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Abstract—Depression, a prevalent and debilitating mental
illness, is frequently undiagnosed. Diagnosis is an important step
towards treatment. Currently screening tools, such as the Patient
Health Questionnaire-9 (PHQ-9), require patient input. Many
studies have used a variety of data types and features to predict
depression scores for individuals. In this study, we focus on the
i lity indicative
pact of social interactions: received text messages. Our
approach encompasses creating subsets of influential contacts for
each participant and engineering features from the text messages
of those contact subsets. Overall, our study demonstrates that
reccived fext communications are a promising modality when
predicting depression scores. Specifically, we found that the F1
score of Gaussian Naive Bayes models leveraging just the text
messages from a subset of top contacts performed statistically
significantly better by 13.2 percent than the models leveraging
text messages from all contacts.
Index Te text feature
received communications, contact subsets

screening,

1. INTRODUCTION

Depression is a debilitating mood disorder characterized
by chronic sadness and apathy. Despite being one of the
most treatable mental disorders, US Preventative Services Task
Force (USPSTF) has identified depression as the leading cause
of disability in adults [10]. [17]. While the USPSTF rec-
ommending depression screening for all adults, an estimated
quarter of patients with depression are not diagnosed [7]. [17].
This often occurs due to symptoms not being recognized, lack
of access to medical resources, and fear of stigma [7]. Cur-
rently, questionnaires such as the Patient Health Questionnaire-
9 (PHQ-9) are being utilized to screen for depression [10].
However, these screening tools require patient cooperation and
unbiased ability to recall symptoms.

A. Related Work

Recent studies have begun to leverage smartphone sensor
and social media data for mental health screening [1]. [4]. [12].
[13], [16]. Specifically, location sensor [16], audio [12], and
twitter [13] data have been shown to be effective at diagnosing
depression. De Choudhury, Counts, and Horvitz conducted
comprehensive feature engineering to extract features related
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Depression Screening from Text Message Reply Latency®

ML Tlachac! and Elke A. Rundensteiner!

Ab: is both and prevalent.
While treatable, it is often undiagnosed. Passive depression
screening is crucial, but leveraging data from Smartphones and
social media has privacy concerns. Inspired by the known rela-
tionship between d and slower i

speel ws bypotheion hs by ofbetiog replen wil amisic

in screening for

eiratt nine eply Tateney related features Trom erowd-sourced
fext message conversation meta-data. By considering text mela-
data instead of content, we mitigate the privacy concerns. To
predict binary screening survey seores, we explore a variety
of machine learning methods built on prineipal components of
the ltency features. Our findings demonstrate that an XGBoost
maodel built with one principal component achieves an FI score
of 0.67, AUC of 0.72, and Accuracy of 0.69. Thus, we confirm
that reply latency of texting has promise as a modality for
depression screening.

L. INTRODUCTION

Depression is a debilitating mood disorder. While it is one
of the most treatable mental disorders [1], it is very prevalent
with devastating costs to society as well as individuals.
Globally, depression is the leading cause of disability and,
when combined with anxiety, costs one trillion per year in
lost p ivity [2]. Indivi with ion have higher
risks for developing other health problems. Left untreated,
depression can result in suicide. the tenth leading cause of
death in the United States [2].

Unfortunately, misinformation about depression remains
rampant. This leads to depression symptoms being unrecog-
nized and fear of stigma. Lack of access to medical resources
also contributes to depression being undiagnosed and un-
treated [3]. On average, it takes 11 years to get treatment after
symptoms appear [2]. Additionally, an estimated quarter of
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Is with are never [3). As the
questionnaires typically leveraged to screen for depression
are often perceived as intrusive and cumbersome (4], their

[6]. These studies primarily predict binary depression with
labels collected either from self-declaration or screel
surveys. The methods used involve support vector machine
(SVM), logistic regression (LR), random forest (RF), and
naive bayes (NB) [6].

Our prior research has involved analyzing the screening
ability of retrospectively harvested Smartphone data [5].
including content from received texts [7]. sent texts [8], and
tweets [8]. Short message service (SMS) text messages are a
promising modality given the popularity of texting- A 2014
study found that texting was the most popular and frequently
used Smartphone feature with 97% of American Smartphone
owners texting within the past week [9]. As adults under
the age of 30 texted the most [9] and suicide is the second
leading cause of death in the United States for this age group
(2], this further motivates the use of text m ge data to
screen for depression.

However, the primary downside of using text messages to
screen for depression is the lack of people willing to share
texts. When 202 crowd-sourced participants were surveyed
regarding willingness to share Smartphone data with health-
care professionals on a five rating scale from ‘completely
unwilling’ (o ‘completely willing', browser history was the
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only modality with a greater percent of ‘com-
pletely unwilling’ to share [S]. Specifically, 40.1 percent
of participants were ‘completely unwilling to share text
messages and only around a third of participants willing to
share this modality [5].

Given participant willingness to share other modalities, we
surmise that it is the content of the text messages that people
wish to remain private. Yet, the text message data contains
more than just text message content. The unique aspect of
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usefulness is limited by the lack of patient and
biased responses.
Thus, there is a need for passive depression screening

Recently, studies have begun to explore the
potential of various Smartphone and social media modalities
in predicting d:pressmn To mitigate changes in behavior
from being the approach S

tively harvests such data [5]. Tweets are a particularly
popular modality to screen for depression due to public
availability that allows them to be collected retrospectively
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mented [10], though not in this context. We hyp that
this slower processing. which is attributed to less efficient
cognitive functioning [10], may result in a pattern of slower
response times to text messages.

Thus, in this study, we determine whether SMS text
message meta-data, namely the latency of response, can
be leveraged to screen for depression. This is the first
study to utilize features engineered from both ‘sent” and
‘received’ text messages. To mitigate privacy concerns from
leveraging text messages. our approach considers only meta-
data features and no message content.
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clinical interview recordings. While the Bidirectional En-
coder Representations from Transformers (BERT) models
[11] for text classification were combined with audio clas-
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Abstract—Suicide is a leading cause of death in the US, with
suicide rates increasing annually. Passive screening of suicidal
ideation is vital to provide referrals to aterisk individuals.
We study to what degree smartphone-based communication
in particular, text messages. could be leveraged for passively
screening for suicidal ideation. We analyze the screening ability
of texts sent in different time periods prior to reported ideation,
namely, texts from specific weeks only versus accumulative aver
several weeks. Our approach involves performing comprehensive
feature engineering and identifying influential features to train
‘machine learning models. With just the prior week of texts, we
were able to predict the existence of suicidal ideation with AUC =
0.8, F1 = 0.84, accuracy = 0.81, sensitivity = 0.94, and specificity
= 0.68. The most influential features include word
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Screening for Suicidal Ideation with Text Messages

of words in the car, clothing, affection, confusion, driving, real
estate, and journalism categories. This research, demonstrati
the potential of text messages to screen for suicidal ideation, will
guide the development of screening technologies.

