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Abstract

Background: Most people with psychiatric illnesses do not receive treatment for almost a
decade after disorder onset. Online mental health screens reflect one mechanism designed to
shorten this lag in help-seeking, yet there has been limited research on the effectiveness of
screening tools in naturalistic settings.
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Methods: We examined a cohort of persons directed to a mental health screening tool via

the Bing search engine (/7=126,060). We evaluated the impact of tool content on later searches
for mental health self-references, self-diagnosis, care seeking, psychoactive medications, suicidal
ideation, and suicidal intent. Website characteristics were evaluated by pairs of independent
raters to ascertain screen type and content. These included the presence/absence of a suggestive
diagnosis, a message on interpretability, as well as referrals to digital treatments, in-person
treatments, and crisis services.

Outcomes: Using machine learning models, the results suggested that screen content predicted
later searches with mental health self-references (AUC =0-73), mental health self-diagnosis (AUC
= 0-69), mental health care seeking (AUC = 0-61), psychoactive medications (AUC = 0.55),
suicidal ideation (AUC = 0-58), and suicidal intent (AUC = 0-60). Cox-proportional hazards
models suggested individuals utilizing tools with in-person care referral were significantly more
likely to subsequently search for methods to actively end their life (HR = 1-727, p= 0-007).

Interpretation: Online screens may influence help-seeking behavior, suicidal ideation, and
suicidal intent. Websites with referrals to in-person treatments could put persons at greater risk of
active suicidal intent. Further evaluation using large-scale randomized controlled trials is needed.

Keywords

online screening tool; machine learning; internet search behavior; suicidal ideation; suicidal intent

Psychiatric illness is highly prevalent and burdensome for both individuals and society,
impacting nearly one in five adults (18:9% of the population) annually (Bose, 2017). Mental
and substance use disorders account for nearly 7-4% of disease burden worldwide, and they
are the single largest contributor to years lived with disability (22-9%)(Whiteford et al.,
2013). The cost of psychiatric illness in 2010 was estimated at 2.5 trillion U.S. dollars and
expected to increase to 6 trillion U.S. dollars by the year 2030 (Bloom et al., 2011).

There is an ever-growing array of evidence-based pharmacotherapies and psychotherapies
available for the treatment of psychiatric illnesses both in-person and online; however,
numerous studies suggest a significant lag time between the onset of symptoms and seeking
mental health care, showing a low probability of treatment contact during the first 1-2 years
of the illness, across multiple illness domains (Carter et al., 2003; Magaard et al., 2017;
Shidhaye et al., 2015; Thompson et al., 2008). On average, there is a treatment delay of
approximately eight years after initial symptom onset (Wang et al., 2005). Factors associated
with longer delays in seeking treatment include younger age at onset of symptoms, slower
problem recognition, a more severe level of disability, self-stigma, inability to access
treatment, being male, and identifying as part of a minority population (Magaard et al.,
2017; Thompson et al., 2008).

There has been considerable thought from researchers about methods to close this treatment

gap, with efforts factoring the quantity of the services provided, the cost of the services, and

the tier of care (Shidhaye et al., 2015). Given their cost and scalability, self-care models have
been a focus of a great deal of research (Gulliver et al., 2010), with the most recent attention

on the promise of digital treatments to meet this need (Wilhelm et al., 2020). Being aware
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of their symptoms, many persons seek information online as a first step towards care receipt,
they often come to mental health screens which can in turn connect them to these potential
treatments. Fitting this need, online screening tools are designed to quickly help determine if
testers are experiencing symptoms of a mental health problem. Depending on the results of
screening tools, testers could be directed to a variety of care mechanisms, including self-help
care, digital treatments, and in-person mental health care (Webb et al., 2017).

