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Introduction

Mobile technology is readily available to individuals 
worldwide. In the U.S., 95% of adults have cell phones and 
77% have smartphones as of February 2018 (1). With their 
increasing presence and continuous advances over the years, 
these handheld devices offer the potential to transform 
the landscape of health-care delivery (2). According to the 
WHO Global Observatory for eHealth, mHealth is defined 
as “medical and public health practices supported by MDs, such 
as mobile phones, patient monitoring devices, personal digital 
assistants (PDAs), and other wireless devices” (3). This may 

include but is not limited to the use of mobile phones, 
wearable monitoring devices, personal digital assistants, and 
other wireless devices to monitor patients and assist in the 
delivery of health information (4). 

Mobile health has been used to prevent diseases (5) 
through educational and motivational messaging regarding 
healthy lifestyle choices, disease risk factors (6), and the 
importance of treatment and medication adherence (7). 
Mobile technology also allows individuals to self-monitor 
and regulate their health practices, often without the 
involvement of a health-care professional, which has 
been proven to be beneficial in areas where resources, 
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like hospitals and clinics, are scarce and where mobile 
technology is prevalent (8). 

mHealth has attracted researchers from various fields, 
and the number of research publications, including 
systematic reviews, has increased (9). For example, 290 
systematic reviews related to mHealth were published 
in Web of Science from January 2018 to March 2019. 
Jusoh (9) found in a systematic review that research into 
mHealth apps has focused on (I) the prevention of specific 
medical conditions, such as diabetes (10), gout (11), chronic 
obstructive pulmonary disease (12), bipolar disorder (13), 
inflammatory bowel disease (14), and congenital heart 
disease (15), and (II) improving well-being (16). A review 
study (17) found that, historically, three distinct time 
periods have marked the types of mobile devices used in 
mHealth research. Personal digital assistants were used 
before 2007, basic and feature phones were used from 2007 
to 2012, and smart devices (smartphones, tablet PCs, and 
iPod Touches) have mainly been used since 2012. 

Although existing systematic reviews offer information 
about the evolution of mHealth, Ozaydin et al. (18) 
determined that some were too specific to a particular 
patient population, medical condition, or geographical 
location. They also found that, in most reviews, researchers 
conducted a manual categorization of subject areas, themes, 
and ontologies, which is challenging because of the large 
number of studies in this rapidly growing area of research. 
Text mining can categorize a large number of studies 
because an automated or semi-automated process can reveal 
the underlying patterns and trends (19). Text mining, in 
particular, can discover hidden patterns, important concepts, 
and themes within the literature, since such publications are 
often text heavy (20). 

A few studies have used text-mining techniques to 
identify trends in mHealth research. One study (18) 
explored the evolution of mHealth research by text mining 
5,644 abstracts. The main objectives of that study were to 
understand the trends in mHealth research and to define 
a global perspective of the past, present, and future of 
mHealth research as an academic field. Their findings 
revealed the existence of ten clusters in mHealth research. 
However, the study explored the most frequently surfaced 
terms using clusters, which has limitations in determining 
the details of relationships among terms and in producing 
in-depth understanding. 

Therefore, this study aims to answer the following 
research questions:

 RQ1 What medical conditions, interventions, and 
study populations have been studied in mHealth 
research?
 RQ1-1 What medical conditions were studied in 

mHealth research by year of publication?
 RQ1-2 What interventions were used in mHealth 

studies by year of publication?
 RQ1-3 What populations were studied in mHealth 

studies by year of publication?
 RQ2 How are those medical conditions, interventions 

and study populations, and medical conditions 
interrelated in mHealth studies? 
 RQ2-1 Which interventions were used to study 

each medical condition in mHealth interventions?
 RQ2-2 Which research populations were studied 

for each medical condition?

Methods

Dataset

This systematic review used text-mining techniques to 
assist in identifying terms related to research methods, 
populations, and medical conditions studied in mHealth 
research. Web of Science was searched using the 
terms “mHealth” and “mobile health.” The search was 
restricted to peer-reviewed journal articles in English 
published between 2008 and 2018. A total of 5,600 
journal articles were retrieved and downloaded from Web 
of Science. 

