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1. Introduction
According to the World Health Organization, “de-

pression is a common mental disorder [that a!ects] 
more than 264 million people of all ages” (2020). It 
is the “leading cause of disability” and can di!er in 
severity as it may only cause occasional mood "uctua-
tions for some, while for others it can lead to persis-
tent feelings of guilt and low self-worth (World Health 
Organization, 2020). However, Sharifa Williams, In-
structor of Data Analysis and Applied Regression at 
Columbia University, and her associates argue that the 
most troubling statistic is that “around two-thirds of 
all cases of depression are undiagnosed” (Williams et 
al., 2017, p. 633). #is is especially concerning because 
undiagnosed and thus untreated depression o$en sig-
ni%cantly diminishes quality of life (Williams et al., 
2017, p. 633). Furthermore, a cross-sectional study in 
the Medical Science Monitor concluded that the prev-
alence of anxiety and depression has doubled in areas 
that are directly a!ected by the COVID-19 lockdowns 

(Lei et al., 2020). #is study aims to address this issue 
by using correlational research to examine the extent 
to which an algorithm can accurately detect signs of 
depression in users’ data from their social media and 
iMessage. #e program analyzes users’ data and pre-
dicts the likelihood and severity of their depression. 
By alerting users to their symptoms, this program 
aims to mitigate the challenges and prevalence of peo-
ple being unaware of their depression. 

2. Literature Review
2.1.  Overview of Depression

Depression is a common, yet severe, mood disor-
der that is classi%ed as a major depressive disorder 
(MDD) or a depressive episode (World Health Or-
ganization, 2020). Alan Gelenberg, professor of psy-
chiatry at the University of Wisconsin, and his col-
leagues explain that a depressive episode features “a 
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Although the diagnosis of mental disorders like depression has improved over the last decade, 
many cases continue to go undetected. #e symptoms are o$en observable on social media plat-
forms. #is study seeks to address this issue by designing a program to predict the likelihood and 
severity of depression in users by analyzing their Twitter and iMessage histories. #is study em-
ploys correlational research to develop and test the program. #is research used two phases to mea-
sure the program’s accuracy on di!erent sources of data. In phase one, the program was tested on 
a sample of 2,741 Reddit posts and comments. #e program achieved an accuracy rate of 94.80% 
across several subreddits. Suicidal behaviour/ideation and a depressed mood had the strongest cor-
relations with depression (coe&cients of 0.654997 and 0.58218, respectively). Phase two involved 
testing the program on 6 grade 12 students. During this phase, the program had a recall, precision, 
and F1 of 1.0, 0.5, and 0.67, respectively. #e results suggest that ERDS should integrate data from 
platforms like Twitter, iMessage, and Reddit because they re"ect users’ mental states.
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depressed mood or loss of interest or pleasure in usual 
activities that persists over a period of at least 2 weeks 
[but less than 2 years] and is accompanied by a con-
stellation of depressive symptoms” (Gelenberg et al., 
2010, p. 77-78). #is di!ers from MDD which occurs 
when depressive symptoms like “indecision, thoughts 
of death or suicide, or feelings of worthlessness…are 
present for at least 2 years” (Gelenberg et al., 2010, p. 
78). Furthermore, Lynn Boschloo, assistant professor 
of psychology at Vrije Universiteit Amsterdam, and 
her colleagues elaborate, classifying these symptoms 
as signi%cant or insigni%cant factors in detecting 
depression (Boschloo et al., 2016). #ey conducted 
a prospective study analyzing the relationship that 
each symptom has with predicting MDD. #ey found 
that the most signi%cant factors are fatigue, loss of 
interest or pleasure, di&culty concentrating, and a 
depressed mood. Additionally, hypersomnia and an 
increase or decrease in weight are the least signi%cant 
symptoms (Boschloo et al., 2016, p. 184). Also, Anita 
#apar, professor of adolescent psychiatry at Cardi! 
University, and her associates performed a narrative 
review examining depression in adolescents (#apar 
et al., 2012). #ey argue that the signi%cant and in-
signi%cant symptoms in predicting MDD are almost 
identical to those in adults except for di&culty con-
centrating, which is considered a minor factor. #us, 
there are various symptoms of depression that can be 
used to predict it; however, they di!er in signi%cance 
between age groups.