Index Terms—mobile health, suicide ideation, passive screen-
ing, machine learning, digital phenotype

L. INTRODUCTION

Suicide is among the top fen causes of death for all age
groups in the United States in 2018 [1]. For those aged
10-34, suicide is the second leading cause of death. The
suicide rate has increased by 35% since 1999 despite national
goals 10 combat suicide [1]. Psychological autopsies reveal
that 90% of individuals who died by suicide suffered mental
illness symptoms [2], though 56% were not diagnosed with a
mental illnesses [3]. Early identification and referral of at-risk
individuals is recommended to prevent suicide [4].

Smartphones are not only prevalent but also capture large
quantities of personal data, making them perfect to passively
screen for suicidal ideation and provide referrals to at-risk
individuals. 95% of US adults under 35 years of age, the age
group most at risk for suicide, owned a personal smartphone
in 2018. While research has been conducted on screening for
depression with smartphone data [5]-[14], there is a lack of
such digital phenotype research for suicidal ideation screening.

While we previously atiempied to address this problem [9],
the machine learning models yielded an F'1 score of only (.58
when predicting the existence of suicidal ideation with features
extracted from mobile voice recordings, social media, and
phone data. On actively recorded mobile voice, we were able
to screen for suicidal ideation with an F'1 of 0.70 [15]. Yet, we
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achieved an even higher F1 score of 0.81 when screening for j
depression with the content of sent SMS text messages [10], s
which have the additional benefit of being passively collected.
We now hypothesize that text messages are a valuable
modality to passively screen for suicidal ideation. Yer suicide
risk is dynamic [16]. [17]. and it is critical to pinpoint when i
people are at highest risk for intervention. Thus, we exam- €
ined the utility of screening based on briefer time intervals. d
Specifically, we tested if text messages from a particular week Y
versus an aggregated sequence of multiple weeks prior 10 e
ideation prediction are most useful for this task. Our approach e
involves hensive feature engineering, feature selection, P
and machine learning. We demonstrate that this approach e
dramatically increases the suicidal ideation screening ability e
of data collected from smartphones. Our contributions include: e
1) exploring the potential of retrospectively collected ii
crowd-sourced texts for suicidal ideation screening, It
2) comparing the screening ability of texts sent in the "
interval and cumulative weeks prior to reported ideation, n
3) identifying the most influential features for screening .
IL. DaTa & METHODS "
A. Text Message Data
Teams of researchers at Worcester Polytechnic Institute -
(WPI) collected the Moodable [9] and EMU [I8] datasets -
from 2017 to 2019 under WPI IRB 00007374 File 18-0031. -
Crowd-sourced participants from Mechanical Turk [19] were “
asked to share retrospective phone data, record audio, and e
complete mental illness screening surveys through a mobile .
collection app [9], [18). The app administered the Patient .
Health Questionnaire-9 (PHQ-9) [20]. Each survey item has =
A

participants rate the frequency of depression symptoms over
the past two weeks on a 4-point scale from ‘not at all’ to
‘nearly every day’. To determine the existence of suicidal
ideation, we use the ninth item Q9: “Thoughis that you would
be better off dead or of hurting yourself in some way” [20].
Here, we leverage data from the subset of pamupamq
who  shared itudinal SMS text message
participants must have at least one text message in each of
the prior two months. 66 participants in the datasets met this
criteria. In response to the item Q9 of PHQ-9. selected 0,
11 selected 1, 14 selected 2, and 2 selected 3. We consider
any positive score to be indicative of suicidal ideation. These
participanis sent 15, 944 SMS text messages during the 8 past

sification architectures, the ablation study indicates that the
BERT was most i ial to AudiBERTs suc-
cess. However, RoBERTa, a more robustly trained BERT
model, has demonstrated better performance than BERT for
mental health applications [12]. Also, previous studies have
revealed that ensembles of models can produce more robust
classifications than individual models [13], [14]

Thus, within the scope of this research, we investigate the
ability of BERT variants and BERT ensembles to classify
depression from the transcripts of responses to 12 clinical
interview questions. In particular, we hypothesize that en-
sembling several BERT variants will result in better perfor-
mance. We compare the depression classification ability of:

1) three different individual BERT variants,

2) two different ensemble method strategies.

3) ensembles containing different BERT models, and

4) three different combinations of architectural layers.

II. CLINICAL INTERVIEW TRANSCRIPT DATA

For this research, we use the transcripts from the Distress
Analysis Interview Corpus - Wizard of Oz (DAIC-WOZ)
[15], [16]. The DAIC-WOZ corpus consisis of 189 clinical
interviews conducted by a virtual agent. Participants were
virtually asked a subsel of core questions with varying
amounts of follow-up questions to elicit more details [16].

The interviews are labeled with PHQ-8 depression screen-
ing scores. The PHQ-8 contains the first eight Likert scales
in the PHQ-O [17]. The PHQ-8 score ranges from 0 to 24
with a score of 10 being indicative of depression.

We treat each core question in DAIC-WOZ as an individ-
ual thematic dataset, as defined in the related literature [8]
Each dataset contains the responses to a single core question
and related follow-up questions. In this research, we use the
12 thematic datasets with the most responses, as detailed in
Table I. These datasets contain 94 to 105 responses with 21%
10 31% of respondents labeled as depressed (PHQ-82 10).

III. DEEP LEARNING METHODOLOGY

Our goal is to predict depression with transeripts of
responses o clinical inierview questions asked by a virtual
agent. To accomplish this, we explore the depression screen-
ing capal s of 3 BERT variants and 4 ensembles of BERT
variants. Further. we compare two different ensemble method
architectures. We focus on BERT classifiers in this research
given their demonstrated success with smaller datasets and
mental health applications [12], [8]
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Abstraci— Depression is among the most prevalent mental
health disorders with increasing prevalence worldwide. While
carly delection is critical for the prognosis of depression

detecting  dep is challengi Previous
deep learning research has thus begun to detect depression
with the lranccrlpli of c]mlcal interview qmstmm Since
approaches using Encoder from
Transformers (BERT) have demonstrated particular promise,
we hypothesize that ensembles of BERT variants will improve
depression detection. Thus, in this research, we compare
the depression classification abilities of three BERT variants
and four ensembles of BERT variants on the transcripts of
responses to 12 clinical interview questions. Specifically, we

clinical interview recordings. While the Bidirectional En-
coder Representations from Transformers (BERT) models
[11] lor text elassification were combined with audio clas-
sification architectures, the ablation study indicates that the
BERT component was most influential 1o AudiBERT's suc-
cess. However, ROBERTa, a more robustly trained BERT
maodel, has demonstrated belter performance than BERT for
mental health applications [12]. Also, previous studies have
revealed that ensembles of models can produce more robust
classifications than individual models [13], [14].

Thus, within the scope of this research, we investigale the
.Ahlhl) ol BERT variants and BERT ensembles o ily

the with different
numht-r nf model and i layer
Our results d that bles increase

mean F1 scores and robustness across clinical interview data.

