inform whether the behavior differed. Finally, we will
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use the average data of each session of a time frame to explore the rhythmicity of the centrality and
graph edit distance.

Rhythm Analysis and Extraction of Rhythmic Features

The  parametric  cosinor  method  is  one  of  the  most  widely  used  approaches  to  finding  out  the
rhythmic parameters. However, the cosinor analysis can not find out the fragmentation in the rest-
activity rhythm [68] which can be detected by extracting the nonparametric rhythmic parameters
such as interdaily stability (IS). Therefore, to get a comprehensive picture of the rhythms, we will do
both  parametric  and  non-parametric  tests  and  will  extract  the  respective  rhythmic  features  as
described below. In our study, instead of focusing on only all students’ data-based global models, to
extract the rhythms, we will also develop individual models and extract the rhythmic parameters for
each participant. The main reason is the physiological data-based nonparametric rhythmic [70, 71] as
well as parametric rhythmic [72] parameters vary by the characteristics of people and thus, there may
also be a variation in parameters by the individual participant’s rhythm which is solely based on app
usage data.

Dominant period: In cosinor analysis, a cosine curve is fitted on the given period (e.g., 24 hours) by
the least squares method where the model reduces the difference between the observed and estimated
values. However, the cosinor analysis itself can not estimate the best-fitting period [69]. Thus, we
will empirically investigate through the periodogram analysis and by setting the periods from 1 to 24
to find out. Later, the cosinor model will be developed for each given period (e.g., 13 hours). The
best fitting period will be counted as the dominant period where the proportion of explained variance
is maximum.

Rhythm detection:  Cosinor analysis is a parametric method and hence, we will test the normality
[65] first. Later, we will process the non-normally distributed data through log transformation. After
that, to find out whether there exists a statistically significant rhythm of a participant, we will do a
zero-amplitude test [67] by setting the significance level to 0.05. To find out whether the individual
participant’s rhythm differs from the rhythm based on all participants, we will do population mean
cosinor  analysis  which  will  be  based  on  all  of  the  participants  where  a  cosinor  model  will  be
developed for  each participant  and the average of  the cosinor rhythmic parameters  is  calculated
afterwards [69].

MESOR,  amplitude,  and acrophase:  After  developing  the  cosinor  model,  we  will  extract  the
parametric rhythmic parameters midline estimating statistic of rhythm (MESOR), amplitude,  and
acrophase for each participant. The acrophase presents the timing of the high values recurring in each
cycle of the rhythm [67], the mesor is the rhythm-adjusted mean [67], and the amplitude presents the
difference between the equilibrium position and the peak point of the rhythm oscillation [66]. Since
amplitude can present the strength of the rhythm [74], while comparing the diurnal (12 hours period)
and circadian (24 hours period) rhythms to find out the rhythm that has more strength,  we will
compare the amplitude. Moreover, we will compare the coefficient of determination as it presents
how well the model is fitted in a given period.

Interdaily stability and intradaily variability: Mental state has a relation with interdaily stability
(IS) and intradaily variability (IV). For example,  patients with bipolar disorder have less IS and
higher IV [73]. Similar patterns may be found in the case of IS and IV based on app usage data
which  motivated  us  to  calculate  following  a  previous  study  [68]  on  actimetry:
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IV=

(N )∑
i=2

N

❑( xi− xi−1)
2

(N −1)∑
i=1

N

❑(x i−xm)
2

; Here,  x i  is the behavioral marker’s value at a time frame and xm  is the

mean value of the same behavioral marker in all time frames; N  presents the number of time frames.

IS=

(N )∑
t=1

p

❑(xt−xm)
2

( p)∑
i=1

N

❑(x i−xm)
2

; Here, x t  presents the behavioral marker’s average value in that time frame

over the days; p  presents the number of time frames per day. The range of the value of the IV is 0 to
2 whereas the range of the value of IS is 0 to 1 [77]. The higher the IS, the greater the stability as the
name implies. On the other hand, the higher the IV, the higher the fragmentation in the rhythm. If
there remains a difference, for example, if someone sleeps daytime and keeps waking at night time,
the IV will be higher [68].

M10, L5, and relative amplitude: M10 presents the mean value of the most active consecutive 10
hours and provides information about the diurnal activity. The active persons have a higher M10 [68]
and the lower M10 can be associated with exercise reduction [68] and also with a negative mental
state [68, 78]. On the other hand, the L5 presents the mean value of least active 5 consecutive hours
of the day. It is a measure of nocturnal activity and the higher L5 may present the activity during the
rest  cycle  [68].  After  calculating  the  M10  and  L5,  we  calculate  the  relative  amplitude  (RA),

RA=
M 10−L5
M 10+L5

. As can be understood from the formula of RA, the RA is actually the normalized

difference between M10 and L5. The larger the difference between L5 and M10, the larger the RA.
People having psychological problems can have a lower RA [48, 68].

