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ABSTRACT 
 

With increasing interest in health, the medical tourism market has become more important than ever. This 
study was to analyze the factors of consumer keywords used online search in healthcare. To this end, we 
based the amount of searches on the text mining by Google. We used hierarchical modeling to categorize 
consumer’s adoption of healthcare. The findings are as follows: First, medical tourism has positive effects 
on various categories of travel, health, beauty, social, and other categories as well. In particular, it is found 
that its impact on travel category was greater than the other categories and its impact on the social category 
was important as well among the online consumers. Second, the categories of healthcare, finance, business, 
government have positive effect on healthcare adoption. This study was intended to contribute to finding 
out consumer behavior patterns in healthcare industry using big data. In conclusion, it’s suggested that 
adoption strategy should be used differently according to the type of its content, in order to diffuse medial 
tourism.    
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1. INTRODUCTION  
 

As the interest in health grows, the 
medical and healthcare market becomes more 
important. High-income consumers travel to 
countries with better medical quality than their own 
countries for their own health. Conversely, low-
income consumers travel to countries with lower 
health care costs than their own to solve their health 
issues. 

For this reason, the medical tourism 
market is getting larger and larger. 

Goodrich [1] noted that medical tourism is 
a combination of medical services and tourism with 
the purpose of attracting tourists. Although there 
are no verifiable statistics regarding the magnitude 
of medical tourism, the available information 
suggests that a substantial number of patients travel 
to developing nations for healthcare [2].  

Medical tourism is growing and 
diversifying. While estimates vary, McKinsey & 
Company and the Federation of Indian Industries 
have more than $ 40 billion in total medical tourism 
revenue in 2004. McKinsey & Company projected 
the total would rise to $100 billion by 2012 [3]. 

Connell [4] points out that tourist spending 
is high, medical care at destination is high, airfare 
and exchange rates are favorable, and medical 

spending takes place in the destination country. 
Hall [5] said that medical tourism is a type of 
tourism, but its main point is related to health. Law 
[6] defines medical tourism as tourism and health 
care activities that occur either as an individual 
resident or as a resident.  

Research on social listening through text 
mining in medical field has been done in many 
aspects in terms of methodology and content 
analysis [7-8]. Cole-Lewis et al. [9] suggested that 
to better understand trends in e-cigarette attitudes 
and behaviors, public health and communication 
professionals can turn to the dialogue taking place 
on popular social media platforms such as Twitter. 
Powell et al. [10] reported that social media 
listening is an important tool to augment post-
marketing safety surveillance. Much work remains 
to determine best practices for using this rapidly 
evolving data source.  

For this reason, social listening, conducted 
in collaboration with harm-reduction Web forums, 
offers a valuable new data source that can be used 
for monitoring nonmedical use of antidepressants 
[11]. 

The purpose of this study is to find the 
differential effects of content type on consumer 
adoption in the healthcare field using hierarchical 
modeling. 
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2. RESEARCH METHODLOGY 

2.1 Research Data 
This study is to analyze the factors of 

keywords searched online in healthcare area. To 
this end, we used the amount of searches based on 
the text mining by Google. We used keywords of 
healthcare area, “healthcare” and “medical tourism” 
in the web, image, and YouTube, and collected 
keywords by content category, such as health, 
finance, book, beauty, biz, government, sports, food, 
travel, community, social and hobby. Then we 
observed how the amount of keywords affected the 
expansion of healthcare area.     

Table 1 shows average amount of the 
search by year where the total includes searches by 
the type of contents, such as, web, image, and 
YouTube, with the score 100 for the highest week. 
In terms of medical tourism, the highest average 
search traffic was in the year of 2012, with 
relatively high volume coming through the web. 
And in the area of healthcare, it was the 2015 that 
showed the highest average search traffic. But in 
the case of web area, it was 2012 that generated the 
highest level of search traffic. 

Table 1 shows average annual volumes of 
keyword searches.  

The data was collected for the period of 4 
years from January 2012 to December 2015.  

Table 1: Average of Search Volume by Year 

Year Frequency 
Medical tourism Healthcare 

Total Web Total Web 

2012 53 64.6 67.4 65.6 40.4 

2013 52 60.6 63.6 67.0 38.9 

2014 52 58.2 61.3 66.2 36.2 

2015 52 57.7 59.6 67.3 34.8 

 
 

2.2 Measurement 
The operant definition of keyword search 

volume is defined as the size of expansion of 
keyword search in healthcare. Thus the dependant 
variable is the size of keyword searches in 
‘medical tourism’ and ‘healthcare’. The factors 
affecting the size of the expansion of the keyword 
search are assumed to be the quantity and quality 
of the contents of a specific keyword. Therefore, 
the independent variable is defined as the quantity 
of contents search by its category.   

