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EDITORIAL

Behavior as the dynamic unit between polar opposites
− Health and Disease

Editor-in-Chief: Alba Malara

The current definition of health of the World Health
Organization (WHO), formulated in 1948, describes
health as “a state of complete physical, mental and so-
cial well-being and not simply the absence of disease or
infirmity”.[1] Although, this formulation was been rev-
olutionary because it overcame the negative definition
of health as the absence of disease and included phys-
ical, mental and social domains, it has been partially
criticized over the past 60 years. This definition is in
fact referred to the disease acute pattern, which is tran-
sient and limited in the time. Today, the number of peo-
ple living with chronic diseases for decades is increas-
ing worldwide. Ageing with chronic diseases has be-
come the norm representing the main care burden and
the most of the expenditures of the healthcare system. In
this context the WHO definition becomes confounding
as it could declare people with chronic diseases defini-
tively ill. Machteld Huber, et al. believe that the WHO
would benefit if it extends the definition of health, tak-
ing into account that the demography of populations and
the nature of disease have changed considerably since
1948.[2] Georges Canguilhem suggested a new idea of
health as a capability to adapt and self-manage in the so-
cial, physical and emotional challenges, it moving from
the static formulation towards a more dynamic one based
on the resilience or capacity to cope and maintain and
restore ones integrity, equilibrium, and sense of well-
being.[3] Health, considered as “ability to adapt”, be-
comes a condition of equilibrium (dynamic, therefore
always new, continually to be reset) between the sub-
ject and the environment (human, physical, biological,
social) that surrounds it. Therefore, health and disease
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cannot be simply defined in dichotomous terms, present
or absent; they are continually redefined as people adapt
to changing functional skills across the spectrum of life.
The change in the health concept makes medical care that
focuses only on the diagnosis and treatment of individ-
ual diseases no longer applicable to new paradigms of
biological and clinical complexity. The current approach
to consider disease as a result of individual organ im-
pairments is very useful, but it fails in understanding the
whole system, its complexity, environmental adaptabil-
ity and overall health of the human organism. Clinical
management, primarily oriented to disease, can inadver-
tently lead to underestimate overburden or abuse of treat-
ment.[4] The 21st century clinician has to consider the
individual, both healthy and ill, as the complex system
that it really is, structured on systems, organs, tissues and
cells, in which the individual parts that compose it in-
teract with each other (physiologically and physiopatho-
logically) in a dynamic way with non-biological determi-
nants, in order to realize a comprehensive functional sys-
tem.[5] It is necessary to produce a synthesis that respects
the singularity of the patient with its complexity defined
by the genotypic and phenotypic diversity, and by the dy-
namic interweaving between clinical (disease − specific)
and non-clinical determinants (genetic aspects including
the gene-environment interaction, environmental factors,
socio-family status, economic status, psychological fea-
tures, etc.), and finally by the availability and accessibil-
ity to care services. The complex framework that today
characterizes the concept of health cannot be approached
only according to the methodology of Evidence-Based
Medicine (EBM). By its nature, the EBM researches and
obtains evidence related to diseases with a well-defined
ontological definition, by clinical trials focused as much
as possible on patients with a specific disease but without
other relevant clinical conditions that would be “confus-
ing” for the researched evidence. While the EBM pro-
vides for a “chain of exclusions” process, the methodol-
ogy of complexity requires the ability to “include” all the
different relevant elements, which contribute to a com-
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plete and real clinical picture. In this context, behavior
has a broad and central role: behavioral interventions can
be effective to empower health, prevent new diseases,
improve the management of existing diseases, enhance
quality of life and reduce health costs.[6] The benefits
of behavioral interventions go beyond the impact on a
particular disease or risk factor, they can influence the
course and outcome of chronic diseases, defined by the
WHO in the new meaning of Non-Communicable Dis-
eases (NCDs). According to the latest Global Report
on NCDs, published by WHO in 2014 and updated in
2017, 38 million deaths due to NCDs were recorded in
2012, over 40% were premature as they affected peo-
ple aged less than 70 years. WHO Member States have
agreed on a set of nine voluntary global objectives to be
achieved by 2025: reduce the harmful use of alcohol,
stop tobacco smoking habit, increase physical activity,
limit salt/sodium intake, manage hypertension, block the
increase of diabetes and obesity, improve treatment cov-
erage for the prevention of heart attacks and strokes, and
improve the availability and affordability of technologies
and drugs essential for NCD management.[7] Chang-
ing individual behavior is very important for addressing
NCDs and preventing premature deaths due to them, so
we now have an unprecedented opportunity to change
the course of the NCD epidemic through health behav-
iors. A greater recognition of the behaviors as health
determinants is essential for the improvement of global
health; in this field, the research moves forward thanks to
the effort of many disciplines contributing to the knowl-
edge of health and behavior. These include not only
the behavioral sciences but even other relevant sciences
such as neuroanatomy, neurology, neurochemistry, en-

docrinology, immunology, psychology, psychiatry, epi-
demiology, sociology and anthropology, as well as new
interdisciplinary fields such as behavioral genetics, psy-
choneuroimmunology and behavioral medicine.

It is fundamental to increase and support research on
the role of health behaviors in the prevention and treat-
ment of chronic diseases, and at the same time propose
educational and training activities for a full understand-
ing of the interaction between health, disease and behav-
ior.

References

[1] Constitution of the world health organization.World Health
Organization, 2006.
www.who.int/governance/eb/who constitution en.pdf.

[2] Huber M, Knottnerus JA, Green L, et al. How should we de-
fine health? British Medical Journal, 2011, 26(343):d4163.
https://doi.org/10.1136/bmj.d4163

[3] Books Z. What is health? The ability to adapt. The Lancet.
2009 373(9666):781.
https://doi.org/10.1016/S0140-6736(09)60456-6

[4] Tinetti ME, Fried T. The end of the disease era. The Ameri-
can journal of medicine, 2004, 116(3): 179-185.
https://doi.org/10.1016/j.amjmed.2003.09.031

[5] Picard M, Juster RP, Sabiston CM. Is the whole greater than
the sum of the parts? Self-rated health and transdisciplinar-
ity. Health, 2013, 5(12): 24.
https://doi.org/10.4236/health.2013.512A004

[6] Dekker J, Stauder A, Penedo FJ. Proposal for an update of
the definition and scope of behavioral medicine. Interna-
tional journal of behavioral medicine, 2017, 24(1): 1-4.
https://doi.org/10.1007/s12529-016-9610-7

[7] Mendis S. Global status report on noncommunicable dis-
eases 2014. World health organization, 2014.
www.who.int/nmh/publications/ncd-status-report-2014/en

Advances in Health and Behavior c© 2018 by Syncsci Publishing. All rights reserved.

www.who.int/governance/eb/who_constitution_en.pdf
https://doi.org/10.1136/bmj.d4163
https://doi.org/10.1016/S0140-6736(09)60456-6
https://doi.org/10.1016/j.amjmed.2003.09.031
https://doi.org/10.4236/health.2013.512A004
https://doi.org/10.1007/s12529-016-9610-7
www.who.int/nmh/publications/ncd-status-report-2014/en


Adv Health Behavior, 2018, 1(1), 3−11 
DOI: 10.25082/AHB.2018.01.002

RESEARCH ARTICLE

Associations between smoking cessation and depression among the
population in Northwest China

Xiaoxin Xu1∗ Xiaohua Wang1 Yanhong Gong1

Abstract: Many studies have indicated a relationship between smoking cessation and a history of depres-
sion. However, few studies have examined the association between smoking cessation and current depression
and even fewer evidence come from mainland China. The aim of this study is to determine the prevalence of
smoking quitters, the correlates of successful smoking cessation, and its relationship with depressive symptoms
in Northwest China. Methods: A total of 7,644 subjects who met the study’s entry criteria were randomly
selected from the urban areas of three provinces in Northwest China and interviewed using standardized as-
sessment tools, including basic characteristics of households and detailed information on family members. All
respondents provided informed consent. Results: people with depression symptom have a more than 1.5-fold
risk of abstinence from smoking than those without depression (OR=1.54; 95% CI, 1.2 to 1.9) and the likeli-
hood ratio test for two models reach statistical significance (x2=13.2, p<0.001). Smoking quitters have a more
than 1.5-fold risk of having depressive symptoms than current smokers (OR=1.54; 95% CI, 1.2 to 1.9) and
the likelihood ratio test for two models is also statistically significant (x2=6449.85, p<0.001). Conclusions:
The prevalence of smoking quitters in urban areas of Northwest China is very low. After controlling certain
confounders, smoking cessation is associated with current depressive symptoms. More rigorous surveys are
needed to elucidate the barriers to smoking cessation in China. Government bodies in China should implement
appropriate strategies and execute effective measures to mitigate its harmful consequences.

Keywords: smoking cessation, depression, Northwest China

1 Introduction

There are an estimated 301 million people in China
who smoke tobacco. Approximately 52.9% of the men
and 2.4% of the women in China smoke cigarettes,[1]

which accounted for nearly one-third of the world’s
smokers in 2010. Cigarette smoking is one of major
risk factors for mortality in China, with an estimated
673,000 deaths being attributable to smoking in 2005.[2]

Most Chinese smokers know that smoking is harmful to
their health and that smoking cessation can improve their
health and well-being. However, smoking cessation is
usually difficult. Though China’s government has made
numerous efforts to control tobacco use, the quit ratio
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among Chinese smokers remains low compared to de-
veloped countries.[3] This research aims to explore the
possible barriers to successful smoking cessation from
the perspective of psychology and to provide evidence-
based suggestions for China’s tobacco control policy.

