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Abstract

Background: A high risk of mental health or substance addiction issues among sexual and gender minority populations may
have more nuanced characteristics that may not be easily discovered by traditional statistical methods.

Objective:  This review aims to identify literature studies that used machine learning (ML) to investigate mental health or
substance use concerns among the lesbian, gay, bisexual, transgender, queer or questioning, and two-spirit (LGBTQ2S+) population
and direct future research in thisfield.

Methods: The MEDLINE, Embase, PubMed, CINAHL Plus, PsycINFO, IEEE Xplore, and Summon databases were searched
from November to December 2020. We included original studies that used ML to explore mental health or substance use among
the LGBTQ2S+ population and excluded studies of genomics and pharmacokinetics. Two independent reviewers reviewed all
papers and extracted data on general study findings, model development, and discussion of the study findings.

Results: Weincluded 11 studiesin this review, of which 81% (9/11) were on mental health and 18% (2/11) were on substance
use concerns. All studies were published within the last 2 years, and most were conducted in the United States. Among mutually
nonexclusive population categories, sexual minority men were the most commonly studied subgroup (5/11, 45%), whereas sexual
minority women were studied the least (2/11, 18%). Studies were categorized into 3 major domains: web content analysis (6/11,
54%), prediction modeling (4/11, 36%), and imaging studies (1/11, 9%).

Conclusions: ML is a promising tool for capturing and analyzing hidden data on mental health and substance use concerns
among the LGBTQ2S+ population. In addition to conducting more research on sexual minority women, different mental health
and substance use problems, as well as outcomes and future research should explore newer environments, data sources, and
intersections with various socia determinants of health.

(JMIR Med I nform 2021;9(11):€28962) doi:10.2196/28962

KEYWORDS
sexual and gender minorities; mental health; mental disorders; substance-related disorders; machine learning
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Introduction

Background

Members of the leshian, gay, bisexual, transgender, queer or
questioning, and two-spirit (LGBTQ2S+) popul ation experience
significant mental health disparities and are at a higher risk of
substance use problems compared with their heterosexual and
cisgender peers [1-5]. A meta-analysis of 25 studies revealed
that lesbian, gay, and bisexua individuals had 2.47 times
increased lifetimerisk of attempting suicide, 1.5 timesincreased
risk of depression and anxiety disorders, and 1.5 timesincreased
risk of alcohol and other substance dependence over a12-month
period [2]. Recent statistics from the 2015 National Survey on
Drug Use and Health in the United States reported that the
sexual minority population have an increased likelihood of past
year use of illicit drugs, marijuana, and opioids; current use of
cigarettes and alcohol; and past year diagnosis of any mental
illness compared with sexual majority groups[6]. Members of
the LGBTQ2S+ population al so use mental health servicesand
substance use treatment more frequently than cisgender and
heterosexua individuals[6,7].

Thereisarobust evidence base documenting sexual orientation
and gender identity as socia determinants of health, whereby
members of the LGBTQ2S+ population experience stressors
from stigma, social, and economic exclusion that contribute to
increased mental heath challenges and resultant coping
strategies, including problematic substance use [8-10]. In
addition, intersecting experiences of marginalization such as
race, ethnicity, disability, and homelessness; lack of familial
and peer support; various acts of bullying, harassment, and hate
crimes, and experience of self-stigmatization, such as
internalized homophobia, biphobia, and transphobia, contribute
to further deterioration of mental health and substance use
concerns [8,11-16].

With advances in technology, novel statistical methods, such
as machine learning (ML), have emerged as promising means
of analyzing a vast range of complex data in public health
informatics [17,18]. ML uses computational power to identify
or mine hidden data patterns and has been increasingly used for
content analysis and as a predictive modeling technique [17].
These characteristics are particularly important for investigating
mental health and substance use issues among the LGBTQ2S+
population, where socia stigmaand institutional barriers make
sexual and gender identity disclosure difficult, rendering the
datainvisible [19-21].

There are 3 major types of ML, including (1) supervised
learning, (2) unsupervised learning, and (3) semisupervised
learning. Supervised learning aims to learn from labeled data
to predict the class of unlabeled input data.or outcome variables
[22]. Unsupervised learning does not require an outcome
variable, thereby alowing the algorithm to freely detect and
recognize hidden patterns with minimal human interference
[22,23]. Semisupervised learning learns from both |abeled and
unlabeled data, whereit can use readily available unlabeled data
to improve supervised learning tasks when the [abeled data are
scarce or expensive [24]. A more advanced form of ML, deep
learning, has gained popularity in health research in recent years
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and usesan artificial neural network model with multiplelayers
to hierarchically define and process data [25]. These ML
methods provide the opportunity to understand data more
thoroughly and effectively, as well as yield meaningful
predictions beyond traditional statistical methods.

Several reviews, including 3 recent systematic reviews, have
been conducted to summarize the application of ML in substance
use and mental health issues [23,26-28]. These systematic
reviews have reported ML applicationsin 54 articles on mental
health, 87 articles on suicidal behavior, and 17 articles on
addiction research and reported good performancein predicting
human behavior [23,26,28]. However, most of these reviews
and studies focused on broad categories and the general
population or patient records.

Objectives

Although one scoping review has explored studies that predict
population-specific heath with ML [29], the study did not
identify ML applications among the LGBTQ2S+ population.
There is a substantial gap in the literature, with no existing
review focused on ML studies examining mental health and
substance use among the LGBTQ2S+ population. As a resullt,
we conducted a scoping review to address these knowledge
gaps with the aim of mapping the current status of ML studies,
focusing on this field and identifying the research gap to
facilitate future research. Regarding persistent mental health
and problematic substance use concerns and disparities among
the LGBTQ2S+ population, the findings from this review will
provide useful insights to inform research and programs.

Methods

Objectives and M ethodology Framework

Thisreview aimsto conduct acomprehensive search of studies
using ML to investigate mental health or substance use among
LGBTQ2S+ communities and to determine the scope of future
research. We used the following 5-stage methodological
framework developed by Arksey and O'Malley [30]: (1)
identifying specific research questions; (2) identifying relevant
studies through a comprehensive search of different sources;
(3) study selection by applying inclusion and exclusion criteria;
(4) datacharting using custom-made data extraction forms; and
(5) callating, summarizing, and reporting the results. We also
used an extension of the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses guidelinesfor scoping
reviews [31] to present our findings, and the Joana Briggs
Institute proposed methodology of scoping reviews [32] to
narrate theimplicationsfor future research. The review protocol
was registered on the Open Science Framework [33] on
December 17, 2020, to facilitate transparency and reproducibility
of the study.

I dentifying Research Questions

Initially, we identified a broad set of preliminary questions for
this scoping review:

What is the volume of the literature that used machine
learning analysisinthefield of mental health and substance
use among the LGBTQ2S+ population?
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What are the fields of mental health and substance use
among the LGBTQ2S+ population that have been studied
by machine learning?

Which subgroups of the LGBTQ2S+ popul ation have been
investigated? Are there any specific subgroups that have
been studied using machine learning analysis?

What types of machine learning methods (eg, supervised,
unsupervised, semisupervised, and deep learning) and
algorithms (eg, decision trees, random forest, logistic
regression, and penalized regression) have been used to
study LGBTQ2S+ mental health and substance use?
What are the real-world implications of these studies? Are
there any knowledge gaps or untouched domainsthat should
be addressed in future research?

Identifying Relevant Studies

To gather a large quantity of relevant literature, we followed
previous review studies with similar objectives [27,29] and
searched the following databases: MEDLINE (Ovid), Embase
(Ovid), CINAHL Plus, APA PsycINFO (Ovid), PubMed, and
IEEE Xplore. We also searched the Summon (ProQuest)
database used by the University of Toronto Libraries, which
searches across many other databases, journal packages, e-book
collections, and other resources. Information technology
databases such as IEEE Xplore were selected as a potential
source of ML-related literature. Literature searches involved a
combination of keywords (eg, mental health, mental disease,
mental health service, substance abuse, ML, sexual and gender
minorities, LGBT, leshian, gay, men who have sex with men,
bisexual, queer, two-spirit, intersex, and transgender) and
medical subject headings, if applicable. A librarian was
consulted regarding the keywords and search terms.

Two reviewers (AK and RB) conducted the database search
from November 25 to December 13, 2020, and imported all
citationsto the Covidence web platform, where duplicate papers
were removed automatically. The databases were searched from
the date of inception of the databases to the year 2020, with no
filter in place for publication year. The bibliography lists of the
included studies and review paperswere reviewed on December
13, 2020, to identify any potential studies. The full Embase
search strategy, representing an example of the search query
applied to al other databases, is presented in Multimedia
Appendix 1.