Clinical This research hig the potential of
ensembles to detect depression with text whlch is important to
guide future of

I. INTRODUCTION

Depression is one of the most prevalent mental illnesses,
according o World Health Organisation (WHO) [1]. The
number of people living with this mental illness increased
by more than 18% between 2005 and 2015. Approximately
280 million people in the world are living with a depressive
disorder [1]. As a result of an ongoing depression, the
abilities of a person in performing daily activities can be
critically decreased and negatively impact the patients life
severely. In the worst case, depression can lead to suicide.
Every year, more than 7007000 people globally die by suicide
which is the fourth leading cause of death among people
aged 15-29 [1]. Early delection is crucial for the prognosis
of depression treatment [2], nevertheless diagnosis is difficult
s0 dep often remains lor many years [3].
Thus, research [4], [5]. [6]. [7]. [8]. [9]. [10] has begun
exploring the modeling of voice recordings and transcripts
as a strategy 1o detect depression earlier.

For instance, Audio-Assisted BERT (AudiBERT) [8] was
recently leveraged 1o oplimize depression classification from
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computing cluster acquired with NSF MRI grant DMS-1337943 1o WPI
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from the transeripts of responses o 12 clinical
inlerview 1 In it we hyp size that en-
sembling several BERT variants will re: in better perfor-
mance. We compare the depression cl ication ability ol
1) three different individual BERT vari:
2) two different ensemble method strategies
3) ensembles containing dilferent BERT models, and
4) three different combinations of architectural layers.

I, CLINICAL INTERVIEW TRANSCRIPT DATA

For this research, we use the transcripts [rom the Distress
Analysis Interview Corpus - Wizard of Oz (DAIC-WOZ)
[15]. [16]. The DAIC-WOZ corpus consists of 189 clinical
inlerviews conducted by a virlual agenl. Parlicipanls were
virtually asked a subsel of core questions with varying
amounts of follow-up questions Lo elicit more details [16].

The interviews are labeled with PHQ-8 depression screen-
ing scores. The PHQ-8 contains the first eight Likert scales
in the PHQ-9 [17]. The PHQ-8 score ranges [rom 0 1o 21
with a score of 10 being indicative of depression.

We treal each core question in DAIC-WOZ as an individ-
uval themalic dataset, as defined in the related literature [8].
Each dalasel contains the responses Lo a single core gquestion
and related follow-up questions. In this research, we use the
12 thematic datasels with the most responses, as detailed in
Table 1. These datasets contain 94 to 105 responses with 21%
to 31% of respondents labeled as depressed (PHQ-8> 10).

TI. DEEP LEARNING METHODOLOGY

Our goal is to predict depression with transeripts of
responses to clinical interview questions asked by a virtual
agenL. To accomplish this, we explore the depression screen-
|m. pabilities of 3 BERT variants and 4 ensembles of BERT

Bruethor - lara 1




A Story Starts with a Title

(and a paper also has authors & affiliations)



Examples of Paper Titles
RIS  You're Making Me Depressed: Leveraging Texts
contractions . :
from Contact Subsets to Predict Depression

Depression Screening from Text Message Reply Latency

Screening for Suicidal Ideation with Text Messages

Mobile Depression Screening with Time Series of
Text Logs and Call Logs
Ensembles of BERT for Depression Classification

Typically, don’t use

abbreviations

Worcester Polytechnic Institute



Author Affiliations

Bottom right corner of first page Underneath title

Saskia Senn'. ML Tlachac?, Ricardo Flores®, and Elke Rundensteiner”

ML Tlachac Katherine Dixon-Gordon Elke Rundensteiner
1Saskia Senn is with Applied Computational Life Sciences, Zircher Data Science Psychological and Brain Sciences Data Science and Computer Science
Hochschule Angewandie Wissenschalien (ZHAW), Widenswil, ZH, Worcester Polvtechnic Institute University of Massachusetts Amherst Worcester Polytechnic Institute
Switzerland sennsaskia@gmail . com mitlachac @wpi.edu katiedg @umass.edu rundenst @ wpi.edu

ML Tlachac, Ricardo Flores, and Elke Rundensteiner are

with the Departments of Data  Science and Computer  Science,
Worcester Polytechnic Institute (WPL), Worcester, MA 01604, USA
{mltlachac, rflores, rundenst }@wpi.edu

Worcester Polytechnic Institute



Overleaf for Paper Starting Material

35 A\title{\LARGE \bf

36 Ensembles of BERT for Depression Classification

37 }

38

39

40 \author{s_a;s_EH §feﬂr_1[1_$f’\{l_;-s ML Tlachacs~{2}$, Ricardo Flores$A{2}%, and Elke RundensteinerS$A{2}3$%
<-this % stops a space .

41 \thanks{This work was supported by Fulbright Foreign Student Program, National Agency for Research At thIS Yenue’
and Development (A_h!:!:ﬂl:)_);’Scho'larshw Program/ﬂDg-:_::lfQﬁ&ﬂD_Oﬂ BECAS CHILE/2015-56150007, and US Department of fundlng is here
Ed. P200A180088: EEAANI‘:.I Fellowship. Results were obtained using a computing cluster acquired with NSF
MRI grant DMS-1337943 to WPT. Y% <-this % stops a space

42 \thanks{$f\{13$s_a;5_51_q §gr_19_ is with Applied Computational Life Sciences,

43 ;uﬁrﬁcheﬁr I:chpsﬁ..cﬁh.y'le Aqgﬁemyaﬁngte W1ns§gnﬁsﬁct]aften (ZHAW) Wadenswﬂ ZH, switzerland

44 {\tt\small sgnpsﬁaﬁslf'lna@grrla:l] com}} R Separate \thanks{}

45 \thanks{$2{2}$ML Tlachac, Ricardo Flores, and Elke Rundensteiner are with the Departments of Data for each university
Science and Computer Science, Worcester Polytechnic Institute (WPI), Worcester, MA 01604, USA

46 {\tt\small \{mltlachac,rflores,rundenst\}ewpi.edu}}

48

49 Combined email

50 + \begin{document} addresses

Worcester Polytechnic Institute



A Story has a Summary
(A paper has an abstract... and keywords)



Abstract Outline

P
A
N
L e
-

lon
|

Worcester Polytechnic Institute



Abstract Example: Unbalanced

Motivation

too long

Great Motivation

And Problem

Abstract—Depression, a prevalent and debilitating mental
illness, is frequently undiagnosed. Diagnosis is an important step
towards treatment. Currently screening tools, such as the Patient
Health Questionnaire-9 (PHQ-9), require patient input. Many

Abstract— Depression is among the most prevalent mental
health disorders with_increasing prevalence worldwide. While
early detection is critical for the prognosis of depression
treatment, detecting depression is challenging. Previous

studies have used a variety of data types and features to predict
depression scores for individuals. In this study, we focus on the
predictive ability of a single under-utilized modality indicative
of the impact of social interactions: received text messages. Our
approach encompasses creating subsets of influential contacts for
each participant and engineering features from the text messages

Approach
too long

of those contact subsets. (-)verall, our study demonstrates that
received text communications are a promising modality when
predicting depression scores. Specifically, we found that the F1
score of Gaussian Naive Bayes models leveraging just the text
messages from a subset of top contacts performed statistically
significantly better by 13.2 percent than the models leveraging
text messages from all contacts.