Many studies have shown an association between
smoking and depression in various settings, with the
prevalence of cigarette smoking being significantly
higher among people with current major depression than
among the general population.[4] In U.S., data from the
National Co-Morbidity Survey conducted from 1991 to
1992 indicated that 41.0% of persons with mental ill-
ness in the past month were current smokers, while the
prevalence of current smoking among the entire popu-
lation was just 28.5%.[5] The Composite International
Diagnostic Interview conducted in Australia shows that
after controlling for social-demographical confounders,
current tobacco users had an odds ratio of 1.5 (CI 1.2 to
1.8) for any affective disorders and an odds ratio of 1.7
(CI 1.4 to 2.0) for any anxiety disorders.[6] By contrast,
other studies have observed no significant associations
between smoking and depressive symptoms.[7]

In addition, many studies have suggested that de-
pression has been negatively associated with success-
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ful smoking cessation. A cross-sectional study using
the Beck Depression Inventory found that higher de-
pression scores were related to lower smoking cessation
self-efficacy, especially among male smokers.[8] Evi-
dence from the 2006 behavioural Risk Factor Surveil-
lance System data in the U.S. show that unsuccess-
ful quitters experienced more lifetime depression and
anxiety than non-quitters (OR=1.2;95% CI, 1.0 to 1.4),
whereas successful quitters experienced less (OR=0.7,
95% CI, 0.6 to 0.8). Current depression prevalence was
14.3% among non-quitters, 18.8% among unsuccessful
quitters, and 8.0% among successful quitters.[9] More-
over, results from many longitudinal studies indicate that
higher scores on depressive symptoms negatively pre-
dicted quitting success.[10] By contrast, a meta-analysis,
including 15 peer reviewed papers, concluded that a life-
time history of major depression does not appear to be an
independent risk factor for cessation failure,[11] and later
studies confirmed this conclusion.[12] Accordingly, the
association between depression and smoking cessation
is inconclusive due to the mixed results of past studies.

However, while notably few studies targeting the men-
tal risk factors of smoking abstinence were conducted in
mainland China, a cross-sectional population-based sur-
vey was conducted in Beijing in 2003. Using the Com-
posite International Diagnostic Interview (CIDI) and in-
volving 5926 people, this survey concluded that having
a psychiatric disorder was a risk factor associated with
current smoking and current heavy smoking was also as-
sociated with a history of a major depressive episode.[13]

To fill this gap in the literature, we conducted a
population-based survey in Northwest China that ad-
dressed the patterns of smoking and the mental health
statuses of the smokers with the following purposes: (1)
to investigate the number of current, former and non-
smokers and the proportion of smoking cessation in the
population aged 15 years and older; (2) to identify the
socio-demographic factors and other correlates of suc-
cessful smoking cessation; (3) to test the association
between smoking cessation and symptoms of depres-
sion. This study will contribute to the following domains
by: (1) elucidating the relationship between depressive
symptoms and the patterns of smoking; (2) providing
support for the theory that smoking cessation may induce
a relapse of depression; (3) providing firm empirical ev-
idence to shape policy making.

2 Methods

2.1 Data source and sample selection

The data of the present study pertain to a population-
based cohort study initiated in October 2006 as part of

the Chinese Urban Social Protection Survey. It was con-
ducted by the School of Social Development and Public
Policy at Beijing Normal University and the Provincial
Civil Affairs Sector in Northwest China.

This survey was conducted in three cities (Lanzhou
and Baiyin city in the Gansu province and Xining city in
the Qinghai province). Within each city, a random sam-
ple was selected using three-stage cluster sampling de-
sign. In each of the three cities, 15 street units were ran-
domly selected randomly in the first stage using the prob-
ability proportional to the sample size. Within each se-
lected street unit, three residential neighbourhoods were
selected, again using the probability proportional to the
size sample size. Within each residential neighbourhood,
200 households were then selected by simple random
sampling. Household representatives were surveyed in
face-to-face interviews conducted in Chinese by trained
professionals from local departments of Civil Affairs.
The response rate was 89%, and all respondents provided
informed consent. The study was approved by the insti-
tutional ethics committee, and all respondents provided
informed consent.

The survey encompassed a wide range of background
characteristics of households and detailed information on
each household member including social-demographic
characteristics (age, gender, education level and mari-
tal status), behaviour factors (cigarette smoking, alco-
hol consumption and physical activity), psychosocial
factors (depression, life satisfaction and social support)
and economic factors (Dibao, occupation, expenditure
on health care, debts and medical insurance). The sur-
veyed households and household respondents totalled
2,841 and 7,644, respectively.

2.2 Measures

2.2.1 Smoking status

Respondents were divided into 4 categories in terms
of their smoking status: non-smokers who did not smoke
cigarettes at all in either 2005 and 2006, initial smokers
who did not smoke in 2005 but smoked in 2006, former
smokers who smoked in 2005 but did not smoke at all in
2006 and current smokers who smoked both in 2005 and
2006.

2.2.2 Smoking cessation

Respondents, who were classified as smokers in 2005
and who, in 2006, indicated that they had not smoke
cigarettes were considered to be successful is abstaining
from smoking. Smoking cessation was thus defined as
0 (current smokers) and 1 (successful quitters or former
smokers).

Advances in Health and behaviour c© 2018 by Syncsci Publishing. All rights reserved.
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2.2.3 Depressive symptoms
The Center for Epidemiological Studies Depression

Scale (CES-D),[14] Chinese edition, was used to measure
the frequency of participants depressive symptoms. The
total score of more than or equal to 16 was selected as
the cutoff for possible mild to major depression.
2.2.4 Other covariates

The urban China social protection questionnaire in-
cluded information on socio-demographic characteristics
including age (15-24, 25-29, 30-34, 35-39, 40-49, 50-59,
60 years and older), gender (male, female), marital status
(married, not married) and education (illiterate/primary
school, junior high school, senior high school/technical
secondary school, university degree or above) . Alcohol
consumption was collapsed into four categories, “No” or
, “1 to 2 times a week”, “3 to 4 times a week” and “almost
every day . Respondents also reported debt of household
and medical insurance status (a yes/no dichotomized
variable). The health-related factor was measured us-
ing the body mass index (BMI) (<19, 19-25 and ≥25
kg/m2).

2.3 Statistical analysis

Group differences for categorical variables were ex-
amined using chi-square tests. In the first step, we anal-
ysed the association of smoking status (non-smoker, ini-
tial smoker, current smoker, and former smoker) and a
range of variables. Here, differences among groups were
compared using the chi-square test for categorical data.

In the second analysis, to perform the likelihood ratio
test, we ran two models, one of which had a set of pa-
rameters (variables), and a second model that had all of
the parameters from the first, plus another variable (de-
pression). The dependent variable for both models was
smoking cessation, which was a dichotomous variable
indicating whether smokers had quit cigarette smoking
during the time of the survey. All significant variables
except depression, as described in Table 1, were entered
as predictor variables. In turn, we tested a model contain-
ing those predictor variables against a model that con-
tained the above variables plus the additional predictor
variable of depression. Third, the likelihood ratio test
was again run, but the dependent variable, different from
the previous step, was a depressive symptom for both
models. The depressive symptom is a dichotomized vari-
able indicating that the subject had a CES-D score that
was above sixteen.

In both models, current smoking was set as the ref-
erence category for calculating the odds of abstaining
(coded as 1) versus current smoking (coded as 0). With-
out depressive symptoms was set as the reference cate-
gory for calculating the odds of abstaining with depres-

sion (coded as 1) versus without depression (coded as 0).
Covariates including socio-demographic characteristics
(age, gender, marital status and education attainment),
alcohol consumption, BMI, house debt and medical in-
surance were adjusted in all models. Finally, likelihood
ratio tests were used to evaluate the difference between
the two models. All statistical analyses were performed
using STATA (v.12.0)

3 Results

The present analysis refers to 7644 participants who
were grouped according to their status as non-smokers,
initial smokers, former smokers or current smokers. The
current smokers were predominantly male, reflecting the
large gender gap in smoking rates in China. These 4
groups differed significantly with respect to major socio-
demographic characteristics, household debt, medical in-
surance, BMI, alcohol consumption and symptoms of
depression (Table 1).

Table 2 presents the odds ratios for the association be-
tween predictors and smoking cessation as well as the
likelihood ratio test for the two models. The likelihood
ratios for model 1 and model 2 were 0.1143 and 0.1208,
respectively. The table also presents the chi-squared
value (13.2) for the likelihood ratio test as well as the
p-value (p<0.001) with one degree of freedom. Thus,
adding depression as a predictor variable results in a sta-
tistically significant improvement in model fit.

People with depressive symptoms have more than a
1.5-fold risk of abstaining from smoking than those with-
out depression (odds=1.5479, p<0.001). Compared with
current smokers, certain characteristics, such as middle
age (40-59), female, alcohol consumption, BMI≥25 and
debt were significantly associated with abstinence from
smoking.

Table 3 shows the associations between predictors and
depressive symptoms as well as the likelihood ratio test
for the other two models. The likelihood ratios of model
3 and model 4 were 0.0387 and 0.0560, respectively, and
the chi-squared value (6449.85) for the likelihood ratio
test as well as the p-value (p<0.0001) with one degree
of freedom are listed. The results indicate that adding
smoking cessation as a predictor variable significantly
increases the fit of the model.

Those who had quit smoking had a more than 1.5-
fold risk of having depressive symptoms than current
smokers (odds=1.5436, p<0.001). In model 4, a rela-
tively high level of education (high than or equal to ju-
nior high school), a relatively high BMI (≥25), being in
debt, and having health insurance were significantly as-
sociated with having depressive symptoms.