Analysis

The title and abstract of each article were used in the 
analysis. KH Coder 3 (21), an open source software 
package, was used for the text mining. In the first step, 
39,292 terms were extracted using the text-mining tool 
after removing stop words (e.g., %, kg, and mg/L). 
Variations in terms were combined using the software’s 
embedded functionality. For example, the terms “eyes” 
and “eye” were merged as “eye.” In the following step, 
researchers independently reviewed the extracted 
terms to identify meaningful terms related to medical 
conditions (e.g., mood disorder, neoplasms, and injury), 
types of intervention (e.g., cell phone, SMS, and face-
to-face), and study populations (older adults, children, 
and female). Disagreements were resolved by discussion. 
If no agreement was reached for a term, it was excluded 
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from the analysis. In the final step, the identified terms 
were imported into a text-mining tool to measure the 
productivity of the research as well as to explore the 
relationships among intervention, medical conditions, and 
study populations. A full list of the terms used is given 
in the Supplementary. In this paper, only the top ten 
identified meaningful terms were addressed. Synonyms 
and substrings were considered when computing the 
productivity and relationships among the identified medical 
conditions, research methods, and study populations. For 
medical conditions, MeSH Subject Headings 2019 (22) 
and tree structures were referenced to group them. For 
example, for bipolar disorder, the substrings “bipolar I 
disorder,” “bipolar II disorder,” and “bipolar disorder” 
were considered equivalent. “Neoplasmas” represents 
diseases such as “cancer,” “tumor,” and “cysts” according 
to the MeSH tree structures. Regarding interventions, the 
intervention taxonomy was referenced (23). 

The mHealth research by year and latent relationships 
among research methods, studied medical conditions, and 
study populations were measured using the following text-
mining techniques: 
 Document frequency (DF) was used to measure the 

productivity of the identified medical conditions, 
research methods, and study populations. The DF is 
the number of documents (i.e., journal articles in this 
study) within which a term occurs.

 A co-occurrence network was used to discover 
relationships among the targeted medical conditions, 
research methods, and research populations. A co-
occurrence network, which is produced by statistical 
analysis, represents the associative relationships 
between terms based on their paired presence within a 
specified unit of text (24,25).

The degree of similarity was determined using Jaccard’s 
coefficient (26) and the betweenness centrality (27). The 
Jaccard coefficient indicates the similarity of paired terms 
based on the frequency of the pair in a document. The 
value varies between 0 and 1, where 1 indicates maximum 
similarity and 0 indicates maximum dissimilarity (28). The 
betweenness centrality of a node is a measure of centrality 
in a graph based on the number of shortest paths between 
a pair of vertices that go through the node (29). In other 
words, two nodes in a network may be connected via an 
intermediate node with a higher betweenness centrality. A 
node with a higher betweenness centrality score has more 
control over the network because more information passes 
through it (30). 

Results 

Terms related to medical conditions used in mHealth 
research

A total of 48 different types of medical conditions were 
identified in the dataset. The majority of medical 
conditions among the top ten medical conditions were 
non-communicable diseases (NCDs) (84.1%). Only two 
medical conditions were related to communicable diseases 
(15.9%). Mood disorders (e.g., depression, mood swings, 
and mood dysregulation) appeared to be the most frequently 
studied medical condition from 2008 to 2018 (DF =544, 
9.7%), followed by diabetes (DF =525, 9.4%) and infection  
(DF =474, 8.5%). These medical conditions appeared to be 
the most frequently adopted as a study context in mHealth. 
Table 1 shows the top ten most frequently studied medical 
conditions out of the 48 medical conditions identified in the 
mHealth literature during the last decade. Rest of medical 
conditions are showed in Supplementary. When examining 
the publication productivity by year, mood disorders was the 
most common recently, whereas studies on infection and 
neoplasms (e.g., cancer, tumor, and cysts) were more frequent 
in 2008. mHealth research into mood disorders has increased 
gradually and became the most popular topic beginning 
in 2016. In 2008, only four articles (6.6% of 61 articles) 
concerned mood disorders. The number of publications on 
mood disorders in 2016 was 63 (11.2% of 561), 71 in 2017 
(9.3%), and 175 in 2018 (11.7%).  In contrast, the percentage 
of studies on neoplasms (10 out of 61, 16.4%) and infection 
(8 out of 61, 13.1%) was highest in 2008. The number of 
articles on these medical conditions was larger in 2018: 84 
(5.6% of 1,497) on infection and 97 (6.5% of 1,497) on 
neoplasms. However, the proportion of articles on these two 
medical conditions dropped, which implies that mHealth 
researchers focused on mood disorders rather than neoplasms 
and infection. Figure 1 visually represents the productivity of 
journal articles by year. 