Statistical Analysis

To explore whether  there is  any relation between depressive symptoms and app usage rhythmic
features, we will do binomial logistic regression. As having a variance inflation factor (VIF) of more
than 5 can create a biased regression model [79], we will eliminate the variable if the VIF of any
variable becomes more than 5.

ML Models Development

Participant-similarity and development of personalized models
Most of the existing models (e.g., [19, 23, 25, 26]) to predict depression used training data to predict
the outcome regardless of the characteristics of the participant whose class is going to be predicted.
These  models  may  have  issues  regarding  generalizability  since  all  individuals  have  unique
characteristics that may not be captured in one-size-fits-all models (i.e., one set of training data to
predict the depression of all test participants). Indeed, through empirical investigation, it has been
found that the personalized model performs better than the one-size-fits-all model [35, 37]. The one-
size-fits-all or global model is likely to capture the general or the “average” characteristics of the
participants for the prediction due to which the model may perform well  only on the “average”
participants and may not work in the case of the participants  whose behavior  deviates from the
“average”  participants  [36].  On the  other  hand,  in  the  personalized  models,  models  are  trained
dynamically for each participant which can facilitate finding the most relevant set of features to
predict the outcome of the test participant [35]. Therefore, a personalized model may perform better
in  predicting depressive symptoms since each of the depressed students has a unique app usage

https://preprints.jmir.org/preprint/51540 [unpublished, peer-reviewed preprint]



JMIR Preprints Ahmed et al

signature [16] and the depressed students have statistically significantly different smartphone usage
behavior than the non-depressed students [34] as we found in our previous studies [16, 34].

In  our  system  to  predict  the  depressive  symptoms,  we  will  use  the  participant  i ’s   rhythmic
parameters based on each of the app usage behavioral markers of mi  to calculate the cosine similarity

with  all  other  participants  n−1.  sij=
Bi B j

¿Bi∨¿B j∨¿¿
;  B i , B j❑  present  the  vectors  (

∀ x (x∈mi→ x∈B i) ,∀ x (x∈m j →x∈B j) ) based on the rhythmic parameters set mi  and m j  of i  and j
participants respectively. Cosine similarity  s ij  will be close to 1 when there is a higher similarity
between i  and  j  participants. After finding the similarities of participant  i  with all participants, we
will be using the most similar  N  participants to train the multi-task learning framework for  i . The
value of N  will be decided empirically through a search on values 200, 250, 300, and 350.

MTL framework development and validation
While there remain some similar tasks, the development of the model through the MTL strategy can
facilitate improving the performance of the models through information sharing. Besides, if different
models are developed for different tasks, then, the system can be resource inefficient. In a previous
study [48], researchers used the MTL technique to develop systems for predicting the symptoms of
Schizophrenia. However, in that system, all symptom prediction tasks were considered the same. In
reality,  all  the  tasks  included  in  a  model  do  not  help  each  other  to  improve  performance  [50].
Therefore,  we  will  be  finding  the  similarities  among  the  symptoms  and  will  be  using  similar
symptoms prediction tasks in a model while other similar symptoms’ prediction tasks will  be in
another  model.  To  group  the  tasks,  we  will  calculate  the  correlation  coefficients  among  the
symptoms. The symptoms which are highly (coefficients  > 0.7), moderately (0.4 <= coefficients  <=
0.7) [109], and less than moderately correlated, or not correlated  will be kept in 3 different groups.

While developing the MTL framework, we will use the hard parameter-sharing technique since in
this approach, the model can find a common representation to capture all of the tasks which can
reduce the potential risk of overfitting [108]. Combining multiple loss functions brings promising
performances  [110].  In  our  study,  we  will  use  a  weighted  loss  of  the  hinge  and  cross-entropy.
However, we will not use a fixed weight. Instead, we will tune the weight using the Bayesian Search
optimization technique which selects the next parameter based on the performance of the previously
selected one.

