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Abstract - Key opinion leaders are widely used in marketing and guiding public opinion. The identification of key opinion 
leaders has been paid much attention, but there is no reliable method. This paper firstly established an evaluation model based 
on influence theory of social psychology. Then in the part of empirical study, the model was used for discovering key opinion 
leaders on Sina Weibo, a social network platform. The evaluation incorporates Page Rank, clustering and PCA methods. At 
last, the results of empirical study were analyzed according to the actual situation. 
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I. INTRODUCTION 
 
Key opinion leader(KOL) is a significant concept in 
social network marketing. It refers to those who are 
active on social network, like to share their ideas with 
others and are able to attract attention and impact 
others’ ideas as well as behaviors. Identification of key 
opinion leaders has been paid much attention since it 
could be powerful in marketing and guiding public 
opinion. 
Major advances in computing technology, combined 
with the vast digital networks and the immense 
popularity of social media platforms, have given rise to 
unimaginably large troves of information about people. 
Social networks make massive social data available for 
research, which includes not only personal ideas but 
also interactions between them. There is no doubt that 
these social data would be helpful in discovering 
KOLs, but how to extract meaningful information from 
such a large data set to identify KOLs? 
The answer is psychology. Psychology is the science of 
understanding human thought and behavior. From a 
psychologist’ perspective, data science is the science 
of tracking human behavior in real-time and at a large 
scale, such that it improves our understanding of the 
internal and external forces that shape human behavior, 
and enables meaningful actions. Each little piece of 
data is 
a trace of human behavior and offers a potential clue t
o understand basic psychological principles, but 
people have to be able to put all those pieces together 
correctly to better 
understand the basic psychological principles that gen
erate them. By combining psychology with data 
science, we could create insight into the kinds of 
behaviors that are most fruitful to track and analyze.  
In the following parts, we firstly analyzed some basic 
theories of influence in Psychology. Basing on these 
theories, we built a social network influence model. 
Then in the part of empirical study, the model played a 
role in training social network data from Sina Weibo. 
At last the results, including the effectiveness of the 
model were analyzed.  

II. INFLUENCE THEORY IN SOCIAL 
PSYCHOLOGY 
 
A.  The psychological view of ”influence” 
“Influence” explains the psychology of why people say 
yes and how to apply these findings to others and 
persons’ own life. There are some basic principles in 
influence theory, as shown in Figure 1. 

 
Fig1: Basic principles in influence theory. 

 
1) Reciprocation 
This rule states that people try to repay what another 
person has provided them.  
2) Commitment and consistency 
This principle is about: people desire to be (and to 
appear) consistent with what they have already done. 
Once they have made a choice or taken a stand, they 
will encounter personal and interpersonal pressures to 
behave consistently with that commitment. Those 
pressures will cause them to respond in ways that 
justify their earlier decision. 
3) Social proof (Social validation) 
Social proof is also referred as peer pressure or herd 
behavior. This rule applies especially to the way person 
decide what constitutes correct behavior. People view 
a behavior as more correct in a given situation to the 
degree that they see others performing it. In another 
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word, persons are more likely to do something if they 
see that many other people like them have also done it.  
4) Liking 
This principle means people prefer to say yes to the 
requests of others they know and like. There are six 
factors that cause one person to like another person: 
 Physical Attractiveness.  
 Similarity: People like those who are similar to 
them, whether it’s sharing opinions, personality traits, 
background, lifestyle, etc.  
 Compliments: People generally love getting 
compliments, even if they’re not true.  
 Contact: People like things that are familiar to them. 
On the other hand, they often fear what they don’t 
know.  
 Cooperation: People like those who work with them, 
instead of against them. Working together towards a 
common goal and being “on the same side” are very 
powerful. 
 Conditioning and association: Everyone wants to be 
part of a winning team because it raises your social 
standing. People will therefore try to link themselves to 
positive events and distance themselves from negative 
events.  
5) Authority 
People tend to follow authority figures. In Advertising, 
we see this principle at play in celebrity endorsements. 
6) Scarcity 
The scarcity principle states that opportunities seem 
more valuable to people when their availability is 
limited.  
 