ADDIOGg

Missing Implication

11

deep Iearning research has thus begun fo defect depression
with the transcripts of clinical interview questions. Since
approaches using bidirectional Encoder Representations from
ansformers (BERT) have demonstrated particular promise,
we hypothesize that ensembles of BERT variants will improve
depression detection. Thus, in this research, we compare
the depression classification abilities of three BERT variants
and four ensembles of BERT variants on the transcripts of
responses to 12 clinical interview questions. Specifically, we
implement the ensembles with different ensemble strategies,
number of model components. and architectural laver

combinations. Our results demonstrate that ensembles increase
mean F1 scores and robustness across clinical interview data.

Results

Too short
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Abstract—Suicide is a leading cause of death in the US, with

ideation is vital to provide referrals to at-risk individuals.

We study to what degree smartphone-based communication,
in particular, text messages, could be leveraged for passively
screening for suicidal ideation. We analyze the screening ability
of texts sent in different time periods prior to reported ideation,
namely, texts from specific weeks only versus accumulative over
several weeks. Our approach involves performing comprehensive
feat . . | identifving infl tial fea trai

machine learning models. With just the prior week of texts, we
were able to predict the existence of suicidal ideation with AUC =
0.88, F1 = 0.84, accuracy = 0.81, sensitivity = 0.94, and specificity
= 0.68. The most influential features include word frequencies
of words in the car, clothing, affection, confusion, driving, real
estate, and journalism categories. This research, demonstrating

the pofenflal of text messages to screen for suicidal l“&ﬂfl(]l‘l, will

guide the development of screening technologies.

12

Motivation
Problem

Approach

Results

Implication

Abstract— Depression is _both debilitating and Frevalent.
lle treatable, 1t 1s often undiagnosed. Passive depression
screening is crucial, but leveraging data from Smartphones and
social media has privacy concerns. Inspired by the known rela-

tionship between depression and slower information processing
speed, we hypothesize the latency of texting replies will contain
useful information in screening for depression. Specifically, we
extract nine reply latency related features from crowd-sourced
text i ta-data. B iderine text meta-

data instead of content, we mitigate the privacy concerns. To

predict binary screening survey scores, we explore a variety
of machine learning methods built on principal components of
the latency features. Our findings demonstrate that an XGBoost
model built with one principal component achieves an F1 score
of 0.67, AUC of 0.72, and Accuracy of 0.69. Thus, we confirm

that reply latency of texting has promise as a modality for
depression screening.
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Keywords (5) to make paper easier to find

Index Terms—text feature engineering, depression screening,
received communications, contact subsets

Index Terms—mobile health, depression screening, time series,
feature engineering, machine learning

Clinical relevance— This research highlights the potential of Specific requirements

ensembles to detect depression with text which is important to .
:de fut devel t of health licati ¢ Keywords asked for in
guide future development of healthcare application ecosystems. TR ST
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% As a general rule, do not put math, special symbols or citations
% 1n the abstract or keywords.

\begin{abstract}

Suicide is a Teading cause of death in the US, with suicide rates

increasing annually. Passive

screening of suicidal ideation 1is vital to provide referrals to at-risk individuals. We study to what

degree smartphone-based communication, in particular, text messages,

could be leveraged for passively screening for suicidal ideation. We analyze the screening ability

of texts sent in different time periods

prior to reported ideation, namely, texts from specific weeks only versus accumulative over several

weeks.

our approach involves performing comprehensive feature engineering and identifying influential

features to train machine learning models. With just the prior week

of texts, we were able to predict

the existence of suicidal ideation with AUC = 0.88, F1 = 0.84, accuracy = 0.81, sensitivity = 0.94,
and specificity = 0.68. The most influential features include word frequencies of words in the car,
clothing, affection, confusion, driving, real estate, and journalism categories. This research,

demonstrating the potential of text messages to screen for suicidal
will guide the development of screening technologies.

‘end{abstract}

\begin{IEEEkeywords}

ideation,

mobile health, suicide ideation, passive screening, machine Tearning, digital phenotype

\end{IEEEkeywords}
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Introduction Examples

I. INTRODUCTION

Depression is a debilitating mood disorder characterized
by chronic sadness and apathy. Despite being one of the
most treatable mental disorders, US Preventative Services Task
Force (USPSTF) has identified depression as the leading cause

PSTF rec-

of disabilitg\f qt ; a ib il .I?
ommending depr smci-‘!: ee;gng or allﬁu s, an estimated

quarter of patients wp ‘eob:'\eerp diagnosed [7], [17].
This often occurs dud to symptoms not being recognized, lack
of access to medical resources, and fear of stigma [7]. Cur-
rently, questionnaires such as the Patient Health Questionnaire-
9 (PHQ-9) are being utilized to screen for depression [10].

However, these screening tools require patient cooperation and

E ST 0 leverage smartphone sensor
and social media data for mental health screening [1], [4], [12],
[13]. [16]. Specifically, location sensor [16], audio [12]. and
twitter [13] data have been shown to be effective at diagnosing
depression. De Choudhury, Counts, and Horvitz conducted
comprehensive feature engineering to extract features related
lo engagement, ego-network, emotional expression, linguistic
style, and patterns of activity from Twitter data [4].

The aforementioned research has focused on screening with
text generated by the participant rather than text generated by
contacts of that participant. However, another study discovered
that both the guantity and quality of social interactions are
known predictors of health [3]. Specifically, negative interac-
tions have been found to be more influential than positive
interactions [15]. Additionally, friendships are important to
happiness [5] and the number of contacts an individual is
comfortable with is associated with better mental health [15],
though research indicates people only have three close friends
[5]. Likewise, fewer close relationships and lack of social
support are associated with depression [9].

< B. Our Approach and Contributions >
1 ¥ : eractions and close rela-

tionships on mental health, we hypothesize that received (in
contrast to sent) communications will be useful in predicting
depression scores. In addition, we hypothesize that communi-
cations from a subset of top contacts will be more predictive
of depression scores than communications from all contacts.
We explore these hypotheses with received smartphone text
messages collected in a crowd-sourced study [6]. Our approach
consists of creating contact subsets, feature engineering, and
machine learning. Our contributions include:

1) exploring the potential of received texts, an under-
utilized modality, in predicting depression scores, and
comparing the predictive ability of features generated
from subsets of top contacts with features from all
contacts.

2

—

I. INTRODUCTION

Suicide is among the top ten causes of death for all age
groups in the United States in 2018 [l]. For those aged
10-34, suicide is the second leading cause of death. The
suicide rate has incpgame W i thespite national
goals to combat %Mﬁ]t yam utopsies reveal
that 90% of individuals who died by suicide suffered mental
illness symptoms [2], though 56% were not diagnosed with a
mental illnesses [3]. Early identification and referral of at-risk
individuals is recommended to prevent suicide [4].

Smartphones are not only prevalent but also capture large
quantities of personal data, making them perfect to passively
screen for suicidal ideation and provide referrals to at-risk
individuals. 95% of Bﬁ@tble IMYears of age, the age
group most at risk for suicide, owned a personal smartphone
in 2018. While research has been conducted on screening for
depression with smartphone data [5]-[14], there is a lack of
such digital phenotype research for suicidal ideation screening.