Study Selection

We included studies that used ML to investigate mental health
or substance use behaviors of people within the LGBTQ2S+
population. Studiesinwhich ML was used partially, but not for
the main statistical analysis, were included in the review. We
only included empirical investigations, thereby excluding
editorials, opinion pieces, and reviews. We al so excluded papers
that used logistic regression analyses, not as a ML algorithm,
but to determine LGBTQ2S+ identity status. In addition, studies
in which full texts could not be retrieved with institutional
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license, and studies of genomics, pharmacokinetics, and those
that were not directly relevant to humans were excluded.

Two reviewers (AK and RB) independently screened each title
and abstract based on the eligibility criteria and completed
full-text screening of the remaining studies. Disagreementswere
resolved through discussions among the 3 reviewers (AK, RB,
and MC) to yield alist of final included studies.

Data Charting

To facilitate data charting and reporting, individual reviewers
(AK and RB) first reviewed all studiesand extracted key phrases
and concepts from each study. We based our data extraction
itemson featuresidentified in arecent biomedical guidelinefor
reporting ML studies[34]. Custom-made data extraction forms
were developed from this guideline, which included major
extraction categories such as general study characteristics (ie,
author, year, country, target population, source of data, sample
size, field of study, ML domains, ML methods, algorithms, and
outcomes), key components of model devel opment (ie, whether
the studies discussed methods of feature selection, resampling,
model performance metrics, and method of validation), and
discussion of study findings (ie, importance ranking of features,
intersectionality, and other procedures or features applied).

Collating, Summarizing and Reporting Results

We presented descriptive statistics for the extracted data sets
by calculating the total number and percentage of all studiesin
each category. To provide a visual overview of the range of
data, we presented abar chart that showed the frequency analysis
of studies according to the field of study and a pie chart that
demonstrated the proportion of studiesin the major domains of
ML. We used a narrative synthesis approach [35] to describe
the findings of the studies in the different ML domains and
explored relationshipsin the data. Finally, we discussed research
gaps to facilitate future research.

Results

Theinitial search of databases yielded 2669 articles, of which
2489 wereretrieved after removing duplicates. We al so searched
the reference lists of potentially eligible articles and previous
reviews but could not identify any studies that matched our
inclusion criteria. After title and abstract screening, 21 articles
were selected for full-text screening. Of these, we excluded
articles that did not meet the target population criteria of the
LGBTQ2S+ population (3/21, 14%), full-texts could not be
retrieved (1/21, 4%), unrelated to ML (4/21, 19%), duplicate
article published in a conference proceeding (1/21, 4%), and a
commentary (1/21, 4%). This resulted in 11 studies being
included in the final review [36-46]. The detailed selection
process of the articles is presented in the Preferred Reporting
Items for Systematic Reviews and Meta-Anayses (PRISMA)
flow diagram (Figure 1).
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Figure 1. Preferred Reporting Items for Systematic Reviews and Meta-Analyses flow diagram documenting study exclusion. LGBTQ+: lesbian, gay,
bisexual, transgender, queer, or questioning; ML: machine learning.
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Study Characteristics bisexual) were the most commonly studied (5/11, 45%)

subgroups[37,40,42-44], followed by transgender (3/11, 27%)
All 11 included studies [36-46] were published within the last  [39,45,46] and LGBTQ+ (3/11, 27%) [36,38,41] peopleat large,
2 years (Table 1). Most of the studies were carried out in the  whereas sexual minority women (lesbian and bisexual) (2/11,
United States (7/11, 63%) [36,38,39,41-43,45]. Among the  18%) [43,45] weretheleast commonly represented populations.
target population categories that were not mutually exclusive,  None of the studies included two-spirit persons as their target
sexual minority men (gay, men who have sex with men, population (Table 1).
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Table 1. Summary statistics of included studies (N=11) [36-46].2

Characteristics Number of studies, n (%)
Countries
United States 7 (63)
China 2(18)
Sweden 1(9)
Austraia 1(9)
Years published
2019 5 (45)
2020 6 (54)
Field of study
Mental health (n=9)
Suicide or self-injury 2(18)
Depression 2(18)
Mood or affect processes 3(27)
Minority stress 1(9)
Gender incongruence 1(9)

Substance use (n=2)
Tobacco 1(9)
Poppers or alkyl nitrites 1(9)

Target populationb

Sexual minorities: male (gay, MSMC, bisexual) 5(49)
Sexua minorities: female (lesbian, bisexual) 2(18)
Transgender or gender minorities 3(27)
LGBT/LGBTQ+! 3(27)

Domainsof ML®

Web content analysis 6 (55)
Prediction modeling 4 (36)
Imaging study 1(9
Typeof ML
Supervised 9(82)
Unsupervised 3(27)
Deep 1(9)
ML algorithms
LDA' 3(27)
RFY 2(18)
svmh 2(18)
CNN! 1(9)
MLP 1(9
NBX 1(9

Penalized regression (LASSO', elastic net regularized regression, ridge regression) 2(19)
Logistic regression 1(9
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Characteristics

Number of studies, n (%)

Boosting (XGBoost™, AdaBoost", GBM®)
Classification tree
Feature selection
Yes
No
Discussed model performance
Used performance metrics
Didn't use performance metrics
Didn't discuss performance
Method of validation
Hold-out
Cross-validation
External validation
Unspecified

3(27)

2(19)

7(64)
4(36)

9(82)
1(9
1(9)

2(18)
7 (64)
2(18)
4(36)

3\ ultiple response options were possible for some study characteristics.
bCategories are not mutually exclusive.
°MSM: men who have sex with men.

dLGBT/LGBTQ+: lesbian, gay, bisexual, and transgender/lesbian, gay, bisexual, transgender, queer, or questioning.

EML: machine learning.

fLDA: latent Dirichlet allocation.

9RF: random forest.

hsvm: support vector machine.

ICNN: convolutional neural network.
IMLP: multilayered perceptron.

KNB: Naive Bayes.

ILASSO: least absolute shrinkage and sel ection operator.
™X GBoost: eXtreme Gradient Boosting.
NAdaBoost: Adaptive Boosting.

9GBM: Generalized Boosted Model.

Most of the studies focused on mental heath (9/11, 82%)
[36-42,45,46], and only 18% (2/11) studies[43,44] focused on
substance use concerns. Most studies examined several mental
health issues, such as depression, suicide, mood or affect
processes, minority stress, and gender incongruence
[36-42,45,46], whereas other studies that focused on substance
use only examined tobacco and poppers or akyl nitrites use
[43,44]. No study looked into mental health issues and substance
use concerns among the LGBTQ2S+ popul ation simultaneously
(Table 1).

The studies were categorized into 3 major ML domains: web
content analysis, prediction modeling, and imaging study. Over
half of the studies (6/11, 55%) were identified as web content
analysis [36-41], and 36% (4/11) were identified as prediction
modeling [42-45]; 1 study (9%) was identified as an imaging
study [46] (Table 1).

The most commonly used class of ML methodswas supervised
(9/11, 82%) [37-39,41-46], followed by unsupervised (3/11,
27%) [36,37,40] and deep learning (1/11, 9%; Table 1) [41].
The most frequently used ML algorithms were latent Dirichlet
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allocation (3/11, 27%) and boosting (3/11, 27%), followed by
random forest, support vector machines, penalized regression
(ie, least absolute shrinkage and selection operator, elastic net
regularized regression, and ridge regression), classification tree,
logistic regression, naive Bayes, multilayered perceptron, and
convolutional neural network (Table 1).

Approximately two-thirds (7/11, 64%) of the studies
[37,38,42-46] discussed their methods of feature selection,
among which the median number of features used was 19. Most
of the studies used cross-validation methods (7/11, 64%)
[37-39,41,44-46], especiadly 10-fold cross-validation.
Furthermore, 18% (2/11) of the articles used the hold out method
[39,41], 18% (2/11) used external validation [37,41], and 36%
(4/11) articles [36,40,42,43] did not report how they validated
their method. Most studies (9/11, 82%) [36-39,41-43,45,46]
used at |east one performance metric (eg, areaunder ROC curve,
precision-recall, or F1 score) to discuss model performance.
However, the remaining studies either did not use any
performance metric [44] or did not discuss any model
performance [40] (Table 1).
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Machine L earning Domains

Multimedia Appendix 2 summarizes the characteristics of the
final 11 included studies [36-46] and Multimedia Appendix 3
[36-46] presents the ML methodology used in the studies.