Research on the evaluation of these digital screens can evaluate the potential benefits

and costs across ‘efficacy’ (i.e. under controlled circumstances) and ‘effectiveness’ (i.e.
real-world conditions) trials (Singal et al., 2014). Although there have been reviews (Hassem
and Laher, 2019; Iragorri and Spackman, 2018) and a number of research endeavors looking
at the (i) accuracy/efficacy (Cronly et al., 2018; Fitzsimmons-Craft et al., 2019; McDonald
et al., 2019), (ii) user demographic characteristics (Choi et al., 2018; Rowlands et al., 2015),
(iii) user levels of engagement (King et al., 2015), and/or (iv) user opinions and preferences
of mental health digital screening tools as they apply to more demographically and clinically
homogeneous populations (Batterham and Calear, 2017; Drake et al., 2014; Pretorius et al.,
2019), there is no known research to date which has evaluated the impact of these screens
within large and more generalizable populations. Many mental health advocacy sites provide
mental health screens to the public based on these efficacy studies. However, broader-scale
effectiveness studies are needed to further assess the naturalistic impact of these digital
screens on participants’ help-seeking behaviors and mental health. It is these large-scale
effectiveness studies on whole populations that will afford researchers the ability to study
both information seeking and help seeking behaviors within the context of day-to-day life.

This study aimed to address the current lack of research in the effectiveness of digital
screens in large, generalizable populations. Specifically, the goal of the current work was

to examine the impact and qualities of widely used, freely available online mental health
screening on potential benefits, including (1) further mental health information seeking

(i.e. searching for information related to one’s mental health conditions or problems), (2)
mental health treatment seeking (i.e. later searching for psychiatrists), and (3) potential
indicators of receipt of care (e.g. searches for specific psychoactive medications, may be

an indicator of received mental treatment (Pretorius et al., 2019) and has been validated in
prior research examining the impact of adverse drug reactions (Yom-Tov and Gabrilovich,
2013), as well as potential risks, including (4) suicidal ideation (i.e. searching about thoughts
related to suicide and/or death, e.g. “I have suicidal thoughts™) (Jacobson et al., 2020b),

and (5) active suicidal intent (i.e. information-seeking about suicide methods, e.g., “how to
commit suicide”). Given the goals of the current work, we employed methods to both predict
these future mental health outcomes using online screen characteristics within a machine
learning framework, as well as models to examine the differential impact of a given screen
characteristic on the likelihood of a later mental health outcome (i.e. Cox Proportional
Hazards Models). Thus, our research questions were as follows:

1. Avre the characteristics of digital mental health screens predictive of future mental
health information seeking, mental health treatment seeking, proxies of receipt of
care, suicidal ideation, or active suicidal intent?
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2. What characteristics of digital mental health screens are associated with the
differential likelihood of future mental health information seeking, mental health
treatment seeking, proxies of receipt of care, suicidal ideation, or active suicidal
intent?

and Search Data

We extracted data from all users who made queries related to mental health screening tools
within the United States to the Microsoft Bing search engine (see Figure 1). Gender and age
information was provided by users at the time of registration to Bing. Users were identified
using a cookie. Data for the study consisted of queries by users who clicked a link to one

of the identified mental health screening tools during their searches and maintained only
queries by those users, between December 1st, 2018 and January 31st, 2020. Bing users

are a representative sample of internet users in the United States (Rosenblum and Yom-Tov,
2017).

The analysis described herein was approved by the Behavioral Sciences Research Ethics
Committee of the Technion, approval number 2018-032. For each query through January
31st, 2020, we extracted an anonymous user identifier, its time and date, the query text, the
list of pages displayed to the user, and whether they were clicked. Each query was labeled
into one or more of 62 topics (e.g., shopping, tourism, and health) using a proprietary
classifier.

h Screening Tool Identification

Mental health screening tools were found by examining pages shown in response to queries
containing the list of searches shown in Appendix A. Any web link shown 5 or more times
during the data period was examined by the authors to verify if it was a screening tool.
Screening tools were grouped according to their topic (i.e., depression, anxiety).

of Websites

Each website obtained through select search queries was manually reviewed. Presence of
the feature quality was coded as a ‘1°, while a score of ‘0’ represented an absence of the
feature quality. The features of the website/screen search result include the presence/absence
of a/an (i) screen on that page, (ii) link to a screening tool on that page, (iii) provided
suggestive diagnosis upon completion of the screen, (iv) accompanying message with details
of the diagnosis, (v) a provided form of internal digital treatment, (vi) referral to facilitate
in-person patient content, (vii) referral to digital treatment, (viii) digital treatment including
human contact, and (ix) referral to crisis services. Raters completed each screen with the
most severe clinical profiles possible (e.g. rating the degree of suicidality as “all the time”).
To control for observer bias, all features of the website/screen search results were evaluated
by two individuals separately and Cohen’s Kappa was calculated.
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Mental Health Outcomes: Query Classes and Query Labeling

Analysis

Our process of identification and refinement of outcomes proceeded in three stages: (1)
query compilation for outcome identification, (2) paired independent rater coding of the
outcomes, and (3) using a classification model to form the respective outcomes.