B. Generated Features of KOL 
According to influence theory in psychology, we 
define the following features that a key opinion leader 
should have: 
1)    Long-term engagement 
Opinion leaders should have long-term experience in 
the target field, so that they are thought to be 
professional and their opinions are more likely to be 
accepted. 
2)     Activity 
With a strong social ability and interpersonal 
communication ability, opinion leaders should be more 
gregarious and talkative and get the sense of 
self-esteem by affecting others. “Liking” principle 
implies people prefer to say yes to somebody they are 
familiar with. One way of attracting people for opinion 
leaders is to frequently appear in social networks and 
interact with other users.  
3)     Attention 
Being the center of the public opinion and information, 
opinion leaders should have strong appeal on other 
members and can get others’ attention and response 
easily. According to “Reciprocation” principle, if users 
get valuable information from somebody, users will try 
to repay, paying more attention to him.  
4)     Authority  
“Authority” principle tells us people tend to follow 
authority figures. Opinions of KOL should be accepted 

and believed by people, especially other influential 
persons in the same field. Thus they have the right to 
speak and occupy the leading position. Once 
somebody is thought to be “authority” in a field, this 
kind of influence could last for a long time, since 
principle of Commitment and Consistency tells us that 
people desire to be (and to appear) consistent with 
what they have already done. 
 
III. INFLUENCE MODEL 
 
A. Influence decomposition 
KOLs’ influence is decomposed as basic influence, 
field influence and structural influence. Basic 
influence refers to the users’ activity, coverage of their 
opinions and the intensity of response their idea cause 
in social network. Field influence refers to users’ 
devotion to the target field and influence on users in 
that field. Structural influence refers to the importance 
and authority of that user in his social network. 
1)    Basic influence 
Basic influence index reflects users’ basic information, 
including fans number, the average number of new 
fans each day, the average number of posts each day, 
the total number of comments, the total number of 
re-posts etc. The number of fans is an important factor 
that directly impacts the effect of opinion spread, since 
it determines the range that the opinion could reach. 
Meanwhile, comments and re-posts are only available 
for fans. The growth rate of fans can reflect the ability 
of user to attract new fans, indicating fans number in 
the future. Number of blogs that the user has released 
reflects the degree of activity and participation. 
Generally speaking, it is an effective way for users to 
provide meaningful information to others to get 
attention and recognition. Therefore, the number of 
blogs should be considered as a evaluation. In order to 
exclude the influence of registration time and 
accurately reflect users’ active degree, take the average 
posts each day as the indicator. The re-posts number 
refers to how many users re-post the KOL’s blog and 
comments number is how many pieces of comments 
the blog got. As important indicators of public’s 
response degree, re-posts number and comments 
number should be included in the evaluation system, 
and I used the average re-posts number and average 
comments number of each blog in 3 months, taking 
timeliness into account.    
2)   Field influence 
Field influence index includes the correlation between 
users’ description and target domain, number of blogs 
in target domain, the rate of it, the average re-posts 
number of it and the average comments number of it. 
User’s description is visible to other users, which is a 
self-description including user’s industry, personal 
interest and concerned area set by users themselves. So 
we could use user’s description as an index of how 
relative he is to the target field. Number of blogs in 
target domain can reflect user’s experience in that 
field, which is a widely used factor by other users to 
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judge KOL’s authority. The average re-posts and 
comments number of blogs in target domain reflects 
public’s response to user’s opinion about target 
domain. The rate of blogs in target domain reflects how 
devoted is the user to the specific field. The higher the 
rate, the higher devotion the user has, which implies 
higher possibility that the use would be accept by users 
interested in that field. 
3)    Structural influence 
Structural influence measures the importance and 
authority of the user in his social network, which is 
calculated by Page-rank algorithm based on a graph 
model of the relationship between potential KOLs. As 
for establishing the graph model, I used post and 
re-post relationship rather than frequently used 
following relationship, basing on following 
considerations: 
 
In many cases, post and re-post relationship does not 
have to depend on following relationship. Sometimes, 
users form a group to re-post blogs of each other due to 
the same concerned topic or a sudden event, although 
there are no following relationships between them. If 
we only take the strong relationship-following 
relationship into consideration, we are likely to miss a 
lot of valuable social interaction information. By 
making use of weak relationship-post and re-post 
relationship, we are able to explore deep mechanism of 
influence.  
 