The 54% (6/11) studies [36-41] in the web content analysis
domain obtained their data from social media sources such as
Twitter, Blued, Tumblr, Reddit, and LGBT Chat and Forums.
Thevolume of data used ranged from 12,000 to 41 million web
posts. Half of the studies used their data to analyze the mood
or affect processes of the usersrelated to their sexual and gender
identities [39-41] (Multimedia Appendix 2).

Among the 4 studies in the prediction modeling domain, 50%
(2/4) of the studies analyzed data on adult participants [42,44]
and 50% (2/4) on adolescents [43,45]. Only 1 study used a
public health data set of 28,811 participants [43]; other studies
used either cross-sectional or cohort data from longitudinal
studies[42,44,45]. Half of the studiesfocused on mental health
(depression and suicide) [42,45] and half on substance use
behavior (cigarette, e-cigarette, and poppers use) [43,44]
(Multimedia Appendix 2). Of the 4 studies, only 25% (1/4)
study [45] ranked their feature importance, and 50% (2/4)
studies [42,45] examined intersectionalities (Multimedia
Appendix 3). One study investigated the intersection of income
and other social and environmental stressorswith racial or ethnic
disparities and itsimpact on depressive symptomology among
men who have sex with men [42], whereas the other focused
on the intersection between various socia and behaviora
determinants of headth (self-image, race, education,
socioeconomic status, family support, friends, stigma,
discrimination, etc) as risk factors of self-injurious behaviors
among sexual and gender minority women [45].

One imaging trial study used clinical and functional magnetic
resonance imaging data of 25 transgender adultsto identify the
relationship between pretherapy functional brain connectivity
and posthormone therapy body congruence [46]. All 4 studies
[42-45] of the prediction modeling domain and 1 imaging study
[46] used the supervised method of ML, whereas studiesin the
web content analysis domain [36-41] used supervised (4/11,
36%), unsupervised (3/11, 27%), and deep learning (1/11, 9%)
methods (Multimedia Appendix 3).

Discussion

Principal Findings

Our results show that the application of ML to assess mental
health and substance use behavior among the LGBTQ2S+
population is still new in health research, compared with the
increasing use of ML techniques in other health research
domains. Although there is continued criminalization and lack
of LGBTQ2S+ rights protection in 67 United Nations member
states at the end of 2020 [47], there appearsto be an increasing
acceptance of sexual and gender minority people in diverse
contexts such as in North American countries and Western
Europe [48]. However, very few of the included studies were
conducted outside the United States (Table 1).

Only afew mental health problems were addressed across the
few relevant ML studies conducted to date (Table 1). Although
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there is evidence of a higher prevalence of anxiety disorders,
posttraumatic stress disorder, and various mood disorders (eg,
mania and persistent depressive disorder) among the
LGBTQ2S+ population compared with cisgender and
heterosexual counterparts [4], no studies have been conducted
on theseissues. Compared with mental health issues, substance
use problems among the LGBTQ2S+ population were almost
untouched. Moreover, both of theincluded substance userelated
studies predicted the present use of substances[43,44], and no
studies have examined future substance use, cessation, or
substance use treatment-seeking behavior.

Underlying factors behind the low number of ML studies on
mental health and substance use issues among the LGBTQ2S+
population may be sex and gender identity-related data
invisibility and social and institutional bias [21,49]. Electronic
health records have been used as acommon and promising data
source for ML techniques to predict population health in other
research areas [27,29]. However, binary representation of sex
and gender (ie, man or woman) in the electronic health records
system makes some dataunavailable for analysisby ML, which
can underrepresent the actual problem [21,50,51]. Adopting
inclusive gender, sex, and sexual orientation (GSSO)
information practices, collecting sexual and gender diversity,
has the potential to ensure data justice, alleviate unintentional
bias, and reduce health inequity [49]. A good example of
inclusive GSSO information practice could be the proposed
equity stratifiersby the Canadian I nstitute of Health Information
[52]. However, other potential data sources of ML applications,
such as social media, cross-sectional survey data, longitudinal
cohort, and administrative data sets were used in the included
studies (Multimedia Appendix 2).

Most studieswerein theweb content analysisdomain, indicating
social mediato be apotentially useful epidemiological resource
for collecting data on LGBTQ2S+ people and analyzing the
data using ML (Multimedia Appendix 2). We observed that
unsupervised ML has aso been applied in these studies with
data drawn from socia media [36,37,40], thus holding the
potential to support qualitative research by handling large textual
datasetswith its computational power. Thisisparticularly useful
in LGBTQ2S+ health research, given the stigma-related and
structural barriers toward identity disclosure that may inhibit
data collection through other methodologies[50,51,53,54]. The
use of ML in these studies has shown potential for automated
identification of at-risk individualsfor crisis suicide prevention
and intervention [36], depressive emotions [37], minority
stressors[38], negative emotions[40], and mental health signals
[41] among the LGBTQ2S+ community. In addition, the
sequence of transgender identity disclosureidentified in astudy
by Haimson et a [39] may guide resource allocation and provide
support through gender transition. However, self-reported mental
health problems on socia media might not reflect clinical
diagnoses or symptomologies.

Although there is evidence of the influence of intersections of
various social and behavioral determinants of health on the
increased prevalence of mental health and substance use
concerns among the LGBTQ2S+ population [11-16], only 2
studies examined the intersection of sexual and gender identity
with ethno-racial identities, and several social, economic, and
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behavioral factors (ie, income, social stigma, discrimination,
and family support), and their impact on depression and
self-injurious behaviors [42,45]. No such studies in our review
explored intersectionality in the field of substance use.
Identifying these intersections by leveraging ML techniques
would have practical implications by determining risk and
protective factors aswell asinforming strategies for promoting
mental well-being and substance use prevention and intervention
with and for LGBTQ2S+ people. In the context of various
techniques used in intersectional research, both qualitative and
guantitative, and recent trends in mixed methods research [55],
ML can be a very useful tool for processing vast quantities of
data, data mining and clustering, and classifying attribute
relationships[56,57]. Apart from the partial dependency-based
measures, newer techniques and methods [58,59] in ML have
emerged for analyzing interaction effects and are more suitable
for assessing intersectionality.

Following the current guidelines for reporting ML studies in
biomedical research [34], we documented arange of explanatory
findings seen in theincluded studies and found that most studies
mentioned their performance metrics, method of feature
selection, and method of validation of their model (Table 1 and
Multimedia Appendix 3). However, only 27% (3/11) studies
[37,38,45] adopted the approach of approximating a relative
importance score of individual features that reflected their
overal contributions to the model (Multimedia Appendix 3).
The implications of providing an importance score to features
are particularly valuablefor predictive modeling studies, where
the most important predictors are targeted for future strategy
adoption. Another notable finding was about half (n=2) [42,43]
of the predictive modeling studies did not report any method
of validation, and none of them conducted external validation
of the resulting model on a different population (Multimedia
Appendix 3). Validation isan important aspect of the predictive
modeling process, which increases the reproducibility and
generalizability of the model [60]. Hence, future studiesin this
domain should follow existing guidelines to validate their
models [34]. Moreover, half of the predictive modeling studies
had small sample sizes(<1000) (MultimediaAppendix 2). Small
data sets can affect the model performance [61]. Using large
population-based data sets for future research can overcome
this problem and fully leverage the benefits of ML.

Compared with the other 2 domains, there was a significant gap
in ML research using imaging data (ie, functional magnetic
resonance imaging or electroencephalography) to examine
mental health and substance use among the LGBTQ2S+
population (Table 1). Although asingleidentified imaging study
[46] predicted cross-sex hormonal therapy responsiveness in
the transgender population, which is useful for guiding and
selecting candidates for therapy, the sample size was small,
limiting the generalizability of the findings.

Future Research Directions

We detected significant research gaps in ML applications for
mental health and substance use research among the LGBTQ2S+
population. First, future research should investigate other mental
health issues (ie, anxiety disorders and mood disorders) and
substance use behavior and problems (ie, alcohol, opioids, and
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illicit drugs) among the LGBTQ2S+ population. Second, the
potential of ML applicationsin predicting substance use rel ated
outcomes (ie, cessation, overdose events, routes of
administration, driving impairments, and other adverse
reactions), mental health service access, and mental
health-related outcomes (ie, disabilities, symptom management,
suicide and suicide attempts, economic burden, and health care
costs) should be explored.