While we previously attempted to address this problem [9],

the machine lgagnin mofls ad 1 scqre of only (.58
when predictig[l]eia é i QLK with features

extracted from mobile voice recordings, social media, and
phone data. On actively recorded mobile voice, we were able
to screen for suicidal ideation with an F'1 of 0.70 [15]. Yet, we

Contributions are

bullet points

achieved an even higher F'1 score of (.81 when screening for
depression with the content of sent SMS text messages [10],
which have the additional benefit of being passively collected.

We now hypothesize that text messages are a valuable
modality to passively screen for suicidal ideation. Yet suicide
risk is dynamic [16], [17], and it is critical to pinpoint when
people are at highest risk for intervention. Thus, we exam-
ined the utility Ofﬁ i ﬁﬁ op_fciefer time intervals.
Specifically, we te: E‘tﬁ hﬂb a particular week
versus an aggregated sequence of multiple weeks prior to
ideation prediction are most useful for this task. Our approach
involves comprehensive feature engineering, feature selection,
and machine learning. We demonstrate that this approach
dramatically increases the suicidal ideation screening ability
of data collected from smartphones. Our contributions include:

1) exploring the potential of retrospectively collected
crowd-sourced texts for suicidal ideation screening,

2) comparing the screening ability of texts sent in the
interval and cumulative weeks prior to reported ideation,

3) identifying the most influential features for screening.

Worcester Polytechnic Institute



Overleaf: Bullet Points and Sections

151 our approach involves d Remains a single ering, feature selection, and machine learning. We
demcnstrate
152 that this approach dra
from smartphones.
153 oQur contributions include:
Starts bu”et \begin{enumerate}
\item exploring the potential of retrospectively collected crowd-sourced texts for suicidal
ideation screening,
156 ‘item comparing the screening ability of texts sent in the interval and cumulative weeks prior to

Paragraph

idal ideation screening ability of data collected

environment

reported ideation,
157 Sdifferent weekly subsets of texts from crowd-sourced participants, and
o \item identifying the most influential features for screening.

\item for each
bullet

‘end{enumerate}

e May need ‘\’ to keep

162
163 ~ ‘section{Data \& Methods}

special characters

For subsection e ‘\subsection{Text Message Data}
Teams of researchers at Worcester Polytechnic Institute {wf;) collected the MoodabT

\cite{MoodableSmartHealth} and EMU ‘cite{TlachacEMU} datasets from 2017 to 2019 under WPI IRB

heading

19 Worcester Polytechnic Institute



20

What is in Data & Methodology?

Data
Collection Data Feature Machine

and/or Preprocessing Engineering Learning
Dataset

Model

Evaluation

Worcester Polytechnic Institute



Examples of Paper Data Descriptions

Data as a subsection of Methods Data as a separate section

II. CLINICAL INTERVIEW TRANSCRIPT DATA

TABLE 1 For this research, we use the transcripts from the Distress S peC|ﬂC
II. DATA & METHODS THE NUMBER OF TEXT MESSAGES SENT BY PARTICIPANTS IN THE Analysis Interview Corpus - Wizard of Oz (DAIC-WOZ) . .
INTERVAL AND CUMULATIVE WEEKS PRIOR TO REPORTING SUICIDAL . - SeCtI O n tlt e
A. Text Message Data IDEATION WITH THE NINTH ITEM OF THE PHQ-9. [15], [16]. The DAIC-WOZ corpus consists of 189 clinical
Teams of researchers at Worcester Polytechnic Institute Interval Weeks Cumulative Weeks n?teerews conducted by a virtual agent.. Part101.pants were
(WPI) collected the Moodable [9] and EMU [18] datasets Week | Participants Texts  Participants  Texts virtually asked a subset of core questions with varying
from 2017 to 2019 under WPI IRB 00007374 File 18-0031. 5 Ol A < amounts of follow-up questions to elicit more details [16].
Crowd-sourced participants from Mechanical Turk [19] were 3 49 1961 62 6691 The interviews are labeled with PHQ-8 depression screen-
asked to share retrospective phone data, record audio, and = 62 gﬁ?g 2? f[?ng ing scores. The PHQ-8 contains the first eight Likert scales
> ’ 5 5 i EEL .
complete mental illness screening surveys through a mobile 6 49 1821 66 12810 in the PHQ-9 [17]. The PHQ-8 score ranges from 0 to 24
collection app [9], [18]. The app administered the Patient ; 32 }g;} gg %‘giz with a score of 10 being indicative of depression.
Health Questionnaire-9 (PHQ-9) [20]. Each survey item has ‘ We treat each core question in DAIC-WOZ as an individ-
participants rate the frequency of depression symptoms over ual thematic dataset, as defined in the related literature [8].
the past two wecks on a 4-point scale from ‘not at all’ to Weeks. The number of texts per participant ranged betwgen 2 Each dataset contains the responses to a single core question

and 1709 with an average of 242 and median of 66.

. . and related follow-up questions. In this research, we use the
We form 15 subsets of messages sent in the weeks jprior Pd

to completion of the PHQ-9 screening survey (Table )] The 12 thematic datasets with thf: most responses, as detfu]ed in
interval datasets D; include the texts sent during the weeld W;. Table I. These datasets contain 94 to 105 responses with 21%

N ) The cumulative datasets C; contain all texts sent in W, thr@ugh to 31% of respondents labeled as depressed (PHQ-8> 10).
who shared longitudinal SMS text messages. Specifically, 1y, je. all texts in W, and all more recent weeks precefling

participants must have at least one text message in each of the screening day. The data subscts may not contain the shme
the prior two months. 66 participants in the datasets met this number of participants as not all participants had recordf of

‘nearly every day’. To determine the existence of suicidal
ideation, we use the ninth item Q9: “Thoughts that you would
be better off dead or of hurting yourself in some way” [20].

Here, we leverage data from the subset of participants

TABLE I
THEMATIC DATASET DESCRIPTIONS.

criteria. In response to the item Q9 of PHQ-9, 39 selected 0, sent SMS text messages on their phone for every week. Tllese Core Question Description Count _ Depressed
. . | and lative dat bset identical i Kby How are you doing today? 105 28.6%
11 selected 1, 14 selected 2, and 2 selected 3. We consider interval and cumulative data subsets are identical in week 1 The last time yon argued with someone? 103 20.1%
any positive score to be indicative of suicidal ideation. These as both contain the messages sent between day 1 to T pfior What advice would you give yourself? 102 23.43,
.. . 3 H 7 What are you most proud of? 100 28.0%
participants sent 15,944 SMS text messages during the 8 past to completlon of the PHQ-9. The cumulative dataset for {1’y How are yynu at cnngn]]ing your temper? 106 2005
contains all 15, 944 texts. When was the last time you felt really happy? 99 28.3%
How easy is it for you to get good sleep? 98 27.6%
How would your best friend describe you? 96 26.0%
What's your dream job? 95 30.5%
What’d you study at school? 95 30.5%
Do you travel a lot? 94 27.7%

Ta b I es to d ESC r.i be d a ta Have you been diagnosed with depression? 94 21.3% . .
Worcester Polytechnic Institute




22

Data, Data Preprocessing, & Feature Engineering

II. DATA & METHODOLOGY
A. Data

Worcester Polytechnic Institute (WPI) researchers de-
signed the Moodable approach to collecting retrospective
Smartphone sensor data [5]. Under WPI IRB 00007374,
teams retrospecg cgllected datge from participants on
Mechanical Tur] ta)sei , resulting in the
Moodable and EMU datasets. Collected modalities include
sent texts, received texts, tweets, voice samples, etc.