If a post be re-posted many times, it is highly possible 
that the post has valuable information or the opinion 
could get others’ attention and cause others’ response, 
either agreement or disagreement. If a specific user’s 
posts often get a lot of re-posts, we can imply that the 
user is influential in his social network.  
 
Re-posting is a kind of spreading opinion, since all the 
fans of re-posters could see the original post. By 
multiple-layer re-posting, the range that the opinion 
could reach enlarges with geometric series. On the 
contrary, following relationship can only guarantee 
initial dissemination of information, but is useless in 
expanding the user's influence. 
 
Following relationship could be a temporary, rather 
than a long-term effective social relationship. So it is 
more meaningful to use post and re-post relationship as 
indicator, as it is more accurate than following 
relationship in reflecting the influence of a user’s 
opinion.    
 
B. Evaluation system 
According to the analysis in last part, we built the 
evaluating model: 
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(1) is the score of basic influence; FOLLOWER is 
number of fans; NEWFANS is the average number of 
new fans each day; TWEEET is the average number of 
posts each day; REPOST is the total number of 
comments in three months; COMMENT is the total 
number of re-posts in three months. 
 
(2) is the score of field influence; DESCRIPTION is 
the correlation between users’ description and target 
domain (2 stands for absolute correlated; 1 stands for 
partial correlated; 0 stands for uncorrelated); 
FIELDTWEET is number of blogs in target domain; 
FIELDRATE is the rate of blogs in target domain; 
FIELDREPOST is the average re-posts number of 
blogs in target domain; FIELDCOMMENT is the 
average comments number of blogs in target domain. 
(3)is the score of structural influence; PR is user’s 
importance in social network by PageRank algorithm. 
PageRank is an algorithm used by Google Search to 
rank websites in their search engine results. PageRank 
works by counting the number and quality of links to a 
page to determine a rough estimate of how important 
the website is. PageRank is a link analysis algorithm 
and it assigns a numerical weighting to each element of 
a hyperlinked set of documents, with the purpose of 
"measuring" its relative importance within the set. The 
algorithm may be applied to any collection of entities 
with reciprocal quotations and references. PageRank 
algorithm could be used to measure KOL’s structural 
influence, as we define that the structural influence of a 
KOL depends on the influence of persons who re-posts 
his blogs. 
 
(4) is the final ranking model for KOLs, synthesized by 
(1), (2) and (3). Thus the rank of a KOL depends on the 
synthesize result of (1) (2) and (3), which means the 
influence of a KOL is evaluated by basic influence, 
field influence and structural influence. 
 
IV. DATA PREPARING FOR THE MODEL 
 
A. Data Acquisition and Preprocessing 
The empirical study is based on Sina Weibo, a social 
network that has developed more than fifteen years in 
China. Sina Weibo provides API inferences for 
researchers to get users’ and blogs’ data.  
Since food industry often use social network as a tool 
for marketing and public acceptance and recognition of 
that field is relatively high, food industry is chosen to 
be the target field. We can get data of related users and 
blogs by setting “gourmet” related keywords through 
API inferences of Sina Weibo. Figure 2 shows these 
keywords and number of blogs that contain these 
words. Totally, we have data of 1645446 pieces of 
blogs and related 1214826 users. 
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Fig2: Keywords and number of blogs. 

 
B. Select potential KOLs through basic conditions 
According to the requirements of basic influence for 
effective KOLs, set the following preliminary 
conditions to select potential KOLs: 
1) The purpose of discovering KOLs is to corporate 
with them on marketing and public relationship. 
According to users’ verified type, we can exclude those 
who cannot work on this, such as “government”. 
2) As the most direct factor that determines the effect 
of opinion spreading, the number of fans is a basic 
requirement for KOLs. The average number of fans of 
registered users is 94870.2691, which could be used to 
select users have “enough” fans. By this way, we could 
select users that have more than 100000 fans. 
3) According to basic influence index, number of 
re-posts and comments are important factors. Select 
users whose average number of re-posts and comments 
is larger than 50. 
4) KOLs should be focus on the target domain. Select 
users who has more than five blogs in target field-food. 
The selections are done by SQL in database. After the 
initial selection, 94 users are chosen to be the potential 
KOLs in food industry.    
 
