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Abstract 
 
Consumers often learn from others through a social 

learning process (e.g. electronic word of mouth) before 
making decisions. From the e-business perspective, 
online reviews have changed how people select products 
and services, and no doubt it is the same in the e-health 
sector. In this study, we examine online reviews of 
patients and health consumers for their doctors in an 
online health consultation platform in China. We 
combine machine learning and qualitative techniques to 
derive the themes of online reviews and the factors 
leading to positive and negative reviews. Our analysis 
demonstrates that service levels of hospitals, doctors’ 
communication skills and their professional skills 
influence the sentiment of reviews. Our findings offer 
important insights into theories and practice for 
studying online reviews in the healthcare context. 
 
1. Introduction  
 

Information sharing has been an important area of 
Information Systems (IS) research for nearly two 
decades [1, 26, 37, 39]. Individuals observe the referrals 
and shared information (e.g. product reviews) from 
others before they make decisions. Consistent with this 
strong focus on information cascades in industry, 
research has shown repeated evidence that users tend to 
mimic other’s choices. To this end, a sizable body of 
research in IS have emerged over the last decade, 
attempting to identify and examine which type of 
information sharing is more influential in shaping 
subsequent user decisions and choices in an online 
community [16, 25, 32, 55]. 

Given the increasing proliferation of the Internet, 
individuals from diverse organizational, national, and 
cultural backgrounds can easily exchange information 
with others in an online community [39, 49, 57]. Trusov, 
Bucklin and Pauwels [53] have reported that user-
generated content on social media is seen as a reliable 
and valuable asset that has a significant influence on 
decision-making. Some researchers have associated 
these behaviors with electronic word of mouth (eWOM) 

and explained it from a motivational perspective with an 
emphasis on perceived benefits and costs [10, 15, 23]. 

Due to recent technological development, online 
health communities (OHCs) have become a popular 
option in China for addressing health needs. Health 
service consumers, which includes patients and other 
potential users accessing healthcare services [38], are 
able to use OHCs to consult with doctors and interact 
with other consumers. Many OHCs also allow users to 
rate their doctors and submit reviews. Online reviews on 
OHCs are a new type of eWOM [34]. It is different from 
other types of online communities because the 
communication and the knowledge sharing on OHCs 
require specific context and knowledge about specific 
medical conditions to interpret other’s opinions [30]. In 
addition, research has shown that patients and 
consumers have complicated needs [42, 45]. These 
distinctions can make OHCs a different environment in 
terms of information sharing. To understand consumer 
behavior specifically in OHCs, we formulate our first 
research question as follows: 

R1: Who health service consumers are the primary 
content creators in OHCs? 

The extant literature has largely focused on eWOM, 
however, there are fewer studies investigating the 
behavior related to negative information in the OHCs 
context. Given the differences in OHCs and the 
consequences of negative treatment outcomes, 
individuals may act differently when they read negative 
reviews in OHCs. Therefore, the underlying mechanism 
of negative OHC reviews may be different from the 
current knowledge of information sharing and eWOM. 
This remains a research gap that needs further 
investigation. In this study, we classify reviews into two 
types, i.e. positive and negative reviews, in order to 
explore our second research question:  

R2: Which health service factors are associated with 
positive/negative reviews in OHCs? 

We collected 11,264 online reviews from the Good 
Doctor Online website (haodf.com), one of the largest 
OHC in China. These reviews were inputted into a topic 
modeling algorithm, which is a type of machine learning 
techniques for clustering data into several groups of 
relevant topics. Then, we used thematic analysis to 
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derive themes from the reviews and applied grounded 
theory methodology to inform our model. 

Our findings show that not only patients but also a 
wide variety of health consumers, such as family 
members, review their doctors in OHCs. As informed 
by our analysis, service levels of hospitals, doctors’ 
communication skills and their professional skills can 
lead to positive reviews, whereas only communication 
skills and professional skills can lead to negative 
reviews. The main contributions of this study include a 
better understanding of the information sharing 
behaviors in OHCs from a content creator perspective 
and the themes emerged from OHC reviews. More 
specifically, we have (1) identified who are the main 
content creators of ratings and comments in OHCs, and 
(2) determined which health service factors are 
commonly associated with positive and negative 
reviews in OHCs. We investigated users’ main concerns 
with clinical practice in OHC and developed a 
theoretical model that captures the factors and the 
intermediate sentiments. 
 