Advances in Health and behaviour c© 2018 by Syncsci Publishing. All rights reserved.
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Table 1. Prevalence of major characteristics in non-smokers (n=5470), former smokers (n=511), initial smokers (n=341) and current
smokers (n=1154)

Characteristic N % N % N % % P

Age

15-24 657 15 17 3 18 5 1

25-29 262 6 22 4 33 10 3

30-34 320 7 49 10 26 8 7

35-39 395 9 58 11 50 15 13

40-49 890 20 142 28 90 27 34

50-59 693 15 78 15 46 14 24

>=60 1,284 29 141 28 74 22 18

Gender

Male 1,367 30 454 90 302 89 98

Female 3,256 70 53 10 37 11 2

Marital status

Married 3,193 69 416 82 264 78 90

Not married 1,430 31 91 18 75 22 10

Education level

Illiterate/Primary school 1,158 25 101 20 53 16 14

Junior hign school 1,492 33 201 40 134 40 39

Senior high school 1,346 29 163 32 105 31 37

>Senior high school 595 13 41 8 47 14 10

Employment

Employed 3,278 71 360 71 234 69 69

Unemployed 1,345 29 147 29 105 31 31

BMI

<19 914 20 69 14 41 12 12

19-<25 3,188 69 399 79 256 76 74

≥25 521 11 39 8 42 12 14

Alcohol consumption

No 4,524 99 488 97 286 85 77

Yes 55 1 16 3 49 15 23

Self-rated health

Good 260 6 24 5 26 8 6

Average 2,308 50 275 54 178 53 53

Bad 2,043 44 207 41 134 40 41

Expenditure on health care

0 2,050 44 249 49 154 45 47

<100 244 5 26 5 13 4 6

100-600 1,150 25 125 25 88 26 25

1,179 26 107 21 84 25 22

3,142 68 368 73 232 68 66

1,473 32 136 27 107 32 34

1,587 34 161 32 121 36 32

3,028 66 346 68 216 64 68

3,097 67 274 54 186 55 46

1,526 33 233 46 153 45 54

1,182 26 139 27 98 29 26

2,331 50 259 51 161 47 52

1,110 24 109 22 80 24 22

1,283 28 152 30 95 28 28

3,340 72 355 70 244 72 72

2046 44 195 39 153 45 49

>600

Debt

No

Yes

Dibao

No

Yes

Medical insurance 

Uninsured

Insured

Social Net

Strong

Moderate

Weak

Important events in family 

Not happened

Happened

Depressive symptom
No

Yes 2596 56 309 61 186 55 51

Current smokers dNonsmokers a Former Smokers b Initial smokers c

N

1,026
<0.001

119

16

<0.001 

32

81

150

390

275

201

1,127
<0.001

18

149

<0.001
447

428

118

72

0.1602

469

795
0.705

350

133

<0.001851

161

876
<0.001

257

535

0.121
72

287

251

293

0.428601

251

750
0.029

394

360
0.179

781

532
<0.001

613

315
0.746

830

564
0.001

580

a Non-smokers are respondents who did not smoke cigarettes in 2005 and 2006.
b Former smokers are respondents who smoked in 2005 but did not smoked at all in 2006.
c Initial smokers are respondents who did not smoke in 2005 but smoked in 2006.
d Current smokers are respondents who smoked in 2005 and 2006.

Advances in Health and behaviour c© 2018 by Syncsci Publishing. All rights reserved.



Xiaoxin Xu, et al. /Associations between smoking cessation and depression among the population in Northwest China 7

Table 2. Logistic regression predicting smoking cessation status

OR P OR P

Age
15-24 refer refer
25-29 0.86 0.748 0.33 2.21 0.84 0.717 0.32 2.18
30-34 0.8 0.622 0.33 1.92 0.74 0.506 0.31 1.79
35-39 0.47 0.079 0.2 1.09 0.45 0.068 0.19 1.06
40-49 0.44 0.053 0.2 1.01 0.42 0.042 0.19 0.97
50-59 0.35 0.015 0.15 0.82 0.34 0.013 0.15 0.79
>=60 0.63 0.287 0.27 1.48 0.62 0.268 0.26 1.45
Gender
Male refer refer
Female 4.86 <0.001 2.72 8.68 5.02 <0.001 2.8 9
Marital status
Married refer refer
Not married 1.26 0.215 0.88 1.81 1.23 0.256 0.86 1.78
Education level
Illiterate/Primary school refer refer
Junior hign school 0.91 0.599 0.64 1.3 0.94 0.758 0.66 1.35
Senior high school 0.77 0.187 0.53 1.13 0.83 0.329 0.56 1.21

0.71 0.193 0.42 1.19 0.82 0.456 0.49 1.38

refer refer
0.12 <0.001 0.07 0.21 0.12 <0.001 0.07 0.21

refer refer
1.19 0.33 0.84 1.67 1.22 0.264 0.86 1.72
0.58 0.031 0.35 0.95 0.6 0.043 0.37 0.99

refer refer
0.69 0.004 0.54 0.89 0.65 0.001 0.51 0.84

refer refer
0.84 0.169 0.66 1.08 0.86 0.236 0.67 1.1

refer

>Senior high school
Alcohol consumption
No
Yes
BMI
<19
19-<25
≥25
Debt
No
Yes
Medical insurance
Uninsured
Insured
Depressive symptom
No
Yes 1.55 <0.001 1.22 1.96

R2

Likelihood-ratio test LR chi2(1)=13.2  Prob > chi2=0.0003

Characteristic
Smoking cessation status a

Model 1 Model 2

95% CI c 95% CI c

0.1143 b 0.1208 b

a Smoking cessation status included successful quitters (coded as 1) and current smokers (coded as 0).
b R2 of model 1 =0.1143. R2 of model 2 =0.1208.
c CI= confidence interval for OR.
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Table 3. logistic regression predicting Depressive symptoms

 OR P OR P

Age
15-24 refer refer
25-29 1.09 0.535 0.83 1.44 1.35 0.52 0.54 3.35
30-34 1.1 0.511 0.83 1.45 2.13 0.079 0.92 4.94
35-39 1.25 0.094 0.96 1.63 1.6 0.255 0.71 3.59
40-49 1.31 0.024 1.04 1.67 1.74 0.165 0.8 3.82
50-59 1.13 0.341 0.88 1.47 1.55 0.285 0.69 3.46
>=60 1.32 0.03 1.03 1.69 1.44 0.378 0.64 3.24
Gender
Male refer refer
Female 0.88 0.023 0.79 0.98 0.68 0.153 0.41 1.15
Marital status
Married refer refer
Not married 1.44 <0.001 1.24 1.68 1.24 0.227 0.88 1.74
Education level
Illiterate/Primary school refer refer
Junior hign school 0.93 0.363 0.8 1.09 0.7 0.038 0.5 0.98
Senior high school 0.8 0.01 0.68 0.95 0.54 0.001 0.38 0.77
>Senior high school 0.51 <0.001 0.41 0.63 0.26 <0.001 0.16 0.42
Alcohol consumption
No refer refer
Yes 0.87 0.205 0.7 1.08 0.89 0.394 0.67 1.17
BMI
<19 refer refer
19-<25 0.77 <0.001 0.67 0.89 0.75 0.084 0.54 1.04
≥25 0.64 <0.001 0.52 0.78 0.63 0.032 0.42 0.96
Debt
No refer refer
Yes 1.92 <0.001 1.72 2.15 1.75 <0.001 1.4 2.2
Medical insurance
Uninsured refer refer
Insured 0.7 <0.001 0.63 0.79 0.71 0.002 0.57 0.89
Smoke Cessation
No refer
Yes 1.54 <0.001 1.22 1.96

R2

Likelihood-ratio test LR chi2(1)=6449.85  Prob > chi2=0.0000

Characteristic
Depressive Symptom a

Model 1 Model 2

95% CI c 95% CI c

0.0387 b 0.0560 b

a Depressive Symptom included people with depression (coded as 1) and people without depression (coded as 0).
b R2 of model 1 =0.0387. R2 of model 2 =0.0560.
c CI= confidence interval for OR.
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4 Discussion

In this study, we addressed several of the gaps in the
scientific literature on smoking cessation and depres-
sion, specifically in the context of China. We found that
among adults in Northwest China who had previously
smoked but no longer smoke in 2006 (former smokers)
were more likely to be currently depressed than those
who smoked in 2005 and 2006 (current smokers). Our
results also showed that quitters had a higher prevalence
of depressive symptoms, in fact it is not evidence of a
clinical diagnosis of depression.

Different from some previous findings that supported
a strong association between smoking and mental disor-
ders,[4, 5, 15] we find that smoking cessation was also sta-
tistically significantly associated with depression in the
context of mainland China. In our study, former smok-
ers demonstrated higher odds of currently suffering from
depression than current smokers.

Due to the cross-sectional nature of these data, while
we cannot determine the direction of the relationship be-
tween the smoking cessation status of former smokers
and current depression, we can suggest that there are at
least two possible explanations for this association. One,
former smokers may become depressed as a result of try-
ing to quit, and two, an identified confounding factor
or factors may be associated with both depression and
smoking cessation.

The results of a study by Glassman et al. (1990) indi-
cated that when individuals with a history of depression
stop smoking, depressive symptoms and, in some cases,
serious major depression may ensue.[4, 16] Other studies
have also suggested that among smokers with a history
of depression, recurrence of depression tends to follow
a period of smoking abstinence.[4, 17, 18] The results of
these studies support the idea that a history of major de-
pression disorders and smoking cessation affect the risk
of a relapse of depression.

Our results also indicate that abstainers were more
likely to currently experience depression than were cur-
rent smokers (table 3). Moreover, we found that success-
ful quitters had the highest rates of depression relative to
current smokers, initial smokers and never smokers Ta-
ble 1. If smoking cessation were to be causally linked
to depression, then our findings may be another example
of how smoking cessation induces the relapse of depres-
sion. In addition, the other conditions significantly asso-
ciated to smoking cessation other than depressive symp-
toms, such as age (40-59), female, alcohol consumption,
BMI≥25 and debt, et al.

Several studies noted the role of monoamine oxidases
(MAO) as a pharmacological link between smoking and

neurotransmitter processes in the brains of smokers.[19]

A study conducted by Fowler (1996) reported that the
brains of living smokers show a 40% decrease in the
level of monoamine oxidase B relative to non-smokers
or former smokers.[19] As MAO B inhibition may result
from tobacco smoking, smoking cessation may also af-
fect these pathways, thereby increasing an individual’s
risk of depression during the period of withdrawal and
thereafter.[20] These findings may explain the relation-
ship between smoking abstinence and the re-occurrence
of depression.