Terms related to interventions used in mHealth research

A total of 30 different interventions used in mHealth studies 
were found. Cell phone appeared to be the most frequently 
used intervention type, appearing in 1,049 journal articles 
(18.7%) published in the last decade. This was followed by 
SMS intervention (DF =825, 14.7%), involving messaging and 
texting, Internet-based intervention (DF =728, 13.0%), and 
hospital/clinic/operating room-based intervention (DF =510, 
9.1%). Table 2 shows the top ten most frequently identified 
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terms related to intervention techniques in mHealth research. 
Rest of interventions are showed in Supplementary.

When examining publication productivity by year, the top 
three most common intervention techniques—cell phone-, 
SMS-, and Internet-based interventions—have gained 
popularity in the last five years among mHealth researchers. 
In particular, app application-based intervention was very low 
or nonexistent before 2012. But in 2018, this intervention 
technique became more common than both SMS- and 
Internet-based interventions. Figure 2 visually represents the 
publication of journal articles by year.

Terms related to study populations used in mHealth research

“Female” appeared to the most frequently used term regarding 
studied populations in mHealth research in the last decade. 
Approximately 20% of the studies (DF =1,132) had a female 
population. Next most common were health-care workers (e.g., 
doctors, general practitioners, medical staff, clinicians, and 
nurses), children, and outpatients. Table 3 shows the top ten 
most frequently identified terms related to study populations 
in mHealth research between 2008 and 2018. Rest of study 
populations are showed in Supplementary.

Looking at the productivity by year reveals that female 
populations have been consistently popular. In 2008, female 
populations were more common than in later years, being 
mentioned in 29.5% of the journal articles (18 out of 61). 
In contrast, mHealth research on children and health-
care workers was relatively less popular than females but 
relatively more popular and consistent than other study 
populations. Young adults were relatively less frequent 
among the frequently studied populations. See Table 3 and 
Figure 3 for details.

Relationships among medical conditions and interventions

To identify the interventions used for each medical 
condition, the relationships among the top ten interventions 
and the top ten medical conditions were examined. The 
co-occurrence analysis indicated that cell phone-based 
intervention serves as the center of the network, showing 
that this type of intervention is not only the most popular 
intervention technique but also used for other types of 
intervention, sending messages (Jaccard =0.31) and serving 
as a base of app applications (Jaccard =0.23) (Figure 4). 
Cell phone-based intervention appeared to be applied in 
various medical conditions, such as diabetes, AIDS, anxiety, 
and mood disorders. Diabetes patients also appeared to be T
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managed using telephone, SMS, and the Internet. Mood 
disorders and anxiety patients appeared to be managed 
using the Internet and mobile applications more frequently. 

Relationships among medical conditions and study 
populations

Co-occurrence between the top ten medical conditions 
and the top ten study populations revealed that females 
appeared to be studied in the widest range of medical 
conditions, including pregnancy issues, overnutrition, 
neoplasms, and AIDS. Pregnancy issues appeared to 
have the strongest relationship with mHealth studies 
for female populations (Jaccard =0.22). This similarity 
is relatively higher than that for relationships between 
any other medical conditions and female populations. 

Neoplasms (Jaccard =0.9) and overnutrition (Jaccard =0.9) 
had slightly stronger relationships with female populations 
than AIDS (Jaccard =0.8). Outpatients had the second 
strongest betweenness for diabetes (Jaccard =0.8) and 
mood disorders (Jaccard =0.8), indicating that these two 
medical conditions were frequently studied in outpatients. 
Adolescents have strong relationships with substance-
related disorders (Jaccard =0.7) and mood disorders 
(Jaccard =0.7) (Figure 5).

Discussion 

Trends in mHealth research were identified using text-
mining techniques. The most frequently identified terms 
related to medical conditions, interventions, and study 
populations were mined to better understand research 
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Figure 1 A heat map of top ten most frequently studied medical conditions in mHealth by year.
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trends and gaps in mHealth research. In addition, 
the relationships between these identified terms were 
determined from the analyses to identify the interventions 
and populations studied for different medical conditions. 
Titles and abstracts of 5,600 journal articles from Web of 
Science published between 2008 and 2018 were analyzed.