2. Related Work 
 

In this section, we present the heterogeneous 
literature supporting this study. In addition to presenting 
recent work about online reviews and OHCs, we give a 
brief overview of topic modeling and explain how it is 
applicable to the current study. 
 
2.1. Online Review 
  

Online reviewing is a form of interpersonal 
communication among users concerning their personal 
experience about products or services in the online 
context [52]. There are two types of online reviews 
according to their emotional directions: positive reviews 
and negative reviews. Positive reviews share 
consumers’ satisfactory experience towards products or 
services, whereas negative reviews express the 
dissatisfactory experience in an online context. The 
relationship between online reviews and user 
satisfaction is well explored in e-business literature [11, 
46, 47]. The volume of online reviews is found 
significantly affecting users’ decision marking [2]. In 
the domain of the movie industry, Lee, Hosanagar and 
Tan [32] have documented a more robust conformity 
phenomenon in friend relationships. That is, relative to 
prior ratings by strangers, friends’ ratings always induce 
herding regardless of the popularity of the movie itself. 
Most recently, with a quasi-experimental design, Wang, 
Zhang and Hann [56] showed that rating similarity 
between friends was significantly higher after the friend 
relationship was established, indicating that users’ 

previous ratings could exert social influence on their 
friends even beyond the taste similarity among them 
(i.e. the homophily effect). As a result of the knowledge 
capital possessed by opinion leaders, Iyengar, Van den 
Bulte and Valente [25] have found that the better 
connected adopters (i.e. opinion leaders) exert more 
influence on new product diffusion than do less 
connected ones even after controlling for marketing 
effort and arbitrary system wide changes. Similarly, van 
Eck, Jager and Leeflang [17] have demonstrated that 
opinion leaders are less susceptible to norms and more 
innovative, which subsequently facilitate the adoption 
process of new products. In the context of the choices of 
physician’s prescriptions, Nair, Manchanda and Bhatia 
[14] suggest that physician’s prescription behavior is 
significantly influenced by leading specialists. The 
above work clearly shows that the reviews and the 
behavior of other people can affect decision-making, 
including health-related decisions. 
 
2.2. Online Health Communities 
  

In the current study, we focus on the online reviews 
(more specifically, positive and negative reviews) 
obtained from OHC platforms. Researchers have found 
that people using OHCs consider creditability as an 
important issue and wish to get reliable advice from 
OHCs [30, 33, 43]. Previous literature takes a 
motivational perspective with an emphasis on perceived 
benefits and perceived costs to discuss information 
sharing to online communities [9, 18] and OHCs [59]. 
Similar to the reviews of other products, patients share 
their experience in OHCs and such shared information 
is influential in other people in the community [8, 61]. 
Recent work also has investigated OHC reviews and 
found that patients care about the qualities of clinicians 
[35], treatment effects [21], attitudes [21, 34], and 
technical skills [21, 22, 34]. Additionally, doctors’ 
ratings in OHCs are important for them to gain establish 
reputation [12] and improve their services [60]. While 
this series of research has studied OHCs, little has a 
focus on the classification of reviews and the factors 
demonstrated in different classifications. This is a gap 
that we would like to address in this study. 
 
2.3. Topic Modeling Analysis in IS 
  

Topic modeling refers to a set of unsupervised 
machine learning algorithms for identifying topics (also 
known as thematic structures) in unstructured text [5]. 
With the unsupervised property, researchers do not need 
to define topics in advance to use topic modeling. As a 
branch of text mining techniques, topic modeling has 
diverse applications in health research, and has recently 
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been used in IS studies [31]. Examples include 
categorizing themes of the comments of social media 
users [4, 27] and analyzing policy documents [19]. 
Recent work in Healthcare IS uses topic modeling to 
extract concepts from electronic health records [3, 41], 
and analyze online reviews and user comments [21, 22]. 

Among all topic modeling algorithms, Latent 
Dirichlet Allocation (LDA) is a probabilistic model 
from topic modeling [6] used by many researchers. 
Literature has suggested that LDA is an effective model 
for discovering topics [24]. As such, we adopt topic 
modeling for a first-pass analysis in this work to identify 
topics. This not only allows for analyzing a large 
quantity of data but has the potential to identify topics 
that we would not have noticed with manual inspection. 
 
3. Research Design  
 

In this section, we detail our data collection, data 
processing steps and how we apply machine learning 
and qualitative techniques to analyze the data. 
 