The Patient Health Questionnaire-9 (PHQ-9), a common
depression screening survey, was deployed to obtain a de-
pression label for :ach paﬂl(:]panl The PHQ -9 asks partici-
pants to rc!ﬂ pnlE q answering 9
questions [1]. Each question has™a score between 0 and 3 so
aggregate scores are between 0 and 27. A PHQ-9 score of at
least 10 is commonly accepted as the threshold for an interim
diagnosis of depression [1]. If a clinician were to confirm this
interim diagnosis, treatment in the form of psychotherapy
and/or antidepressants is typically recommended.

Inspired by the PHQ-9, our study focuses on the last
two weeks of text message data within the Moodable and
EMU datasets. Specificallasqwe egtract the date and direction
of the text messages fi i icipant-contact com-
bination. The direction for thg messages could either be
sent’ by the phESE ? 1© ) participant.
The messages were temporally Ordered and we identified
all (received, sent) pairs. From each of these pairs, we
calculated the latency of the reply, i.e. the seconds between
the ‘received” and ‘sent” messages. Thus, in this manner, we
extract a set of reply latencies for each participant.

‘We restrict the participants to those who replied to at least
two messages within the last two weeks, i.e. had at least

two latency vi Pami]mdaeﬂ;lencies. This
requirement restlt tes the issues
typically stemmings from cypwd-sousced data. The latencies
for the 37 dcprce:mct II@B 10) and 31 not
depressed participants (PHQ-9 < 10) are depicted in Fig. 1.

For each participant, we extract nine features from the
metadata of their text messages. Seven of these features
involve the set of ﬁly ldlenmes In addition to the minimum

and maximum la ea uucrfee 10%, 25%, 50%,

75%, and 90% quannles of the set of reply latencies. We

included tkﬁ]ﬁg '1? F ‘ge values are
less impacte iers than minimure®and maximum
latencies. In addition to these features, we also record the

number of contacts each participant responded to within two
weeks and the total number of replies from each participant.
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Fig. 1. Text response latency within the last 14 days for each participant.

Response Latency of Depressed Participants

Data visuals

IL_DATA & METHODOLOGY
A. Text and Call Log Data

etcxt logs and call logs in the
combined Moodable [9] and EMU [15] datasets. Worcester
Polytechnic Institute (WPI) researchers collected retrospective
smartphone data from Mechanical Turk [16] participants from
2017 to 2019 under WPI IRB 00007374 File 18-0031. Partic-

ipants were prj ;é]ts p@ular Patient Health
Questionnaire—m(s, m ey used by the
StudentLife atﬁ];;am

reflect on thﬁi e

participants to

ting nine scales

regarding frequency of symptoms. The PHQ-9 score can range
from 0 to 27 with a score of at least 10 being indicative of
depression [17]. We use these PHQ-9 scores to label the logs.
Since the PHQ-9 asks about the last two weeks, we consider
the last two weeks of text and call logs. Participants with at

PHQ-9 Distribution

Text Participants.

Call Participants
s 5

Fraquency

[] s » 15 E] E3 [] 3 10 5 » 3
PHQ-9 Score PHQ-9 Score

Fig. 1. PHQ-9 distributions of participants who submitted text and call logs.
TABLE [
NUMBER OF PARTICIPANTS WITH EACH TYPE OF DATA.
Modality All  Incoming  Outgoing
Text Logs | 295 290 99
Call Logs | 212 182 197

least two texts or two mlnutes of calls within the prior two

weeks are 1nclu p n 12 participants,
295 and 212 shared text and call s, respectively. The distri-

butions of PHQ- 9 mﬂ;ts are available in
Fig. 1. The average number of texts was 127, average numbe

of calls was R4 _andtheeswe mes of calls was 146.

C. Feature Engineering

B. Time Series Construction

n orde : e ime series from the logs, we
consider the count of communications, number of unique
contacts, and average length of communications. While all
the call logs contained call duration, not all retrospective text
logs contained message size so we approximated this value
with the number of characters in the text messages. Further,
as calls are more scarce than texts, we consider count to be the
summation of seconds of the phone calls. We then calculate
these time series values for every 4, 6, 12, and 24 hours. We
refer to these as the ag, rvals of the time series.

In addition to all coj ., we also construct time

series wi t;t lhe 1m.0mm and out mn commumcanom
q to have at
3

As with a

least two mcommg or oulgomg texts or mmule of calls to be
included in the analysis. The number of participants who meet
these requirements are in Table 1. Notably, only a third of the
participants with text logs submitted outgoing messages.

For each of the six possible data types in Table I, we
constructed 12 time series. Thus, each participant has between
12 and T2 time series depending on the data shared. Examples
of the 12 time series constructed with number of texts for all
aggregation intervals are displayed in Fig. 2. This participant
also haa 12 time series for number of text contacts and 12
xt length.

uc

e Serigs Fealure Extraction Library
(TSFEL) [18] to ex}t t lemporal and 26
spectral featureq from eaqp time senes Lp addition to consid-

ering the 60 ¢ n:gtth}e:erfe')li‘agnd 60 length
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Machine Learning

Machine Learning. Traditional machine learning methods
are preferable in psychopathology [24] due to their explain-
ability and effecj icﬂ lt ts. After initial explo-
ration, we leverage a 101 pop ar parametric and non-
parametric met&bHk ﬁ le &eters [23]: Gaussian
Naive Bayes (NB), Loglstic Regression (LR), Support Vector
Classifier (S§VC), and k-Nearest Neighbor (kNN).

D. Machine Learning Methodology

As a PHQ-9 score of at least 10 is indicative of depression,
our goal is to train classifier to predict if the PHQ-9 score for
each participant is at least 10. For the time series, we employ
a distance-based app@q&é:r alli:jnghc k-Nearest Neighbor
(kKNN) algorithm with ic warping distance [20].
Further, we train modMQ @dS 1 and 15 PCs from the
time series features. Specifically, we compare the depression
prediction ability of the non-parametric KNN method with two
parametric methods and a non-parametric ensemble method

[21]: Logistic regression (LR), support vector classifier (SVC)
with a Gaussian kernel, and random forest classifier (RF).

I1I. DEEP LEARNING METHODOLOGY

Our goal is to predict depression with transcripts of
responses to clinical interview questions asked by a virtual

agent. To accomphﬁhm Wj explore the depression screen-
ing capabilities of 3 15 ensembles of BERT
variants. Further, é;rwﬂ t ensemble method
architectures. Wenv Wﬂ‘s in this research
given their demonstrated success with smaller datasets and

mental health applications [12], [8].

Simple Averaging One Final Classifier

Input Input
Textdnta Teltdﬂta
(Tokenizer ) [Tokemzer ) | (Tokenizer ]  (Tokenizer )

!

Rest CLS | Rest CLS | Rest
Classifier Classifier -
! Final Classifier

1
|
|
I
|
I
I
Model 2 I Model 2
I l
|
I
|
I
I
I

[ Classified Results ]

[ aosineaness ]

Fig. 1. Comparison of the two ensemble method strategies.

