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Abstract— In recent years, social networks have become one of the most influential developments in our lives. In this 

paper, we investigate trust relationships and information passing in online social networks that focus on health. Our 

results are based on a social network called doktorsitesi.com which is the one of the largest online social networks in 

Turkey about healthcare that is managed by professionals. We show that there is a connection among patients in terms 

of information passing in doktorlarsitesi.com and quantify this information passing. Our findings implicate that 

healthcare interactions are embedded in social networks, and the results on the existence of information passing on 

other types of e-commerce social networks also apply to healthcare social networks. 
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1. INTRODUCTION  

The emergence of online social networks (OSNs) in the 

last years has led to a huge increase in the volume of 

information about individuals, their activities, connections 

amongst individuals or groups, and their opinions [1]. As 

a result, investors started to create online social networks 

for specialized purposes according to their needs. One of 

these specialized areas that use online social network 

structures is healthcare. Social networks hold 

considerable potential value for healthcare organizations 

because they can be used to reach stakeholders, aggregate 

information and leverage collaboration. According to a 

study 55% of surveyed Americans gets information about 

a therapy or condition online [2]. Hence, social networks 

have become an important topic of scientific research in 

social behavior on various domains including healthcare 

such as determining large outbreaks of infectious 

diseases, disability, accidents, and understanding how 

people react to crisis situations [3]. 

The fundamental process we focus on in this study is 

information passing which investigates the flow of social 

influence in commerce networks [4]. We analyze how 

information passing influences healthcare social networks 

in various cases such as: a patient asks a question to a 

doctor, the doctor answers the patient, then the patient 

sends a message to a friend, what is the likelihood that the 

friend will then ask a question to the same doctor? 

We obtained a healthcare social network dataset from 

doktorlarsitesi.com to conduct our research which is one 

of the largest healthcare networks in Turkey. The network 

connects doctors and patients and provides a platform for 

searching for information, sharing information and 

messaging among its users. 

In our study, we analyze activities of 25,512 unique 

patients from doktorsitesi.com. We quantify information 

passing in doktorlarsitesi.com using triadic closure 

processes. We show that there is a connection among 

patients in terms of information passing. 

In addition to the existence of information passing we 

also investigated the relationship between the factors: 

communication strength and time difference, and 

information passing. Our results show that the stronger 

the communication between the two patients, the more 

likely that information passing will occur.  In terms of the 

time difference it is expected that the larger the time 

difference between the interaction with the doctor and the 

message between patients, the lower the influence of the 

message on the interaction of the patient (who is on the 

receiver end of the message) with the doctor. Our results 

show that the probability of information passing success 

generally decreases with time. 

Our findings implicate that healthcare interactions and 

transactions are embedded in social networks, and that 

patients’ social connections affect the doctors they choose 

to interact with. 

Understanding the use of social networks on purchasing 

behavior is a fundamental e-commerce research topic 

[5][6]. However, the research on the use of social 

networks on healthcare interactions is limited. Our work 

quantifies the different aspects of the relationship between 

social networks and healthcare connections. 
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Remainder of this paper is organized as follows. In 

Section 2, the related work from the literature for the 

technical presentation is presented. In Section 3, the case 

study on doktorlarsitesi.com is explained. In Section 4, 

the analysis and the results of the paper are explained, and 

finally the paper is concluded in Section 5.  

2. RELATED WORK  

The relationship between social networks and consumer 

behavior is a popular research topic in e-commerce, 

however the focus is mostly on product recommendation 

[7][8][9][11][12][13]. About this relationship, it is argued 

that economic transactions are embedded in social 

networks [10] and that the social graph is the most 

important feature in predicting consumer choice [4]. Our 

results are also parallel to this argument.  

Information passing was first introduced for online 

shopping. A work on information passing and triadic 

closure [14][15][16][17] was on analyzing Taobao, a 

Chinese online shopping site that is one of the world’s 

largest e-commerce networks [4]. The study, which was 

built upon works by [18] and [19], focused on the 

relationship between transactions and connections 

between the users. The presence of information passing is 

quantified by exploring triads and the directed closure 

process. The work also analyzed trust and as a result, 

price of trust [20][21][22][23] was defined as the extra 

amount a buyer is willing to pay for transaction with a 

highly rated seller. One of the results obtained was that 

higher rated sellers were able to sell their products with 

higher prices because sellers think that highly rated sellers 

may provide better services, such as replying to messages 

from customers in a timely fashion, or shipping products 

more frequently. In other words, buyers were willing to 

pay more to highly rated sellers to minimize transaction 

risk, thus sellers who maintained good reputations were 

financially rewarded. 

Al-Oufi et al. defined trust in online social network 

environment as follows: “Trust in a person is a 

commitment to an action based on a belief that the future 

actions of that person will lead to a good outcome” [24]. 