3.1. Data Collection  
 

We collected data from Good Doctor Online 
(haodf.com), one of the most popular OHC platform in 
China. To get this access to this data, we have 
collaborated with the web administrators of this OHC 
platform who have agreed to share the data in return for 
providing insights about the sentiment of the positive 
and negative reviews. Furthermore, we have received 
ethics clearance from our respective universities before 
proceeding to the data collection.  

According to a report from Alexa.com, Good Doctor 
Online had a traffic rank of 916 in China as of February 
2019. The daily number of visitors was over 3 million 
and the daily number of online consultations was 
approximately 300,000. More than 580,000 doctors 
from 9,379 registered hospitals in China enrolled in this 
website as of Dec 2018. Over 200,000 among these 
doctors further provided telehealth consultation service 
via the online platform. Each doctor can create a 
personal profile on Good Doctor Online. On the 
personal profile, most doctors disclose their information 
and working experience. Figure 1 shows an example of 
a doctor’s online profile. 

In addition to these personal statements, doctors can 
receive feedback from the users on this platform. They 
can provide ratings as well as text-based reviews to 
doctors after consultation. Figure 2 illustrates a doctor’s 
ratings and comments received in Good Doctor Online. 

We sampled the doctors who had registered in 
Jiangsu Province from the website. For each doctor in 
the sample, we collected their profile information and 

their online reviews. As listed on the website, there were 
four self-reported levels of satisfaction associated with 
the reviews (i.e. unsatisfactory, normal, satisfactory and 
very satisfactory). These values were used as our basis 
to differentiate positive and negative reviews. To ensure 
that the sample included both positive and negative 
reviews, we randomly selected reviews from all 
satisfaction levels. The resulting sample consisted of 
11,264 online reviews. 

 

 
Figure 1. The illustration of a doctor’s profile 

 

 
Figure 2. The screenshot of a patient’s review 

 
3.2. Data Processing 
 

Reviews needed to be pre-processed and cleansed 
before analysis. We extracted the text content from the 
reviews and used Jieba (version 0.39) which is a popular 
Chinese tokenization library to segment the content into 
words. Stopwords, referring to meaningless and 
contentless words, were removed as common practice 
for processing data in recent IS research [14, 36]. 
Additionally, doctors’ names, titles and positions were 
removed because such information was not useful for 
deriving the actual topics of the reviews but introducing 
noise in our analysis. Finally, reviews with duplicated 
content were removed. This left us with 10,870 reviews 
for subsequent analysis. 
 
3.3. Topic Modeling and Qualitative Analysis 
 

The processed data was inputted to the LDA topic 
modeling algorithm for further analysis. The algorithm 
acted as the preliminary screening tool for us to process 
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a large scale of data. We used a commonly used machine 
learning implementation in Python called scikit-learn 
(version 0.20.3) [48] in this study. LDA requires 
researchers to specify how many topics the algorithm 
should return and deciding this number is still an open 
problem. Other IS research use an experimental 
approach to determine this number by testing different 
parameters and then choose the number that is most 
meaningful to the researchers [29, 36]. Both authors 
agreed that 6 topics could produce the best output after 
testing topic numbers ranging from 5 to 20. 

Previous literature suggested that human 
intervention could further improve the interpretation of 
the topics returned by the LDA algorithm. The raw topic 
modeling output contains only a list of keywords 
associated with each topic. Oftentimes this information 
may not be enough for researchers to understand the 
topic. In line with other similar research [14, 29], we 
manually assign a label for each topic to briefly describe 
the meaning of that topic, by reading 20 reviews within 
that topic. This labeling step enriches the results and is 
crucial for successive data analysis. 

In addition to machine learning, we employed a 
qualitative methodology to analyze the data. Following 
the IS guidelines of formulating theories from empirical 
data [54, 58], we used the grounded theory methodology 
[50] to create our model. The topic modeling results 
served as the basis of the initial version of the model. 
Then, we selected 20 reviews from each topic and 
applied thematic analysis [7] to derive high-level 
themes, which were used to update the model. This 
process was performed iteratively until no further 
updates could be made to the model (i.e. reached 
saturation) [51]. The model formulation process was 
reviewed by another researcher and both authors have 
agreed on the final version of the model. 
 
4. Results  
 

In this section, we present the results of our topic 
modeling analysis grouped by each satisfactory level, 
i.e. unsatisfactory, normal, satisfactory and very 
satisfactory respectively. Table 1 lists the number of 
reviews included in each satisfaction level. 