2.2.  Assessments to Clinically Diagnose 
Depression

#e most common practices that are used to clini-
cally diagnose depression are surveys and interviews. 
Brett #ombs, professor of psychology at McGill 
University, and his associates conducted a systematic 
review of these instruments. #ey found that a com-
monly used tool is the Patient Health Questionnaire 
(PHQ), which utilizes a cut-o! score of 10 to identify 
depression. #ey claim that other popular assessments 
are interviews that involve trained psychiatrists. Al-
though these consults are more expensive to adminis-
ter, they o$en achieve a higher degree of accuracy as 

they rely on healthcare professionals (#ombs et al., 
2019). Munmun De Choudhury, associate professor 
of computing at the Georgia Institute of Technology, 
and his colleagues note that the Center for Epidemio-
logic Studies of Depression (CESD) Scale is another 
“tool [that is used] to determine the depression levels” 
of its users through a self-report scale (De Choudhury 
et al., 2013, p. 3). Although this means that users can 
manipulate their responses, which would decrease 
the accuracy of this instrument, it is more accessible 
than alternative options as it does not require a psy-
chiatrist. #us, various tools can be used to diagnose 
depression; however, each has its own advantages and 
disadvantages. 

2.3.  Computer Programs that Detect 
Depression in Users

Over the past twenty years, many researchers have 
begun developing early risk detection systems (ERDS) 
that involve algorithms to predict whether users have 
depression by analyzing various types of data includ-
ing linguistic and photographic for depressive symp-
toms. Sharath Chandra Guntuku, assistant professor 
of information science at the University of Pennsylva-
nia, and his colleagues claim that the accuracy of these 
programs is o$en measured by whether the prediction 
matches the result of a clinical assessment (Guntuku 
et al., 2017). Yena Lee, Research Assistant at the Uni-
versity Health Network in Canada, and her associates 
argue that ERDS that rely on a single source of data 
for analysis cannot predict depression in users with 
a high degree of accuracy as they do not provide suf-
%cient information about a user’s mental state (Lee et 
al., 2018). David Losada, professor of computer sci-
ence at the University of Santiago de Compostela, and 
Fabio Crestani, professor of information retrieval at 
the Universitá della Svizzera Italiana, acknowledge the 
limitations of utilizing only one data source. However, 
they refute Lee et al.’s argument, claiming that by us-
ing statistical processes like Logistic Regression clas-
si%ers1 in conjunction with these programs, they can 
achieve a high degree of accuracy (Losada and Crest-
ani, 2016). Moreover, many studies that involve creat-
ing ERDS with a single data source validate Losada 

1  A statistical and data mining technique that is used to analyze and classify binary and proportional response data sets (Maalouf, 2011, 
p. 1).
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and Crestani’s claim as most have precision2, recall3 

and F14 values between 0.6-0.8—higher than the 0.5-
0.8 average for most ERDS (Ahmed et al., 2018; Paul 
et al., 2018). #erefore, ERDS that examine one data 
source can still e!ectively detect signs of depression 
by employing statistical processes. 

Most ERDS involve semantic analyses of text data 
from social media platforms like Twitter (Tsugawa 
et al., 2015). De Choudhury et al. (2013, p. 2) argue 
that social media is a logical source of data to exam-
ine because “people [o$en] post about their depres-
sion and even their treatment on [it]”. Furthermore, 
Guntuku et al. (2017, p. 46) elaborate, claiming that 
online forums like Reddit5 are also valid data sources 
as they provide “public[ly] available text data related 
to mental health”. #ese programs o$en measure the 
use of personal pronouns like “I” and sentiment to 
reach a conclusion (Vedula & Parthasarathy, 2018). 
Moreover, many inspect the user’s metadata for fea-
tures like retweets and social neighbourhood6 (Losada 
& Crestani, 2016; Paul et al., 2018). #us, social media 
is a valid source of data because it is publicly available 
and o!ers an array of features to analyze.  

Most text-based ERDS also rely on corpora7 to %nd 
trends in texts written by users with clinical depres-
sion. By comparing the users’ texts against corpora, 
developers can recognize the similarity between the 
two documents and reach a prediction (Paul et al., 
2018). Nikhita Vedula who has a Ph.D. in Computer 

Science from Ohio State University (OSU), and Sr-
invasan Parthasarathy, professor of computer science 
at OSU, argue that an alternative approach involves 
Word2Vec8 programs. #ey claim that this technique 
is o$en used with Skip-gram9 and binary classi%ers10 