Mental Health Query Compilation.—Our primary outcomes consisted of search queries
of several topics: (1) mental health self-diagnosis, (2) mental health self-references, (3)
seeking mental health care, (4), suicidal intent, (5) suicidal ideation, and (6) psychoactive
medications. To identify outcomes, seed keywords were first used for each given outcome
(see Table 1). The goal was to be over-inclusive and then to further discriminate the
outcomes using independent raters and predictive models (as described below).

Paired Independent Rating of Common Queries for each Respective Outcome.
—Two independent raters rated the most common queries from each of the respective
outcomes with the goal of filtering only those that were the representative of the intended
query outcome. Due to the large number of potential queries, and to preserve participants’
privacy, less common search queries were then evaluated by a predictive model trained using
data from the independent raters.

Query Labeling using Predictive Models.—Urtilizing a multivariate regression model
to filter irrelevant queries from each outcome except for the mental health care seeking
category, the attributes for the model were: (1) word and word pairs appearing in the

query, (2) the span of time of queries and their appearance counts, (3) the number of users
who used the query, and (4) whether the query included one of the following psychiatric
conditions: depression, anxiety, BPD, paranoia, or schizophrenia.2 These derived classes
were then used as the model outcomes. Classifier accuracy was assessed with the Area
Under Curve (AUC) metric of the labeled queries using 10-fold cross-validation.

Machine Learning Models.—We predicted the future behavior of a user as a function of
each of their visits to online web screens. The independent variables included: (1) screening
tool topic (i.e. anxiety, bipolar, depression, eating disorder, psychosis, post-traumatic stress),
(2) screening tool attributes, (3) hour of the day and day of the week at which the

screening tool was clicked, (4) whether the screening tool was a Mental Health America
(MHA, mhanational.org) screening tool or from another online web domain, and (5)
number of previous searches which resulted in a click to a screening tool. Additionally,

in secondary models, we added (6) past interests to predict future behavior as represented
by the distribution of query topics prior to the first screening tool click by each user to
ascertain whether the online screen information provided incremental information to their
general search pattern types (e.g. health). Linear, linear with interactions, and random forest
models with 100 trees were used to predict whether the user would make each of the target

aNote that the queries related to psychiatric conditions were utilized to capture lay-language of the following psychiatric conditions:
(1) major depressive disorder as depression, (2) generalized anxiety disorder, social anxiety disorder, or panic disorder as anxiety, (3)
borderline personality disorder as BPD, (4) paranoid personality disorder as paranoia, and (5) schizophrenia as schizophrenia.
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behaviors in future. These models used either variables 1-5, variable 6, or all independent
variables. The models were evaluated using the AUC (Duda et al., 1973) and validated using
10-fold cross-validation.

Cox Proportional Hazards Models.—Additionally, we utilized Cox proportional
hazards models using independent variables 1-5 to test specific online screening attributes
which were associated with the differential future search behavior of each mental health
outcome (to test research question 2). The dependent variable was the time to each target
behavior (if there were several instances of each, then this was based on the closest target
behavior).

Descriptive Statistics, Interrater Agreement, and Query Labeling

A total of 130 screening tools were identified, and the total sample included 126,060
participants. Among users whose age and gender were known, 72% were female. Average
age was 38-5 years (range: 19-86, SD = 14-0). On average, 18,008 users (SD = 22,040) were
found per screening tool topic (range: 2,396-65,922, See Figure 2). Regarding the interrater
agreement of the website coding (see Appendix B), Cohen’s Kappa statistics suggested

that there was high substantial agreement (0-71-0-78) between evaluators in the presence/
absence of (i) a screen on that page, (ii) a diagnosis, and (iii) an accompanying message
with details of the diagnosis. Although the agreement in referrals to digital treatment was
fair (0-32), all other features had moderate agreement (0-49-0.56; median = 0-53). Query
labeling agreement values, classification model accuracies, and examples of queries are
illustrated in Table 1. As the table shows, high agreement was reached between labelers (>
0-75 for all topics), and relevant queries could be identified using the filtering model with
high accuracy (> 0-7 for all topics).