 
Table 1. The numbers of reviews at different 

satisfaction level 
Level Count Percentage 
Unsatisfactory Reviews 839 8% 
Normal Reviews 320 3% 
Satisfactory Reviews 4,108 38% 
Very Satisfactory Reviews 5,603 52% 
Total 10,870 100% 

 

4.1. Unsatisfactory Reviews 
 

Table 2 lists the topics identified in the 
unsatisfactory reviews. The areas covered by these 
topics include the problems and the unsatisfactory 
outcomes of treatments (U1, U2), the low skill level of 
doctors (U3), and the ineffective communication among 
patients, families and doctors (U4, U5, U6). People 
commonly reported that doctors had a hostile attitude 
towards patients and their families. In addition, there is 
a topic (U2) that clustered comments about children, 
which shows people’s consistent concerns in regard to 
pediatricians. As shown in the table, the overall tone of 
these topics was relatively negative. 

 
Table 2. Topics of unsatisfactory reviews 

ID Label Count 
U1 Unsatisfactory outcomes after 

operations/treatments 
228 

U2 Inaccurate diagnoses and incorrect 
treatments related to children 

126 

U3 Doctors with insufficient skill level 28 
U4 Not respecting patients 21 
U5 Bad communication with patients 237 
U6 Bad attitude to families  199 

 
Below list some representative quotes in this type of 

reviews. These selected reviews were translated from 
Chinese to English by a bilingual researcher for the 
purpose of giving examples, and the topics and record 
identifiers were given at the end of each quote. 
• My mother died the next day after surgery, and I 

can't accept this until now. If the pre-operation 
evaluation could be more cautious, and if there was 
no major bleeding during the operation, my mother 
might be able to recover. - Topic U1, Record 816 

• ... My baby was 8-month old, vomiting, and 
prescribed oral rehydration salts. ... I got home and 
found that the instructions read “generally not for 
premature babies" and my baby was a premature 
one. The doctor did not ask and prescribed this 
medicine… - Topic U2, Record 339 

• I did not like her. (The doctor) did not respect 
reasonable requests from patients, and ignore (the 
requests) directly - Topic U4, Record 669 

• His attitude toward patients was very bad. My baby 
was 8-month old. He was very fierce and said “stop 
crying”. He casually asked about the condition and 
prescribed. Very impatient and not allowing to ask 
more questions.  - Topic U6, Record 298 

 
4.2. Normal Reviews 
 

Table 3 shows the topics of the reviews at the normal 
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level. Unlike unsatisfactory reviews, this category of 
reviews included positive, neutral and negative topics. 
Consumers reported good service and attitude (N2, N3, 
N4), but sometimes the treatment did not work as 
expected (N3, N5). We could still observe some reviews 
complaining about treatment issues, as well as the 
impatience and the unfriendliness of doctors (N1, N6). 
Again, like unsatisfactory reviews, there is one specific 
topic (N4) in which the patients were children. 

 
Table 3. Topics of normal reviews 

ID Label Count 
N1 Incorrect treatment plan 95 
N2 Doctors’ patience and carefulness 26 
N3 Good service but no improvement in 

health 
10 

N4 Good service and communication 
(related to children) 

63 

N5 Treatment with no effect and having 
a relapse 

75 

N6 Impatient and unfriendly 51 
 
The following are the quotations for the topics in this 

group of reviews. 
• Passionate in explaining and helping patients to 

analyze (their conditions). Reminded them to pay 
attention to lifestyle and medications... - Topic N2, 
Record 150 

• It is impressive that the (doctor’s) attitude was very 
good. Maybe I was not lucky enough, still no 
improvement (in my condition). - Topic N3, Record 
127 

• My child is 4-year-old and has an allergy to mites. 
No improvement so far, but I will continue to use 
the medicine… - Topic N4, Record 177 

• The prescription might not be right. There was no 
effect after medication. However Dr. Zhu was very 
responsible and had a good attitude… - Topic N5, 
Record 125 

• Online reviews were not trustworthy. Reviews said 
(the doctor) was patient and had a good attitude. 
There were no such things. I went to (the doctor) 
and waited for 8 hours, but (the doctor) sent us 
away after saying almost ten sentences. - Topic N6, 
Record 39 

 
4.3. Satisfactory Reviews 
 

Table 4 shows the topics of satisfactory reviews. 
Positive topics emerged from this group of reviews, for 
example, good services (S1), patience (S2) and 
improved health conditions (S3). Topic S5 contained 
reviews suggesting that the doctors had a high level of 

skills. In addition, consumers started to express their 
gratitude to clinicians (S4) at this satisfactory level. 