(Vedula and Parthasarathy, 2018). Furthermore, some 
studies have taken more unorthodox approaches that 
rely on classi%ers rather than corpora or Word2Vec 
programs. For example, Ashir Ahmed, associate pro-
fessor of information technology at Kyushu Univer-
sity, and his colleagues use k-Nearest Neighbour11 to 
analyze text data. By analyzing standard linguistic di-
mensions, the algorithm was able to predict whether 
users had MDD 73% of the time (Ahmed et al., 2018). 
#is is similar to Losada and Crestani’s project which 
achieved an accuracy rate of 71%; however, the most 
precise program was from Vedula and Parthasarathy 
whose accuracy rate was 86% (Losada & Crestani, 
2016; Vedula & Parthasarathy, 2018). #erefore, ERDS 
that rely on Word2Vec programs are particularly ef-
fective in recognizing signs of depression in text data.

Although most studies analyze linguistic data, 
some researchers have begun examining alternative 
sources of data. Andrew Reece who has a Ph.D. in 
Psychology from Harvard University, and Christo-
pher Danforth, professor of mathematics at the Uni-
versity of Vermont, created an early risk detection sys-
tem that analyzed the psychological indicators found 
in photographic data from Instagram. #is included 

2  A measure of accuracy that is calculated by dividing the number of true positives by the number of true positive and false positives 
(Losada & Crestani, 2016).
3  A measure of accuracy that is calculated by dividing the number of true positives by the number of true positive and false negatives 
(Losada & Crestani, 2016).
4  A measure of accuracy that is calculated by multiplying the precision and recall by two and then dividing the resulting number by the 
sum of the precision and recall. Precision, recall, and F1 are on a scale from 0 to 1. Numbers closer to 1 indicate that the program has a 
higher degree of accuracy as it has almost all true positives and true negatives, and nearly no false positives and false negatives (Losada & 
Crestani, 2016).
5  An online discussion website where members contribute content such as text and images (Reddit Inc., 2020).
6  Refers to the number of followers and followees (Vedula & Parthasarathy, 2018).
7  A language resource that consists of various bodies of texts that are related to a particular topic (Paul et al., 2018).
8  A program that uses a text corpus as an input to generate its word vectors as an output. It constructs a vocabulary from the training 
text data and then learns the vector representation of words. #e resulting word vector %le can be used in natural language processing 
and machine learning programs (Goldberg & Levy, 2014).
9  An unsupervised learning technique that infers the nearby contextual words (Inkpen et al., 2018, p.
10  O$en used in algorithms to produce a prediction score, which re"ect the program’s certainty that the given observation belongs to 
the positive class (Sharp et al., 2018).
11 A non-parametric approach that is used to calculate the distances from the points of interest to the points in the training set (Ahmed 
et al., 2018, p. 6).

DESIGNING AN ALGORITHM TO DETECT DEPRESSION IN USERS



41

the presence of other people through facial recogni-
tion technology and the setting (Danforth, 2017). 
#us, although text-based ERDS are the most com-
mon, studies have started to develop ERDS with non-
text sources of data too. 

While most ERDS rely solely on one data source, 
some researchers have begun using multiple sources 
in a single program (De Choudhury et al., 2013; Gu-
tunku et al., 2017). H.T. Kung, professor of computer 
science at Harvard University, and his associates argue 
that this gives a more holistic image of the users’ men-
tal states, which allows better prediction of depression 
(Kung et al., 2016). Speci%cally, programs utilizing 
multiple sources have achieved accuracy rates be-
tween 84-88% (Kung et al., 2016; Vingerhoets et al., 
2010). #erefore, although ERDS can identify signs of 
depression with only one data source, analyzing mul-
tiple sources of data increases the likelihood of the 
ERDS achieving higher degrees of accuracy. 

2.4.  Gap Analysis

Past literature has examined the symptoms and risk 
factors of depression in adolescents and adults (Bos-
chloo et al., 2016; #apar et al., 2012). Many research-
ers have also developed ERDS that use one or more 
sources and types of data to predict depression in us-
ers (Inkpen et al., 2018; Paul et al., 2018). #is study 
most closely resembles that of Sho Tsugawa, assistant 
professor of engineering at the University of Tsukuba, 
and his colleagues. #ey created an early risk detec-
tion system—using machine learning algorithms and 
data from Twitter’s application programming inter-
face (API)12—to predict depression in users on a 
sliding scale based on the CESD Scale (Tsugawa et al., 
2015). #is study seeks to develop a similar system as 
it also analyzes text data from Twitter’s API. Unlike 
past studies, however, the program is a part of an iOS 
application that alerts users of the likelihood and se-
verity of their depression by analyzing their data from 

iMessage and Twitter. Moreover, this research di!ers 
from past studies because this program relies on the 
outputs of various coding %les, which measure us-
ers’ symptoms from di!erent data sources, to reach a 
conclusion. Furthermore, no study has yet attempted 
to test the accuracy of such a program on Canadian 
adolescents. #erefore, by examining multiple sources 
and types of data, this research aims to create a unique 
early risk detection system with a higher precision, re-
call, and F1 than previous studies that have only used 
one data source. 

