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Mental health disorders are highly prevalent, yet few persons receive access to treatment; this is compounded in
rural areas where mental health services are limited. The proliferation of online mental health screening tools are
considered a key strategy to increase identification, diagnosis, and treatment of mental illness. However,
research on real-world effectiveness, especially in hard to reach rural communities, is limited. Accordingly, the
current work seeks to test the hypothesis that online screening use is greater in rural communities with limited
mental health resources. The study utilized a national, online, population-based cohort consisting of Microsoft
Bing search engine users across 18 months in the United States (representing approximately one-third of all
internet searches), in conjunction with user-matched data of completed online mental health screens for anxiety,
bipolar, depression, and psychosis (N = 4354) through Mental Health America, a leading non-profit mental
health organization in the United States. Rank regression modeling was leveraged to characterize U.S. county-
level screen completion rates as a function of rurality, health-care availability, and sociodemographic vari-
ables. County-level rurality and mental health care availability alone explained 42% of the variance in MHA
screen completion rate (R? = 0.42, p < 5.0 x 107%). The results suggested that online screening was more
prominent in underserved rural communities, therefore presenting as important tools with which to bridge
mental health-care gaps in rural, resource-deficient areas.

Disease Collaborative Network, 2020) and have been estimated to cost
more than $200 billion annually in the United States (Roehrig, 2016).

1. Introduction

Mental health disorders are highly prevalent in the United States,
with estimated 12 month prevalences of 21% and 5.6% for any mental
illness and a serious mental illness, respectively (NIMH, 2022). More-
over, mental disorders such as depression and anxiety, are among the
twenty most common causes of disability worldwide (Global Burden of

Despite these numbers, less than half of individuals with serious mental
disorder receive stable treatment, in part driven by lack of insight' and
inaccessibility of services (Kessler et al., 2001). Consequently, there is an
appreciable national treatment gap,” with 271 mental health workers
(including 10.5 psychiatrists) per 100,000 persons in the U.S. (World
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! Lack of perceived need for treatment, represented here as ‘insight’, was shown by Kessler et al. (2001) to be a highly prevalent reason for not seeking treatment

(55% among nonpatients with 12-month serious mental illness).

2 “Treatment gap’ signifies shortage areas, defined by Merwin et al. (2003) to include those areas with a population to mental health professional ratio of 6000:1.
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Health Organization, 2017). Individuals who live in rural locations
across the U.S. are particularly impacted, as these regions are 4.7 times
more likely to have mental health treatment gaps” compared with more
urbanized areas (Merwin et al., 2003). Factors including underdevel-
oped infrastructure, poverty, and higher rates of substance use (Thomas
et al., 2012) contribute to both treatment challenges and observed gaps
within these rural settings. Primary care providers (PCPs) could help fill
the higher necessity for mental health treatment in rural America;
however, there is a growing shortage of PCPs in these areas (Nielsen
et al., 2017) alongside an estimated 66-98% misdiagnosis rate for
common mental disorders in primary care (Vermani et al., 2011). For
further statistics on the state of mental health-care provider shortages,
interested readers are encouraged to peruse the data warehouse of the
Health Resources & Services Administration (https://data.hrsa.gov).
This invaluable resource provides a frequently updated and detailed
collection of geographically contextual information on mental
health-care resources across the U.S.

Rapid advances in the emergent field of digital health have presented
the potential for the translation of technological innovation into timely
and affordable options for information acquisition, monitoring, inter-
vention, and treatment (Bell et al., 2017; Bush et al., 2014; Kenny et al.,
2016; Kim et al., 2016; Kushner and Sharma, 2020; Sheikh et al., 2021;
Yim et al., 2020). Among its manifold tools, digital health has seen the
implementation of online mental health screening resources (hereafter,
“screens”) to improve awareness and detection of mental illness. Screens
therefore afford the possibility of a direct link to further mental
health-care services. This mechanism may be particularly invaluable in
rural communities — locales that despite mental illness prevalence
comparable to more metropolitan areas (Morales et al., 2020), are
wholly characterized by a critical lack of mental health services
(Andrilla et al., 2018). It is estimated that as many as 65% of nonmet-
ropolitan counties do not have psychiatrists (Andrilla et al., 2018), and
over 60% of rural Americans live in designated mental health provider
shortage areas (Health Resources and Services Administration, 2022).
Compounding this issue, rural cultural factors have been shown to
impact help seeking behaviors in remote and rural areas.