Third, further research is needed on sexual minority women.
The small number of studies included (Table 1) did not allow
exploration of shared and different health needs and priorities
between and within the LGBTQ2S+ population. Fourth, asthe
legal and societal context in which the LGBTQ2S+ population
lives differ significantly between countries[48], more research
should be conducted in countries outside the United States.
Fifth, specific research initiatives targeted at investigating the
intersection of sexual and gender minority identity with other
social determinants of health (ie, race, ethnicity, citizenship,
socioeconomic status, and housing condition) are necessary to
better understand their potential for fostering risk and resilience
regarding mental health and substance use. Finaly, different
data sources should be wused in ML studies.
Large-popul ation-level administrative data sets should be used
for prediction modeling studies for the accurate application of
ML models. In addition, with the advancement of technology,
the digitalization of health care, and where LGBTQ2S+ status
iscaptured in electronic health records, these health records can
be a potential data resource for ML studies with real-world
clinical implications for LGBTQ2S+ people.

Strength and Limitations

To the best of our knowledge, our review isthefirst of itskind
to explore the use of ML applications in examining mental
health and substance use among LGBTQ2S+ populations. We
adopted a comprehensive search strategy, including searching
various multidisciplinary peer-reviewed databases to identify
relevant articles as much as possible. Thefindings of our review
need to be interpreted with consideration of one key limitation.
Owing to the small number of studies, highly heterogeneous
characteristics of theincluded studies, and inconsistent reporting
of model development and validation, we could not perform a
critical appraisal of the studies and therefore could not comment
significantly on the overall performance of the ML techniques.
However, we followed the approaches of previous scoping
reviews with similar objectives [27,29] and were interested in
understanding the general topics or areas being investigated by
ML in the field of mental health and substance use among the
LGBTQ2S+ population (ie, most commonly used data sources,
study countries, and study populations) and identifying research
gaps to inform future research.

As more studies are published on this research topic in the
future, a systematic review with critical appraisa of relevant
literatures should be conducted as the next step in research.
Researchers are attempting to expand established reporting
guidelinesto includeitemsthat accommodate ML studies, such
as the Transparent Reporting of a Multivariable Prediction
Model for Individual Prognosis or Diagnosis statement specific
for M [62], the Artificial Intelligence extension for Consolidated
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Standards of Reporting Trials [63], and Artificial Intelligence
extension for Standard Protocol Items: Recommendations for
Interventional Trials [63] guidelines. Once developed, these
guidelines can be used as critical appraisal toolsfor studiesthat
adopt ML-based data analysis. There is also an opportunity to
incorporate fairness and equity considerations in the
development of appraisal tools for ML studies. Preliminary

Kundu et d

Conclusions

Although there is an exponential growth of ML applicationsin
other health research sectors, few studies have used these
techniquesin thefield of mental health and substance use among
the LGBTQ2S+ population. In addition to undertaking more
research, future researchers should focus on applying ML
algorithms with considerations for rea-world implications

research has aready devel oped mathematical metricsto measure
thefairnessof aML algorithm, and if intersectionalities are met
in the models [64].

through public health interventions and adopting policies that
aim to improve health equity.
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Abstract

Background: Digitalization affects all areas of society, including the health care sector. However, the digitalization of health
care provision isprogressing slowly compared to other sectors. In the professional and political literature, physiciansare partially
portrayed asdigitalization sceptics. Thus, therole of physiciansin this processrequiresfurther investigation. The theory of “digital
natives’ suggests alower hurdle for younger generations to engage with digital technologies.

Objective: The objective of thisstudy wasto investigate therole of physiciansin the process of digitalizing health care provision
in Germany and to assess the age factor.

Methods: We conducted alarge-scale study to assesstherole of this professional group inthe progress of the digital transformation
of the German health care sector. Therefore, in an anonymous online survey, we inquired about the current digital penetration of
the personal working environment, expectations, attitude toward, and concerns regarding digitalization. Based on these data, we
studied associations with the nominal variable age and variations across 2 age groups.

Results. The 1274 participants included in the study generally showed a high affinity towards digitalization with a mean of
3.88 on a 5-point Likert scale; 723 respondents (56.75%) stated they personally use mobile apps in their everyday working life,
with aweak tendency to be associated with the respondents’ age (n=0.26). Participants saw the most noticeable existing benefits
through digitalization in dataquality and readability (882/1274, 69.23%) and the least in patient engagement (213/1274, 16.72%).
Medical practitioners preponderantly expect further improvementsthrough increased digitalization acrossalmost all queried areas
but the most in access to medical knowledge (1136/1274, 89.17%), treatment of orphan diseases (1016/1274, 79.75%), and
medical research (1023/1274, 80.30%).

Conclusions: Respondents defined their rolein the digitalization of health care provision as ambivalent: “scrutinizing” on the
one hand but “active” and “open” on the other. A gap between willingness to participate and digital sovereignty was indicated.
Thus, education on digitalization as a means to support health care provision should not only be included in the course of study
but also in the continuing process of further and advanced training.

(JMIR Med Inform 2021;9(11):€31527) doi:10.2196/31527

KEYWORDS
digitalization; digital transformation; health care; human factor; physicians; digital natives; web-based survey; digital health

https://medinform.jmir.org/2021/11/e31527 JMIR Med Inform 2021 | vol. 9| iss. 11 [€31527 | p.18
(page number not for citation purposes)


mailto:anja.burmann@isst.fraunhofer.de
http://dx.doi.org/10.2196/31527
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Introduction

Background

The theoretical description of digitalization in health care
promises the potential to improve quality of care, save time,
streamline documentation, and support access through natural
formsof interface design[1,2]. Digitalization might thusenable
the hedlth care domain to cope with globaly occurring
challengeslike cost, efficiency, complexity, and reform pressure
[3]. However, according to an annual cross-sectoral investigation
in Germany, the health care domain is not exploiting the
potential to the same extent as are other domains [4].
Furthermore, within the domain (eg, between different
hospitals), the digitalization status varies considerably [5,6].
Health care institutions, admittedly, contain particularities that
distinguish them from classic value-creating companies. they
heavily rely on “highly specialized human capital” [7]. Human
acceptance factors in the headth care context have been
investigated using hospital information systems as an example
[8]. The heterogenous digitalization success of health care
institutions calls for further investigation into the underlying
causes and effects of this variability [9]. The German health
care systemisdecisively governed in a self-admini stered manner
[10]. Although al self-governing institutions are under the legal
supervision of the state and are bound by the state's framework
legislation, they are not under the professional supervision of
the state. Representatives of health insurance companies, health
care service providers, and patient representatives negotiate and
determine medical services that are covered by the statutory
health insurance. Advocacy groups thus have an important role
in balancing the stakeholder’'s interests for the benefit of the
common good. Additionally, severa studies have pointed out
the importance of humans as potentially the greatest obstacle
to or the greatest promoter of digitalization in hedth care
processes [11-13]. In the professional and political literature,
physiciansare partially portrayed as digitalization skeptics[14].
Individual physicians organizations generally position
themselves against effortsto increase the digitalization of health
care processes [15,16], while other studies present alow digital
penetration rate and aneed for action [17,18]. Thus, the aim of
this study was to further investigate the role of physicians in
the process of digitalization as one of the key stakeholder groups
in health care provision.

Prior Work

Digitalization is a disruptive change that affects all areas of
society [19]. However, there is currently no consensus on a
generaly applicable definition of this term. With regard to an
original technical understanding, digitization means the
“conversion of analogue data (image, text, sound, etc) into
digital data’ [20]. Definitions of digitalization range from the
“replacement of analogue service provision [...] in whole or
partly by service provision in adigital, computer-manageabl e’
way [21], to the integration of all involved actors and data
through digital technologies that influences the entire value
chain [22]. Regarding health care organizations, Meister et al
[19] describe digitalization as a “ continuous change process,”
which combinestheincorporation of digital technology and the
ability to constantly adapt to changing conditions.

https://medinform.jmir.org/2021/11/e31527
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The importance of the human factor in health care processesis
highlighted in the concept of health care—providing institutions
as “expert organizations’ [11,13,23]. Expert organizations are
defined as “knowledge and competence-intensive service
organizations whose value creation is primarily based on the
recruitment, refinement and use of highly specialized human
capital” [7]. Experts are thus individuals who are highly
qualified, have astrong position in their institution, and strongly
identify with their profession. Furthermore, they have a high
degree of autonomy in decision-making and create complex
services or products [23]. The integration of interprofessional
knowledge and skills of experts participating in the clinical
treatment process congtitutes “the most important capital” in
health care provision [23]. Digital process support requires a
full integration across all contributors and change on different
levelsof hitherto established structures of health careinstitutions
[24]. Child [25] states that experts are especially likely to be
suspicioustoward change of their established routines. As stated
above, individual physicians' organizations, as stakeholders of
self-administration, have raised concernsregarding digitalization
[15,16]. Thismight partly be dueto ageneral skepticism toward
change in humans [26]. In the field of digitalization, however,
theterm “digital natives’ is often used, which assumes alower
hurdle for younger generations to engage with digital
technologies [27]. The role that the factor of age has indeed
been investigated in the field of technology acceptance in
general [28] but also with regard to the digitalization of
hospitals. Hospital employees themselves suspect age to be a
decisive factor in whether the digital transformation of their
working environment is accepted or not [29].