3. Methodology
3.1. Study Design

#is study uses quantitative correlational research 
to examine the extent to which a newly created al-
gorithm can accurately detect signs of depression in 
users’ data from Twitter and iMessage. By employing 
this type of research, this study establishes the rela-
tionship between symptoms of depression and their 
ability to predict it in users. John David Creswell, 
professor of psychology at Carnegie Mellon Univer-
sity, and John W. Creswell, Research Scientist at the 
University of Michigan, claim that this form of re-
search uses “the correlational statistic to describe and 
measure the degree or association…between two or 
more variables” (Creswell and Creswell, 2018, p. 12). 
#is lets researchers examine the “more complex re-
lationships among variables [that are] found in tech-
niques of structural equation modeling, hierarchical 
linear modeling, and logistic regression” (Creswell & 
Creswell, 2018, p. 12). Moreover, Oberiri Apuke, lec-
turer of communication at Taraba State University, 
adds that correlation coe&cients can be placed on 
these relationships to describe them in more depth 
(Apuke, 2017). #ese coe&cients “range from +1.00 
to -1.00. Higher correlations (coe&cients closer to 

12  A computer interface that enables the app’s developers to share an application’s data and functionality to third-party developers (IBM 
Cloud Developers, 2020).
13  A programming language that allows coders to access Reddit’s API (Python So$ware Foundation, 2021).
14  #e number of users who wrote these posts and comments is unknown since the “subreddit.hot” feature on the Reddit API was only 
used to track the text in distinctive posts. #ese were the most upvoted posts on each subreddit at the time that they were collected.
15  #is was calculated on Excel using the Z-score squared multiplied by the standard deviation and 1 minus the standard deviation. #is 
was then divided by the con%dence interval squared.
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+1.00 or -1.00) indicate stronger relationships,” with 
a positive correlation suggesting that the variables are 
directly related, whereas a negative correlation implies 
an inverse relationship (Apuke, 2017, p. 44). By quan-
titatively measuring each symptom’s ability to predict 
depression and the relation that each model has with 
detecting depression, adjustments can be made to the 
weighting of each indicator and the model to produce 
a higher correlation coe&cient and thus a more ac-
curate algorithm. 

#is study employs a prediction design as it aims to 
predict an outcome—depression or the lack thereof—
by analyzing symptoms of depression that act as the 
variables (Apuke, 2017). William Lammers, professor 
of psychology at the University of Central Arkansas, 
and Pietro Badia, professor of psychology at Bowl-
ing Green State University, explain the applications 
of correlational research. #ey argue that it is espe-
cially useful for measuring the accuracy of diagnostic 
tools—in this instance, the algorithm—as it provides 
insight on the di!erent conditions associated with 
a disorder (Lammers and Badia, 2005). #is is par-
ticularly bene%cial in cases of di&culty in detection 
or diagnosis, which is the case for depression, and if 
the design “is successful and the correlation is strong, 
then both the speed and accuracy of identifying the 
disorder may be substantially increased” (Lammers & 
Badia, 2005, p. 7). #us, correlational research suits 
this study because it measures the accuracy of the pro-
gram and determines the strength of each indicator in 
predicting depression. 

3.2. Data Sources

#e %rst step was identifying the main symptoms 
of depression from past literature. #ese included a 
depressed mood, fatigue, insomnia, feelings of guilt/
worthlessness, di&culty concentrating, suicidal ide-
ation/behaviour, and the number of personal pro-
nouns versus plural subject pronouns. #en, the pro-
gram was tested and re%ned using Python13 with data 
from Reddit. #e program scanned for symptoms 
of depression by searching for related words such as 