Beliefs regarding work, entitlement, and mental health treatment in
rural communities impact perceptions of treatment “deservingness” and
present barriers to care (Snell-Rood and Carpenter-Song, 2018). Further,
life in rural areas may necessitate a higher level of stoicism and
self-reliance, which may, in effect, raise the threshold for help-seeking to
“dire necessity”, limiting the potential for intervention during early
stages of psychiatric illness (Fuller et al., 2000). In addition, qualitative
research has revealed that rural gossip networks and the increased social
visibility within rural communities may compound worries about
mental health stigma and subsequent social alienation, therefore
limiting assessment and treatment (Aisbett et al., 2007). Screens may
serve to address both geographic inaccessibility and privacy concerns
surrounding mental health diagnosis and treatment in rural regions of
the country.

Uptake of mental health resources first depends on a recognition of
experiencing mental illness. To this end, screens allow individuals to
answer questions about symptoms they are experiencing and provide
preliminary diagnoses. Framed within the Transitional Care Model
(Hirschman et al., 2015), online screens not only present opportunities
for risk assessment and informed awareness, but may promote timely
movement into a treatment setting. In this light, screens can be thought
of as far-reaching digital resources that may instigate care-seeking
behavior and increase receptivity to other digital and in-person treat-
ment options.

Research has suggested both receptivity to, and utility of, digital
screens. One study found that linking decision support of PHQ-9-defined
depression outcomes to digitally-administered screens was viewed
positively by clinically depressed individuals and healthy controls, as
well as by clinicians (Dannenberg et al., 2019). Another work explored
online completion of the Pediatric Symptom Checklist-Youth Form
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(PSC-Y) and found that many adolescents use the internet to learn about
mental health — a very high percentage of which might be at risk, and a
majority of those at-risk reporting plans to seek help as a consequence of
their results (Murphy et al., 2018). This popularity and reach is com-
plemented by evidence of efficacy, with implementations of validated
screens for psychosis showing moderate sensitivity and specificity in the
detection of clinically high-risk individuals (McDonald et al., 2019).

Because of the unregulated nature of the internet at large, there are
many websites that advertise and host mental health self-administered
questionnaires and corpuses of information on symptomatology, risk
factors, and therapies that are not professionally curated. The inclusion
of false or misleading information thereby represents considerable risk
to potentially vulnerable individuals. Unlike such websites, Mental
Health America (MHA; https://mhanational.org/), the leading non-
profit mental health organization in the United States, provides a
collection of free and clinically validated mental health screening tools
that span a variety of mental disorders. These screens are well-utilized,
approximating 3000 uses per day and totaling around one million
completed screens each year (Mental Health America, 2020). Given the
functional and temporal importance of online screens as one preliminary
source for information-seeking behavior, screens represent a potential
key step in the broader digital answer to mental health-care access
inequity. Accordingly, further investigation into screen use patterns
across the country is warranted. The reputation and quality of the re-
sources provided by MHA makes analysis of their website’s traffic and
use patterns especially valuable in pursuit of this goal.

Despite being potentially important initial digital resources, little is
known about the sociodemographics and environmental factors of those
who utilize screens unprompted. One older, open participation study
reported age, gender, and ethnicity of individuals (N = 24,479) who
completed an internet-based screen of the Centers for Epidemiological
Studies Depression (CES-D) scale (Houston et al., 2001). To the authors’
knowledge, no other studies conducted on the general population exist
with reported demographic information. Additionally, most studies on
mental health screens are characterized by targeted recruitment to test
the digital efficacy of a screen or to use a screen to characterize the
clinical profile of a population of interest (Donker et al., 2011; Farvolden
et al., 2003; McDonald et al., 2019).