Table 2 shows the items for the dependent 
variables and the independent variables.  

The dependent variables is divided into 
total variable which considers all forms of related 

keywords and the other variable which considers 
only the web form. And this is for aggregate 
analysis of all the other forms of contents than web 
contents because the other forms contents are 
small enough for aggregate analysis compared to 
the web contents. On the other hand, 12 types of 
variables are used as the independent variables 
which reflect functional nature of the contents, 
such as health, finance, book, beauty, biz, 
government, sports, food, travel, community, 
social and hobby.  

 

Table 2: Definition of Variables 

Variable Definition 

Dependent 
Variables 

Total Search volume of keyword: Total parts (web, image, video, etc.) 

Web Search volume of keyword: Web part 

Predictor 
Variables 

Health Search volume of keyword: Type of “health”  

Finance Search volume of keyword:  Type of “finance” 

Book Search volume of keyword:  Type of “book & literature” 
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2.3 Research Model 

To investigate the effect of the content 
category on the expansion of the healthcare, 
hierarchical liner regression is employed based on 
the following model [12-13]. 

And the effects on the expansion are 
investigated in the steps. 

 
St = ɑ + ßXit                 (1) 
 
St = ɑ + ßXit + ɣYit  (2) 
 
St = ɑ + ßXit + ɣYit + ɤZit  (3) 
 
Where, St is search volume of keyword at 

time t, Xit, Yit, Zit are search volume of its keyword 
in category i at time t. And ß, ɣ, ɤ are parameters 
to estimate with hierarchical linear regression 
model. 
 
 

3. RESULTS 

3.1 Statistics of Variable 
The findings of basic statistical analysis of the 

data collected are exhibited in the Table 3. That is, 
according to the findings of the analysis of the data of 
the 209 weeks, the highest dependent variable in the 
area of the medical tourism keywords was web type 
(M=62.995, STD=8.757) and the next highest one 
was total type (M=60.282, STD=8.202). Of the 
independent variables, the highest one was social 
variable (M=57.584, STD=15.849) and the next 
highest ones were the travel (M=52.426, 
STD=8.726), healthcare (M=51.353, STD=10.941) 
and the other variables, respectively.   

In the healthcare keywords, the highest 
dependent variables was the total variable 
(M=66.526, STD=6.623), whereas the order for 
the independent variables was the beauty 
(M=80.407, STD=7.170), biz (M=79.282, 
STD=6.870), sports (M=70.646, STD=9.057), 
food (M=69.110, STD=7.517), etc, respectively. 

Table 3: Characteristic of Statistical Variable 

Variables N Mean 
Standard 
Deviation 

Min. Max. 

Medical 
Tourism 

Total 209 60.282 8.202 39 100 

Web 209 62.995 8.757 39 100 

Health 209 51.335 10.941 29 100 

Finance 209 39.617 15.675 19 100 

Book 209 44.660 15.432 0 100 

Beauty 209 18.397 9.484 7 100 

Biz 209 37.880 13.007 10 100 

Government 209 40.287 12.617 13 81 

Sports 209 34.120 11.583 23 100 

Beauty Search volume of keyword:  Type of “beauty & fitness” 

Biz Search volume of keyword:  Type of “business & industry” 

Government Search volume of keyword:  Type of “government” 

Sports Search volume of keyword:  Type of “sports” 

Food Search volume of keyword:  Type of “food & beverage” 

Travel Search volume of keyword :  Type of “travel” 

Community Search volume of keyword:  Type of “online community” 

Social Search volume of keyword:  Type of “group & social” 

Hobby Search volume of keyword:  Type of “hobby & leisure” 
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Food 209 28.904 10.320 20 100 