“tired” and “depressed.” #e Reddit API was used to 
collect 2,741 posts and comments14 from Reddit us-
ers on depression-related subreddits (“Depression,” 
“Depression_help,” “Depression Regimens,” and “For-
everAlone”) and four other randomly selected sub-
reddits (“MovieSuggestions,” “Technology,” “Food,” 
and “News”) to test whether it can di!erentiate users 
discussing depression versus those who are not. Since 
the demographic information of Reddit users is not 
publicly available, this study seeks to examine a di-
verse sample of users by analyzing data from multiple 
subreddits and users. To ensure that the analysis had 
statistical signi%cance, a sample size based on a 90% 
con%dence level and standard deviation of 0.5 was cal-
culated15. #e calculated sample size was approximate-
ly 70; however, to ensure that the program was tested 
on a diverse data set, a larger sample of 2,741 was cho-
sen. Participants were classi%ed as depressed if they 
explicitly referenced a diagnosis of depression in the 
text collected, through phrases like “I was diagnosed 
with depression;” simply stating “I am depressed” did 
not qualify as a diagnosis. Further, if users referenced 
attempted suicide or phrases pertaining to suicide 
ideation, they were classi%ed as depressed. #ere were 
four rounds of testing; a$er each round, the accuracy 
rate was calculated on Excel by %nding the di!erence 
between the number of true positives (TP) and true 
negatives (TN) against false positives (FP) and false 
negatives (FN). #e number of times each symptom 
was found was also recorded a$er each round. #is 
information was used to make modi%cations includ-
ing changing the weighting of symptoms—based on 
how frequently they were found—and expanding the 
number of phrases associated with each symptom—if 
they were not detected much. #ese adjustments were 
made at the end of each round to improve the accu-
racy rate—increase the number of TP and TN relative 
to FP and FN. 

#e second phase tested the algorithm (in the 
Swi$16, Python, and Jupyter17 %les) and the iOS app. 
Students aged 17-18 in grade 12 at Appleby College18 

were invited to participate via email. #e demograph-
ic information of each participant was recorded to 

16  A programming language that is compatible with all Apple platforms (Apple Inc., 2020).
17  A web-based interactive development environment for Jupyter code, data, and notebooks (Project Jupyter, 2021).
18  An independent school in Oakville, Ontario, Canada that teaches over 800 students in grades 7 to 12. Its student body consists of a 
roughly equal mix of genders and represents 51 cultures and nationalities (Appleby College, 2020).
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ensure that the program was tested on a diverse party 
that included di!erent genders and ages. To calculate 
the sample size, a 75% con%dence level and standard 
deviation of 0.5 was used. A lower con%dence level 
was used because the results would likely vary if the 
study was repeated since they are unique to users’ 
iMessage and Twitter data. #e calculations suggested 
a sample of 4, however, a larger sample of 6 was used 
to examine even more data. 

Participants received two online surveys—the 
PHQ and Beck’s Depression Inventory (BDI)19—and 
were asked to %ll them out simultaneously. Both ques-
tionnaires used a Likert-type 4-point scale to respond 
to a series of statements like “little interest or pleasure 
in doing things…[and] feeling down, depressed, or 
hopeless” (“Patient Health Questionnaire,” 2005). If 
the respondent did not feel comfortable answering 
a question, they were given the option to pass—at 
which point, the totals for each category were reduced 
accordingly. Once they submitted the surveys, they 
were sent the coding %les to run on their MacBooks. 
#ese scanned their iMessages—both the text in each 
message and the timestamps—and their Tweets—if 
the user gave access to it. 

#e program returned a score that predicted de-
pression on a scale from 0-100, based on the PHQ and 
BDI. A score between 0-18 suggested no to minimal 
depression, 19-37 was mild, 38-56 was moderate, 57-
75 was moderately severe, and 76-100 was severe. Us-
ers were then told to enter their scores into the app 
which returned the corresponding category they were 
placed in. #ey then submitted the score they received 
on a Microso$ Form. To measure the program’s accu-
racy, the score they were given was compared against 
the results of the PHQ and BDI to determine whether 
they matched. To be considered a match, the user 
had to have been placed in the same category in both 
questionnaires and the app. #e prediction from the 
program was not a formal diagnosis of depression, 
rather it was a method of alerting the user that they 
were showing possible signs of depression. 

To protect participants’ privacy, the programs 
were run directly on their devices. Additionally, the 
results of the questionnaires and the app were kept 
con%dential unless the app found signs of suicidal 
thoughts on the device, the user indicated suicidal 
behaviour on the questionnaires, or the user received 
a severe or moderately severe diagnosis from the app 
or questionnaires. If this was the case, a member of 
the school’s guidance department was alerted and put 
in contact with the student. However, at no point was 
the data given to the guidance member. Further, all 
participants were given resources for help regardless 
of their score. By implementing these measures, this 
research was approved by Appleby College’s Internal 
Ethics Review Board.