The current research aimed to leverage sociodemographic informa-
tion and MHA screen completion data collected for users across an 18-
month time span in conjunction with their respective Microsoft Bing
search activity to explore associations among rurality, mental health-
care availability, county-level sociodemographics and patterns of on-
line mental health screen use. This research also sought to provide a
summary of MHA user-specific sociodemographic characteristics across
utilization of specific screens. From this, the study tested the following
hypotheses: county-level MHA screen use rates will be (i) proportion-
ately higher among those living in areas that are more rural, and (ii)
proportionately higher among those living in areas that have more
limited access to traditional in-person treatment options.

2. Materials and methods
2.1. Study cohort and data set

The current study utilized data from Microsoft Bing and Mental
Health America (MHA). The market share of Bing in the U.S. is
approximately 37% (Microsoft, 2022). Past research has found strong
correspondence between U.S. population statistics and those of Bing
users (Yom-Tov, 2017) and between Bing and Google users (Rosenblum
and Yom-Tov, 2017).

Queries submitted to the Bing search engine from users in the United
States during 18 months beginning on January 1, 2020 were first
extracted from Bing’s records. For each query, information on (i) date
and time, (ii) text of the query, (iii) anonymized user identification, (iv)
pages clicked by the user, and (v) the county from which the user
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submitted their query was obtained. Second, records of all anxiety, bi-
polar, depression, and psychosis screens completed by individuals on the
MHA website who were directly referred via Bing during the same 18-
month time frame were extracted from MHA’s records. Each screen is
free, confidential, anonymous, and based on one of the following
scientifically and psychometrically validated questionnaires: GAD-7
(Spitzer et al., 2006), MDQ (Hirschfeld, 2002), PHQ-9 (Kroenke et al.,
2001), and PQ-B (Loewy et al., 2011). Relevant to the current study,
each MHA record consisted of (i) screen type, (ii) date and start time of
the screen, (iii) user gender, (iv) user race, (v) user household income,
and (vi) indications of current and past mental health diagnosis and
treatment.

MHA data were then linked to Bing user identifiers by finding a user
who clicked on the same webpage as that of the screen within 5 min of
the start time indicated by MHA. From these users, the time of each Bing
query relative to the time of the MHA screen was computed, and data
was discarded if more than one access from Bing was found or if multiple
screens from the same topic were started on MHA within the same 5-min
time window (this was to ensure that we could uniquely identify each
person). Primary outcomes and predictors (see 2.2) were derived at the
county level using user location information available from Bing.

This study was approved by the Institutional Review Board at Dart-
mouth College (Committee for the Protection of Human Subjects:
STUDY00032145).

2.2. Measures

2.2.1. County-level variables for modeling

Percentage of Persons Accessing MHA. The primary outcome measure
of the study was the number of users from each county who completed
an online mental health screen through MHA, divided by the total
number of Bing users in that county.

Health-care Availability. Health-care availability per county was
taken from information provided by the Health Resources & Services
Administration (Health Resources and Services Administration, 2022)
and presented through the Rural Health Information Hub (2021). Data
consists of county-level mental health shortage classifications updated
for 2021: “None of county is a shortage area”, “Part of county is a
shortage area”, and “Whole county is a shortage area”.

Rurdlity. Rurality designations for each county were classified using
the 2013 CDC NCHS Urban-Rural Classification Scheme for Counties
(Rothwell et al., 2014). Categories in order of increasing rurality
included: (i) large central metro, (ii) large fringe metro, (iii) medium
metro, (iv) small metro, (v) micropolitan, and (vi) non-core.

Median Household Income. Per-county median household income es-
timates were based on the 2020 edition of the Small Area Income and
Poverty Estimates Program (SAIPE) conducted by the United States
Census Bureau (2021).

Race. Race was operationalized as the percentage of people in each
county who identified as White and those who identified as Black ac-
cording to the United States Census Bureau, 2021.