C. Score of structural influence    
Users with post and re-post relationship within the 
field were selected out by SQL from database and form 
a post and re-post relation graph. A small part of the 
graph is showed in figure 3. The number is the ID of 
user; the end of arrow is the user who re-post and the 
head of arrow is the user who post. 
Data is arranged in order of users’ ID to be the input of 
PageRank algorithm. In order to reflect the real post 
and re-post relationship between them, set the damped 
coefficient, a parameter of the algorithm to be 0, which 
means those who hasn’t gotten any re-posts would get 
a score of 0. Use R program as a tool to realize 
PageRank algorithm and get the PR value of each user. 

 

KOL  PR 
value KOL PR 

value KOL PR 
value 

60 0.051729 90 0.040836 72 0.037061 
67 0.044882 85 0.040198 76 0.037061 
49 0.042225 48 0.039583 74 0.035732 
56 0.042225 34 0.038829 59 0.03168 

1 0.040836 8 0.037061 45 0.025919 
38 0.040836 21 0.037061 61 0.021769 
47 0.040836 31 0.037061 54 0.000964 
68 0.040836 35 0.037061 81 0.000643 
71 0.040836 41 0.037061 82 0.000643 
89 0.040836 57 0.037061 83 0.000643 

Table 1: PR value of potential kol 
 

 
Fig3: Sketch map of post and re-post relation. 

 
30 users have positive PR value and others get 0 since 
they have never got any re-post by users in target field. 
Users with positive PR value are shown in TABLE I. 
Higher PR value indicates that the user is more 
influential in target domain. 
 
IV. SYNTHETIC RATING BY EVALUATION 
SYSTEM 
 
A. Statistical description and standardization of data 
According to the evaluation system established in last 
part, we can calculate each user’ s score on every 
index. The statistical description of the results is shown 
in TABLE II. 
 

Index MIN MAX MEAN 
Stand 

deviatio
n 

FOLLOWER 100421.
00 

30495319
.00 

4046427
.45 

5612127
.27 

NEWFANS 82.93 27392.77 3536.05 4997.43 
TWEET 0.63 274.02 34.93 41.25 

REPOST 7510.00 4249824.
00 

309735.
78 

556804.
07 

COMMENT 1533.00 1192513. 53693.7 139876.
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00 1 79 
DESCRIPTIO

N 0.00 2.00 1.12 0.94 

FIELDTWEE
T 9.00 174.00 35.45 37.49 

FIELDRATE 0.00 0.26 0.03 0.04 
FIELDREPOS

T 26.79 3736.33 296.80 548.73 

FIELDCOMM
ENT 0.77 616.50 40.50 90.70 

PR 0.00 0.05 0.01 0.02 
Table 2: Statistical description of index 

 
In Table II, FOLLOWER is the number of fans; 
NEWFANS is the average number of new fans each 
day; TWEEET is the average number of posts each 
day; REPOST is the total number of comments in three 
months; COMMENT is the total number of re-posts in 
three months. DESCRIPTION is the correlation 
between users’ description and target domain(2 stands 
for absolute correlated; 1 stands for partial correlated; 
0 stands for uncorrelated); FIELDTWEET is number 
of blogs in target domain; FIELDRATE is the rate of 
blogs in target domain; FIELDREPOST is the average 
re-posts number of blogs in target domain; 
FIELDCOMMENT is the average comments number 
of blogs in target domain. PR is user’s PR value. 
According to the descriptive statistics results, we can 
findthat the difference between the distribution of these 
indicators is large, which cannot be directly used for 
further statistical analysis. The data has to be 
normalized by Z-SCORE standard, which is done by 
SPSS. 
 
B. Clustering analysis 
In previous part, potential KOLs are selected by 
preliminary conditions according to requirements of 
basic influence. In this part, I checked the KOLs’ 
correlation with the target field according to the 

requirements field influence. Cluster analysis was used 
in this part, which is a method for classifying objects 
according to their similarity. In order to get rid of users 
that not belongs to the target field, I used field 
influence index data to cluster the users with SPSS. 
Users are divided into six groups, three of which are 
obvious not belong to the target field judged by the 
description. After eliminating these three groups, we 
still have 59 users to rank. 
 