We were also able to examine associations between
smoking cessation and depression that controlled for the
existence of economic and behaviour conditions, such as
house debt, alcohol consumption and BMI. Many stud-
ies exist in the developed countries to prove the impact
of economic concerns on smoking cessation.[21–23] A
follow-up study from the U.S. indicated that greater fi-
nancial strain predicted lower abstinence rates among
racially/ethnically diverse smokers.[24, 25] In addition,
heavy drinking has been associated with a decreased
likelihood of smoking cessation,[26] and concern about
weight may be a possible predictor of smoking behaviour
among youth.[27] In our study, however, we found sig-
nificant associations between smoking abstinence status
and depression even after controlling for the existence of
certain economic and behaviour conditions.

However, our finding that people with depression were
more likely to be currently abstinent from smoking than
those without depression is a novel one Table 2. In our
study, the odds ratio for smokers with current depression
was higher than those without depression, which is in-
consistent with earlier findings,[4] and the likelihood ra-
tio test for two models was statistically significant. We
have no clear interpretation for this disparity, which war-
rants further investigation.

Our study also suffered from several limitations.[28]

First, as our data are cross-sectional, great caution must
be exercised in deducing causality from them.[29] Sec-
ond, caution should be used when generalizing our find-
ings to other populations as our study only targeted urban
residents in Northwest China. Third, as we mainly exam-
ined the economic and behaviour factors of smoking, we
did not cover all factors that influence cigarette-smoking
status. Fourth, it is not known whether people were al-
ready suffered from depression before they quit smoking
or if the depressive symptoms took over afterwards.

In conclusion, in the present study, given both the
higher prevalence of depression and the higher risk of
currently experiencing depression in smoking quitters,
government bodies in China should implement appropri-
ate strategies and execute effective measures that involve
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psychotherapy to reduce the harmful consequences asso-
ciated with smoking.
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RESEARCH ARTICLE

Detecting Dengue Fever in Children: Using Sequencing Symptom
Patterns for An Online Assessment Approach

Tsair-Wei Chien1 Julie Chi Chow2 Yu Chang3 Willy Chou4,5∗

Abstract: Background: Dengue fever (DF) is an important health problem in Asia. We examined it using
its clinical symptoms to predict DF. Methods: We extracted statistically significant features from 17 DF-related
clinical symptoms in 177 pediatric patients (69 diagnosed with DF) using the unweighted summation score
and the non-parametric HT person fit statistic, which jointly combine the weighted score (yielded by logistic
regression) to predict DF risk. Results: Six symptoms (Family History, Fever ≥ 39◦C, Skin Rash, Petechiae,
Abdominal Pain, and Weakness) significantly predicted DF. When a cutoff point of 1.03 (p = 0.26) suggested
combining the weighted score and the HT coefficient, the sensitivity was 0.91 and the specificity was 0.76.
The area under the ROC curve was 0.88, which was a better predictor: specificity was 5.56% higher than for the
traditional logistic regression. Conclusions: Six simple symptoms analyzed using logistic regression were useful
and valid for early detection of DF risk in children. A better predictive specificity increased after combining the
non-parametric HT coefficient to the weighted regression score. A self-assessment using patient smart phones
is available to discriminate DF and may eliminate the need for a costly and time-consuming dengue laboratory
test.

Keywords: dengue fever, HT person mapping statistic, logistic regression, score summation, receiver
operating characteristic curve

1 Introduction

Dengue fever (DF) is one of the most common
arthropod-borne viral diseases worldwide,[1] especially
in South East Asia, Africa, the Western Pacific, and the
Americas.[2, 3]

There is, however, no accurate and speedy diagnostic
screening test for DF at an early stage because its signs
and symptomse.g., fever, headache, and myalgiaare sim-
ilar to those of other illnesses.[4–6] Some studies[4, 5] that
used a univariate analysis report that the presumptive di-
agnosis of DF is imprecise. Multivariate logistic regres-
sions also do not significantly distinguish patients with
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dengue from those with other febrile illnesses.[7] The
multivariate discrimination analyses reported a sensitiv-
ity and a specificity 0.76, and an area under the receiver
operating characteristic (ROC) curve (AUC) of 0.93, but
costly laboratory tests (Dengue Duo IgM & Rapid Strips;
Panbio, Queensland, Australia)[8–11] were needed before
DF was serologically confirmed.

DF symptoms are usually assessed using a dichoto-
mous (i.e., absent versus present) evaluation. The de-
pendent variable (DF+ versus DF−) predicted using in-
dependent evaluations with a weighted summation score
is more accurate than that using simple evaluations with
an unweighted summation score. So far, there has been
no published study that has reported using the specific
sequence of symptoms reported or observed in specific
patients suspected of having DF. All published studies
to date still report using only a standard group of symp-
toms with an unweighted summation score that apply to
a general group of patients that might have DF.

The non-parametric HT fit statistic has been used in
education and psychometrics to identify aberrant test re-
spondents.[12, 13] It is a transposed formulation of a scala-
bility coefficient for items (e.g., symptoms in this study)
and evidently the best among 36 person fit statistics for
detecting abnormal behaviors.[14]

In the present study, we used the HT coefficient com-
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bined with weighted and unweighted variables to exam-
ine whether these combinations provide a valid and reli-
able approach for the early detection of DF in children.

2 Materials and methods

2.1 Sample and clinical symptoms

The sample of 177 pediatric patients (≤ 16 years
old; DF+:69; DF−:108) was the same as in our previ-
ous paper.[8] Guided by the literature,[5–7] we collected
nineteen DF-related clinical symptoms from the patients
medical records to develop the initial set of itemsdes-
ignated as 0=absent or 1=present to screen for DF in-
fection: (i) personal history of DF, (ii) family history
of DF, (iii) mosquito bites within the previous 2 weeks,
(iv) fever ≥ 39◦C, (v) biphasic fever, (vi) rash, (vii) pe-
techiae, (viii) retro-orbital pain, (ix) bone pain (arthral-
gia), (x) headache, (xi) myalgia, (xii) abdominal pain,
(xiii) anorexia, (xiv) occult hematuria, (xv) stool occult
blood, (xvi) cough, (xvii) sore throat, (xviii) soft (wa-
tery) stool, and (xix) flushed skin. Data from these pa-
tients charts were obtained and approved by the Research
Ethics Review Board of the Chi-Mei Medical Center.

2.2 The HT fit statistic

HT is defined for the persons of a dichotomous dataset
with L items (in columns) and N persons (in rows),[12]

where Xni is the scored (0,1) response of person n to item
i, and Pn = Sn/L. Here, Sm is the raw score for person m,
and Sn is the raw score for person n.

HT (n) =

N∑
m=1,m6=n

([
L∑

i=1

XniXmi

]
/L−PnPm

)
N∑

m=1,m6=n

(min[Pn(1−Pm).Pm(1−Pn)])

(1)

HT is the sum of the covariances between person n
and the other persons divided by the maximum possible
sum of those covariances, so that the range of HT is -1
to +1. When the responses by person n are positively
correlated with those of all the other persons, then HT (n)
will be positive. In contrast, when the responses by per-
son n are negatively correlated with those of all the other
persons, then HT (n) will be negative. When person’s re-
sponses are random, HT (n) will be close to zero[11]. We
hypothesized that DF+ patients have different HT coef-
ficients than do DF− patients. All DF+ group members
were sequenced to the DF− group members to obtain an
HT coefficient using equation (1).

2.3 Selecting symptoms and determining pre-
dictor variables

All symptoms were examined by the probability of
Type I error using the following three steps in Figure 1 to
determine predictor variables. First, each symptom was
separately examined by the univariate approach using a
χ2 test and logistic regression, respectively, for identify-
ing a significant association with DF. Second, two mod-
els (i.e., the univariate and the multivariate approaches)
were investigated for determining valid predictor vari-
ables associated with DF when the probability of Type
I error is less than 0.05. Third, the predictor variables
were used in a weighted combination for discriminating
patients suspected with dengue virus infection.

Figure 1. Overall study concept and the flow chart

2.4 Detecting dengue fever: a comparison of
three models

The efficacy of three models (A, B, and C) for de-
tecting dengue fever was examined: (i) A comparison
was made using univariate logistic regression in Model
A to examine effects through the AUC yielded by Un-
weighted (i.e., summed item) scores, Weighted (i.e., lo-
gistic regression) scores, and HT coefficients, respec-
tively, (ii) Multivariate logistic regression with the three
aforementioned factors combined was used in Model B,
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(iii) after selecting the significant variables in Model B,
the combined predictive variables were analyzed using
multivariate logistic regression in Model C to obtain ef-
fective weighted coefficients, and (iv) finally, we wanted
to use a single continuous variable yielded by the com-
bined predictive variables in Model C to compare the
AUC with the counterparts in Model A and C.

2.5 Statistical tools and data analyses

SPSS 15.0 for Windows (SPSS Inc., Chicago, IL)
and MedCalc 9.5.0.0 for Windows (MedCalc Software,
Mariakerke, Belgium) were used to calculate (i) the
probability of false positives (Type I error) using aχ2 test
and logistic regression, (ii) Youden J index (the higher,
the better), AUC (area under the ROC curve), sensitiv-
ity, specificity, and the cutoff point at maximal summa-
tions of specificity and sensitivity, (iii) correlation coeffi-
cients among variables of unweighted, weighted, and HT

scores.

3 Results

Sixty-nine pediatric patients clinically diagnosed with
DF and 108 with no evidence of DF infection were in-
cluded in this study (Table 1). A χ2 test and logistic re-
gression analyses showed that only six symptoms (Fam-
ily History, Fever ≥ 39◦C, Skin Rash, Petechiae, Ab-
dominal Pain, and Weakness) were significant for assess-
ing the likelihood of DF (Table 2).