Religiosity. Religiosity estimates reflected per-county values reported
in the 2010 U.S. Religion Census Religious Congregations and Mem-
bership Study (Grammich et al., 2019).

2.2.2. MHA user-level sociodemographic variables

Self-report sociodemographic attributes on 11,564 users who
completed a screen through MHA included: (i) gender, (ii) race/
ethnicity, (iii) household income, (iv) ever diagnosis of a mental health
disorder, (v) ever treatment for a mental disorder, and (vi) current
treatment for a mental disorder. A “Not provided” category for each
attribute was used to manage missing data. These variables were used
for descriptive statistical reporting and not for modeling purposes.
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2.3. Planned analysis

Associations of county-level mental health-care availability cate-
gories with differences in the average percentage of Bing users who
completed an MHA screen were first analyzed using the Kruskal-Wallis
nonparametric one-way analysis of variance test. Similarly, associa-
tions of rurality categories with differences in the average percentage of
Bing users who completed an MHA screen were also analyzed via
Kruskal-Wallis. To ascertain the relationship between county-level
mental health-care availability and rurality, the Spearman correlation
was calculated. Following this, two primary rank regression models
were employed to predict the percentage of Bing users per county who
completed an MHA screen. The primary outcome data was determined,
via the Lilliefors test, to not be normally distributed (p < 0.001), thus
rank regression was selected (Chen et al., 2014). The first model
included rurality and mental health-care availability as independent
variables. The second model was a robustness check of the first model
and added county-level sociodemographic information as independent
variables. Ancillary models were tested for the significance of interac-
tion between rurality and availability. Additional ancillary models also
checked the comparability of predictive performance when the rate of
county-level MHA screen completions was quantified on a per screen
type basis.

Lastly, MHA self-report sociodemographic and clinical attributes
were presented as raw counts and percentage of users with each asso-
ciated attribute value. These results were stratified for each of anxiety,
bipolar, depression, and psychosis screens. y? tests with Bonferroni
correction were performed to quantify significant differences among the
values of each sociodemographic attribute.

3. Results

N = 4354 MHA users were matched to their Bing user identifiers. The
most commonly completed screens were depression (n = 2070), anxiety
(n = 204), bipolar (n = 152), and psychosis (n = 100). There were 605
counties with at least one access to MHA. Fig. 2 illustrates county dis-
tribution along with respective relative proportions of screen comple-
tions by screen type. County representation in the data covers the full
geographic range of the U.S. and includes counties across the rural-
urban spectrum. Among those that include more rural areas of the
country include (i) the northeastern corner of Minnesota (Lake county),
(ii) northeastern Arizona tribal lands (Navajo and Apache counties), (iii)
eastern Maine (Washington county), and (iv) several pockets of the
Midwest. The average percentage of Bing users who completed an MHA
screen in counties labeled as having no shortage was 3.1 x 107°%,
compared to 2.6 x 10™°% in counties with partial shortage, and 6.7 x
1075% in counties which are entirely a shortage area. The differences
were statistically significant for shortage areas (Kruskal-Wallis, p <
10*10) and for rurality (Kruskal-Wallis, p < 10’10).

Increased county rurality and decreased availability predicted higher
MHA screen uses. As shown in Table 1, the first regression model
explained 42% of the variance in MHA screen completion rate (R? =
0.42), with both rurality (p < 1.0 x 10719 and mental health-care
availability (p < 5.0 x 107%) statistically significantly correlated with
screen use rates. Fig. 1 shows the average percentage of MHA screen
completions for each combination of rurality and availability category,
with non-core and whole county shortage associated with the highest
rate of MHA screen uses. Moreover, differences in screen completion
rates as a function of county-level health-care availability were less
pronounced among less rural counties, illustrating that a lack of mental
health-care resources may have greater implications for online screen
use in more rural areas of the country. The Spearman correlation be-
tween rurality and health-care availability was found to be 0.47 (p <
10719).