 
Table 4. Topics of satisfactory reviews 

ID Label Count 
S1 Good attitude and service 693  
S2 Good communication, patience and 

carefulness 
776  

S3 Condition improved 646  
S4 Appreciation (for treating children) 591  
S5 High level of skills 1,117  
S6 In the progress of treatment (result 

unknown yet) 
285  

 
The following quotes were selected from the group 

of satisfactory reviews. 
• (The doctor was) friendly and gentle. (The doctor) 

patiently listened to the patient's requests and 
promptly responded to their enquiries. - Topic S2, 
Record 1680 

• Director Wang was responsible and analyzed the 
conditions carefully and meticulously. The 
condition improved significantly after treatment. - 
Topic S3, Record 1847 

• I sincerely thank the doctor for the meticulous 
treatment for my family. Here express my gratitude 
again. - Topic S4, Record 312 

• After three times of Chinese medicine treatments, I 
haven’t improved much yet. I will follow the 
doctor’s advice and insist on taking the medicine 
and hoping to achieve the desired results. - Topic 6, 
Record 448 

 
4.4. Very Satisfactory Reviews 
 

Table 5 displays the analysis of very satisfactory 
reviews. The topics in this category consisted of the 
outcomes of treatments (V1, V3), the knowledge skills 
of doctors (V5), their attitudes (V2, V6), as well as the 
communication with clinicians (V4). We observed that 
two topics were particularly related to the experience 
with kids and babies. The sentiment of these topics was 
overwhelmingly positive. 

 
Table 5. Topic labels of very satisfactory 

reviews 
ID Label Count 
V1 Improvement in children’s 

conditions 
985  

V2 Patient and professional (for treating 
babies) 

739  

V3 Positive outcomes after operations; 
showing appreciation 

1,001  
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V4 Good caring and good explanation 1,515  
V5 High level of skills 973  
V6 Friendliness, encouraging and taking 

up responsibilities 
390  

 
The following quotes were selected from the group 

of very satisfactory reviews. 
• The doctor's attitude was very good and the 

opinions were pertinent. The child's condition had 
improved! - Topic V1, Record 364 

• Dr. Cui was the most patient doctor I had ever seen. 
My baby was crying when seeing the doctor. Dr. 
Cui stayed patiently until the crying stopped before 
starting the consultation. - Topic V2, Record 5343 

• Excellent medical skills, meticulous patience, 
detailed explanation, sincere and friendly. (The 
doctor) is a role model... - Topic V4, Record 5502 

• Excellent medical skills and enthusiastic. First-
class service and treating patients like their loved 
ones... - Topic V5, Record 3781 

• Thanks to Director He. He was gentle and 
responsible for patients. He often encouraged us. 
Thank you. - Topic V6, Record 845 

 
5. Discussion  
 

In this section, we firstly highlight the participation 
from different types of health consumers, followed by 
the explanation of the themes. Finally, we propose a 
model with both positive and negative reviews. 
 
5.1. Reviewers Are Not Just Patients 
 

It has been observed that not only patients comment 
on doctors but also their parents and families. In line 
with other research, we refer these non-patients as health 
consumers, which means the potential users of the 
healthcare system [38]. The results reassure our 
proposition that OHCs are used by the full spectrum of 
consumers, rather than patients only. In addition, our 
findings are consistent with previous literature that 
people acts on behalf of their loved ones and friends in 
addition to themselves in the health context [42, 44]. As 
such, OHC websites are knowledge exchange and 
information sharing platforms for a diverse group of 
users, therefore we propose that researchers have to 
aware the existence of non-patient health consumers, 
and design their studies accordingly, when review data 
are sought from OHCs. Also, OHC system designers 
and facilitators have to be aware of the potential use by 
both patients and consumers. 