Table 1. Demographic characteristics of the study sample

n % n % n %

Female 47 44 29 42 76 43 0.845

Male 61 57 40 58 101 57
0-4 48 44 11 16 59 34 0.005
5-9 24 22 20 29 44 25
9-16 36 33 37 54 73 42

Age(years)

1DF(+): patients with a positive dengue fever strip test
2DF(-): patients with a negative dengue fever strip test
3P-values were determined by the  test

P-value3Demographical DF(-)1 DF(+)2 Total
Variables

Gender

Table 2. Logistic analysis of symptoms for the patients sus-
pected with dengue virus infection using the univariate approach

Variable Present n % n % n % X2 P-value B P-value

No 79 73 40 58 119 67 3.74 0.053 1.35 0.002
Yes 29 27 29 42 58 33
No 87 81 37 54 124 70 13.30 <.001 1.48 0.048
Yes 21 19 32 46 53 30
No 82 76 20 29 102 58 36.09 <.001 2.63 0.000
Yes 26 24 49 71 75 42
No 106 98 60 87 166 94 7.29 0.007 2.34 0.026
Yes 2 1.9 9 13 11 6.2
No 104 96 53 77 157 89 14.03 <.001 2.89 0.000
Yes 4 3.7 16 23 20 11
No 90 83 48 70 138 78 3.88 0.049 0.98 0.048
Yes 18 17 21 30 39 22

Constant -3.3

Family history

High fever of 39°C

Skin rash

Petechiae

Abdominal pain

Weak sense

Symptom DF(-) DF(+) Total Chi-square test Logistic

P-values were determined by the test and the Wald test of Logistic regression

Comparisons of the AUCs for the three study models
(A, B, and C) showed that the weighted variable (derived
by the Logistic regression) and the HT coefficient can be
jointly used for predicting DF risk using equation (2):

Logit = −3.32 + 0.93× weighted score

+ 1.92×HT coefficient
(2)

The risk probability can be computed using the trans-
formed equation (3):

p =
exp (logit)

1 + exp (logit)
(3)

where logit denotes a unit of log odds.
A cutoff point of 1.03 (P = 0.26) was determined using

the combined predictive variables in Model C: sensitiv-
ity = 0.91, specificity = 0.76, and AUC = 0.88 (Figure
2 and Table 3). Predictive power was better: specificity
was 5.56% (i.e., 75.93-70.37 shown in Table 3) higher
than when using traditional logistic regression; however,
the AUC was slightly lower (0.72) than when using the
unweighted (0.84) and the weighted (0.87) variables (Ta-
ble 2). The HT coefficients related to the weighted and
unweighted scores were 0.26 and 0.22, respectively. The
weighted score has a higher correlation coefficient than
does the unweighted score to the HT coefficients.

Figure 2. Four models plotted by ROC curves

A snapshot on a smart phone responding to questions
(Figure 3, top) was generated and the results for as-
sessing whether the patient has DF (Figure 3, bottom)
were determined, which indicated that patients suspected
of having DF can directly scan the QR-code to obtain
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Table 3. Comparisons of AUC for the study models

AUC

0.84

0.87

0.72

0.89

Ht coeff. 3.08* 0.001

0.31

0.77*

-1.03

(2) Model B: Multivariate approach with combined these three variables in regressing the
DF using Logistic regression

0.595

0.014

0.350

(4) A single continuous variable yielded by the combined predictor variables

Combinedf 1 <0.001 0.67 >-0.65 87 79.6

Constant -0.463 0.75
Ht coeff. 2.962* 0.001

(3) Model C: Combined these two significant predictor variables using Logistic regression
Weight 0.919* <0.001

Constant

Weight

Unweight

69.4

Ht coeff.e 3.75* <0.001 0.53 >0.15 65.2 88.0
Weightd 0.97* <0.001 0.61 >-0.93 91.3

(1) Model A:Univariate approach with a single variable comparing to the DF using Logistic
regression and ROC analysis

Unweightc 1.60* <0.001 0.58 >1.00 79.7 78.7

Approach Logistic  ROC curve analysis
Steps Ba P-value Youden Jb Cut point Sensitivity Specificity

a : coefficient of Logistic regression
b : Youden J index
c : item-score summation method
d : multiplying item-score with the weighted regression coefficient
e : the Ht coefficient
f : using the two combined variables to predict patients DF
∗ :p<0.05

their DF logit scores (or the risk probability) and ex-
amine whether these 6 symptoms are useful for pre-
dicting a high DF risk (>1.03 logits or P> 0.26 =
exp(−1.03 logits)/(1 + exp(−1.03 logits)).

4 Discussion

We found that using the HT coefficient yielded pre-
dictions that were 5.56% more specific (i.e., 75.93-70.37
shown in Table 3) than those of traditional logistic re-
gression. The HT index is promising when the patient
sequence symptom pattern is compared with the DF+

group to detect dengue fever in children. It can be com-
bined with the weighted summation score to jointly pre-
dict the DF risk and then to report that risk on smart-
phones.

The HT coefficient has been used in education and
psychometrics to identify aberrant test respondents.[12, 13]

Although some have used item response theory (IRT)
fit statistics (e.g., outfit mean square error > 2.0) to
select abnormal responses that indicate cheating, care-
less responding, lucky guessing, creative responding, or
random responding,[15] our literature review revealed no
published papers that reported using the HT coefficient
in medical settings, especially for detecting individual
aberrant response patterns different from the study ref-
erence sample, or, like the current study, identifying the
DF risk by comparing their sequence symptom pattern to
that of the DF+ group.

A diagnosis of DF is usually confirmed by three
steps: (i) observing DF-related symptoms, (ii) testing
laboratory data such as white blood cells (WBCs) and
platelets (PLTs), and (iii) serologically verifying DF us-

Figure 3. Figure 3 Snapshots on a smart phone responding
questions (top) and the result (bottom) for assessing the patient
DF

ing dengue IgM and IgG antibodies, polymerase chain
reaction (PCR) analysis, and virus isolation tests. The
latter two are relatively expensive. It is needed to develop
a self-assessment approach (e.g., scanning QR-code, re-
sponding questions, and obtaining the DF risk on his/her
smart phone) (1) helping patients for consultation at an
earlier stage, (2) prompting doctors sampling patient lab-
oratory data when he/her DF risk reaches a cutpoint of
P=0.26=exp(-1.03 logits)/(1+exp(-1.03 logits)).

We found that the weighted score was a better pre-
dictor than was the unweighted score (see Model A and
Model B in Table 3). However, we still see so many
scales in medical setting using unweighted summation
scores to determine the presence or absence of disease.
Along with the smartphones popularly used in the tech-
nical age, the way of obtaining the DF risk on smart-
phones using the combined HT coefficient and weighted
scores is available and worth recommending to health-
care providers to use for detecting the risk for DF.

This study has some limitations. First, the DF cut-
point based on the symptoms of our study sample might
be biased toward that population. Moreover, we did not
remove abnormal data when the HT coefficient was less
than the critical value of 0.22, which best identifies aber-
rantly responding examinees.[14] Second, although the
sample size was small, using the Rasch HT coefficient
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combined with the AUC yielded highly accurate discrim-
inatory screening. This finding, however, requires con-
firmation in prospective studies of other regions with a
substantial incidence of DF.

5 Conclusions

Analyzing six simple symptoms using logistic regres-
sion is useful and valid for the early detection of DF risk
in children. Combining the Rasch HT coefficient with
the weighted score yields a prediction that is 5.56% more
specific than does traditional logistic regression. A self-
assessment app using patient smartphones is available to
help people suspected of having DF, and it might elimi-
nate the need for costly and time-consuming laboratory
tests.
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A dashboard on Google Maps to show the most influential author
on the topic of health behavior: A Bibliometric Analysis

Szu-Hau Chen1 Tsair-Wei Chien2 Shih-Bin Su3,4,5 Chen-Ching Tang1∗

Abstract: Background:Health behavior is an action taken by a person to maintain, attain, or regain good
health and to prevent illness. As such, health behavior reflects a person’s health beliefs and attracts many pub-
lished papers in academics. However, who is the most influential author (MIA) remains unknown. Objective:
The purpose of this study is to apply the algorithm of between centrality(BC) in social network analysis (SNA)
to select the MIA on the topic of health behavior using the visual displays on Google Maps. Methods: We ob-
tained 3,593 abstracts from Medline based on the keywords of (health [Title]) and (behavior [Title] or behaviour
[Title]) on June 30, 2018. The author names, countries/areas, and author-defined keywords were recorded. The
BCs were applied to (1) select the MIA using SNA; (2) display the countries/areas distributed for the 1st au-
thor in geography, (3) discover the author clusters dispersed on Google Maps, and (4) investigate the keywords
dispersed for the cluster related to the MIA on a dashboard. Pajek software was performed to yield the BC for
each entity (or say node). Results: We found that the MIA is Spring, Bonnie (US). All visual representations
that are the form of a dashboard can be easily displayed on Google Maps. The most influential country and the
keywords are the US and health behavior. Readers are suggested to manipulate them on their own on Google
Maps. Conclusion: Social network analysis provides wide and deep insight into the relationships with the pat-
tern of international author collaborations. If incorporated with Google Maps, the dashboard can release much
more information regarding our interesting topics for us in academics. The research approach using the BC to
identify the same author names can be applied to other bibliometric analyses in the future.

Keywords: Gini coefficient, authorship collaboration, Google Maps, social network analysis, health be-
havior

1 Introduction

Health behavior is an action taken by a person to main-
tain, attain, or regain good health and to prevent ill-
ness.[1] Health behavior reflects a person’s health beliefs.
Some common health behaviors are exercising regularly,
such as eating a balanced diet, and obtaining necessary
inoculations. Even if the signs of Attention deficit hyper-
activity disorder (ADHD) are included in the research of
health behavior.[2]
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As of June 30, 2018, there are 3,593 abstracts in search
from Medline based on the keywords of (health[Title])
and (behavior[Title] or behaviour [Title]). Who are the
most influential author(MIA) or the most productive au-
thor(MPA) remains unknown.