Objective of This Study

The purpose of this study wasto examinetherole of physicians
inthe digital transformation of health care with aspecific focus
on the variable of age. Therefore, the following 3 research
guestions were investigated: (1) How do physicians perceive
opportunities and risks of the digital transformation of their
working environment? (2) How do physicians see their own
role in digitalizing health care provision? (3) What role does
age play in the perception of digitalization of health care
provision and the personal role within this process?

In order to examine these issues, a nationwide survey among
physiciansin Germany was conducted.

Methods

Survey Design

The survey was designed in an iterative manner by scientistsin
the field of digital health and members of the Biindnis Junge
Arzte (BJA, Alliance of Young Physicians), a union of
representatives of young physicians from 25 medical
associations and medical societies in Germany. We followed
the survey principlesoutlined by Dillman et a [30] and Schleyer
and Forrest [31], while the results are reported in accordance
with Eysenbach [32]. The survey design resulted in astructured
format comprising a maximum of 42 questions, with adaptive
guestioning being used to reduce complexity and volume for
the participants. Single- and multiple-choice questions were
included with answer types assigned to nhominal, ordinal, and
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ratio scales. Freetext fields were provided for further
explanatory comments. The full translated questionnaire can
be found in the Multimedia Appendix 1.

On the survey landing page, we describe the survey topics and
length, goals and target group, and the inquiring organizations,
and provide information on the data handling according to the
European General Data Protection Regulation (GDPR). The
survey was voluntary, nonincentivized, and fully anonymous.
None of the participant information requested could be used to
identify the participant, and no technical identifiers (eg, IP
address) were stored. To start the survey, participants were
required to express consent to the procedure. The first survey
section included demographic questions related to the
respondent’s age, gender, professional position and type of
employment, medical specialization, and general digital affinity
derived from items provided by the technology affinity
guestionnaire from Karrer et a [33]. The following section
“Status Quo,” comprised questions regarding degree of digital
process support in the respondent’s current working
environment, including internal and intersectoral datahandling.
The medical process steps queried in this section were derived
from the best practice report provided by Kilig [34], which
describes digital health care processes, as well as the approach
by Burmann et al [35], who describe different maturity states
of digital health care provision. Moreover, the already noticeable
benefits through digitalization and the areas of untapped
potential were addressed. These areas, where advantagesthrough
digitalization are anticipated, were adapted from the industry
and hospital 4.0 paradigm [36,37]. Following this, the role of
medical professionals was examined. In response to the
controversial description of medical practitioners as, by
profession, not being capable of orchestrating digitally supported
health care supply chains [38], the view on hindrances to
digitalization of the mentioned group was queried. Additionally,
the respondents were asked to assess their own familiarity with
current technological, processual, and legal topics with regard
to digitalization of the German health care sector. Thefollowing
section, “Mobile Health Apps,” was dedicated to general
professional maobile app use and digital health apps. The latter
wasinvolved dueto its facilitation of medical prescriptionsfor
digital health apps (Digitale Gesundheitsanwendungen [DiGA])
by law through the digital health care act
(Digitale-Versorgung-Gesetz [DGV]), which came into effect
in Germany just when the survey was launched [39]. The last
survey section, “Future,” detailed the respondents’ perspectives
on the future of digital health supply, including expectations
and the personal role the professionals within this current
change. Each survey section was presented on a single page,
resulting in a total number of 5 pages including the welcome
message. A total of 42 questions were partitioned across 4
guestionnaire pages. Comprehensibility, usability, and technical
functionality were tested before the survey launch with agroup
of members of the BJA.

Recruitment

The target group of the survey was practicing and prospective
physicians. In order to effectively use the distribution channels
of the BJA for acquiring a convenience sample, the survey was
held open. To prevent multiple participation, a cookie was set
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with submission of the questionnaire. The survey was
administered from October 16, 2020, to December 18, 2020,
viathe online survey platform LimeSurvey. During this period,
the survey was publicly available and repeatedly announced
through various online and personal channels, including social
media accounts (Twitter, LinkedIn, Facebook), press releases,
and mailing lists from the BJA and its 25 member associations,
aswell as magazines and newsletters for the health care sector.
Furthermore, the personal approaches of the professiona
networks of the actors involved were used. We provided a
dedicated URL redirect which led to the survey viaalink. The
first contact pointswith participants were professional networks,
or a personal or direct approach via medical associations, all
mainly through online channels.

Data Exclusion

We included only those questionnaires that were complete and
from respondents with a professional background as medical
practitioners. The latter included physicians either in training
or in practice in the health care sector. Responses from medical
practitionersin retirement or employed in theindustrial context,
aswell asactorswith other professional backgroundswerethus
excluded from further analysis. From 1940 initia questionnaires,
651 were excluded due to incompletion or missing values,
resulting in a completion rate of 66.44%. A further 15
guestionnaires were then excluded due to the aforementioned
exclusion criteria, resulting in 1274 included data sets.

Data Analysis

The main outcome variables of the survey were the perceived
digitalization hindrances, the anticipated role of digitalization
inthe future health care process, and the respondent’srolewithin
this change process. The first aspect was assessed through
multiple-choice questions, whilethelatter 2 were assessed with
both single-choice and multiple-choice questions. All mentioned
outcome variableswere assigned to nominal scales. Descriptive
variables included nominal scales (gender, working
environment, medical speciaization), ordinal scales
(professional level, Likert-typedigital affinity), interval (Likert
scaledigita affinity), and ratio scales (age). In order to examine
the relation between the outcome variables and age as the
primary covariate, we carried out statistical parametric testsfor
metric scales and nonparametric tests for investigating the
association of categorical and metric variables[40]. Depending
on the respective scale of the covariate, Pearson correlation
coefficient [41], t test [42], effect analysis with Cohen d [43],
and n coefficient [44] was calculated. For accompanying
guestions, the percentage of respondents who chose each item
was calculated. The descriptive data analysis was carried out
using Microsoft Excel (Microsoft Corp). For the investigation
of associations via Pearson correlation coefficient and t test,
along with effect analysiswith Cohen d and n, the open source
software PSPP (GNU project) was used. For parametric testing
via Pearson correl ation coefficient, the assumption of linearity,
related pairs, absence of outliers, and suitable measurement
scales were investigated. For the application of t tests, the
assumptions of suitable measurement scales, adequacy of sample
size, and homogeneity of variance were examined [45].
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Results

User Statistics

The total of 1274 complete and included responses comprised
567 (44.51%) female respondents. The age of the respondents
ranged from 22 to 67 years (mean 45.09, SD 12.06). The
professional level of the respondentsincluded first level, medical
students (24/1274, 1.88%); second level, physiciansin specialist
training (328/1274, 25.75%); third level, medical speciaists
with <5 years professional experience (180/1274, 14.13%)y);
fourth level, medical specialists with >5 years professional

Table 1. Respondent’s demographics (N=1274).
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experience (732/1274, 57.46%); and other (10/1274, 0.78%).
The 2 major shares of respondent’s working environment was
split approximately evenly, with one-half working in clinical
environments (593/1274, 46.55%) and one-half in physician’'s
offices (594/1274, 46.62%), with 87 others (6.83%). The 5
most-represented medical specializationswere general internal
medicine (184/1274, 14.44%), dermatology and venerology
(138/1274, 10.83%), ophthalmology (133/1274, 10.44%),
urology (122/1274, 9.58%), and general medicine (103/1274,
8.08%). Further demographic data of the respondents are
depicted in Table 1.