C. Principal component analysis 
Since the indicators in the established evaluation 
system have obvious correlation, such as fans number 
and re-post number, use principal component analysis 
to sort users to eliminate correlation between variables.  
Principal component analysis (PCA) is a statistical 
procedure that uses an orthogonal transformation to 
convert a set of observations of possibly correlated 
variables into a set of values of linearly uncorrelated 
variables. Thus, by using principal component 
analysis, we can get the comprehensive score of users’ 
influence by the relation between original variables 
and new linearly uncorrelated variables. 
 
Before using PCA method, we have to check the 
distribution of data to make sure it accords with the 
requirements of PCA. By drawing scatter diagram of 
each index data, we can find that most of the data 
concentrate near the mean value and a small part of the 
data deviate from the center, such as data of fans 
number after normalization shown in Figure 4, which 
imply that PCA could be used.  
 
According to the results of principal component 
analysis, we extracted the first five principal 
components, which can explain 80% of variance. Then 
we got comprehensive scores of each KOL by adding 
the score of each principal components on each 
indicator. 

 
 

 
Fig4: Distribution of normalized fans number. 

 
D. Results and analysis of the ranking 
KOLs are ranked by comprehensive scores and the top twenty are shown in Table III. 
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Table 3: Part of the ranking results 

 
The rank is based on the evaluation system for KOLs’ 
influence we established in part III. By analyzing the 
results and the characteristics of KOLs, we can find 
that top ranked KOLs have many similarities, 
including early creation of the accounts, accumulation 
of a large number of fans, highly activity, strong ability 
to cause response and obvious importance in spreading 
network. Thus, the results of ranking make sense in 
discovering users who can lead public opinion and we 
can use the rank to choose KOLs in marketing. 
In order to verify the results, we tested the correlation 
between each index and the comprehensive score. 
Results are shown in TABLE IV. According to the 
results, the score and each index are positive 
correlated, which accords with the reality. Besides, 
most of the values of correlation is larger than 0.1, 
which means a relative high effect of the evaluation 
system.  

Index Correlation coefficient 
（p value） 

FOLLOWER 0.83（0.00） 
NEWFANS 0.79（0.00） 

TWEET 0.05（0.72） 
REPOST 0.37（0.00） 

COMMENT 0.15（0.27） 
DESCRIPTION 0.27（0.04） 
FIELDTWEET 0.72（0.00） 
FIELDREPOST 0.04（0.78） 

FIELDCOMMENT 0.08（0.54） 
PR 0.14（0.29） 

Table 4: Results of correlation test 

CONCLUSION 
 
Basing on influence theory in psychology, we 
generated the features that KOLs should have and 
established the influence model for identifying and 
ranking them. The model firstly composited KOLs’ 
interest field as well as social structure, which are 
usually analyzed separately. The effectiveness and 
efficiency of the influence model is validated in the 
empirical study by implementing the evaluation 
system on social network data.  
With the development of user-generated-media, KOL 
marketing is becoming a powerful instrument for 
companies to precisely promote products and brands to 
targeting customers. We provide a method for 
identifying and ranking KOLs in a specific industry, 
while companies should consider more than we 
provided in this article when practicing KOL 
marketing. 
The empirical usefulness of KOL identification is not 
limited to products or brands marketing. As it is able to 
discover the most influential agencies that can attract 
publication attention and guide public opinions, it 
plays an indispensably role in public relations 
management. 
The influence model and evaluation system can be 
improved by incorporating sentiment analysis of 
comments, fans’ personality exploration and 
second-layer diffusion effect extrapolation. Besides 
that, a dynamic KOL influence tracking system is 
achievable as long as real-time data could be streamed 
into the model. 
This research also shows how the big data research can 
be improved by introducing theories in psychology. 
Big data is not self-explanatory, but requires inherently 
subjective interpretation. Large data sets frequently 
offer spurious correlations and we need human 
psychology to be able to understand user behavior and 
optimize the impact of information. 
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