3.3. Hypotheses

#e following are hypothesized:
1. #e recall, precision, and F1 of the %nal program 

will be within 0.02 of 0.75. #is is based on the results 
that similar studies like Inkpen et al. (2018), achieved. 

2. #e more sources and data—Tweets and iMes-
sages—that the program is given access to, the more 
accurate the prediction will be. #is is based on the 
%ndings of similar studies like Kung et al. (2016), who 
found that more data sources let ERDS detect addi-
tional signs of depression or a lack thereof. 

3.4. Analysis

To measure the relationship that each symptom in 
phase one had with predicting depression, a trendline 
modelling the correlation coe&cient was created. #is 
was used to determine the type and strength of each 
relation. #e correlation coe&cient was calculated 
using the Pearson product-moment on Excel. For 
phase two, the accuracy of the program was measured 
through the number of TP20, TN21, FP22, FN23, preci-
sion, recall, and F1. #ese statistics were calculated on 
Excel. 

19  A self-report questionnaire that consists of 21 items that the user assigns a score of 0-3. It diagnoses depression on a sliding scale 
from 0-63 (Morales et al., 2017).
20  Participants who were correctly placed in a category that suggested a moderate degree of depression or higher.
21  Students who were correctly put into the no to minimal depression category.
22 Participants who were incorrectly assigned to a category that implied a moderate degree of depression or higher.
23  Participants who were incorrectly assigned to the no to minimal depression category.
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4. Results
4.1. Phase One Results

#e program was tested on 2,741 posts from 8 sub-
reddits: “MovieSuggestions,” “Technology,” “Food,” 
“News,” “Depression,” “Depression_help,” “Depres-
sion Regimens,” and “ForeverAlone.” #e breakdown 
of posts that were collected from each subreddit is il-
lustrated in Figure 1.

#e program achieved a higher accuracy rate on 
subreddits that were not related to depression: “Mov-

ieSuggestions,” “Technology,” “Food,” and “News.” 
However, the algorithm still achieved an accuracy rate 
of 81% on those related to depression, which is shown 
in Figure 2. 

To illustrate the correlation between depression 
and each symptom, the number of references to the 
symptom was measured on the y-axis and the per-
centage score that predicted depression was put on the 
x-axis. #e %rst relationship, in Figure 3, has a correla-
tion coe&cient of 0.655 which indicates a moderate 
positive correlation. 
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#e trendline in Figure 4 showcasing the correla-
tion coe&cient of 0.5822 suggests that there is a mod-
erate positive relationship between a depressed mood 
and depression. 

#e relationship between a loss of interest/pleasure 
and depression in Figure 5 has a correlation coe&-
cient of 0.0337, which implies that there is no relation 
between them. 
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In Figure 6, the correlation coe&cient for insomnia 
and depression is 0, which indicates that there is no 
relationship between the two. 

In Figure 7, the correlation coe&cient for fatigue 
and depression is also 0, which indicates that there is 
no relationship. 

#e correlation coe&cient for feelings of guilt/
worthlessness and depression in Figure 8 is 0.1806, 

which suggests that there is a weak correlation.

#e correlation coe&cient for concentration prob-
lems versus depression in Figure 9 is 0, which indi-
cates that there is no relation. 
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In Figure 10, personal pronouns and depression 
have a correlation coe&cient of 0.3319, which indi-
cates that there is a weak positive correlation.

Finally, in Figure 11, the correlation coe&cient for 
group pronouns versus depression is 0.0642, which 
indicates that there is no relation. 
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4.2. Phase Two Results

#ere were 6 grade 12 students in this phase, which 
involved testing the program on users’ iMessage and 
Twitter histories. #ere were 3 female and 3 male par-
ticipants (3 aged 17 and 3 aged 18). #e results are 
shown in Table 1. #e precision re"ects the di!er-
ence between the TP and TP plus FP. Recall indicates 
the number of TP against TP plus FN. F1 shows the 
weighted average of precision and recall. 

5. Discussion 
5.1. Phase One 

#is research reveals new information about the 
factors that can be used in ERDS to predict depres-
sion. #e program achieved an average accuracy rate 
of 94.80% across all subreddits. It was particularly suc-
cessful in predicting the lack of symptoms on subred-
dits that did not explicitly relate to depression: “Mov-
ieSuggestions,” “Technology,” “Food,” and “News” as it 
achieved rates between 95-100% (Figure 2). However, 
the program was still able to detect depression in users 
classi%ed as depressed 81% of the time. 