Characteristic Value, n (%)
Gender
Female 567 (44.51)
Male 706 (55.42)
Other 1(0.08)
Age
<35years 382 (29.98)
36-45 years 290 (22.76)
46-55 years 276 (21.66)
>56 years 326 (25.59)
Professional level
First: medical student 24 (1.88)
Second: specialist training 328 (25.75)
Third: specialist <5 years 180 (14.13)
Fourth: specialist >5 years 732 (57.46)
Other 10 (0.78)
Working environment
Clinic 593 (46.62)
University hospital 192 (32.43)
Public hospital 165 (27.87)
Nonprofit hospital 134 (22.64)
Privat hospital 92 (15.54)
No answer 9(1.52)
Physician’s office 594 (46.55)
Self-employed 465 (78.28)
Employee 129 (21.72)
Other 87 (6.83)
Volume of employment
Full-time 1008 (79.12)
Part-time 227 (17.82)
Marginal employment 13(1.02)
No answer 26 (2.04)

The demographic factor “digitalization affinity” was also affinity questionnaire [33] were taken and adapted to the focus

measured. For this, 4 suitable theses from a general technology
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exploring digital services, perceived ease of access, impact on
everyday convenience, and impact on communication. All these
were queried in a 5-point Likert-type scale (“strongly
disagree’ =1 to “totally agree’=5). After investigating internal
consistency (Cronbach a=.68) [46], we combined these items
into a single Likert scale by calculating the mean value per
respondent [47].

For further investigation, we also split the respondents into 2
groups: based on the age limit of the BJA and the definition of
the German medical associations, we placed participants who
were 45 years of age and younger into group 1 (672/1274,
52.75%) and those who were older than 45 years into group 2
(602/1274, 47.25%).

Descriptive Outcomes

Thedigital affinity variable, comprising 4 five-point Likert-type
items within a Likert scale resulted in a moderate tendency
toward a positive perception of digitalization. The mean score
across al respondents was 3.88 (SD 0.67). In the following
subsections (Status Quo, Mobile Health Apps, and Future), we
present a descriptive anaysis of these 3 areas of the
guestionnaire.

Burmann et al

Status Quo

First, we identified the status quo of use of digital systemsin
the respondents’ everyday working life. We queried the 4
segments of internal process support (including applications
and data administration), interorganizational data exchange,
professional communication, other digital services for internal
organization (that do not directly concern patients, such as
professional training or e-learning, duty planning, worktime
recording), and other services addressed to patients (eg,
appointment scheduling, virtual consultation hours, medication
plan, access to patient data, mobile apps).

The digitalization of internal processes was led by functional
diagnostics (radiography, laboratory), with 749/1187 (68.72%,
adjusted by the share of respondents who stated that this was
not relevant for them) respondentsindicating that they organize
completely or predominantly digitaly. This was directly
followed by the areas of patient admission (749/1090, 68.71%),
operating room (398/616, 64.61%), and intensive care (207/418,
49.52%). Care unit (240/637, 37.68%) and patient discharge
(264/716, 36.87%) weretheleast digitally organized areas. The
adjusted percentages of responses are shown in Figure 1.

Figure 1. Status quo: respondents assessment of digitalization of internal processes.
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Interorganizational dataexchange still isaprimarily paper-based
process, as only 132 of 1259 respondents (10.48%) stated they
receive data completely or predominantly digitally from other
service providers, while 161 of 1258 (12.80%) transfer data
themselvesmainly in adigital format to other service providers.

Asexpected, regarding professional communication, the phone
call was still the predominant tool for interaction, as 1248 of
1274 respondents indicated using it for professional
communication (97.96%). Fax (1082/1274, 84.93%), mail
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(967/1274, 75.90%), and email (976/1274, 76.61%) were also
used by a substantial majority. Meanwhile, medical platforms
(115/1274, 9.03%), messaging apps for specific medical
purposes (142/1274, 11.15%), and generic messaging apps
(332/1274, 26.06%) were ranked at the bottom of the list.

Patient distant digital services use was relatively widespread:
1006 participants (78.96%) stated that they used digital services
for professional training or e-learning, 776 (60.91%) planned
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their duty in adigital system, and 579 (45.45%) recorded their
worktime electronically.

Interestingly, services addressed to patients did not show ahigh
degree of dissemination. Digitalized appointment scheduling
ranked highest, with 24.49% (312/1274) of the respondents
stating that they offered this service, followed by the provision
of an electronic medication plan (235/1274, 18.45%), accessto
personal data (228/1274, 17.90%), virtual consultation
(203/1274, 15.93%), and mobile apps (47/1274, 3.67%). The
provision of none of these services without mentioning
alternativesin use wasthe only option selected more frequently
(580/1274, 45.53%). One question was then aimed at the
proactive offering of health-related datafor assessment through
patients themselves, acquired by, for instance, wearables or
apps. Of the 1274 respondents, 51 (4%) indicated experiencing
this regularly, 197 (15.46%) occasionaly, 448 (35.16%)
sporadically, and 553 (43.41%) had never encountered this
situation. Of the 696 respondents who had encountered
self-acquired patient data to a varying extent, 41 (5.90%)
generaly refused to incorporate this kind of information into
their medical investigation, 314 (45.11%) stated they verify
only acutely relevant data, and 341 (48.99%) indicated being

Burmann et al

generally open to datafrom consumer products provided by the
patient.

We queried perceptions regarding the already existing benefits
of digitalization and untapped potential in the 7 categories of
data quality and readability, data availability, data generation,
transparency, patient engagement, work structuring, and
reconciliation of family and working life, and responses varied
considerably. Affirming the comparatively low usage of digital
services for patients, only 213 of 1274 respondents (16.72%)
already noticed benefits through digitalization in the category
of patient engagement. An only dlightly higher perception of
utility was indicated for transparency, while data quality and
readability and dataavailability wereindicated to have received
the most benefit thus far. However, the believed untapped
potential exceeded the already noticeable benefit in al queried
categories. Data availability, generation, and quality or
readability ranked highest while optimism for digitalization
improving everyday working life (working structure and
reconciliation of family and working life) was al so present, but
not quite on the same level. The detailed data concerning the
perceived benefits and potential of digitalization are displayed
in Figure 2.

Figure 2. Shares of respondents who see noticeable benefits and untapped potential through digitalization across different categories.
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The next 2 multiple choice questions queried obstructions and
constraints in digitalization regarding the user and technology
side. For the user side, we asked the respondents to indicate
whether they perceived 5 different items to be a “major
hindrance” for digitalization. AlImost half of the respondents
(626/1274, 49.14%) stated a lack of noticeable saving of time
to be a major impeding factor. Slightly fewer respondents
considered insufficient digital literacy or sovereignty (530/1274
41.60%), fear of surveillance (508/1274, 39.87%), and an
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unwillingness to change (461/1274, 36.19%) to aso be
hindrances. Fear of loss of importance was indicated to be a
major limiting factor by 99 respondents (7.77%), and 210
respondents stated they did not perceive these hindrances to be
present in themselves or their age group. When “other” was
indicated, these responses referred to data security concerns,
loss of trust between patients and physicians, and insufficient
user integration.
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The most-frequently chosen major technical hindrance was
“insufficient system integration” (798/1274, 62.64%). Almost
half of the respondents perceived insufficient software
functionality (575/1274, 45.13%) to be amajor issue, followed
by insufficient hardware (503/1274, 39.48%), insufficient budget
(453/1274, 35.56%), legal concerns regarding the exchange of
medically sensitive data (341/1274, 26.77%), and insufficient
cooperation by system providers (247/1274, 19.39%). When
“other” was indicated, these response referred to data security
concerns, system availability or performance issues, and alack
of user-centered system design.

Subsequently, the respondents provided an assessment of their
familiarity with the current trending topics regarding

Burmann et al

digitalization of the health care sector in Germany. Thisincluded
electronic health and electronic patient records, telematics
infrastructure, telemedicine, the eHealth act, the digital health
careact (DGV), and digital health apps (DiGA). For each topic,
participants were required to indicate if it was completely
unknown, basically known, or completely understood by them.
The distributions of responses across these 7 topics are
summarized in Figure 3. It isimportant to note that at the time
of the survey (November 2020 to December 2020) some
currently trending topics (eg, digital health apps, the digital
health care act, and eHealth act) werelesswell known than were
others.

Figure 3. Respondents' assessment of familiarity with current trending digitalization topics.
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Mobile Health Apps

Of the 1274 respondents, 723 (56.75%) stated that they
personally used mobile apps in their everyday work life. The
most mentioned field of use was pharmaceutical information
(516/723, 71.37%) and diagnosis (386/723, 53.39%), followed
by training (317/723, 43.85%) and communication (300/723,
41.49%). When asked whether they trust in digital health apps,
425 stated yes (33.36%), 196 stated no (15.38%), and 653 stated
“that depends” (51.26%).

Only asmall portion of respondents (223/1274, 17.50%) stated
that they had recommended specific mobile health appsto their
patients. Of the 1051 respondentswho had not yet recommended
an app, 420 (39.96%) stated that their reasons for not having
done so included “insufficient validity”, 286 (27.21%) stated it
was “not relevant in my area,” and 266 (25.31%) indicated
“insufficient data protection.” However, 80.46% (1025/1274)
of the participants expect mobile or digital health appsto play
arolein heath care provision in the future.
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Regarding the main sources of information for mobile or digital
health apps, 812 (63.74%) indicated medical societies as the
main source, 671 (52.67%) the internet, and 622 (48.82%)
colleagues. A much smaller proportion of respondentsindicated
public bodies (182/1274, 14.29%) and developers (104/1274,
8.16%) as playing important roles in information acquisition.