Terms related to medical conditions in mHealth research 

First, the types of medical conditions studied in mHealth 
research from 2008 to 2018 were determined. The majority 
of the medical conditions addressed in this review study 
were NCDs. In 2018, mood disorders and overnutrition 
were the most frequently identified medical condition-
related terms in mHealth research whereas infection was 
a relatively less studied medical condition. This study’s 
findings are in line with those in other studies (17,31,32). 
One study (31) reviewed published mHealth research in 
India from 1997 to 2017. In the study, almost half (44.6%) 
of the selected articles were related to NCDs. After 2012, 
the number of NCD-focused articles sharply increased 
while research related to communicable diseases comprised 
less than 15 percentages. Another study (32) found that 
NCDs were commonly addressed in mHealth research in 
China whereas few research articles focused on infectious 
disease. Ali’s study (17) also identified NCDs as a clear trend 
in mHealth research.

In this study, the percentage of mHealth studies related 
to anxiety and overnutrition has been gradually increasing 
whereas the percentages of studies on neoplasms and 
infection have decreased. Interestingly, hypertension 
has consistently been addressed by a small portion of 
publications (lower than 4.0%), whereas attention to 
diabetes appeared to be relatively consistent (between 
7.6% and 11.7%) over the last 11 years. This implies that 
researchers have recently switched to looking at mood 
disorders, overnutrition, and anxiety from infections and 
neoplasms. According to the World Health Organization 
(WHO) (33), the top ten medical conditions causing 
deaths in 2016 were ischemic heart disease or coronary 
artery disease, strokes, chronic obstructive pulmonary 
disease, lower respiratory infections, Alzheimer’s disease 
or dementia, lung cancer, diabetes mellitus, road injuries, 
diarrheal disease, and tuberculosis. Thus, mHealth research 
should be conducted into these medical conditions to 
decrease mortality. This study found that mental illnesses, 
such as mood disorders and anxiety, have increasingly 
been studied in mHealth research over the last 11 years. T
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A possible reason is that mental illness became prevalent. 
The Anxiety and Depression Association of America (34) 
reported that 322 million people worldwide had depression 
in 2018 compared to 264 million in 2017. Despite the 
increase in mental illness, most patients who need treatment 
do not receive it (35) because of lack of trained health-care 
providers (36). In addition, stigma and self-reliance are 
barriers to seeking treatment and engagement (37). Mobile 
health, thus, has significant potential for alleviating these 
medical conditions, making it a common research focus. 

Associations between terms related to medical conditions 
and study populations

Female populations were strongly correlated to pregnancy 
issues, overnutrition, neoplasms, and AIDS in mHealth 

research. WHO (38) noted that the top issues for women’s 
health were cancer, sexual and reproductive health, 
maternal health, HIV, sexually transmitted infections, and 
mental health. This fact may be the reason that mHealth 
research was more focused on issues for women. In this 
study, outpatients had a strong relationship with diabetes 
and mood disorders, anxiety, hypertension, cardiovascular 
disease, and overnutrition. This is not surprising because 
for chronic medical conditions such as overnutrition and 
diabetes, quality of life is best maintained by self-managing 
symptoms and by regular visits to an outpatient department.

Terms related to interventions in mHealth research and 
associations between terms related to medical conditions 
and interventions

Cell phone
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Telephone
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Figure 2 A heat map of top ten most frequently used interventions in mHealth by year.
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Among the 30 different interventions used in mHealth 
studies, cell phone-, SMS- (messaging or texting), 
and Internet-based interventions appeared to be the 
most frequently used techniques in this review study. 
Interestingly, after 2012, mobile application intervention 
sharply increased and app interventions became more 
common than cell phone-, SMS- or Internet-based 
interventions. Similar study findings regarding interventions 
emerged from another study (17). The study (17) found 
that PDAs and mobile phones were the most frequently 
used interventions before 2012, and after 2012 apps were 
the most widely used interventions in mHealth research. 
Another study (31) also found that articles using feature 
phones and smartphones emerged after 2012. mHealth 
research focused more on smart devices in the last year, and 
this is not surprising because the increase in smartphone 
usage globally. In terms of associations between terms 
related to medical conditions and interventions, mobile 
applications and Internet-based interventions were applied 
to mood disorders and anxiety. Telephone-, SMS-, and 
Internet-based interventions were used for diabetes. 