Predicting Future Mental Health Outcomes Based on Online Screening Attributes

The result of predicting the outcomes using a Random Forest is shown in Figure 3.

We focus on Random Forest, since the linear models achieved lower accuracy across
outcomes and attribute classes. Overall, prediction accuracies were high for mental health
self-diagnosis and self-references, as well as seeking care. Other outcomes were more
difficult to predict. Moreover, using both sets of attributes (screening tool parameters and
user interests) attained the highest accuracy, but using only user interests reached almost
the same accuracies for most outcomes. This suggested that past user interests are the most
indicative of future outcomes, with the screening tool themselves having a relatively small
effect. The exceptions to this observation were suicidal ideation, where screening tools had
an extraordinarily large effect (though note the relatively low overall accuracy). For suicide
intent, screening tool attributes were as predictive as user interests.

Specific Online Screening Attributes Predicting Later Mental Health Outcomes

The possible association between queries and the attributes of the screens selected by
users were estimated by running, for each screening tool topic, a test between queries that
appeared at least ten times and each of the attributes of the topic screens. None of the topic
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and attribute combinations demonstrated a statistically significant interaction (p > 0-05 after
Bonferroni correction).

Table 2 shows the Cox proportional hazards model parameters for each of the outcomes.
Future searches for self-diagnosis were more likely following the use of an anxiety,
depression, or PTSD screening tool. Mental health self-references were associated with the
use of anxiety, bipolar, depression, or eating disorder screening tools, as well as when the
screening tool provides a message. Screening tools that suggested diagnosis were associated
with a lower likelihood of future mental health searches. Psychoactive searches were
associated with cases when the screening tools do not link to a screen, are not suggestive

of diagnosis, or do not offer treatment online. Interestingly, suicidal intent was strongly
associated with screening tools that refer people to in-person care.

DISCUSSION

The current study examined the ability to predict mental health outcomes based on exposure
to online screening tools in a naturalistic sample of 126,060 participants. Supporting prior
research examining the potential impact of screens on mental health outcomes (Batterham
and Calear, 2017; Choi et al., 2018; Cronly et al., 2018; Drake et al., 2014; Fitzsimmons-
Craft et al., 2019; King et al., 2015; McDonald et al., 2019; Pretorius et al., 2019; Rowlands
et al., 2015), the results suggested that the type of content displayed on these online

screens could independently predict future mental health outcomes. This evinces that the
content of online screening tools has meaningful relationships to mental health outcomes,
showing the largest impact on searches for mental-health self-references and mental health
self-diagnosis. Nevertheless, the results also suggested that these models were capable

of predicting the seeking of mental health care and potential indicators of psychotropic
treatment. Surprisingly, the type of content on these online screens also predicted future
searches for suicidal ideation and active suicidal intent. Taken together, these findings imply
that online screens may heavily influence a variety of benefits (mental-health information
seeking, seeking care, and care receipt), as well as risks (suicidal ideation and active suicidal
intent).

Our results indicated that, overall, past search behaviors also predict outcomes. This is
especially true for mental health diagnosis, self-reference, and seeking medical care. The
hardest outcomes to predict were suicidal ideation and active suicidal intent. However, for
these outcomes, the online screening tool attributes have the largest effect in improving
prediction. This could suggest that the qualities of these online screens may produce

the greatest changes in suicidal ideation and intent when an individual’s level of

baseline functioning and behavioral characteristics are taken into account. This provides
partial corroboration of the need to investigate the short-term and immediate effects of
environmental risk for suicidal thoughts and behaviors (Franklin et al., 2017).