Travel 209 52.426 8.726 33 100 

Community 209 40.129 15.200 0 100 

Social 209 57.584 15.849 24 100 

Hobby 209 32.885 12.762 20 100 

Healthcare 

Total 209 66.526 6.623 39 100 

Web 209 37.612 6.794 21 100 

Health 209 64.254 6.666 36 100 

Finance 209 62.751 9.149 41 100 

Book 209 62.885 11.849 31 100 

Beauty 209 80.407 7.170 46 100 

Biz 209 79.282 6.870 46 100 

Government 209 38.737 7.248 19 100 

Sports 209 70.646 9.057 34 100 

Food 209 69.110 7.517 44 100 

Travel 209 73.933 7.389 43 100 

Community 209 71.077 10.225 37 100 

Social 209 47.502 7.778 24 100 

Hobby 209 78.847 7.213 49 100 

 
The correlations among the variables in 

the area of the medical keywords are exhibited in 
the Table 4. The findings of the analysis are as 
follows: The correlation between the dependent 
variable and independent appeared to be relatively 
high, whereas correlations between the 
independent variables are relatively low. It was, 
therefore, concluded that there was no issue of 

multicollinearity correlation among the 
independent variables. And the descending order 
of the items for the correlations between the 
dependent variables and independent variables was 
travel(r=0.75, p<0.01), health(r=0.53, p<0.01), 
beauty(r=0.45, p<0.01), the others, respectively. 

 

Table 4: Correlation between Variables in Medical tourism 

 
1 2 3 4 5 6 7 8 9 10 11 12 13 14 

1 1.00              

2 0.84 1.00             

3 0.51 0.53 1.00            

4 0.24 0.21 0.17 1.00           

5 0.03 0.01 -0.01 0.00 1.00          

6 0.45 0.45 0.41 0.22 0.00 1.00         

7 0.20 0.30 0.15 0.00 -0.06 0.06 1.00        

8 0.31 0.29 0.20 0.09 0.02 0.07 0.16 1.00       
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9 0.22 0.21 0.24 0.08 0.06 0.15 0.13 0.02 1.00      

10 0.26 0.31 0.30 0.08 0.01 0.02 0.19 0.14 0.18 1.00     

11 0.75 0.71 0.41 0.18 -0.01 0.41 0.20 0.25 0.19 0.19 1.00    

12 0.27 0.26 0.24 0.06 -0.05 0.07 0.09 0.16 0.14 0.25 0.15 1.00   

13 0.32 0.37 0.16 0.05 0.12 0.08 0.10 0.32 0.00 0.21 0.23 0.09 1.00  

14 0.21 0.16 0.17 0.00 0.07 0.04 0.14 0.01 0.23 0.24 0.10 0.17 0.11 1.00 

1=Total, 2=Web, 3=Health, 4=Finance, 5=Book, 6=Beauty, 7=Biz, 8=Government, 9=Sports, 10=Food, 11=Travel, 
12=Community, 13=Social, 14=Hobby 

 

And the correlations between the 
healthcare keywords are presented in the table 5. 
The analysis is that correlations between the 
dependent variables and independent variables 
appeared to be at least 0.8(p<0.01), which is very 
high, whereas the correlations between the 

independent variables appeared to be higher than 
the medical tourism keywords. So it is deemed 
necessary to check the issue of multicollinearity 
correlations among the predictors. 
 

Table 5: Correlation between Variables in Healthcare 

 
1 2 3 4 5 6 7 8 9 10 11 12 13 14 

1 1.00              

2 0.82 1.00             

3 0.98 0.83 1.00            

4 0.76 0.42 0.71 1.00           

5 0.58 0.65 0.57 0.28 1.00          

6 0.60 0.47 0.59 0.33 0.41 1.00         

7 0.72 0.58 0.68 0.32 0.57 0.62 1.00        

8 0.88 0.89 0.90 0.65 0.51 0.40 0.45 1.00       

9 0.69 0.58 0.68 0.37 0.40 0.48 0.64 0.54 1.00      

10 0.70 0.53 0.70 0.64 0.34 0.36 0.39 0.68 0.45 1.00     

11 0.57 0.50 0.55 0.20 0.31 0.55 0.66 0.39 0.53 0.29 1.00    

12 0.56 0.46 0.57 0.37 0.34 0.39 0.48 0.46 0.44 0.33 0.32 1.00   

13 0.90 0.86 0.92 0.70 0.52 0.41 0.47 0.98 0.55 0.70 0.38 0.48 1.00  

14 0.69 0.58 0.68 0.51 0.45 0.43 0.53 0.60 0.55 0.51 0.44 0.43 0.63 1.00 

1=Total, 2=Web, 3=Health, 4=Finance, 5=Book, 6=Beauty, 7=Biz, 8=Government, 9=Sports, 10=Food, 11=Travel, 
12=Community, 13=Social, 14=Hobby 

 

3.2 Result of Empirical Test  
To investigate the factors that affect the 

expansion of healthcare, which is the purpose of 
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the study, hierarchical linear regression analysis is 
employed and the findings are exhibited in the 
Table 6 and Table 9.    