To validate the framework, we will use a nested cross-validation method since this approach was
found to have a generalizable performance compared to K-fold cross-validation (CV) [99]. In the
outer loop, the Leave One Out Cross Validation (LOOCV) method will be used and in the inner loop,
there will be a 10-fold CV where in each interaction, 9 folds will be used for tuning the hyper-
parameters and the remaining 1 fold will be used for validation. It can be mentioned that we are
aware of the fact using LOOCV will increase the time complexity since there are 2902 participants
and for each of them, a personalized model will be developed. However, we choose to use LOOCV
because it will work like the real-world scenario where the model will predict a single participant’s
depressive symptoms at a time. Besides, this process will help in personalizing the model where only
the participants who are similar (in terms of app usage behavior without using any information about
the depressive symptoms) to the student for whom the model will predict the symptoms, will be used
in model training as we discussed in detail in the section “Participant-similarity and development of
personalized  models”.  During  the  development  of  the  models,  we  will  maximize  the  balanced
accuracy as it is based on sensitivity and specificity, and having a higher balanced accuracy can lead
to higher precision and F1 score.
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To understand the robustness of the proposed framework, we will compare it with the performance in
the following approaches.

1. Comparison with single-task learning-based models: We will compare the performance of the
proposed personalized MTL framework with the single-task learning (STL) models. This will
resemble  the  approach  presented  in  the  previous  study  [33]  where  each  symptom  was
considered as a single task.  To develop the STL model, we will use ML algorithms such as
RF, support vector machine (SVM), decision tree (DT) [106], and logistic regression [107]
which are widely used in medical informatics as shown in systematic reviews [106, 107].

2. Comparison  with  non-personalized  MTL  framework:  Since  we  expect  that  the
personalization may provide better performance as discussed in the last subsection, we will
compare the performance of the personalized MTL framework with a non-personalized MTL
framework  where  we  will  use  n−1  participants’  data  for  training,  instead  of  using  a
personalized subset of data.

3. Comparison with MTL framework without grouping the tasks:  To understand how grouping
tasks based on similarity impact on performance, we will compare performance of the MTL
framework with and without grouping tasks.

Results

We  are  working  on  rhythm  detection,  rhythmic  feature  extraction,  and  the  MTL  framework
development.  We are  expecting  to  publish  our  findings  by  June  2024.  We present  the  findings
regarding participants’ demographic characteristics below.

            
(a) Map of Bangladesh presenting living

division
(b) Age
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(c) Gender (in percentage) (d) Institutions in number

Figure 4: Participants’ demographic characteristics on (a) living division, (b) age, (c) gender, and (d)
institutions

The participants were from each of the 8 divisions of Bangladesh (Figure 4 (a)). Most participants
(N=887, 30.56%) were from the Dhaka division which also reflects the fact that the majority of the
university students of Bangladesh reside in this division. The participants’ age varied from 18 to 39
years and 79.57% of participants were aged 20-23 years (Figure 4(b)). Among 2902 participants,
38.15% and 61.44% were female and male participants respectively (Figure 4(c)). The students from
public  and  private  universities  were  83.74%  (N=2430)  and  16.26%  (N=472)  respectively.  The
participants were from 19 universities (Figure 4(d)) including specialized universities in particular
subjects  namely,  agriculture,  engineering,  and  textile.  They  were  from 52 different  departments
including students from the Arts (e.g.,  Dept. of Sculpture), Business (e.g.,  Dept. of Management
Studies),  Engineering  (e.g.,  Dept.  of  Petroleum & Mining Engineering),  Science  (e.g.,  Dept.  of
Botany), Textile (e.g., Dept. of Apparel Engineering), Public health, and Law faculties. 

Discussion

Significance

By using the dataset constructed through a countrywide study on 2902 students having over 24
million app usage events, we will explore whether there is a statistically significant rhythm based on
the different app usage behavioral markers. We hypothesize the app usage behavioral markers such
as the relative importance of an app category have rhythmic patterns with reproducible waveforms
because the app usage markers vary depending on factors such as time of the day [59, 82, 83] like the
physiological data. Additionally, since rhythmic features based on physiological [85, 95] and activity
[100] data showed the potential application in problems such as knowing the participants having a
higher risk of disease [95], knowing sedentary behavior [85], finding the subtle changes in detecting
COVID-19 [95],  an in-depth exploration of  the app usage marker-based rhythms may show the
alternative source of data to know the rhythms in human life. App usage  marker-based rhythm has
the  possibility  to  be  used  for  different  purposes.  For  example,  having  a  statistically  significant
relation between the rhythmicity of app usage and depressive symptoms can create the possibility of
using these rhythmic features for the intervention to mitigate depression. 