Notably, users who were directed to surveys that contained referrals to in-person care

had a 71% higher likelihood of subsequent suicidal intent. This seems counterintuitive,
as one would suspect that providing mental health resources of any sort would decrease
suicidal intent. Although prior research has found referral periods to be critical in times
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of suicide risk (National Action Alliance for Suicide Prevention, n.d.), similar results have
not been found in previous literature, and current literature on risk factors for suicide does
not include in-person referrals (Steele et al., 2018). One might hypothesize a confounding
effect accounting for such a finding; specifically, users with more severe illness who were
more likely to have later suicide intent (regardless of intervention) were more likely to

click on websites that issued referrals to in-person care. However, we have found that
pre-existing data was not predictive of being exposed to website content, making this
hypothesis less likely. Moreover, in-person referrals were most often provided as a static link
on the screening tool website, and were not dynamically presented post-completion based on
symptom severity. The referral initiation process may have been potentially overwhelming
for some persons, thereby triggering decompensation. More research is needed to further
address these issues (Jacobson et al., 2020a). We also found that providing suggestive
diagnoses decreases the likelihood of mental health self-references searches by 22% for

any given later time point, and decreases the likelihood of searching for psychoactive
medications by 8% at any given later time point. Partially supporting prior work on feedback
severity (Batterham et al., 2016), providing a suggestive diagnosis may thus be potentially
harmful to information-seeking and the potential receipt of in-person treatment. It is possible
that providing a diagnosis from online screens is too stigmatizing and encourages a pattern
of avoidance behaviors (Morgan et al., 2012). An alternative explanation of the current
results is that users may find sites that provide a suggestive diagnosis as more definitive and
therefore may feel less need to search for mental health terms. Screens providing a message
increases the likelihood of searches with mental health self-references at any later time point
by 39-7%. Messages may be important in providing context in how to interpret information,
thereby enabling more thorough follow-up and subsequent information-seeking regarding
their own mental health.

The study has strength in its large naturalistic sample constituency, allowing for population-
level research with strong ecological validity. Nevertheless, this focus on large ecological
validity comes at the expense of greater internal validity, meaning that the current study
raises many questions which should be further interrogated in future endeavors using large,
naturalistic, randomized controlled trials on populations. Regarding the query labeling of
predictive models, we utilized a range of terms to index psychiatric conditions, but these
terms were not exhaustive and could have included other lay descriptions of psychiatric
conditions, including prominent symptoms (e.g., “worry”, “hallucinations”, “sadness”).
Another limitation of the current study was that it was not possible to determine whether

an individual actually completed a screen, and what feedback the user might have received.
Thus, the effects observed could be influenced by other unknown qualities of the screening
websites themselves that were not known. It is important to note that, although the
directionality of the results is implied, causality cannot be ascertained given the lack of
experimental manipulations. Additionally, some of the AUCs were marginally better than
chance (e.g. questionnaire attributes alone predicting psychoactive medication). Our work
does not directly assess the mental outcomes of the users, but rather uses search behaviors as
a surrogate for potential mental health outcomes. Consequently, further research is required
to examine the potential to test these outcomes in large randomized controlled trials with
longitudinal behavioral follow-up periods.
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anxiety screening tool

anxiety test

assessment questions for psychosis
bipolar screening

bipolar test

depression screen

depression screening
depression screening tool
depression test

do i have a mental illness
eating disorder screening
eating disorder test

fmla and mental health

fmla for mental health

fmla for mental health reasons
fmla mental health

how to get a service dog

how to obtain a service dog
mental health America

mental health assessment tools
mental health fmla

mental health screening
mental health screening questionnaire
mental health screening tools

mental health symptom checker
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mental health symptoms diagnosis tool
mentalhealthamerica.net
mha screening
mhascreening.org
online depression screening
partnership for prescription assistance
psychosis questionnaire
psychaosis screening questionnaire
psychosis test
ptsd test

screening tool for psychosis

Appendix B

Table A1l.

Labeling Agreement of Website/Screen Features

Website/Screen Feature Labeler Agreement (Kappa)
Does this page contain a screen? 0.74
Does this page link to a screen? 0.53
Does the screen provide a suggestive diagnosis? 0.78
Is a message provided with the diagnosis? 0.71
Does the page contain internal digital treatment? 0.49
Are there referrals to facilitate in-person care? 0.52
Avre there referrals to digital treatment (other than crisis referral)? 0.32
Does referral to digital treatment involve a human? 0.51
Is there a referral to crisis services? 0.56
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Data Collection and Analysis Pipeline
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Area Under Curve (AUC) for predicting respective outcomes. Independent attributes are the
attributes of the screening tools, user attributes, or both.
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Query Labeling Agreement, Model Accuracy, and Sample Queries of Mental Health Outcomes