When examining the correlation that each factor 
has with predicting depression, the strongest cor-
relations involved suicidal behaviour/ideation and 
a depressed mood. #e correlation coe&cient for 
suicidal behaviour/ideation versus depression was 
0.64997 (Figure 3). According to Patrick Schober, 
Medical Specialist at the Universitair Medische Cen-
tra, and his colleagues, this is a moderate positive 
correlation (Schober et al., 2018). #is means that 
as the number of references to suicide increases so 
does the percentage, which suggests that the user has 
more severe depression. Moreover, Swenda Moreh, 
Vice President of BridgePoint Healthcare, and Hen-
ry O’Lawrence, professor of healthcare at California 
State University, argue that suicide is a common sign 
of depression in adolescents. #ey claim that although 
“the rates of completed suicide are low…[at] 8.2 per 
100,000 among 15- to 19-year-olds, there are many 
more attempted and suicidal ideations” (Moreh and 
O’Lawrence, 2016, p. 285). Many adolescents docu-
ment these attempts on online platforms like Reddit 
that provide anonymity, which likely contributed to 

the high correlation between suicidal ideation and de-
pression (Moreh & O’Lawrence, 2016). #us, suicidal 
ideation/behaviour can be a signi%cant factor in pre-
dicting depression on anonymous servers like Reddit.

#e second factor with a moderate correlation was 
a depressed mood at 0.5822 (Figure 4). #is coincides 
with past literature that found a depressed mood to 
be a statistically signi%cant factor in detecting depres-
sion. Daantje Derks, professor of psychology, and her 
associates argue that it is “easier to express negative 
emotions [in computer-mediated communication 
(CMC)]…because one does not know the other…
[and] one is less aware of the social e!ects of one’s own 
expressions” (Derks et al., 2008, p. 4). Moreover, the 
“reduced visibility of emotions strengthens emotional 
style and content and makes it easier to express emo-
tions, especially when individuals %nd it di&cult to 
express them in real life,” which applies to depression 
that o$en goes undiagnosed for these reasons (Derks 
et al., 2008, p. 4). #is supports the conclusion of a de-
pressed mood being a signi%cant factor in predicting 
depression on CMC channels. 

#e two factors with low correlations are feelings of 
guilt/worthlessness and personal pronouns at 0.1806 
and 0.3319, respectively (Figures 8 and 10). #e low 
correlation for feelings of guilt/worthlessness was ex-
pected since previous studies, like that of Tsugawa et 
al., had similar %ndings, and it is not a factor that is 
used to clinically diagnose depression in instruments 
like the BDI (Tsugawa et al., 2015). 

Findings that di!ered from past studies included 
the absence of correlation between depression and 
insomnia, fatigue, and a loss of interest/pleasure (Fig-
ures 5-7). #e lack of correlation with loss of inter-
est/pleasure is likely a consequence of the program’s 
inability to identify activities that the user no longer 
enjoys as it only searched for generalizable terms like 
“disinterested.” #e lack of correlation with insomnia 
and fatigue is surprising given the %ndings of past re-
search and new studies relating to “Zoom fatigue.”24 
For example, Manyu Jiang, recipient of the Facebook 
Journalism Project Scholarship, notes that CMC in-
volving video is harder than face-to-face communi-
cation as it “requires more focus.” Furthermore, al-
though people’s minds are together, their bodies are 
not; “that dissonance, which causes people to have 
con"icting feelings, is exhausting” (Jiang, 2020). Since 
Reddit users do not see the people that they are con-
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versing with and can contribute whenever they want 
to, the fatigue that is o$en felt on other CMC channels 
or in-person does not apply. #erefore, the %ndings 
suggest that the most signi%cant factors in predicting 
depression are suicidal behaviour/ideation and a de-
pressed mood whereas the least signi%cant are insom-
nia, fatigue, and a loss of interest/pleasure.