First of all, medical tourism adoption is 
looked into with Model 1 from the total variable 
perspective, and it is observed that the variables 
that had significant effects on the adoption are 
Health (ß=0.177, p<0.01), Travel (ß=0.581, 
p<0.01), and Social (ß=0.074, p<0.01), in 
particular the travel item has the biggest effect. 
The findings of the model are that all the 
additional variables of beauty (ß=0.108, p<0.1), 

community (ß=0.058, p<0.1) and hobby (ß=0.055, 
p<0.1) have significant effects on the adoption. 
And with the model 3, it appeared that only the 
government (ß=0.049, p<0.1) variable among the 
additional variables has significant effect on the 
adoption. 

The implication of the conclusion of the 
analysis is that the exposure of the contents in the 
categories of travel, healthcare and beauty is 
important for the expansion of the total medical 
tourism.    

Table 6: Medical Tourism Adoption in Total 

Predictor variables Model 1 Model 2 Model 3 

Health 0.177** 0.123** 0.113** 

Travel 0.581** 0.539** 0.522** 

Social 0.074** 0.070* 0.060** 

Beauty  0.108* 0.104* 

Community  0.058* 0.052* 

Hobby  0.055* 0.060* 

Finance   0.035 

Government   0.049* 

R2 0.629 0.659 0.669 

R2 change 0.629 0.03 0.01 

*P<0.1, **P<0.01 

The Table 7 is the findings of medical 
tourism adoption from the web perspective. The 
analysis with the model 1 shows that the variables 
that have significant effects on the adoption are 
Health (ß=0.214, p<0.01), Travel (ß=0.553, 
p<0.01), Social (ß=0.112, p<0.01), and the travel 
variable has the biggest effect like with the total 
variable. In the case of model 2, the additional 
variables Beauty (ß=0.129, p<0.01), Biz (ß=0.096, 
p<0.01) all appear to have effects on the adoption.  
With model 3, it is both the additional variables 

Food (ß=0.066, p<0.1) and Community (ß=0.056, 
p<0.1) that has significant effect on the adoption.  

 The implication of the findings is that it 
is important to expose the contents in the 
categories of travel, health, social and beauty for 
the expansion of medical tourism. Especially in the 
case of the web, a responsive measure is necessary 
for social category which deals with relationships 
among consumers.   
 

Table 7: Medical Tourism Adoption in Web 

Predictor variables Model 1 Model 2 Model 3 

Health 0.214** 0.173** 0.139** 

Travel 0.553** 0.488** 0.478** 

Social 0.112** 0.111** 0.102** 

Beauty  0.129** 0.143** 

Biz  0.096** 0.087** 
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Food   0.066* 

Community   0.050* 

R2 0.605 0.638 0.652 

R2 change 0.605 0.033 0.014 

*P<0.1, **P<0.01 

In terms of total healthcare adoption, the 
finding of model 1 is that the variable health 
(ß=0.754, p<0.01), finance (ß=0.126, p<0.01), biz 
(ß=0.139, p<0.01) all have significant effect on the 
healthcare adoption. In particular, the Health 
variable appears to be the biggest influence. With 
model 2, the additional variables government 
(ß=0.133, p<0.01), travel (ß=0.039, p<0.01) had 
significant effects on the adoption. And in the case 
of the model 3, the variables book (ß=0.015, 

p<0.1) and sports (ß=0.031, p<0.01) among the 
additional variables appear to have significant 
effects.   

So it can be concluded from the finding 
that the contents exposure in the categories of 
health, finance, biz, government is important for 
the expansion of healthcare in terms of the total 
variable. 
 

Table 8: Healthcare Adoption in Total 

Predictor variables Model 1 Model 2 Model 3 

Health 0.754** 0.563** 0.515** 

Finance 0.126** 0.143** 0.151** 

Biz 0.139** 0.169** 0.146** 

Government  0.133** 0.138** 

Travel  0.039** 0.038** 

Beauty   0.015 

Book   0.015* 

Sports   0.031** 

R2 0.982 0.986 0.987 

R2 change 0.982 0.003 0.001 

*P<0.1, **P<0.01 

Lastly, the findings from web perspective 
for healthcare adoption are exhibited in the Table 9.  

Model 1 shows that the variables finance 
(ß=-0.188, p<0.01), Book (ß=0.143, p<0.01), 
government (ß=0.875, p<0.01) had significant 
effect on the adoption. In particular, the 
government appears to be the biggest effect. In 
model 2, the additional variables biz (ß=0.132, 
p<0.01), travel (ß=0.061, p<0.1), social (ß=-0.036, 
p<0.01) have significant effect on the adoption. 