Terms related to study populations

Interestingly, females appeared to be the most frequently 
studied population in mHealth research in 2018, followed 
by health-care workers (e.g., doctors, general practitioners, 
medical staff, clinicians, and nurses), children, and 
outpatients. A possible reason is that, of the top ten medical 
conditions studied in mHealth (mood disorders, diabetes, 
neoplasms, AIDS, overnutrition, anxiety, cardiovascular 
disease, infection, substance-related disorders, and 
hypertension), five are related to women’s health (neoplasms 
especially breast and ovarian, overnutrition, AIDS, mood 
disorders, and anxiety). Health-care providers were the 
second mostly frequently selected population term in 
mHealth research. One study (31) found that physicians 
were the most often engaged population after a review of 
125 articles. Another survey (39) supported the research 
findings. Most health-care providers, almost 86%, believe 
that mHealth apps can increase their knowledge of patients’ 
conditions and reported that they use such apps in practice. 
Further, 50% of healthcare providers perceived that apps 
can increase the efficacy of patient treatment and improve 
the relationship with their patients, especially those with 
chronic medical conditions, such as diabetes and heart 
disease. To enhance these benefits, many health-care 
providers want evidence-based mHealth applications and T
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research is actively being conducted to gather this evidence. 
In this study, older adults were relatively less studied 

in mHealth. One review (40) found that few studies have 
examined older adults’ perceived attitudes toward or use 
of mHealth, despite the increasing adoption of digital 
technology by older people. Another study (41) recognized 
that research on the use of mHealth apps among older 
adults has been limited and that there is a need for well-
designed studies. According to the Pew Internet Research 
Center (42), older adults in the U.S. have been slower than 
their younger counterparts to adopt mobile technology. 
However, use of this technology by older people is 
increasing over time as smartphone ownership among 
this population has increased. Parker et al. (43) noted that 
innovations in mHealth interventions have the potential 
to improve physical and mental well-being, to reduce the 
cost of health care for older adults, and to improve health 

outcomes for older adults. Thus, it is very important to 
conduct research to identify barriers to the adoption of 
mHealth application among older adults. 

Conclusions 

This study has addressed the current trends in mHealth 
research using text-mining techniques. The purposes were 
to identify the most frequently studied medical conditions, 
interventions, and study populations in mHealth research, 
as well as to determine the relationships among them. 
Such a quantitative approach using text-mining techniques 
with a relatively large amount of data may provide a more 
accurate overview of what research has been conducted 
than other approaches. However, this study is not without 
its limitations. Although the data analysis and interpretation 
of the results were based on DF—the number of unique 
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Figure 3 A heat map of top ten most frequently identified terms related to study populations in mHealth by year.
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Figure 4 Co-occurrence network between top ten most frequently identified terms related to medication conditions and top ten most frequently 
identified intervention terms.

Figure 5 Co-occurrence network between top ten most frequently identified terms related to medical conditions and top ten most frequently 
identified terms related to study populations.
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journal articles—more than one type of medical condition, 
intervention, or study population may have been considered 
in many of the studies. The main limitation of this study 
was that the dataset was limited, because it contained 
publications written in English during a period of only 
11 years and in one database, Web of Science. Articles 
related to mHealth have been published in journals from 
many different fields, such as technological science and 
information and communication science, because this topic 
is not limited to health research. Using one database may 
have influenced this study’s results, which could limit the 
generalizability of the study findings. Our future study will 
select published articles from a wide variety of databases and 
include articles published in different fields. However, the 
findings may help mHealth researchers to identify research 
trends and to determine knowledge gaps that have not been 
explored in previous studies and thus, should be addressed 
by researchers. 
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Supplementary