5.2. Phase Two 

#e results indicate that there is a positive corre-
lation between the factors used in the programs and 
a users’ degree of depression. #is is likely attributed 
to many of the symptoms being used in clinical as-
sessments like the PHQ. Further, the sliding scale that 
was used to predict depression was based on clini-
cal assessments. Additionally, this implies that users’ 
messages and Tweets contain data that does re"ect 
their mental state which coincides with %ndings from 
past studies like that of Kung et al. (2016). Moreover, 
Prakash Date, professor of engineering at Cummins 
College, and his associates agree with these conclu-
sions. #ey argue that social networking sites (SNS) 
display an “individual’s [way of] thinking, mood, ac-
tivities, and socialization.” Further, they claim that it 
can show whether someone has depression since users 
o$en share “their thoughts, feelings, [and] emotions…
[related to] guilt, worthlessness, [and] helplessness” 
(Date et al., 2018, p. 6016). #us, the data from phase 
two shows similar trends to phase one and demon-
strates the real-world applicability of these %ndings.

5.3. Limitations 

Since there remains a stigma around discussing 
mental health illnesses, participants in phase two may 
have altered their responses on the questionnaires to 
avoid a diagnosis. #is may have increased the num-
ber of FP as the programs may have detected signs 
of depression in cases where questionnaires would 
have concluded that they were not depressed. Roberta 
Heale, professor of nursing at Laurentian Univer-
sity, and Alison Twycross, professor of healthcare at 
London South Bank University, propose a solution of 
using two surveys that are similar to one another to 

achieve parallel-form reliability. If the di!erence be-
tween the %nal scores of the surveys was greater than 
ten, it suggested that the data was unreliable, and thus, 
the participant was excluded from the results (Heale 
& Twycross, 2015). 

Another limitation involved the semantic analyses 
of users’ texts. #e algorithm could only detect symp-
toms if the personal pronouns that the participants 
used, and the description of the symptoms were on 
the same line in the text %le. For example, if partici-
pants displayed signs of self-hatred by using negative 
adjectives to describe themselves, the algorithm only 
recognized that as a symptom if the pronouns were 
on the same line. Moreover, if users expressed their 
symptoms in a manner that was not explicitly coded 
for, which included using a short form, slang, or in-
correctly spelled words, the program was unable to 
detect them. Both limitations resulted in the program 
returning a higher quantity of FN as it was unable to 
recognize the symptoms in the way that the user pre-
sented them. Finally, since there were many require-
ments for participants in phase two and the program 
was still in beta testing, there were only 6 volunteers. 
#e limited sample size a!ected the recall, precision, 
and F1, leading to either extremely high or low values 
since a maximum of 6 numbers were used to calculate 
each. #erefore, to better generalize these results and 
the program’s accuracy, a larger sample is needed.

5.4. Implications 

#is research indicates that ERDS that analyze 
data from CMC channels—without videos—should 
examine suicidal behaviour/ideation because it has 
the strongest correlation with predicting depression. 
However, since Reddit does not publish data regard-
ing users’ ages, no de%nite conclusions can be drawn 
that apply to speci%c age groups or that relate to non-
text-based CMC channels. Furthermore, these %nd-
ings suggest that the key symptoms of depression—
those with the highest correlation coe&cients—may 
di!er based on the type of CMC. #us, future research 
should measure the variation in the correlation be-
tween symptoms on di!erent CMCs. Furthermore, 
this research indicates that as many SNS as possible 

24  Anxiety, tiredness, or worry that results from overusing virtual videoconferencing platforms (Wiederhold, 2020).
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should be integrated into ERDS as data sources be-
cause they re"ect a user’s mental state. However, to 
generalize these %ndings, further research should ex-
amine the accuracy of similar ERDS on di!erent ages 
and in regions beyond Canada. 

6. Conclusion
#is program was tested on data from Reddit in 

phase one and grade 12 students in phase two. #e 
study’s hypotheses were partially correct. #e recall of 
the %nal program was above the expected 0.75 at 1.0 
since the program had no false negatives. However, 
due to the single false positive, the precision and F1 
were lower than expected at 0.5 and 0.67, respectively 
(Table 1). Finally, having more sources of data to ex-
amine did result in more accurate predictions as the 
participants who shared their Twitter and iMessage 
data received TN or TP and their scores were closer to 
their PHQ and BDI counterparts than those who only 
gave access to iMessage.

#e %ndings of this research are important to this 
%eld because they present new trends that di!er from 
past literature, speci%cally regarding the correlation 
that each symptom has with predicting depression on 
CMC channels. Additionally, they suggest that future 
research is needed to further explore the correlation of 
these factors on di!erent CMC mediums. Moreover, it 
is unclear whether the trends identi%ed in phase two 
can be extrapolated due to the small sample. #us, ad-
ditional research should test the accuracy of ERDS on 
di!erent ages from various regions.

Author Note: Please email taylorhodan@gmail.com 
to see the original code used in the study.
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