It is hard to find the relationship using the traditional
research approach. For instance, we often can only get
a sense of our concerned entities independent of each
other. This is, when many customers purchase their
goods by placing them in a shopping cart, the traditional
way to calculate the quantity of each goods instead of
analyzing their correlations. An apocryphal story was
often told to tell us the concept of co-occurrence that
is about beer and diaper sales which usually goes along
with a strong correlation on Friday.[3–5] Many data sci-
entists have developed ways to discover new knowledge
from the vast quantities of increasingly available infor-
mation,[6] particularly applying social network analysis
(SNA)[7–10] to big data analysis.

Authorship collaboration using SNA is an example il-
lustrated by many authors in recent years[7] because co-
authors among researchers form a type of social network.
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Many of those authors[7–10] applied degree centrality to
analyze or select their authors of interest. None to date
used betweenness centrality(BC) to study their entities.
Particularly, the duplicate names in their bibliometric
study data might result in biases because some different
authors with the same name exist.[10] We thus are inter-
ested in using BC to select the MIA on the topic of health
behavior and investigating other interesting features such
as author countries/areas and the keyword dispersions in
clusters.

Google maps have provided users to gain an over-
all geospatial visualization.[11, 12] However, few ap-
plied Google Maps to display author collaboration with
a dashboard format. Our aims applied the BC algo-
rithm[13, 14] to select the MIA and display the pattern of
international author collaboration in health behavior by
(1)selecting the MIA using SNA; (2)displaying the coun-
tries/areas distributed for the 1st author in geography,
(3)discovering the author clusters dispersed on Google
Maps, and (4) investigating the keywords dispersed for
the cluster related to the MIA on a dashboard.

2 Methods

2.1 Data Collection

By searching the PubMed database (Pubmed.org)
maintained by the US National Library of Medicine, we
used the keywords of (health[Title]) and (behavior[Title]
or behaviour [Title]) on June 30, 2018, and downloaded
3,593 articles. The inclusion criteria are all downloaded
abstracts based on the type of Journal Article. Ethical
approval was not necessary for this study because all the
data were obtained from the Medline library on the In-
ternet.

2.2 Social network analysis and Pajek soft-
ware

Social network analysis (SNA)[15] was applied to ex-
plore the pattern of entities in a system using the soft-
ware of Pajek.[16] In keeping with the Pajek guidelines,
we defined an author (or paper keyword) as a node that
is connected to other nodes through the edge (or say the
relation). Usually, the weight between two nodes is de-
fined by the number of connections.

Centrality is a vital index to analyze the network. Any
individual or keyword lies in the center of the social net-
work will determine its influence on the network and
its speed to gain information.[13, 14, 17] The Betweenness
centrality(BC) is used in this study.

2.3 The pattern of author collaboration on
health behavior

The countries/areas of the 1st author for each pub-
lished paper were extracted for showing the distribution
of countries/areas on Google Maps.

The bigger bubble means the most pivotal role played
as a bridge in the network if the BC algorithm is per-
formed. The wider line indicates, the stronger relations
between the two (i.e., the nation or the author). Clusters
separated by the algorithm of the partition communities
are filled with bubbles in different colors.

Similarly, the authors and keywords of medical sub-
ject headings(MESH) with the most influential power
were extracted by the SNA method and shown on Google
Maps. All of which were selected by the top 100 authors
first and screened out the largest cluster as the base to
define the popular MESH terms, see Figure 1.

Figure 1. Study flowchart

3 Results

3.1 The most influential author

The most productive author with ten article regarding
health behavior is Loprinzi, Paul D from the US, see Ta-
ble 1. The MIA with some 141 members in the cluster
is the author Spring, Bonnie from the US, see the top
of Table 2 when the correlations among coauthors were
considered in this cluster analysis.

In Table 2 we show many cluster density coefficients.
The CC means the cluster coefficient constructed by
the number of triangle relations divided by the possi-
ble triangle relations in the cluster. The t-statistics is
the t-value for the CC. The density indicates the num-
ber of connection lines divided by the possible number(=
n× (n− 1)/2, where n=the number of members in the
cluster). The Weighted coefficient allows the duplicate
connection lines related to the possible number of con-
nection. The EI is derived from the formula=(external
relations minus the internal relation) divided by the sum
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of external and internal relations). The node=n, The De-
gree denotes the total unique number of connection. The
Dweighted allows the duplicate number of connections
in the cluster.

The dispersion of coauthor clusters is shown in Figure
2. The biggest one is related to the MIA Spring, Bon-
nie(US). Interested readers are recommended linking to
the reference.[18]

Figure 2. Dispersion of coauthor clusters

3.2 Journals and the trend on health behav-
ior

A total of 3,591 eligible abstracts were included in
the current study of health behavior for journal analysis.
The most numbers of journals in production outputs are
ed(69 papers) followed by Health Psychol(55) and Prev
Med(54), see Table 3. All of those Top ten are included
by the journal citation reports with impact factors.

3.3 Author countries/areas and their rela-
tions using the betweenness centrality

A total of 2,711 eligible papers with complete author
countries/areas based on journal article are shown in Ta-
ble 4. We can see that the most number of papers are
from the US(1438,53%) followed by Canada(93, 3.4%),
Netherlands(82, 3%), the UK(75, 2.8%) and China(75,
2.8%). The trend in the number of publications is present
in the column of growth in Table 4 (in the most left col-
umn). All continents present a positive increase in paper
publications.

The diagram is shown by SNA using the algorithm on
Google Maps in Figure 3 and displays the pattern of au-
thor’s collaboration among countries/areas based on the
topic of health behavior. As expected, the US plays an
influential role with the biggest bubble in Figure 3.In-
terested authors are recommended to click the bubble of
interest to see details on a website at the reference.[19]

Figure 3. Dispersion of author countries/areas

3.4 Keywords on health behavior

The most influential keyword is health behavior, see
Figure 4. Interested authors are suggested click the bub-
ble of interest to see details on Google Maps at the ref-
erence.[20] The most number of nodes in the cluster
are health behavior (33), psychology(24), and diagno-
sis(21), See the bottom in Table 2. When comparing
the coefficients of CC and EI between clusters of authors
and MESH terms in Table 2, we can see that the author
clusters earn the higher density of CC, but the MESH
terms gain the greater EI which means that MESH terms
have somewhat relations among clusters. In contrast,
the author clusters show independent among clusters(i.e.,
EI=external linkages minus internal connection divided
by the sum of both external and internal number of con-
nections).

Figure 4. Dispersion of MESH terms

4 Discussion

This study found that the MIA is Spring, Bonnie(US).
All visual representations that are the form of a dash-
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Table 1. The most productive authors

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018
Loprinzi, Paul D US 2 3 2 3 10

Hedman, Erik Sweden 3 2 2 2 9

Peltzer, Karl South Africa 2 1 3 2 8

Jung, Minsoo South Korea 2 2 3 1 8

Han, Kyungdo South Korea 1 1 2 2 6

Hagger, Martin S Australia 1 2 2 1 6

Jimenez, Daniel E US 2 2 2 6

Rogers, Laura Q Canada 2 2 2 6

Epton, Tracy UK 2 2 2 6

Lovallo, William R US 2 2 2 6

 Author Country
Year

Total

Table 2. The density coefficients for the most influential author clusters

No CC t Density Weighted EI Node Degree DWeighted Name

1 0.67 10.64 0.06 0.08 -1 141 625 752 Spring, Bonnie(US)

2 0.62 5.59 0.16 0.18 -1 52 217 243 Lynch, Brigid M(Australia)

3 0.66 4.21 0.36 0.39 -1 25 107 116 Sun, Xinying(China)

4 0.92 10.5 0.54 0.58 -1 22 125 135 Simons-Morton, Bruce(US)

5 0.68 4.04 0.42 0.51 -1 21 89 107 Malta, Deborah Carvalho(Brazil)

6 0.72 4.52 0.36 0.39 -1 21 75 82 Krist, Alex H(US)

7 0.73 4.53 0.42 0.47 -1 20 79 90 Baranowski, Tom(US)

8 0.82 6.08 0.39 0.39 -1 20 74 74 Beehler, Gregory P(US)

9 0.5 2.31 0.27 0.33 -1 18 42 50 Hagger, Martin S(Australia)

10 0.49 1.95 0.37 0.41 -1 14 34 37 Sharma, Manoj(US)

1 0.35 2.08 0.26 0.59 -0.08 33 135 311 health behavior

2 0.55 3.09 0.25 0.36 -0.06 24 70 99 psychology

3 0.67 3.93 0.33 0.47 -0.14 21 69 99 diagnosis

4 0.45 2.14 0.26 0.54 -0.02 20 49 102 standards

5 0.37 1.59 0.29 0.62 0.15 18 44 95 health promotion

6 0.56 2.14 0.52 1.14 -0.11 12 34 75 pharmacology

7 0.4 1.31 0.38 1.36 0.32 11 21 75 organization & administration

8 0.67 2.39 0.44 0.61 0 9 16 22 adverse effects

A. Author  cluster

B. MESH term  cluster

Table 3. Paper productions for top 10 journals

1951--2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018
Soc Sci Med 43 2 1 1 4 6 2 3 2 3 2 69 2.797

Health Psychol 31 1 1 4 5 4 5 2 2 55 3.458

Prev Med 30 2 5 1 2 4 3 4 3 54 3.434

PLoS One 0 4 1 3 7 6 5 8 7 6 47 2.806

Am J Health Behav 19 4 5 1 2 2 4 2 1 3 43 1.479

BMC Public Health 1 1 2 6 4 6 4 5 5 3 4 41 2.265
J Med Internet Res 2 1 1 1 3 5 4 4 10 7 2 40 5.175