In addition, they adduced that trust in online social 

networks has three primary characteristics: transitivity, 

asymmetry, and personalization. 

Additionally, in [25], the focus is moved toward time-

aware trust prediction in evolving online trust networks. 

In this work the impact of considering the temporary 

progress of trust networks was examined explicitly in 

trust prediction tasks by using a supervised learning 

method.  

Finally, [26] looks particularly at assigning trust in web-

based social networks and investigates how trust in 

information can be mined and incorporated into 

applications. 

We primarily focus on information passing in this study. 

However a trust model can also be built on top of this 

work based on information passing and interactions 

between the users of our domain 

3. CASE STUDY: doktorlarsitesi.com  

In this paper, we analyze a domain called 

doktorsitesi.com, which is the largest online social 

network about health in Turkey. The purpose of this Web 

site is to create and maintain interactions between patients 

and doctors. In this site, patients can freely ask questions 

to the doctors and get answers from them. They can also 

get in touch with the doctors. In addition to these, patients 

can check the articles or the videos of the doctors, share 

them online, and can send messages to each other.  

Online social networks have two primary components, 

which are nodes that represent the users and edges that 

represent the relationships. In our case nodes represent the 

patients and the doctors, edges represent the relationships 

that we can divide to three groups each having its own 

characteristics: Patient to Patient, Doctor to Doctor, 

Patient to Doctor. 

The dataset we used for our analysis includes 25,512 

unique users who send question(s) to the doctor(s). The 

statistics of the dataset are given in Table 1. 

Table 1. Dataset Statistics  

Entity/Relationship Cardinality 

Patients 25,512 

Messages 7997 

Doctors 2494 

Questions 60,690 

Answers 46,222 

Follow actions 3632 

Thank actions 6287 

In this work, our aim is to investigate the information 

passing and trust relationships among the nodes in our 

network. More formally, if patient P1 asks question to 

doctor D1 and then send message to another patient P2, 

will patient P2 then ask question to doctor D1 as well?  

In terms of data analysis, we primarily focus on the 

method used for TaoBao [4] network. Our aim is to 

investigate the information passing and trust relationships 

among the nodes in our network. In TaoBao network, the 

nodes can be buyers and sellers where buyers can share 

comments about the sellers, and send messages to other 

buyers. We used the method described in [4] to analyze 

information passing and trust among patients in our case. 

Our main hypothesis is that the probability of a patient 

asking a question to a doctor has a relationship with 

information passing. In addition to the existence of 

information passing we also investigate the relationship 

between the factors: communication strength and time 
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difference, and information passing. It can be 

hypothesized that the stronger the communication 

between the two patients, the more likely that information 

passing will occur. In terms of the time difference it is 

expected that the larger the time difference between the 

interaction with the doctor and the message from P1 to P2, 

the lower the influence of the message on the interaction 

of P2 with the doctor. 

We conduct our research on 4 steps. Each step is designed 

in terms of the different actions that can take place 

between the patients and the doctors to understand and 

investigate the information passing between the patients. 

We calculate the information passing success rate among 

patients for each step. Additionally, we calculate the 

number of exchanged messages among patients and the 

time difference between these messages in each step. The 

steps we defined are as follows: 

 Step 1: Given that P1 first asked a question to D1 

and received a reply from D1, will P2 ask a 

question to D1? 

 Step 2: Given that D1 is followed by P1, P1 asked 

a question to D1 and received a reply from D1, 

will P2 ask a question to D1? 

 Step 3: Given that P1 asked a question to D1, 

received a reply from D1 and thanked to D1, will 

P2 ask a question to D1? 

 Step 4: Given that D1 is followed by P1, P1 asked 

a question to D1, received a reply from D1, and 

thanked to D1, will P2 ask a question to D1? 

In all our steps, we focused on the patients who received 

answers from the doctors. There are 7.489 unanswered 

questions in our dataset, and if the doctor did not reply a 

patient’s question, it means that the patient was not able 

to create a trust connection with another patient. 

Therefore, we skip the unanswered questions. 

For the questions we analyzed, we also used timestamps 

for the events except follow and thank events. For 

instance, for the question: “Given that P1 first asked a 

question to D1 and received a reply from D1, will P2 ask 

question to D1?” the timestamps we used are: 

 T0: P1 asked question to D1 

 T1: D1 answered the question 

 T2: P1 sent message to P2 

 T3: P2 asked question to D1 

where T0<T1<T2<T3.  

4. RESULTS 

In this section, we provide our results based on TaoBao 

[4] trust model. We provide the information passing 

success rate that is also called the triangle probability and 

details about the influences on information passing for our 

steps mentioned in the previous section. In terms of the 

variables that influence information passing we 

investigate communication strength and time difference. 