Future

Inthe section, “ Future,” the survey participantswerefirst asked
to rate their expectation for the impact of digitalization on 10
health care provision—related areas from “worsening” over “no
change” to “improving.”. The highest positive expectations
were shown in the areas “access to knowledge” (1136/1274,
89.17%), “medica research” (1023/1274, 80.30%), and
“treatment of rare diseases’ (1016/1274, 79.75%). The greatest
doubts were expressed in the areas of “physician-patient
relationship” (397/1274, 31.16%), “administration” (265/1274,
20.80%), and “attractiveness of the profession” (237/1274,
18.60%; see Table 2).
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Table 2. Expected impact of digitalization on health care provision (N=1274).

Area Worsening, n (%) No change, n (%) Improving, n (%)
Early detection of diseases 51 (4) 549 (43.09) 674 (52.91)
Medical quality 156 (12.24) 422 (33.12) 696 (54.63)
Access to knowledge 10 (0.78) 128 (10.05) 1136 (89.17)
Treatment of rare diseases 8(0.63) 250 (19.62) 1016 (79.75)
Administration 265 (20.80) 207 (16.25) 802 (62.95)
Patient adherence 91 (7.14) 691 (54.24) 492 (38.62)
Physician-patient relationship 397 (31.16) 672 (52.75) 205 (16.09)
Interdisciplinary collaboration 78 (6.12) 334 (26.22) 862 (67.66)
Attractiveness of the profession 237 (18.60) 644 (50.55) 393 (30.85)
Medical research 20(1.57) 231(18.13) 1023 (80.30)

Subsequently, the respondents rated their attitude towards
upcoming changesthrough digitalization from “mainly positive”
(567/1274, 44.51%) to “with mixed feelings’ (557/1274,
43.72%) to “mainly negative’ (130/1274, 10.20%).

When asked for multiple adjectives to describe their personal
role in digitalizing health care provision, 36.50% (465/1274)
of respondents assessed themselves as “ scrutinizing,” 30.06%
(383/1274) as “active,” 29.51% (376/1274) as “open,” and
25.20% (321/1274) as “critical.” Only 1.73% (22/1274) stated
that they were “indifferent.”

I nvestigation of Age Associations

A Pearson correlation coefficient (r=—0.30; P<.001) revealed
a significant negative linear relationship between age and the
digital affinity variable. The Likert scale resulted in a mean of
4.06 for group 1 (SD 0.55) and 3.68 for group 2 (SD 0.72). A
significant difference between the 2 groups was found in a
2-tailed t test (t;1,,=10.64; P<.001) with a medium effect size
(Cohen d=0.61). Inhomogeneity of variances was presumed
based on a Levene test (P<.001).

Status Quo

We assumed that the already existing penetration of digital
systems, mainly queried in the section, “Status Quo,” was
substantially dependent on other factors (eg, working
environment, financial situation of the employing organization,
career stage). Thus, we focused this investigation on areas
presumably in the sphere of influence of the respondents.

Regarding the communi cation medium of choice, no noticeable
differenceswere found between the 2 age groups. Fax was used
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by 86.61% (582/672) of group 1 and 83.01% (500/602) of group
2, specific medical messaging apps were used by 10.42%
(70/672) of group 1 and 11.96% (72/602) of group 2, and generic
messengers were used by 26.34% (177/672) of group 1 and
25.75% (155/602) of group 2.

The perception of aready noticeable benefit through
digitalization was almost equally distributed in the 2 age groups.
In the 7 queried categories (data quality and readability, data
availability, data generation, transparency, patient participation,
work structuring, and reconciliation of family and workinglife)
an average of 41.48% (279/672, SD 22.71%) of age group 1
stated that they already noticed benefits of digitalization while
an average of 41.03% (247/602, SD 18.53%) in age group 2
stated the same. Moreover, the n coefficient showed no or
negligible association between age and the assessments of
noticeable benefits within these 7 categories. However, when
asked about the untapped potential of digitalization, the 2 age
groups showed differences. In age group 1, an average of
83.25% (559/672, SD 8.71%) saw untapped potential across
these categories, while the average in age group 2 was 64.29%
(387/602, SD 13.06%). A 2-tailed t test (t;,=3.20; P=.003)
underlined the significance of this difference between the 2
groups, and Cohen d showed a strong effect size (d=1.71).
Homogeneity of variances was asserted using a Levene test,
which showed that equal variances could be assumed (P=.17).
Additionally, the singular assessment of each category, except
for “data generation,” showed an association with age. The n
associations of noticed benefits, perceived untapped potential,
and the age of the respondents are depicted in Table 3, along
with the number of affirmations per group.
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Table 3. Association between noticed benefits and potentials across categories and affirmation numbers per group.

Category Association with age () Group 1, n (%) (N=672) Group 2, n (%) (N=602)

Noticeable benefits
Data quality/readability 0.08 486 (72.32) 396 (65.78)
Data availability 0.05 449 (66.82) 362 (60.13)
Data generation 0.08 372 (55.36) 298 (49.50)
Transparency 0.00 160 (23.81) 139 (23.09)
Patient participation 0.03 115 (17.11) 98 (16.28)
Work structuring 0.11 201 (29.91) 241 (40.03)
Reconciliation of family and working life 0.09 168 (25) 195 (32.39)

Untapped potential
Data quality/readability 0.6 2 601 (89.43) 417 (69.27)
Data availability 0272 638 (94.94) 474 (78.74)
Data generation 0.16 614 (91.37) 494 (82.06)
Transparency 0232 533 (79.32) 367 (60.96)
Patient participation 0.252 518 (77.08) 339 (56.31)
Work structuring 0.252 534 (79.46) 343 (56.98)
Reconciliation of family and working life 0272 478 (71.13) 275 (45.68)

3 talics indicate a significant difference between the 2 age groups.

The attitude toward patient-provided consumer data was
generaly positive in both groups: of the respondents who had
encountered this, 94.38% (336/356) in group 1 were willing to
incorporate these data into their medical investigation while
93.82% of group 2 (319/340) showed the same willingness. A
negligible association between age and willingness was found
to be related to the willingness to incorporate this type of data
(n=0.13).
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Regarding the perception of major hindrancesfor digitalization
on the user side, the 2 groups showed differencesin 3 categories.
The ratings in lacking noticeable saving of time, insufficient
digital literacy or sovereignty, and no perception of such
hindrances in themselves and their age group showed a weak
association in then coefficient with the nominal variable of age
(see Table 4).
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Table 4. Association of respondents’ perception of major hindrances for digitalization with age and the agreement numbers per age group.

Hindrance Associationwithage (n) Group 1, n (%) (N=672)  Group 2, n (%) (N=602)

User side
Insufficient digital literacy/sovereignty 0212 223 (33.18) 307 (51)
Lack of willingness to change 0.01 247 (36.76) 214 (35.55)
Lack of noticeable saving of time 0.242 260 (38.69) 366 (60.80)
Fear of loss of importance 0.02 57 (8.48) 42 (6.98)
Fear of surveillance 0.15 222 (33.04) 286 (47.51)
No such hindrances 0272 172 (25.60) 38(6.31)

Technology side
Insufficient hardware 0.262 343 (51.04) 160 (26.58)
Insufficient software functionality 0.08 323 (48.07) 252 (41.86)
Insufficient system integration 0.10 444 (66.01) 354 (58.80)
Insufficient budget 0.03 186 (27.68) 144 (23.92)
Insecurity with legal framework regarding dataexchange ~ 0.05 164 (24.40) 177 (29.40)
Insufficient cooperation by system providers 0.12 99 (14.73) 148 (24.58)
No such hindrances 0.08 8(1.19) 16 (2.66)

4 talics indicate a significant difference between the 2 age groups.

The distribution of familiarity with current trending topics
regarding digitalization of the health care sector in Germany
across age groups 1 and 2 is displayed in Figure 4. Age group
1 consider themselvesto belesswell informed acrossall topics,
except telemedicine.  However, the association of
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RenderX

“informedness’” with agewas negligiblein all categories except
telematics infrastructure (n=0.36), the eHealth act (n=0.31),
and the digital health care act (nN=0.25), where a weak
association between age and familiarity was found.
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Figure 4. Respondents assessment of familiarity with current trending digitalization topics by age group. DiGA: Digitale Gesundheitsanwendungen.
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weak tendency (n=0.26) in the association with the respondents
age.
Thefields of use aso showed differences between the 2 groups.