List of terms related to medical condition in Table 1

Rank Diseases No. of articles %

1 Mood disorders 544 9.71

2 Diabetes 525 9.38

3 Infection 474 8.46

4 Neoplasms 471 8.41

5 AIDS 416 7.43

6 Overnutrition 365 6.52

7 Cardiovascular disease 350 6.25

8 Anxiety 244 4.36

9 Hypertension 182 3.25

10 Respiratory diseases 181 3.23

11 Lung diseases 157 2.80

12 Stroke 157 2.80

13 Schizophrenia spectrum 125 2.23

14 Myocardial ischemia 102 1.82

15 Pneumonia 100 1.79

16 Wounds and injury 81 1.45

17 Sleep disorder 78 1.39

18 Hyperglycemia and hypoglycemia 68 1.21

19 Dementia 67 1.20

20 Allergy 66 1.18

21 Bipolar disorder 60 1.07

22 Stress disorder 59 1.05

23 Tuberculosis 54 0.96

24 Bone diseases 47 0.84

25 Arteriosclerosis 46 0.82

26 Feeding and eating disorders 46 0.82

27 Necrosis 40 0.71

28 Malaria 39 0.7

29 Alcoholism 37 0.66

30 Arthritis 33 0.59

31 STD 31 0.55

32 Hepatitis 29 0.52

33 Basal ganglia diseases 27 0.48

34 Atrophy 26 0.46

35 Fibrosis 26 0.46

36 Anemia 21 0.38

37 Ulcer 21 0.38

38 Hemorrhage 20 0.36

39 Dermatitis 19 0.34

40 Infertility 19 0.34

41 Apnea 18 0.32

42 Autism 18 0.32

43 Brain damage 17 0.30

44 Malnutrition 16 0.29

45 Pregnancy complications 12 0.21

46 Paralysis 10 0.18

47 Hypothyroidism 5 0.09

48 Substance-related disorders 0 0.00



List of terms related to intervention in Table 2

Rank Intervention No. of articles %

1 Cell phone 1,049 18.73

2 SMS 825 14.73

3 Internet-based 728 13.00

4 Hospital, clinic, operating room 510 9.11

5 App application 502 8.96

6 Telephone 487 8.70

7 Participant’s home 306 5.46

8 Computer 212 3.79

9 Face-to-face 200 3.57

10 Community center 169 3.02

11 Personal digital assistant (PDA) 162 2.89

12 Video 153 2.73

13 Mail and email 110 1.96

14 Work site 60 1.07

15 Manual/workbooks 58 1.04

16 Audio 52 0.93

17 Health care provider’s office 52 0.93

18 Wearable device 50 0.89

19 Game 38 0.68

20 SNS 37 0.66

21 Group residence facility 32 0.57

22 Information sheets/checklists 32 0.57

23 Nursing home 20 0.36

24 Pamphlets 20 0.36

25 Classroom 10 0.18

26 AI 8 0.14

27 Robot 8 0.14

28 CDs/DVDs 7 0.13

29 Assistive devices 6 0.11

30 Research facility 4 0.07



List of terms related to study population in Table 3

Rank Study population N. of articles %

1 Female 1,132 20.21

2 Healthcare workers 750 13.39

3 Child 607 10.84

4 Outpatient 504 9.00

5 Adolescent/youth 386 6.89

6 Pregnant 363 6.48

7 Parent 338 6.04

8 Older adults 322 5.75

9 Infants 278 4.96

10 Young adults 186 3.32

11 Students 165 2.95

12 Faculty 153 2.73

13 Low income 113 2.02

14 Male 97 1.73

15 Caregivers 88 1.57

16 African American 81 1.45

17 Inpatients 78 1.39

18 Middle income 72 1.29

19 Hispanic 55 0.98

20 Australian 50 0.89

21 Consumers 49 0.88

22 Military/veteran 44 0.79

23 Prenatal 41 0.73

24 Latino 39 0.70

25 Non-Hispanic 29 0.52

26 Caucasian 29 0.52

27 Smokers 28 0.50

28 Employees 28 0.50

29 Asian 27 0.48

30 Vulnerable population 27 0.48

31 Indian 23 0.41

32 Homelessness 23 0.41

33 Drug users 22 0.39

34 Middle-aged 18 0.32

35 Brazilian 17 0.30

36 Homosexual 16 0.29

37 North American 15 0.27

38 High income 12 0.21

39 Preschool children 10 0.18

40 Toddler 10 0.18

41 Social workers 8 0.14

42 Sex workers 8 0.14

43 Office workers 4 0.07

44 European American 2 0.04

45 Mexican Americans 2 0.04