TABLE 2

THE COMPONENTS COMPRISING EACH OF THE DIFFERENT ENSEMBLES.

Ensemble | Method | BERT RoBERTa DistilBERT
Ens 1 Simple Averaging v v

Ens 2 One Final Classifier v v

Ens 3 One Final Classifier v v

Ens 4 One Final Classifier v v v

A. Individual BERT Variants

BERT. The Bidirectional Encoder Representations of
Transformers is a pretrained model for language represen-
tation [11]. BERT was revealed to have a superior perfor-
mance due to its architecture leveraging multi-layer bidirec-
tional Transformer encoder combined with multiple attention
heads. The model is pretrained on BooksCorpus and En-
glish Wikipedia (16GB) using Masked Language Modeling
(MLM) and Next Sentence Prediction (NSP). This pretraining
allows for previously unprecedented success when classify-
ing smaller datasets.

RoBERTa. A previous study [12] suggests that the Ro-
bustly Optimized BERT Pretraining Approach (RoBERTa)
model [18] is better than BERT for mental health applica-
tions. The training approach for RoBERTa is different from
BERT base model as there is no NSP and instead an extented
MLM procedure is integrated. Pretrained on a bigger corpus
than BERT, RoBERTa includes more informal text data in
the pretraining such as a Reddit corpus.

DistilBERT. DistilBERT [19] is a less computationally
costly alternative to the BERT base model. Retaining 97%
of BERT’s language understanding and general-purpose pre-
training, DistilBERT reduces the size of the BERT model
by 40%. Thus, to reduce computational costs, DistilBERT is
more attractive than the BERT base model in ensembles.

B. Ensemble Strategies

Simple Averaging. For the simple averaging ensemble
strategy, the final logit result was created by averaging the
numeric results in the classification layer of the models,
as depicted in Fig.1. As with the individual models, the
resulting average was then classified with a threshold of 0.5.

One Final Classifier. For the one final classifier ensemble
strategy (8], we concatenated the CLS tokens from all of
the individual classifiers in the ensemble, as depicted in
Fig.1. The final classification layer was then applied to this
concatenated vector to output the final logit for the ensemble.

Worcester Polytechnic Institute



Model Evaluation

E. Model Evaluation

We use stratified samplm to divide the data into train and
test sets. We expe ners %@ r@n nd downsampling
to balance the J nfiguration, we
repeat the experlmental procedure 1$i w1th different
train and test sets. We evaluate the depression screening ability
of each experimental configuration with the average F'1 score
of the 100 models. F'1 (Eq. 2) is the balance between precision

(Eg. 1) and sensmMQtrflﬂSthiﬂ'lalculated with the
number of true pg &Pﬁtime (fp), and false
1

negative (fn) predlctlons also report on the precision,
sensitivity, specificity, ROC AUC, and accuracy of the models

Evaluation Metrics. We evaluate the models with AU,
F'1. and accuracu metrics. For the models that maximize these
scores, we also report on sensitivity and speci ficity (Eq. 1).
These metrics are calculated with the count of true positive
tp, false positive fp, false negative fn, and true negative tn
predictions. AUC" determines the model classification ability
at different thresholds by calculating the area under the ROC
curve formed by plotting sensitivity and 1 — speci ficity. F1
(Eq. 2) is the harmonic mean between the positive predictive
value and sensitivity. Accuracy denotes the ratio of correctly
classified instances.

Sensitivity = - j.p_fn’ Speci ficity = — Tfp (1 with the highest average F'1 scores for comparison purposes.
t t
SR — (2) Precision = P Sensitivity = P (1)
2tp+ fp+ fn tp+ fp’ tp+ fn

Model Training. To mitigate bias from unbalanced classes,
we down sample the data prior to training the machine learning
models. We train models with the top 1 to top 20 chi-squared
selected features. The models were trained with 5-fold cross-
validation. We repeat each experiment 100 times and report
the average evaluation metrics to ensure the results are robust.

2(precision)(sensitivity)

F1=

(2)

precision + sensitivity

Not needed

for accuracy
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E. Model Implementation and Evaluation

Due to our hyperparameter tuning, we ran models with
batchsize=8, 1| rate=2x10" step size=2x10%.
Our models uqe\.ﬁm %m& edrmg@t% Soss function,
and an Adam optimizer with weight decay. Each model is
trained for 10 epoghs. For thematic dataset, the test
sets contain 20% o ﬁtﬂsgil 0 mitigate bias from
unequal classes, Rdat@ ﬂal!aﬁc\]}ngpled. Experiments
are repeated 10 times with randomly initialized weights.

Model performance is evaluated based on metrics calcu-
lated with the number of true positive TP, false positive
F'P, false negative and true negative T'N predictions.
Our goal is to maxﬁ\é‘;!ﬁlpﬁic}" l'izh popular metric for
diagnostic tasks wit uskifieat#onF1 is the harmonic

mean bhetween the nositive nredictive value and sensitivitv.
Also popular for diagnostics, sensitivity is the true positive
rate and speci ficity is the true negative rate. We report the
metrics for models with the five highest F1 scores.

2TP
Fl_QTP+FP+FN &

P ; Specificity = _IN (2)

Sensitivity = ————;
TN + FN TN + FP
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Methods: Software and Availability

E. Sofiware Tools and Availability

This work was implemented with Python 3.5.2. Visualiza-
tions were created with Pandas and Matplotlib. We will release I
. F Availability
the code at https://github.com/mltlachac/IEEBHI2019. -

Research updates are available at emutivo.wpi.edu/. We will
release the code, featurized data, machine learning results, and
more visualizations on github.com/mltlachac/IEEEBHI2021.

E. Software and Tool Availability
We will release the code, feature dataset, and additional
visualizations at http://github.com/mltlachac/EMBC2020.

FE Availability

Upon publication, we will release the ensemble code at

github.com/sennsaskia/EnsemblesBERT. git Further research

C. Availability updates will be available at emutivo.wpi.edu.
We will release the featurized data, code, results, and sup-

plementary figures at github.com/mltlachac/IEEEBHI2021.
We will post research updates at emutivo.wpi.edu/.
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Comparing Different Result Text Formatting

Only text

IV. RESULTS

For every method, we identify the parameter setting and
dataset with the highest average F1 score for the 100 trials.
These highest average F1 scores with any contact subset for
each method are shown in Fig. 2. The highest average F1 score
is above 0.5 for every method. The best performing method
is Gaussian Naive Bayes with an F1 score of 0.653. The next
best performing method, kNN with k=7, only had an F1 score
of 0.596. As such, we proceeded with Gaussian Naive Bayes
to analyze the predictive ability of the contact subsets.

Fig. 3 compares the distribution of F1 scores of 100
Gaussian Naive Bayes models for each of the 11 contact
subsets. The models with the highest average F1 scores are
those created with features from the top C'(25%) contacts and
Cp(0.25) contacts, both with an average F1 score of 0.653.
In comparison, the average F1 score for the models created
with features from all contacts is 0.577.