The second regression model, which additionally incorporated
county-level sociodemographics, explained 44% of the variance (R? =
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Table 1

Outcome results of regression models.
Variable Coefficient () 95% CI P-value
Model 1 (R = 0.42; P < 107'9)
Healthcare availability 36.5 [21.0, 52.1] 5.0 x 107
Rurality 62.8 [55.3, 70.4] 1.0 x 10710
Model 2 (R? = 0.44; P < 107'9)
Healthcare availability 33.1 [17.4, 48.8] 4.0 x 10°°
Rurality 56.5 [48.4, 64.7] 1.0 x 10710
Median income (USD) —0.0006 [0.0013, 0.0001] NS
Race - White (%) 1.59 [-0.56, 2.62] NS
Race - Black (%) 0.59 [-0.73, 1.90] NS
Religiosity 0.03 [-0.05, 0.11] NS

Note. Model 1 utilized health-care availability and rurality as predictors of all
MHA screen completions per county. Model 2 additionally included county-level
sociodemographic information to predict total MHA screen completions. All
sociodemographic variables were non-significant (NS). n = 605 counties.
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Fig. 1. Average Rate of Access from Bing to MHA Screens across Counties as a
Function of County-Specific Health-care Availability and Rurality Classification
Note. The y-axis represents the average percentage of Bing users who completed
a mental health screen on MHA. Averages were calculated across all counties
that belonged to a respective mental health-care availability (x-axis) and
rurality (z-axis) stratum. Lowest availability is designated by “Whole”, while
highest availability is designated by “None”. Lowest rurality (i.e., highest
urbanicity) is designated by “Large central metro”, while highest rurality (i.e.,
lowest urbanicity) is designated by “Non-core”. Data shows a general trend
toward higher average screen completions across counties with lower avail-
ability and higher rurality. Impact of county mental health-care availability on
screen completion rates is more pronounced in more rural counties compared
with more urban counties, with micropolitan (orange bars) and non-core
(yellow bars) counties exhibiting the greatest differences among None/Part/
Whole county availability stratifications.

0.44); however, no county-level sociodemographic variables were sig-
nificant. Similar results were obtained for the above models when MHA
screen completion rates for each specific screen type were analyzed
separately. Moreover, models that included the interaction term of
rurality and availability did not reach statistically significantly higher
RZ

As expressed in Table 2, statistical analyses on MHA sociodemo-
graphic data across 11,564 users (including the 4354 users with
matched Bing user identifier data) reflected values for gender, ever
diagnosed with a mental disorder, ever received treatment for a mental
disorder, and currently receiving treatment for a mental disorder as
significantly different across screen types (p < 0.05 with Bonferroni
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correction).
4. Discussion

The current work leveraged Bing search activity data, in combination
with online mental health screen completion and user demographic
information available through MHA, to interrogate the associations
among rurality, mental health-care availability, and online screen use
from a large, nationally representative cohort of internet users across the
United States. In addition, this study reported the sociodemographics of
online screen use. Supporting this study’s hypothesis that county-level
MHA screen use rates will be higher among those living in more rural
areas as well as in areas with more limited access to in-person mental
health treatment options, modeling results showed significant positive
associations between the rate of MHA screen completions and both
county-level rurality (p = 62.8, P < 1.0 x 107'%) and availability (p =
36.5, P < 5.0 x 107%). These associations strongly suggested that
screens, being more frequently utilized in these areas, serve as an
especially important tool for individuals who live in remote areas and/or
have limited access opportunities to seek information and help
regarding their mental health.

MHA sociodemographic results indicated a broad uptake of online
screens across multiple racial-ethnic groups, with historically margin-
alized populations making up nearly half of online screening survey use
(see Table 2). Given the disparate access to mental health services across
racial-ethnic groups, with historically marginalized groups having lower
access (Cook et al., 2017), online platforms such as MHA may be an
important initial step in reaching persons who would otherwise not have
traditional resources. In addition, higher utilization by women across all
analyzed screens was found. This is consistent with evidence that
depression and anxiety are more common in women than men (Eaton
et al., 2012) and broadly speaks to more prominent mental
health-related help-seeking behaviors in women (Mackenzie et al.,
2006). However, the results were inconsistent with evidence for a
nearly-even gender distribution in bipolar disorder (Diflorio and Jones,
2010).