And under the model 3, the additional variables 
health (ß=-0.232, p<0.1), sports (ß=0.045, p<0.1) 
and food (ß=-0.062, p<0.1) have significant effects. 

A conclusion derived from the analysis is 
that the contents exposure in the category of 
government is especially important and it also 
implies that contents management is necessary for 
the categories of finance, book, biz and health.  
 

Table 9: Healthcare Adoption in Web 

Predictor variables Model 1 Model 2 Model 3 

Finance -0.188** -0.166** -0.128** 

Book 0.143** 0.107** 0.108** 
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Government 0.875** 1.128** 1.143** 

Biz  0.132** 0.159** 

Travel  0.061* 0.063* 

Social  -0.306** -0.181 

Health   -0.232* 

Beauty   0.039 

Sports   0.045* 

Food   -0.062* 

R2 0.889 0.913 0.919 

R2 change 0.889 0.024 0.006 

*P<0.1, **P<0.01 

 

In previous research, researchers explored 
insights by keyword analysis of literature [14]. Or 
qualitative content analysis [15], systematic review 
and meta-analysis [16], efficiency and productivity 
[14, 17-18], and health care failure mode and 
effect analysis [19] were searched.  

This study is an empirical study that 
examines the effect of content types on healthcare 
diffusion through hierarchical modelling.  

First, previous studies [17] examined the 
between effects of keywords related to the 
healthcare industry. In this study, however, we 
examined the within effects of keywords related to 
the healthcare industry. As a result, it was found 
that there are effects by type within the keyword. It 
is not only important to include relevant keywords 
in managing a specific keyword, but it is also   
important to manage the keyword itself.  

Second, in this study, we tried to grasp 
hierarchical effects by classifying content types 
into clusters. As a result, the effect of diffusion on 
the type cluster was differentiated. In other words, 
there was a type cluster with relatively large effect 
on diffusion, while a small type cluster with 
relatively small effect was also present. This 
suggests that companies are more efficient when 
they are more focused on key content type clusters 
in managing specific keywords. 

Therefore, this study is different from 
previous researches in research methods and 
research results. 

 
4. CONCLUSIONS 

In this study, factors affecting consumer 
keyword searches are looked into from the 
perspective of online contents, thus extending 
existing studies on the effect of keyword 

categories [17-18] to investigate behavioral 
patterns though online big data which reflect 
consumer desire, in contribution to the 
development of the healthcare sector.  

To this end, text mining-based search 
volume provided by Google is analyzed and the 
effects of content search by category on consumer 
adoption of the healthcare are investigated with 
hierarchical modeling.  As for the adoption of the 
healthcare, the analysis is carried out in two 
different ways, total which includes all types of 
contents such as web, image, and YouTube and the 
other way where the web contents are separated 
from the other contents. And this is because the 
volume of the other types of contents than web 
contents is comparatively small enough for 
aggregate analysis. 

  The findings are as follows: 
First, the content categories that affect the 

total medical tourism adoption are health, travel, 
social, beauty, community, hobby, and government. 
In particular, the effects of travel, health, and 
beauty appear to be large. And this implies that the 
exposure of contents in the categories of travel, 
health, beauty is important in promoting the 
adoption of total medical tourism. 

 Second, the content categories that affect 
the adoption of web medical tourism include 
health, travel, social, beauty, biz, food and 
community. In particular, like for the total case, 
the travel category is the biggest effect. And this 
implies that the contents exposure in the categories 
of travel, health, social, beauty is important for the 
adoption of web medical tourism. As for the case 
of web, proper measure for the social category, 
which represents relationships among the 
consumers, is necessary.   
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Third, major categories that affect the 
total healthcare adoption appear to be health, 
finance, biz and government. Thus it tells that 
contents exposure in the categories of health, 
finance, biz and government is important in 
promoting the adoption of total healthcare. 

Fourth, the categories that affect the 
adoption of web healthcare are fiancé, book, and 
government contents; in particular, the government 
category is the biggest effect. The influence of biz, 
travel, social and health is also confirmed even 
though it is not big. And this implies that content 
exposure in the government category is 
particularly important and the management of 
finance, book, biz, health categories is necessary.    

This study provides an important point in 
terms of content category, in promoting consumer 
adoption of healthcare by analyzing big data based 
on consumer online search, but it has limitation 
that it does not consider industry characteristics 
and consumer characteristics when selecting 
keywords that represent respective fields. 
Therefore, more detailed efforts to reflect their 
representativeness will be necessary in the future 
researches.  
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