Topic Seed Keyword Query Labeler Model Example queries
agreement accuracy
(Kappa) (AUC)
Mental health self- “I have” or “I’ve been diagnosed”, but not 1.00 0.93 I think | have depression
diagnosis the terms “do | have” or “if | have” .
I have anxiety
Mental health self- “I” or “my” 0.94 0.85 am i depressed quiz
references i
do i have ptsd
Seeking mental “doctor”, “clinic”, “psychiatrist”, 0.85 0.86 Psychiatrist near me
health care “psychologist”, “doctor”, “hospital”, i
“PCP”, or “primary care” Psychologist near me
Suicidal intent “suicide” or “kill myself” 0.79 0.74 How to commit suicide
1 want to kill myself
Suicidal ideation “suicide” or “kill myself’ 0.85 0.83 I have suicidal thoughts
I am suicidal
Psychoactive index of drug names by trade name, use, 0.95 0.99 Fluoxetine
medications and class provided in Stahl’s Essential Zoloft

Pharmacology(Stahl et al., 2017); this
includes both the generic or brand name of
a psychiatric medication

Note. This table contains the outcome topic categories, the seed keywords for each outcome, the interrater agreement, the model AUC for each
outcome, and example queries from each outcome.
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Table 2
Cox-Proportional Hazards Estimates of Screening Content Predicting Mental Health Outcomes
Attribute Mental health | Mental health Psychoactive Sucicide Suicide Seeking
self-diagnosis self-references medications intent ideation mental
health care
Anxiety screening tool 1.485* 1.241* 1.074 1.259 1.297 1.109
Bipolar screening tool 1.482 1.245* 1.098 1.543 0.022 0.827
Depression screening tool 1.486* 1.240* 1.084 1.169 0.163 1.045
Eating disorder screening tool 1.496 1.341* 1.116 0.986 0.114 4.473*
Psychosis screening tool 1.268 1.118 1.074 1.270 0.562 1.224
PTSD screening tool 1.958* 1.162 1.097 1.220 0.405 1.416
Does this page contain 0.752 0.952 0.869* 0.656 0.337 0.692
screen?
Does this page link to screen? 1.137 1.076 1.043 1.055 0.034 0.807
Suggestive diagnosis? 0.912 0.776* 0.916* 0.978 11.363 1.157
Is message provided? 1.267 1.397* 1.210 0.845 1.131 0.767
Internal digital treatment? 0.601 0.558 0.726* 0.361 0.171
Referrals to facilitate in- 1.038 0.983 1.021 1.727* 4.569 0.716
person patient care?
Referrals to digital treatment 0.981 1.06 1.078 1.478 12.359 2.537
(other than crisis referral)?
For digital treatment referrals, 1.031 1.052 0.971 0.591 0.263 1.016
did referral involve human?
Referral to crisis services? 1.044 0.958 1.024 1.425 15.328 1.146
Time of the day 1.000 1.005 1.002 1.004 1.045 0.996
Day of the week 0.988 1.003 0.991* 1.061 1.124 0.965
MHA screener? 0.772 0.932 0.871 0.868 0.022 1.007
Previous searches 1.059* 1.003 1.005* 0.496 1.177

Note. This table depicts the hazard ratios for each respective outcome. Note that the hazards ratios reflect the effect of the given predictor on the
outcome across time, such that hazards reflect the chance that the participant would search for a given mental health outcome at a later time. Each
separate column depicts a separate outcome (mental health self-references, mental health self-diagnosis, seeking mental health care, psychoactive
medications, suicidal intent, and suicidal ideation). The rows of this table each reflect the different multivariate predictors. The primary effects

of interest were the screening content. For each outcome, we also controlled for the screening tool type (i.e. anxiety, bipolar, depression, eating
disorder, psychosis, and posttraumatic stress disorder), the time of the day, the day of the week, the rate of prior searches for each outcome,

and whether the screening tool was from the Mental Health America (the mental health screening domain with the largest user base). Stars
denote statistically significant interactions (P<0.05, with Bonferroni correction). Note that blank rows were removed when they were invariant for

non-censored outcomes.
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