Relating to the recognized mental health treatment gaps in rural
areas (Merwin et al., 2003), strong associations between online screen
use and both county-level rurality and mental health care availability
were found (Fig. 1). The models implicated areas that are both rural and
have low mental health care availability as showing the strongest as-
sociation with online screen use. In contrast, metropolitan areas with
low mental health resource shortage showed the lowest utilization of
online screen access. This finding supports the hypothesis that online
tools, like those provided by MHA, have an important role in bolstering
mental health-care access in low resource areas. Furthermore, a majority
of individuals completing MHA screens did not yet have a psychiatric
diagnosis (Table 2), suggesting an increased importance of these online
tools as resources of information in the early course of illness.

Though our work shows rural use of online screens, it is important to
consider mental health assessment and treatment disparities are multi-
factorial in etiology, and arise not only from resource shortages, but also
from rural cultural factors. Therefore, a multifaceted approach is war-
ranted; any intervention which is to be optimally effective must address
both problems of availability and those rural cultural factors, which
impact diagnosis and treatment of mental disorders. Qualitative
research has demonstrated stigma (though not unique to rural areas)
and reduced confidentiality (Aisbett et al., 2007) as concerns of rural
community dwellers (Nicholson, 2008). Fuller et al. suggest an
increased stoic, self-reliant approach to problems in rural communities,
which may limit early help-seeking behaviors (Fuller et al., 2000).
Hence, provision of resources is required, but not sufficient to fully
address disparities between urban and rural communities. We suggest
that campaigns aimed at addressing stigma and other cultural barriers to
effective mental health assessment in tandem with resource provision
will be necessary to optimize uptake of mental health resources.
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Note. Each map panel illustrates the percentage of users per county who completed the associated online mental health screen for (A) anxiety, (B) bipolar disorder,
(C) psychosis, and (D) depression. Darker shades of red indicate higher percentages of people within the county who completed the screen out of the total population
of Bing users. Data for all screen types consists of several rural areas of the country including (i) northeastern Minnesota, (ii) northeastern Arizona, (iii) eastern
Maine, and (iv) several pockets of the Midwest. However, counties across the full extent of the rural-urban spectrum and all corners of the country are represented. n

= 605 counties.

The current work represents the first large-scale, naturalistic, and
demographically untargeted® study to identify and characterize person-
and region-specific factors associated with online mental health
screening tool utilization in the United States. The work was strength-
ened by the use of a large, temporally-anchored dataset derived in
tandem by both Bing and MHA. These data sources allowed for unique
framing and interrogation of individual online mental health screen use.
Though this study has important strengths, it has limitations which
motivate the need for further research. First, while the work explored
and quantified the importance of factors associated with online screen
use, it did not establish causal associations between these factors and
online screen use nor address the question of impact nature or magni-
tude on the populations of interest. Second, though the sample size was
large and naturalistic, there were relatively fewer samples for persons
having completed anxiety, bipolar, and psychosis screens compared to
depression. Third, relating to county-level sociodemographics, only
racial data on White and Black percentages were used. While there are

3 The study was demographically untargeted in that data was selected
naturalistically as a population of all those using the Bing Search data.
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certainly more nuanced mental health-related differences by race and
ethnicity that warrant careful consideration, these differences unfortu-
nately could not be modeled based on the county-level data available.
Fourth, this work unfortunately could not incorporate county-level age
in the regression models nor report on the age sociodemographics of
MHA users due to a lack of data availability. Last, this research operated
under the implicit hypothesis that low availability is an effective proxy
for individual online screen use rationale. Further research is needed to
characterize the direct motives for individuals in their utilization of
these tools.