J Sch Health 28 3 2 1 1 1 1 37 1.434

Patient Educ Couns 9 3 1 4 4 2 5 2 7 37 2.429

Health Educ Res 27 2 1 1 1 1 33 1.816

Others 2929 232 259 281 328 358 399 439 463 409 3307

Total 1606 113 157 144 179 205 220 242 270 266 189

Journal Name IF
Year

Total
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Table 4. Dispersion of the 1st authors countries/areas over the years

Continent <-2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 Total % Growth
AFRICA 11 2 6 2 4 8 3 5 7 10 7 65 2.4 0.7

Ethiopia 0 2 2 3 1 1 4 3 1 17 0.6 0.6

Nigeria 5 2 1 1 1 1 1 2 14 0.5 0.3

Kenya 1 1 1 1 2 1 7 0.3 0.7

 Others 5 2 2 1 1 4 0 2 2 3 5 27 1.0 0.2
ASIA 122 14 20 33 28 41 37 62 48 44 37 486 17.9 0.8

China 20 2 5 2 6 7 7 5 5 9 7 75 2.8 0.7

Japan 24 4 3 4 4 4 3 6 3 4 59 2.2 0.4

Iran 0 2 6 2 5 6 10 8 6 7 52 1.9 0.8

South Korea 8 2 1 4 3 4 10 6 9 4 51 1.9 0.9

India 8 1 2 8 2 9 1 9 2 3 4 49 1.8 0.1
Taiwan 15 2 3 4 1 3 5 5 2 3 1 44 1.6 0.2
 Others 47 5 6 9 9 10 10 20 19 11 10 156 5.8 0.8

EUROPE 159 20 26 25 32 31 40 40 44 44 37 498 18.4 1.0
Netherlands 20 5 4 5 5 6 11 6 9 6 5 82 3.0 0.6
U.K 16 5 3 3 4 7 3 7 7 13 7 75 2.8 0.7
Germany 16 4 4 5 4 5 5 6 1 3 10 63 2.3 -0.3

Finland 24 1 1 1 3 2 3 8 1 1 45 1.7 0.5

Sweden 16 1 1 2 4 2 5 6 3 2 42 1.5 0.8

Norway 11 1 4 1 1 3 3 3 2 29 1.1 0.1

France 9 1 4 1 6 1 2 24 0.9 0.6

Others 47 4 9 8 13 9 10 9 7 14 8 138 5.1 0.5
N. AMERICA 673 65 77 66 83 87 83 89 114 123 79 1539 56.8 0.9

U.S 632 63 71 60 79 85 77 83 107 110 71 1438 53.0 0.9
Canada 40 2 3 6 3 2 5 6 6 12 8 93 3.4 0.7
Others 1 0 3 0 1 0 1 0 1 1 0 8 0.3 -0.1

OCEANIA 13 3 5 5 4 5 9 10 11 12 6 83 3.1 0.9
Australia 12 2 3 5 4 4 8 9 10 11 6 74 2.7 1.0
 Others 1 1 2 0 0 1 1 1 1 1 0 9 0.3

S. AMERICA 11 4 2 1 2 5 2 5 4 4 40 1.5 0.6

Brazil 6 4 2 1 1 4 2 1 3 24 0.9 -0.2

 Others 5 0 0 0 0 1 1 0 4 4 1 16 0.6 0.8

Total 989 104 138 133 152 174 177 208 229 237 170 2711 100.0 1.0

board can be easily displayed on Google Maps. The
most influential country and the keywords are the US
and health behavior. Readers are suggested to manip-
ulate them on their own on Google Maps.

Many previous types of research[7–10] have inspected
coauthor collaboration using social network analysis.
Their results were similar to this study that dominant na-
tions in science come from the U.S. and Europe.[21, 22]

We showed a novel method incorporating SNA with
Google maps to explore the data of publication outputs
on health behavior. It can be seen that visual representa-
tions provided to the reader are rare in literature. Tradi-
tionally, it is very hard to observe the association of two
or more symptoms or ties together appeared in a network
at a moment glance.

Journal authorship collaboration can be compared

with each other using SNA on Google Maps. Such a
network can be defined as a collaboration pattern which
results are similar to the previous study.[4] Accordingly,
the researchers have a high level of international coau-
thor collaboration on health behavior, which is consis-
tent with the previous studies on investigating scientific
collaboration of Iranian Psychology and Psychiatry Re-
searchers.[23, 24]

There are 1,084 papers with the keyword social net-
work analysis in the paper title when searching Medline
on December 21, 2017, in which two papers[25, 26] incor-
porated MeSH into SNA to disclose relevant knowledge
to readers. However, no such papers have incorporated
Google maps as a dashboard.

Scientific publication is one of the objective measure-
ments to evaluate the achievements of a medical spe-
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cialty or discipline.[27] It is worth combining SNA and
Google Maps to disclose knowledge and information to
the readers for reference in the future.

Many algorithms and measures (or indicators) have
been developed using SNA to graphically explore data.[7]

This kind of author names should be identified for the
bibliometric study. The BC is a way to examine any
one with duplicate names through the link to Pubmed
by clinking the bigger bubble on Google Maps which is
never seen before in previous studies.

5 Limitations and Future study

The interpretation and generalization of the conclu-
sions should be cautious. First, the data were extracted
from Medline. It is worth noting that any generalization
should be made in the similar fields of paper contents.

Second, although the data were extracted from Med-
line and were carefully dealt with in every linkage as
correctly as possible, the originally downloaded contexts
including some errors in symbols which might affect the
resulting reports in this study may be present.

Third, there are many algorithms used for SNA. We
merely applied community cluster and density with
weighted degrees in Figures. Any changes made along
with algorithm will present different pattern and infer-
ence making.

Fourth, the social network analysis is not subject to
the Pajeck software we used in this study, Others such as
Ucinet[28] and Gephi[29] are suggested to readers for use
in the future study.

6 Conclusion

Social network analysis provides wide and deep in-
sight into the relationships with the pattern of interna-
tional author collaborations. If incorporated with Google
Maps, the dashboard can release much more information
regarding our interesting topics for us in academics. The
research approach using the BC to identify the same au-
thor names can be applied to other bibliometric analyses
in the future.
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RESEARCH ARTICLE

The most highly-cited authors who published papers on the topic of
health behavior: A Bibliometric Analysis

Chen Fang Hsu1,2 Tsair Wei Chien3 Julie Chi Chow1 Willy Chou4,5∗

Abstract: Background: Health behavior (HB) is an action taken by a person who pursues good health and
prevents illness. Health behavior, thus, reflects a person’s health beliefs and attracts, particularly, on published
papers in academics. However, who is the most influential author (MIA) with highly-cited papers on HB remains
unknown. Objective: The purpose of this study is to apply the authorship-weighted scheme (AWS) developed
by authors to select the MIA on HB using the visual displays on Google Maps. Methods: We obtained
1,116 abstracts published between 2012 and 2016 from Medline based on the keywords of (health [Title]) and
(behavior [Title] or behavior [Title]) on September 22, 2018. The author names, countries/areas, and Pubmed
paper IDs were recorded. The AWS was applied to (1) select the most productive authors (MPA) using social
network analysis (SNA); (2) discover the MIA using h-indexes and author impact factors (AIF) dispersed on
Google Maps, and (3) display the countries/areas distributed for the x-index in geography. Pajek software was
performed to determine the partition categories of clusters. Results: We found that the MPA and MIA are
Matthew K Nock (US) and Erika A Waters (US) for the MPA and MIA, respectively. All visual representations
that are the form of a dashboard can be easily displayed on Google Maps. The most influential countries are the
US (=19.03) and Australia (=6.46) with the highest x-indexes. Readers are suggested to manipulate them on their
own on Google Maps. Conclusion: Many individual researchers achievements (IRA) were determined using
h-index, AIF, x-index, or other bibliometric indices without quantifying author contributions. We demonstrated
visualized representations on Google Maps using the AWS developed by authors to measure authors influences
in a specific discipline. The research approach using the AWS to quantify the authors contributions can be
applied to measure IRA in the future.

Keywords: authorship-weighted scheme, most productive author, most influential author, Google Maps,
social network analysis, health behavior

1 Introduction

Health behavior (HB) is an action taken by a person
to maintain, attain, or regain good health and to prevent
illness.[1, 2] Many papers were published in academics
each year. The most productive author (MPA) has been
selected by authors[2] on the topic of HB. However, the
most highly-cited authors have not been discussed in the
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literature.
The h-index[3] is an author-level metric that attempts

to measure both the productivity and citation impact of
the publications of a scientist or scholar. Although the
h-index can measure both the productivity and citation
impact of the publications of a scientist, one of its short-
comings is the assumption of equal credits for all co-
authors in an article.[4, 5] Many studies[6–8] have been
conducted to investigate individual researchers achieve-
ments (IRA) in a specific discipline. However, all or
which ignored the co-author contributions unequal in an
article byline.[5–9] Although many authors developed
schemes for quantifying author contributions in the lit-
erature,[10–16] none had been successfully used so far
in academics. A general authorship-weighted scheme
(AWS) is thus required to develop for use in the empiri-
cal discipline.

Besides h-index,[3] the author impact factor
(AIF)[17, 18] and the x-index[19] are also plagued and
criticized by scholars in bibliometric fields without
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considering the author contributions in a byline.
If we consider the contribution of the scientist in the

publication, the weights of author contributions should
be partitioned with real numbers (i.e., with decimal dig-
its). How to apply the author weights to calculate h-index
limited by the terms of integrals remains quite challeng-
ing and needs to solve. We are going to demonstrate
the AWS for quantifying author contributions used on h-
index, AIF, and x-index in this study.

For this purpose, we (1) develop a scheme for quan-
tifying author contributions used for calculating the h-
index for authors, (2) explore the most productive au-
thor(MPA) using AWS, (3) highlight the most influential
authors (MIA) with highly cited papers in a disciple of
HB, and (4) plot the countries/areas with highly cited x-
index on Google Maps to show the most influential na-
tions on HB.