We argue that the clinical consultations experienced 
by family members (e.g. children), who often are not the 
patients themselves, are the key topics for which health 

service consumers write online reviews. This is 
demonstrated by the fact that a number of topics (e.g. 
U2, U6, N4, S4 and V2) are explicitly linked to 
keywords such as “babies”, “children”, “family”. In 
these cases, the review content reflects the sentiment 
and opinions of such users, instead of the ones directly 
from patients. This finding is similar to the one of Hao 
and Zhang [21]. From the knowledge sharing 
perspective, such non-patient reviews do not truly 
reflect the feelings and thoughts about the consultations 
and treatments, but these reviews affect how other 
patients and consumers select healthcare services and 
their decision-making. 
 
5.2. Themes of Doctors’ Reviews 
 

Table 6 gives an overview of themes and the topics 
associated with each of these themes. In the following 
paragraphs, we further elaborate on these themes and 
categories. 

 
Table 6. Themes identified in all topics 

Theme No. of 
Topics 

Related 
Topic IDs 

Hospital Level 
Administrative Service 3 S1, N3, N4 
Communication Skills 
Communication 4  S2, V4, N4, 

N5 
Attitude, e.g. patience 
and friendliness 

8  S1, S2, V2, 
V6, N2, N6, 
U4, U6 

Professional Skills 
Health Outcome, e.g. 
changes in conditions  

6  S3, V1, V3, 
N3, N5, U1 

Skill Set 3  S5, V5, U3 
Treatment, e.g. medicine 
and operations 

6  S6, V3, N1, 
N5, U1, U2 

 
Based on the topics derived from our data, we have 

summarized these topics into six themes that can 
represent the overall picture of the online reviews. These 
six themes were grouped into three categories, which 
represent the experience of patients and consumers in 
different areas, such as the service from the hospitals, 
doctors’ communication skills and their professional 
capabilities. These findings respond to our first research 
question R1. 
 
5.2.1 Hospital Level. This category includes a theme 
related to hospitals or healthcare providers. 
Administrative Service is the theme that covers many 
aspects of the administrative operations in hospitals, for 
example, registration, dispensary, waiting time, 

Page 710



 

 

admission and administrative procedures. The quality of 
these services was mentioned in the results and the 
results show that it impacts how consumers write 
reviews. While we derive this theme from our data, it is 
also in agreement with the “logistics” factor defined in 
another research [22]. 
 
5.2.2 Communication Skills. This group captures the 
themes of reviews about the communication among 
doctors, patients and consumers. The quality of 
communication contributes to the doctor-patient 
relationship, which is crucial and important in modern 
medicine [28, 60]. This relationship, no matter it is good 
or bad, has an impact on the health outcomes and 
therefore is reflected in the online reviews of doctors. 

Two themes are included in this category: 
Communication and Attitude. Communication denotes 
whether the doctors convey, explain and elaborate the 
message clearly to patients and consumers. Doctors’ 
skills of human communication play an important role 
in this perspective. Attitude refers to the doctors’ attitude 
or posture towards patients and consumers. Some 
examples include patience, friendliness and fierce. Both 
themes had a high level of presence in our results. 
 
5.2.3 Professional Skills. The category is comprised of 
three themes that are relevant to doctors’ professional 
performance and the technical skills for diagnosing and 
treating patients: Health Outcome, Skill Set and 
Treatment. 

Health Outcome indicates if the health condition has 
changed after the treatment, regardless of a positive or 
negative outcome. This is a common theme emerged 
from the data and is analogous to “technical quality” in 
[35]. As seen in the results, both positive and negative 
health outcomes after seeing a doctor attract reviews in 
either sentiment. Also illustrated in the content, 
reviewers hope the sharing of their health outcomes can 
help with other people with similar health conditions, 
and this information in fact is a type of eWOM that 
affects the decision of future health consumers. It 

suggests that health outcome is the main driver of 
consumers posting online reviews in regard to their 
experience of seeing a doctor. 

Skill Set is another theme appearing frequently in the 
reviews. By examining our dataset, we have found that 
it actually refers to different meanings, such as the 
quality of examination, the accuracy of diagnoses, the 
knowledge level of doctors, and the skills of carrying 
out operations. These are subjective perceptions based 
on the experience. We consider that Skill Set play an 
important part in the reviews, due to its frequent 
occurrence in the reviews. 

Treatment is the last theme in this category. Our 
results have shown that doctors’ reviews in fact reflect 
the complexity of the treatment, ranging from 
medication, injection, to surgery. A high number of 
reviews describe the experience of and after operations, 
which implies the increase in treatment complexity may 
lead to the writing of reviews. 
 