Through statistical support of the hypothesized positive association
between MHA screen use and under-resourced areas, this research
suggested that online screens fill an important gap in the heterogeneous
mental health access infrastructure of the country. Thus, it is the task for
future endeavors to more precisely define the potential benefits and
effects that such tools may have on the population at large. Such fruitful
research avenues may include (i) modeling the trajectories of how online
search behavior changes as a result of completing and receiving feed-
back from a screen, (ii) reporting how search trajectories relate to sub-
sequent in-person, professional help-seeking, and (iii) comparing search
trajectories across regions of differential rurality and mental health-care
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Table 2
Sociodemographic profile of users completing MHA screens.
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Sociodemographic and Clinical Factors

Count (%) of MHA users by Screen Type

Attribute Value Anxiety Bipolar Depression Psychosis Total
Gender* Female 681 (71) 594 (64) 5348 (58) 196 (47) 6819 (59)
Male 223 (23) 262 (28) 3346 (36) 173 (42) 4004 (35)
Other 30 (3) 37 (4) 411 (4) 27 (7) 505 (4)
Not provided 30(3) 30(3) 159 (2) 17 (4) 236 (2)
Race/Ethnicity White (non-Hispanic) 461 (48) 495 (54) 3904 (42) 213 (52) 5073 (44)
Asian/Pacific Islander 75 (8) 60 (7) 1000 (11) 21 (5) 1156 (10)
Hispanic or Latino 81 (8) 75 (8) 859 (9) 33(8) 1048 (9)
Asian 94 (8) 52 (6) 824 (9) 14 (3) 984 (9)
Black or African American (non-Hispanic) 51 (5) 46 (5) 672 (7) 30 (7) 799 (7)
Other 126 (13) 127 (14) 1372 (15) 61 (15) 1686 (14)
Not provided 76 (8) 68 (7) 633 (7) 41 (10) 818 (7)
Household Income (USD) Less than $20,000 176 (18) 209 (23) 2140 (23) 83 (20) 2608 (23)
$20,000 - $39,999 108 (11) 132 (14) 1156 (12) 73 (18) 1469 (13)
$40,000 - $59,999 87 (9) 118 (13) 860 (9) 35(8) 1100 (10)
$60,000 - $79,999 56 (6) 76 (8) 645 (7) 21 (5) 798 (7)
$80,000 - $99,999 53 (5) 58 (6) 476 (5) 20 (5) 607 (5)
$100,000 - $149,999 69 (7) 53 (6) 609 (7) 20 (5) 751 (6)
$150,000+ 59 (6) 47 (5) 608 (7) 27 (7) 741 (6)
Not provided 356 (37) 230 (25) 2770 (30) 134 (32) 3490 (30)
Ever diagnosed with a mental disorder* Yes 183 (19) 424 (46) 2123 (23) 184 (45) 2914 (25)
No 732 (76) 466 (5) 6809 (73) 209 (51) 8216 (71)
Not provided 49 (5) 334 332(4) 20 (5) 434 (4)
Ever received treatment for a mental disorder* Yes 222 (23) 432 (47) 2346 (25) 188 (46) 3188 (28)
No 708 (73) 460 (5) 6602 (71) 206 (5) 7976 (69)
Not provided 34 (4) 31(3) 316 (3) 19 (5) 400 (3)
Currently receiving treatment for a mental disorder* Yes 95 (1) 248 (27) 1041 (11) 101 (24) 1485 (13)
No 120 (12) 169 (18) 1237 (13) 78 (19) 1604 (14)
Not provided 749 (78) 506 (55) 6986 (75) 234 (57) 8475 (73)

Note. Statistically significant (P < 0.05 with Bonferroni correction) differences are denoted by an asterisk (*); statistical significance was determined via X2 test,

excluding the “Not provided” category. N = 11,564 users.

availability. In addition, studies that aim to further characterize the
clinical and sociodemographic profiles of individuals who access online
screens, and thus more fully contextualize the aforementioned behav-
ioral trajectories, would greatly enhance understanding of this digital
resource and allow for further targeted deployment and refinement.
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