2 Methods

2.1 Data Collection

By searching the PubMed database (Pubmed.org,
PMC) maintained by the US National Library of
Medicine, we used the keywords of (health [Title]) and
(behavior [Title] or behavior [Title]) on September 22,
2018, and downloaded 1,116 articles published between
2012 and 2016. The inclusion criteria are all downloaded
abstracts based on the type of Journal Article. Ethical
approval was not necessary for this study because all the
data were obtained from the Medline library on the In-
ternet.

2.2 Social network analysis and Pajek soft-
ware

Social network analysis (SNA)[20] was applied to ex-
plore the pattern of entities in a system using the soft-
ware of Pajek.[21] In keeping with the Pajek guidelines,
we defined an author (or paper keyword) as a node that
is connected to other nodes through the edge (or say the
relation). Usually, the weight between two nodes is de-
fined by the number of connections.

Centrality is a vital index to analyze the network. Any
individual or keyword lies in the center of the social net-
work will determine its influence on the network and its
speed to gain information.[22–24]

2.3 The AWS for quantifying coauthor con-
tributions

The AWS was developed referring to the Rasch rat-
ing scale model[25] for quantifying author contributions

as the Equation (1):

Wj =
exp(γj)
m∑
j−0

exp(γj)
=

2.72γj
m∑
j−0

2.72γj
(1)

The sum of author weights in a byline equals 1.0 when
considering the number of m+1 authors with the last
being the corresponding author, see the Equation (2),
whereas Wj in Equation (1) denotes the weight for an
author on the ordering of author j in the article byline.
The power γj is an integer number from m to 0 in de-
scending order.

The sum of author weights in a byline is defined as
below:

m∑
j−0

exp(γj)
m∑
j−0

exp(γj)
(2)

Accordingly, more importance is given to the first (=
exp (m), primary) and the last (= exp (m-1), correspond-
ing or supervisory) authors, while it is assumed that the
others (the middle authors) have made smaller contribu-
tions.[26] In Equation (2), the smallest portion (= exp (0)
= 1) is assigned to the last second author with the odds=1
as the basic reference.

2.4 A simple 5-year h-indexes and the AIFs

The AIF of an author A for a given the year (e.g, 2017)
can be defined in Equation (3):

AIF (SMA) = (
∑

Cited papers based on×
Wj in a givenyear and the proceeding 5 yrs)/

(Citable papers ×Wj in the given 5 yrs) (3)

A total number of 4,857 authors were collected for cal-
culating their h-indexes, x-indexes, and AIFs in 2017
based on citable papers in PMC since 2012. All in-
dices were located on dashboards using SNA and Google
Maps.

The rule for applying author weights to calculate h-
index is defined as below:
h = cm+(h−1)/10 for h-core if max(ci) < 1 and
h = h+ the decimal if max(ci) > 1, where cm=the
maximal proportional citation weights (i.e., max (ci)
across all ci for an individual authors. The possible sce-
narios of AWS and the rules for calculating the h-index
with real numbers were illustrated in Table 1.
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Table 1. Using AWS to quantify the author contributions and to
comput h-index

# of author 1 2 3 4 5 6 7 8 9 Ratio
Threshold 0 1 2 3 4 5 6 7 8
The first 1 0.7 0.7 0.6 0.6 0.6 0.6 0.6 0.6 2.72

The 2nd 0.3 0.2 0.2 0.2 0.2 0.2 0.2 0.2 2.72

The 3rd 0.1 0.1 0.1 0.1 0.1 0.1 0.1 2.72

The 4th 0 0 0 0 0 0 2.72

The 5th 0 0 0 0 0 2.72

The 6th 0 0 0 0 2.72

The 7th 0 0 0 2.72

The 8th 0 0 2.72

The 9th 0

Sum 1 1 1 1 1 1 1 1 1

A: Quantifying the author contributions with scenarios

Scenario Script, cm=max(ci), k at h-core h-index 1 2 3 4 5 6 7
1 =cm+(h-1)/10 if cm<1,0.5+(2-1)/10 0.6 0.5 0.3 0.1
2 =h(k)=h index 4 10 10 10 10
3 =h index 1 100 1
4 =h index 1 1 1 1 1 1 1
5 =h + decimal if cm >=1 1.6 11 1
6 =h + decimal if cm >=1, 3+ 0.3 3.3 4.6 4 3.3 2.7
7 =cm+(h-1)/10 if cm<1,0.9+(5-1)/10 1.3 0.9 0.8 0.7 0.6 0.5 0.4 0.3
8 =h + decimal if cm >=1. 2+0.4 2.4 8 3.4 2
9 =h index 5 10 9 8 7 6 5 4
10 =h index 3 3 3 3 3 3 3 3

B: Computing h-index using real nature numbers

2.5 The pattern of author collaboration on
health behavior

Three diagrams were plotted on Google Maps through
the ways of (1) selecting the most productive authors
(MPA) using SNA; (2) discovering the MIA using h-
indexes and author impact factors (AIF) dispersed on
Google Maps; and (3)displaying the countries/areas dis-
tributed for the x-index in geography. The bigger bubble
means the most pivotal role played as a bridge in the net-
work if the BC algorithm is performed. The wider line
indicates, the stronger relations between the two (i.e., the
nation or the author). Clusters separated by the algorithm
of the partition communities are filled with bubbles in
different colors. The study flowchart is displayed in Fig-
ure 1.

3 Results

3.1 The most productive and influential au-
thor

The MPA and MIA on the topic of HB are Matthew K
Nock (US) and Erika A Waters (US), respectively, shown
in Figure 2 and Figure 3. We can see the representa-
tives with the most number of centrality degrees in each
cluster. Interested readers are recommended to scan the
QR-codes on Figures to see the details of information for
authors on Google Maps. For instance, clicking the term
of publication can be redirected to the PMC to show the
publications of the specific author of interest.

Figure 1. Study flowchart including one table and three Figures

Figure 2. Dispersion of coauthor clusters based on weighted
contributions

Figure 3. Dispersion of authors h-index and AIF

Advances in Health and Behaviour c© 2018 by Syncsci Publishing. All rights reserved.
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3.2 The most influential nations on HB

The mostly influential nation is the U.S., see Figure
4. The calculation of the algorithm is to obtain the x-
index for each country/area through the way of ranking
the individual author contributions to each cited paper by
nations in the descending order. The maximal geomet-
ric rectangle was selected by multiplying the ascending
integer number of cited papers and the descending real
nature number of proportional cited weights.[19] The x-
index is the root of the above-mentioned geometric rect-
angle which is similar and related to h-index according
to the study.[19]

Figure 4. Dispersion of h-indexes for countries/areas

4 Discussion

This study found that the MPA and MIA are Matthew
K Nock (US) and Erika A Waters (US) for the MPA and
MIA, respectively. All visual representations that are the
form of a dashboard can be easily displayed on Google
Maps. The most influential countries are the US (=19.03)
and Australia (=6.46) with the highest x-indexes.

Many previous types of research[20, 22, 23] have in-
spected coauthor collaboration using social network
analysis. Their results were similar to this study. The
difference is that we applied the AWS to quantify the
author contributions in an article byline in comparison
to the previous articles merely assuming all authors are
equal in contributions and credits.

We showed a novel AWS method for quantifying au-
thor contributions that is a totally general model fully
congruent with the category probability theory based on
the Rasch rating scale model (RSM).[25] We can adjust
the parameters(i.e., the base and the power) to accommo-
date many types of scenarios in the empirical discipline.
Hence, Vavryuks combined weighted scheme[10] (or the
harmonic credits[27]) is a special case of the general AWS
in Eq. 2.

Traditionally, it is tough to observe the association of

two or more symptoms or ties together appeared in a net-
work at a momentary glance. The representatives in each
cluster are determined by three factors: (1) the number
of coauthors in a byline; the more coauthors will gen-
erate more proportional contributions in a network; (2)
the number of publication outputs; and (3) the ordering
of author names in a byline. The method we used in
this study is superior to the previous ones[20, 22, 23] with-
out considering the author contribution unequal to each
other.

There are 1,084 papers with the keyword social net-
work analysis in the paper title when searching Medline
on December 21, 2017,[1, 2] in which two papers[28, 29] in-
corporated MeSH into SNA to disclose relevant knowl-
edge to readers. However, no such papers have incor-
porated Google maps as a dashboard as we did in this
study.

Scientific publication is one of the objective measure-
ments to evaluate the achievements of a medical spe-
cialty or discipline.[30] It is worth combining SNA and
Google Maps to disclose knowledge and information to
the readers for reference in the future. Many algorithms
and measures (or indicators) have been developed using
SNA to graphically explore data.[31] This kind of author
names should be identified and quantified for the biblio-
metric study. The duplicate names should be cautious
when dealing with the used in discovering the MPA and
MIA in the future.

5 Limitations and Future study

The interpretation and generalization of the conclu-
sions should be cautious. First, the data were extracted
from Medline. It is worth noting that any generalization
should be made in the similar fields of paper contents.

Second, although the data were extracted from Med-
line and were carefully dealt with in every linkage as
correctly as possible, the originally downloaded contexts
including some errors in symbols which might affect the
resulting reports in this study may be present.

Third, there are many algorithms used for SNA. We
merely applied community cluster and density with
weighted degrees in Figures. Any changes made along
with algorithm will present different pattern and infer-
ence making.

Fourth, the social network analysis is not subject to
the Pajeck software we used in this study, others such as
Ucinet[32] and Gephi[33] are suggested to readers for use
in the future study.

Advances in Health and Behaviour c© 2018 by Syncsci Publishing. All rights reserved.
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6 Conclusion

Many individual researchers achievements (IRA) were
determined using h-index, AIF, x-index, or other biblio-
metric indices without quantifying author contributions.
We demonstrated visualized representations on Google
Maps using the AWS developed by authors to measure
authors influences in a specific discipline. The research
approach using the AWS to quantify the authors contri-
butions can be applied to measure IRA in the future.
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AWS: authorship-weighted scheme
HB: Health behavior
IRA: individual researchers achievements
MIA: most influential author
MPA: most productive author
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