67.86%) than in group 2 (267/602, 44.35%), which showed a The use of mobile appsfor information on pharmaceuticals and

as a diagnosis aid showed a weak association with the age
(n=0.29 and n =0.23, respectively; Table 5.)

Table 5. Association of professional usage fields of mobile apps and occurrence per age group.

Professional usage fields of mobileapps ~ Association with age (n) Group 1, n (%) (N=672) Group 2, n (%) (N=602)
Communication 0.03 148 (41.49) 152 (56.93)
Training 0.13 195 (42.76) 122 (45.69)
Information on pharmaceuticals 0292 354 (77.63) 162 (60.67)
Diagnosis 0232 264 (57.89) 122 (45.69)

Ytalics indicate a significant difference between the 2 age groups.
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Regarding trust in digital health apps, we also saw a tendency
of group 1 to have more confidence in these (yes: 305/672,
45.39%; no: 42, 6.25%; that depends: 325, 48,36%) compared
to group 2 (yes: 120/602, 19.93%; no: 154, 25.58%; that
depends: 328, 54.49%). The n coefficient (N=0.35) showed a
weak association with the age.

The recommendation rate of mobile health appsto patients did
not relate noticeably with respondent age (n=0.02). Asareason
for not having recommended an app, group 1 mentioned
“insufficient data protection” (84/672, 15.19%) at a lower
proportion than did group 2 (182/602, 36.55%) with n=0.21 for
the nominal association with age, while other reasons showed
no or negligible association with the age. Moreover, the belief
that mobile appswill berelevant for future health care provision
was somewhat stronger in group 1 (603/672, 89.73%) than in
group 2 (422/602, 70.10%), with a weak relation with the
nominal variable (n=0.21).

As an important source of information, the internet (n=0.14),
public bodies (n=0.09), medica societies (n=0.15), and

https://medinform.jmir.org/2021/11/e31527
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developers (n=0.04) were valued without considerable
associations with the age. Only the selection of colleagues as
an important information source had a dightly increased
importance in group 1 (398/672, 59.23%) compared to group
2 (224/602, 37.21%; n=0.26).

Future

The assessment of the expected impact of digitalization on 10
health care provision—elated areas showed agenerally positive
attitude. Mixed emotions became apparent regarding the
physician-patient relationship, administration, and the
attractiveness of the profession. In Figure 5, the assessments
are displayed by age group. The areas “access to knowledge,”
“treatment of rare diseases” and “medical research” were
assessed equally by both groups. However, weak associations
between assessment and age were found in “medical quality”
(n=0.30), “attractiveness of the profession” (n=0.28),
“administration” (n=0.27), “patient adherence” (n=0.27),
“physician-patient relationship” (n=0.25), “early detection of
diseases’ (n=0.21), and “interdisciplinary collaboration”
(n=0.22).
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Figure 5. Expected impact of digitalization on health care provision by age group.
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The subsequent rating of the personal attitude towards upcoming
changes through digitalization also showed aweak association
with the age (n=0.36), with arather positive trend in age group
1 (mainly positive: 399/672, 59.38%; with mixed feelings:
241/672, 35.86%; mainly negative: 25/672, 3.72%) compared
to age group 2 (168/602, 27.92%; 316/602, 52.49%; and
105/602, 17.44%, respectively). For adjectives used to describe

self-perceived roles, only the description of “critical” (group 1:
91/672, 13.54%; group 2: 230/602, 38.21%) and “open” (group
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1: 260/672, 28.69%; group 2: 116/602, 19.27%) showed an
association, albeit a weak one, with age (n=0.27 and n=0.21,
respectively).

Discussion

Principal Results

In this study, one of the main stakehol der groups when it comes
to digitalizing heath care provision, physicians, showed a
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general affinity toward digitalization, with a negative linear
tendency with decreasing age of the participants. Considering
length and compl exity of the questionnaire, the compl etion rate
of 66.44% confirmsahigh interest of the samplein the enquired
topic [48]. Survey dropout mainly occurred on survey pages 0
(welcome and consent, 223/666, 33.48%) and 1 (352/666,
52.85%).

The penetration of already existing digital process support was
found to be heterogeneousfor intraorgani zational processareas,
whileinterorganizational processesin general are till primarily
paper based.

Also, digital servicesfor professional communication have not
yet reached a high adoption rate, with no association to users
age. Other services for organizing working life, such as duty
planning or e-learning, show relatively widespread use. This
contrastswith digital offersfor patients, which reach amaximum
usage rate of a quarter of the respondents for appointment
scheduling, while other services show much lower proportions.
Meanwhile, more than half of the respondents indicated that
they had experienced proactive offering of self-acquired data
by patients, with the majority being willing to incorporate these
datainto medical decision-making. The age groupsdid not show
differencesin this regard.

The greatest perceived benefits of digitalization were data
quality and readability. Perceived benefits were not associated
with respondents age. However, participants saw untapped
potential in al queried areas, with a relation with age to all
categories except for data generation.

Asmajor hindrances for digitalization, participantsindicated a
lack of a noticeable saving of time, followed by insufficient
digital literacy or sovereignty as the dominant human factors.
The association with the nominal variable of agein the category
of insufficient digital literacy or sovereignty and no perception
of such hindrances in respondents and their age group was
noteworthy. Regarding technology, age groups agreed in most
areas onitsrelevance, and rated insufficient system integration
asthe mgjor obstacle. Only insufficient hardware wasidentified
more frequently in group 1 compared to group 2, with a weak
association with the nominal age.

Familiarity of the respondents with current trending topics
regarding digitalization of the health care sector varied widely
and seemed to decrease with recency of the discussion or
initiative. Interestingly, age group 1 considered themselves to
be less well informed across almost all topics. The association
with the variable age was only relevant in the 3 topic areas of
telematicsinfrastructure, the eHealth act, and the digital health
care act.

More than half of the participants stated that they use mobile
apps within their profession, with a weak tendency of an
increasing adoption rate with decreasing age. Across all
participants, most stated that the use of mobile apps was for
information on pharmaceuticals, which was also weakly
associated with age. Interestingly, the recommendation rate of
mobile health appsto patients did not relate noticeably with the
age (n=0.02), but was equally not very common. Only a share
of 17.50% stated that they had recommended mobile health
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apps to patients. Insufficient services available was the main
reason for not having done so yet for all participants, while
insufficient data protection was a little more relevant for group
2 compared to group 1. The general belief of relevance of mobile
apps for future health care provision was weakly associated
with decreasing age.

The peer group “colleagues’ as a source of information on
mobileor digital health applicationswas dightly moreimportant
for younger respondents, while medical societieswere the most
relevant for al participants.

Respondents exhibited mainly positive expectations concerning
the impact of digitalization on specific areas of health care. In
particular, access to knowledge, medica research, and the
treatment of rare diseases were associated with respondent
optimism. Mixed feelings were expressed regarding the
physician-patient rel ationship, administration, and attractiveness
of the profession. The latter 3 categories, as well as medical
quality, patient adherence, interdisciplinary collaboration, and
early detection of diseases, showed aweakly increased optimism
with the decreasing age of the respondents. The general attitudes
toward upcoming changesthrough digitalization were split fairly
evenly, with one-half having mainly positive feelings and the
other having rather mixed feelings. The positive trend was once
again weakly associated with age.

Regarding describing adjectives, being “ critical” of digitalization
was more associated with increased age, while being “open”
was associated with decreased age. Indifference towards
digitalization was hardly existent.

Limitations

This study is subject to limitations due to participant selection
and thus representativeness. With the first contact point being
the digital channels of professional networks, a selection bias
can be assumed [49]. Inherently, a digital contact point with a
survey on digitalization itself might have led to a sample with
a greater affinity for digitalization. On the other hand, the
German Society for Tropica Medicine, Travel Medicine and
Globa Hedth eV., for example, reaches 1060 of its 1085
members via email. We thus presumed that the undercoverage
of respondents with no internet access could be ignored, since
the self-organization of professional societies via digital
channels can be assumed for the majority to be a prerequisite
for professional participation. Another limitation might involve
the initially mentioned self-administration of the heath care
sector in Germany. A presumed participant awareness of a
potential interest of political stakeholders on such an
investigation might lead to a tendency toward more extreme
expression of opinion. However, we assumed this occurs in
both directions.

Additionally, the partitioning of responses for the investigation
of association was based on the age limit of the BJA and the
definition of the German medical associations. To complement
this presentation