Apart from these, by predicting symptoms, our study will extend the previous studies since most
studies  (details  in  a  recent  systematic  review  [52])  in  the  pervasive  health  area  developed
classification models (e.g., to classify the depressed and  non-depressed) where the complexity of the
psychological problem depression may be lost. For instance, a participant with a PHQ-9 score of 10
has moderate depression [8] and a score of 10 can be found in a different combination of the scores
of the PHQ-9 scale’s 9 symptoms. As a result, by classifying the participants into some groups based
on the overall score of a scale, it is not possible to precisely know the depressive symptoms that
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bothered the student. However, it is very important to know since each depressive symptom (e.g.,
symptoms  in  the  PHQ-9  scale  [8])  presents  a  unique  phenomenon  (e.g.,  Anhedonia,  sleep
disturbance,  suicidal  ideation)  [38].  Therefore,  depending  on  our  proposed  personalized  MTL
framework’s  performance  based  on  real-time  data,  the  proposed  system can  contribute  to  early
diagnosis of depressive symptoms and precisely understanding a depressed student which in turn
may contribute to mitigating depression prevalence.

Our previous pilot studies in Bangladesh regarding the relation of app usage with depression [34, 91]
and loneliness [90], classifying the depressed and non-depressed [25], lonely and non-lonely [26]
students  showed  the  promise  of  models  solely  based  on  resource  insensitive  [25]  app  usage
behavioral markers. Incorporation of the app usage rhythmic features and also the MTL framework
by leveraging the similarities among the symptoms’ prediction tasks so that tasks do not hurt each
other's performance, may help the researchers and developers in developing more robust models to
predict the symptoms of psychological problems through solely app usage data. Besides, our tool’s
reliance on retrieved data from a smartphone within a second [25] may also make it feasible in low
and middle-income countries since smartphones are more affordable [88] compared to unaffordable
[87] wearables which are usually used to get the physiological data and extract the rhythmic features.

Strengths

The median sample size of the previous studies that classified or predicted depression is 58 and none
of the studies that developed computational models for prediction tasks had a sample size over 500
as presented by a recent systematic review [20]. On the other hand, we constructed a large dataset
having 2902 students. In addition, the participants of our study are from each division of Bangladesh,
both from public and private universities and 51 different departments. As far as we have seen, this is
the largest dataset having data on both app usage and depressive symptoms. Considering these facts,
our findings based on the proposed methods may be generalizable, robust enough to be impactful in
the real world, and may contribute significantly to advancing the knowledge in mobile and pervasive
health research areas. 

To our best knowledge, we are the first to explore in-depth the rhythms based on different app usage
behavioral markers which can open the opportunity to find an alternative source of knowing rhythms
of daily life without depending on the physiological data-based rhythms which are usually retrieved
by costly wearables.

In our recent work based on app usage [25], our developed system had a higher performance in
predicting depression than the existing systems which were based on app usage as well. Through
feature analysis (for details, please see [25]), we found higher importance of our newly explored
behavioral  markers  (e.g.,  ratio  of  hamming distance  [25])  compared to  the  features  used  in  the
previous  studies.  That  being  said,  depending  on  the  behavioral  markers  used  in  a  model,  the
performance varies. Hence, our presented some novel behavioral markers (e.g., relative importance
of  the  app  categories,  co-usage  of  apps)  in  this  protocol  which  were  not  explored  in  previous
pervasive  health  research  have  significance.  Besides,  to  predict  depressive  symptoms,  we  will
develop  a  personalized  MTL framework.  Though  an  MTL framework  was  developed  in  some
previous studies (e.g., in [48]) to predict mental state, our study will add knowledge by showing the
performance of personalized MTL.

Limitations

Following previous studies [48, 62, 63], we kept the 2902 participants to analyze rhythms who had
app usage data of at  least  2 days and 98.17% (n=2849) of them had app usage data of 7 days.
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However, having data of more than 7 days could help us to better understand the stability of the
rhythms, the rhythm disruption over weeks, and its potential effect on the depressive symptoms’
appearance.  However,  we believe  our  study can  work as  a  primary  cursor  for  future  studies  to
explore more the app usage rhythms.

Though our study included over 2900 students from different regions of Bangladesh, our proposed
system may not be generalizable for every student since behavior varies depending on many factors
such as season, region, [21], and socioeconomic status [22]. We recommend future studies to include
participants based on more factors that can impact the behavior. Moreover, in our study, though we
included participants from all 8 divisions of Bangladesh, we could not include participants from all
64 districts of the divisions. Additionally, having more participants from very rural areas could have
the potential to get a more reliable picture of the students' behavior which in turn can be useful to
develop a better system.

Conclusions

Predicting depressive symptoms accurately could help in better diagnosis of depression and taking
appropriate steps accordingly. However, the existing models regarding the symptoms’ prediction are
limited by various issues including the lower performance (e.g., specificity is around or below 60%
for  most  symptoms).  Our  proposed  approach  to  explore  rhythmic  features  from the  app  usage
behavioral markers and development and validation of the MTL framework through our constructed
large-scale dataset may bring new insights regarding rhythms and higher performance for predicting
depressive symptoms.
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