By using only features from the top C'p(25%) or Cp(0.25)
contacts, the F1 score is improved by 13.2 percent in compar-
ison to using features from all contacts. From t-tests, we con-

28

(Pﬂ'ndpﬂf Component Analysis Results

Subsections

ITII. RESULTS

Table I lists the best model configurations for each method.
Specifically, these model configurations achieved the highest
scores for the majority of metrics. As the model configu-
rations involving kPCA were never significantly better than
model configurations involving traditional PCA, Table I con-
tains only models with features derived from traditional PCA.
All of the best model configurations leveraged either just
the first principal component or eight principal components.
The models leveraging just the first principal component are
preferred for implementation. As such, we identify XGBoost
as the preferred method. Note, the depth parameter was not
influential on the metrics for the XGBoost models. F1, AUC,
and Accuracy for the XGBoost models are seen in Fig. 3.

From kg7, Sec there 1s a slight negative cor-
relation between the features and the binary PHQ-9 score,
indicating depressed individuals do respond slower and have

Bold text

IV. RESULTS

The models’ performances aggregated across the 12 the-
matic datasets are shown in Table 3 and Fig. 2. We observe
the highest mean F'1 of 0.62 for our ensemble models Ens
2 (BLA) and Ens 3 (BLA). These ensembles also have
the lowest standard deviations, indicating robustness. Both
ensembles have mean sensitivities of (.64 and specificities
of 0.61 which are well balanced for inversely related metrics.
Given that DistilBERT in Ens 3 is less computationally costly
than BERT in Ens 2, we consider Ens 3 to be the most
ensembles.

De individual BERT (BLA), RoBERTa
(BLA) models performs almost as well
as best performmg ensembles with mean F'1 scores of 0.60,
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Results Should have Many Tables and Figures

Gaussian Naive Bayes : g:::;:;ssed . "
o 1 "
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Fig. 3. F1 scores of 100 Gaussian Naive Bayes models for every contact subset. Fig. 5. Top two principal components. RBS
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BEST MODEL CONFIGURATION FOR EACH METHOD WITH PCA.

TABLE I

0s

Method Parameter  PCs F1 AUC  Accuracy
NB 8 0.66 067 0.60
LR 1 0.535 065 0.59

SVM linear 1 055 0.65 0.61

kNN k=3 8 0.68 0.70 0.68

RF 3 1 064 070 0.69

XGBoost Any 1 0.67 0.72 0.69
AdaBoost 1 0.63  0.66 0.55

o XGBoost Performance
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100 trials of XGBoost models with depth 2.
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And Even More Tables and Figures

Question = advice_yourself

Question = argued_someone

Question = controlling_temper

Question = diagnosed_depression
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Examples of Conclusions

V1. CoONCLUSION

be useful in predicting mental health. We predicted a binary

Our study confirms that received communications could

PHQ-9 score at cutoff 10 with an average F1 score of (.653
using features extracted from retrospectively gathered text
messages from a subset of contacts. In addition, we found
that generating features from a subset of contacts rather than
all contacts statistically significantly improved the F1 score by
13.2 percent.

Future work involves including other modalities, predicting
for other PHQ-9 cutoffs, including additional features, and
performing feature selection/reduction. In addition, this idea of
screening for depression with received communications from
a subset of contacts could be expanded to other datasets.

IV. CONCLUSIONS

Leveraging an XGBoost model with text message reply
latency features, we were able to predict a binary PHQ-9
score with an F1 score of 0.67, AUC of (.72, and Accuracy
of 0.69. While these values are lower than some of those
achieved with tweet content [6]. we consider text message

reply latency to be a promising modality that warrants further
research. Texting popularity makes it a valuable modality
to screen for depression. Reply latency features have the
advantage over message content as no private information is
required, increasing the number of individuals who would be

willing to share this data. The main limitation of this research
is the limited number of participants. As reply latency

[f:ﬂElle!S cc:-nlam vﬂuaﬁ]c mlc—rmahon., h.lEl.ll"E WCII'E IHVDTVES

collecting more data and combining latency features with

Conclusion

Best Results

Future Work

Best Results

Justification

Limitation

Future Work

other features extracted from various Smartphone modalities.

Goal
Best Results

Approach

Contribution
Future Work

IV. CONCLUSION

We performed detailed experimentation to determine the
ability of two weeks of text and call logs to screen for
depression. We achieved an average F'1 = (.72 with features
extracted from time series of outgoing texts and F'1 = (.65
with features extracted from time series of incoming calls. We

compared time series of communication count, communication

average ]-.ang[hi and unigue contacts aggrega[ed every 4, 6.

12, and 24 hours. These results provides valuable insight on
the usefulness of logs for mobile depression detection. Future

work involves integrating the predictions of text and call logs
with the predictions of other passively collected modalities in
a multi-modal model to improve mental illness screening.

V. CONCLUSION

Conclusion

Our research demonstrates that text messages are a promis-
ing modality to passively screen for suicidal ideation. With

Best Results

just the prior week of texts, the SVC model was able to
screen for suicidal ideation with an AUC = (.88, F1 = (.84,
accuracy = (.81, sensitivity = 0.94, and specificity =
0.68. These results represent a dramatic increase in the suicide
ideation screening ability of data collected from smartphones.

Contribution

Further, this research could guide the future development of
successful screening technologies.
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V. DISCUSSION, LIMITATIONS, & FUTURE WORK

The results support our hypothesis and previous research
[13], [14] that ensembles of BERT variants perform better
than individual models for depression classification. While

the mean F'1 BLA) were onl

slightly higherﬁiﬁimmﬁ g gr orming individua);
models, our ensemlkesuitsy more robust, as evi-
denced by their small standard deviations. As suggested by
related literature [12], the base RoBERTa model performed
decently for the mental health datasets. RoBERTa did not
benefit from fine tuning so BERT (BLA) surpassed it’s per-

formance. Yetﬁa #o critical component
of the successfu eneem!ie% ’E tU
AudiBERT [Q_tteﬁaém detection ability by

combining BERT with an audio model. We discovered that
ensembling BERT models can also improve classification.
Thus, integrating multiple text models with multiple audio
models could further enhance the performance of AudiBERT.
While DAIf- 1M | BA EPO e & chilable dataset
for this research, the small number of participants limits
model performaE u:rﬁbW‘ﬂ ere quite stable
on the small datasets but collecting larger datasets will
help further establish the robustness of our ensembles in
this domain. While we used transcripts, our ensembles are
applicable to any text data such as social media posts.

VI. CONCLUSION

Our research demonstrates that ensembling text classifi-
cation models indeed i MGJ‘BIEJ erformance for depression
screening. In particular, mend ensembling AudiB-

ERT and Dl‘itllB% ylﬂp&é laesiﬁer strategy for
this task. While not a s advantageous for individual mod-
els, fine-tuning Mlaq nd1 surlltnd attention layers
before classificagion beﬁf_i the ememble% This research

could gulde QR essful depression
classification models for healthcare application ecosystems.

Examples of Discussion with Conclusion
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Extra Paper Tips

Find the formatting instructions through venue website
Find three example papers from venue past years

Make the writing accessible and formal

Write more than four pages and then reduce to four page
Add tables, plots, and bullet points to improve readability
Make sure plots are greyscale and colorblind friendly
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