5.3. Proposed Model 
 

Based on the themes and qualitative analysis in our 
study, we propose the following model to describe the 
factors that lead to positive and negative reviews on 
OHC platforms (Figure 3a and 3b).  

The initiators in our proposed model include the 
three categories of the six themes defined in Section 5.2. 
When patients and/or consumers encounter certain 
experience in their online consultation process, such 
experience turns into an intermediate sentiment, and 
finally trigger either positive or negative reviews. This 
model answers our second research question R2. 
 
5.3.1 Positive Reviews. A positive experience of all 
factors in the model results in positive online reviews, 
but with a different intermediate sentiment. Good 
service at the hospital level and good communication 
skills lead to the consumers’ satisfaction, which drives 
positive reviewing. According to our observations, 
merely good service or communication is not enough for 

 
 

Figure 3a. Proposed model of positive OHC 
reviews 

Figure 3b. Proposed model of negative OHC 
reviews 
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people feeling grateful to their doctors, and therefore 
they do not lead to the status of appreciation.  

When consumers are satisfied with the factors at the 
professional levels, for example, their health conditions 
become better or the treatment is successful, they feel 
appreciated and express their appreciation with positive 
reviews. We believe that appreciation is unique in the 
healthcare context and is rarely found in the reviews of 
other products. Although previous work points out that 
appreciation may be related to the Chinese culture [20, 
22], we believe it shows that healthcare is not only a 
service, but also incorporating humanity, caring and  
compassion.  

Our findings can be further explained with the 
Expectation Confirmation Theory (ECT) [40]. That is, 
as online reviews establish the initial expectations, 
health service consumers can relatively easily compare 
hospital’s service, their doctor’s communication skills 
and their treatment to the expectations. Hence, it is 
likely that they will be able to confirm their initial 
expectations and lead to satisfaction sentiments. 

 
5.3.2 Negative Reviews. In our model, only the 

factors about communication and professional skills 
prompt negative reviews. For instance, factors like a 
doctor’s arrogant attitude, an unsatisfactory treatment 
plan, or inadequate skill sets for a patient’s health issues 
will result in dissatisfaction, which turns into negative 
reviews eventually. A recent study suggests that doctors 
with unprofessional behavior are more likely to create 
medical errors and complications after surgery [13]. We 
can imagine that such cases are very dissatisfactory and 
therefore consumers will let other people know about 
these issues using online negative reviews. 

However, a negative experience in the services 
provided at the hospital level does not motivate 
dissatisfaction or negative reviews. For example, for a 
patient who waits for a long time for administrative 
paperwork, such a factor will not cause them to write 
negative reviews, unless there are other categories of 
factors involved. Our findings suggest that the factor of 
hospital services has a lower level of negative impact 
compared with other factors.  

ECT can explain these associations. That is, for 
health service consumers, it is relatively hard to develop 
accurate initial expectations about and exactly measure 
the performance of their doctor’s skill set and attitude as 
they are context specific. In this case, it is likely that 
consumers will disconfirm their initial expectations 
which then leads to dissatisfaction. 
 
5.4. Limitations and Future Research 
 

We acknowledge some limitations of this research. 
First, our dataset includes only one city in China and 

may not represent the patterns of the use of OHC in the 
entire nation. An analysis of datasets retrieved from 
multiple locations would be beneficial to address this 
issue. Future research should also test our model for 
other parts of the world, which have different cultural 
backgrounds and healthcare systems. Second, our study 
is based on the self-reported satisfaction levels of the 
review authors, and this may not reflect the sentiment of 
the content in some cases. Future studies may attempt to 
access objective data on satisfaction, such as the 
ongoing use of an OHC portal. Third, there might be 
significant differences between different diseases or 
health issues. For example, reviews related to serious 
illnesses, such as cancer, may be very different in nature 
from other health problems. Finally, the distribution of 
positive and negative reviews is skewed because Good 
Doctor Online has far more positive reviews than the 
negative ones. Future studies will need to account for 
the imbalance among types of reviews. 
 
6. Conclusion 
 

We present an analysis of the review content on a 
Chinese OHC platform in this paper. Using a mix of 
machine learning and qualitative analysis techniques, 
we have illustrated the topics and the themes derived 
from these reviews and propose a model for describing 
the factors motivating positive and negative reviews in 
the healthcare context. This work can be seen as an 
exploration of the conceptualization of information 
sharing using OHC reviews with different sentiments. 
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