Step 1: The information passing success rate of our 

network for this step can be defined as Prob(E1|E2) where 

E1 is the number of patients P2 who ask a question to a 

doctor D1 at T3 , E2 is the number of patients P1 who ask a 

question to D1 at T0 and D1 answers P1 at T1 and P1 

messages to P2 at T2. Prob(E1|E2) for this step is 0.098.  

For this step, we also computed a base probability value 

for comparison. We used the probability of a patient 

asking a question to a doctor on the days that the patients 

in P2 role asked question as our base of comparison which 

turned as 0.0037. 

For our steps Figure 1, Figure3, Figure 5, and Figure 7 

show the relationship between the number of messages 

exchanged between the patients P1 and P2 and the triangle 

probability. Figure 2, Figure 4, Figure 6, and Figure 8 

give the relationship between the time difference between 

reply from the doctor and the initial message sent to P2 

and the triangle probability. 

Figure 1. Number of Messages vs. Triangle Probability 

for Step 1 

 
Figure 2. Time Difference vs. Triangle Probability for 

Step 1 

Step 2: The information passing success rate of our 

network for this step can be defined as Prob(E1|E2) where 

E1 is the number of patients P2 who ask a question to a 

doctor D1 at T3, E2 is the number of patients P1 who 

follow D1, P1 asks question to D1 at T0 and D1 answers P1 

at T1 and P1 messages P2 at T2. Prob(E1|E2) is 0.06.  
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Figure 3. Number of Messages vs. Triangle Probability 

for Step 2 

Figure 4. Time Difference vs. Triangle Probability for 

Step 2 

Step 3: The information passing success rate of our 

network for this step can be defined as Prob(E1|E2) where 

E1 is the number of patients P2 who ask a question to a 

doctor D1 at T3, E2 is the number of patients P1 who ask a 

question to D1 at T0 and D1 answers P1 at T1, P1 thanks to 

D1, and P1 messages P2 at T2. Prob(E1|E2) is 0.58.  

Figure 5. Number of Messages vs. Triangle Probability 

for Step 3 

Figure 6. Time Difference vs. Triangle Probability for 

Step 3 

Step 4: The information passing success rate of our 

network for this step can be defined as Prob(E1|E2) where 

E1 is the number of patients P2 who ask a question to a 

doctor D1 at T3, E2 is the number of patients P1 who 

follow D1, P1 asks question to D1 at T0 and D1 answers P1 

at T1, P1 thanks to D1, and P1 messages P2 at T2. 

Prob(E1|E2) calculated for this step is 0.02.  

Figure 7. Number of Messages vs. Triangle Probability 

for Step 4 

Figure 8. Time Difference vs. Triangle Probability for 

Step 4 
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Following our examination of the results we can argue 

that our dataset has parallel properties to the TaoBao 

dataset in terms of information passing. The information 

passing success rate we computed for our dataset in Step 

1 is 0.098 whereas it is 0.00203 for the TaoBao network.  

One reason for the difference in the rate can be the size 

difference between the two datasets where ours is much 

smaller than the TaoBao dataset which is also the most 

significant limitation of our work. Another reason can be 

related to the internal properties of the two networks such 

as their use. Since our network is used primarily for 

getting advice from professionals and the type of all the 

relationships are based on messages rather than trades and 

messages in the TaoBao case, this can also be a reason for 

the higher rate of information passing in our case. 

In terms of the relationship between the factors: 

communication strength and time difference, and 

information passing; it was hypothesized that the stronger 

the communication between the two patients, the more 

likely that information passing will occur. Our results are 

parallel to this expectation as it was also the case in [4].  

In terms of the time difference it was expected that the 

larger the time difference between the interaction with the 

doctor and the message from P1 to P2, the lower the 

influence of the message on the interaction of P2 with the 

doctor. Our results show that the probability of 

information passing success generally decreases with time 

as it was also the case in [4]. 

The probabilities we calculated provide us a better 

understanding of the influence of information passing in 

healthcare social networks. They also imply that 

healthcare interactions and transactions are embedded in 

dynamic social networks. Hence, our results can also be 

used to build more intelligent healthcare systems based on 

social networks. 

5. CONCLUSIONS AND FUTURE WORK 

Our work analyses the activities of 25,512 unique patients 

from doktorsitesi.com. Through the study of Taobao case 

and using the trust methodology of Taobao, we verified 

that there is a connection among patients in terms of 

information passing and trust. Our results show the 

existence of information passing in our network. In terms 

of the relationship between information passing and 

related parameters, namely communication strength and 

time difference we also show that our results conform to 

the expectations as the Taobao network. 

We hope our study will motivate the future research into 

online social networks on health. Future areas of related 

study include: analyzing the trust relationships in 

doktorsitesi.com among doctors and the success of 

information passing from the doctors’ perspective, 

analyzing the relationship between the information 

passing success rate and strength of the relationship 

among doctors, and investigating the trust relationship in 

the online social networks supported by professionals and 

non-professionals. 
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