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Abstract. Among different phenomena in social networks, social influence has 

received great attention in research during the last few years. Most models that 

search for influencers on twitter try to define the properties that distinguish 

them within the crowds. However, they assume these influencers leave uniform 

effect across network users, regardless of the properties of these users neither 

their resistance to influence. In this work, we focus on the properties of the 

target user of influence. We extract a set of user metrics from social interactions 

and use them to propose a new metric: ‘susceptibility to influence’ that assesses 

the user’s readiness to get affected by influence received from friends. 

Experimental results demonstrate that our metric can be used to estimate the 

degree of influence the user will accept in the near future. Furthermore, they 

suggest that users exhibit regular, consistent and even predictable behavior on 

social networks over time.  
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1 Introduction 

Addressing social influence dynamics in twitter is a challenging task; influence has 

several possible origins and reasons; examples include: significant topological or 

personal qualities of authors, known as influentials, that drive other users to engage in 

their conversations and repost their content[1][2][3][4]; real-life relationships among 

users that exist beyond the borders of online social networks, thus, difficult to be 

quantified, simulated or even identified; high-quality, useful or interesting content that 

encourages people to adopt it or interact with it, no matter who the author is [1]. 

Dynamics that underlie influence can be a combination of all of the above and more.  

However, traces left by social influence are well-observable and even measurable. 

A bunch of research attempted to define measures that best describe influence, then 

find and rank influentials accordingly [5][6][7]. For example [5] suggested that users’ 

past influence is an indicator of future influence; [8] identified influential users  

through finding the most influential posts; [4] used topic count, time latency before 

adoption and ability of user to invent new topics to estimate user’s influence. Studies 

like  [2][9][6][10][11] describe influence as users’ ability to gain retweets or stimulate 

interactions from other users; [12] suggested that users’ influence depends on the 

passivity of those whom they are trying to influence. However, to the best of our 



knowledge, the properties of the user who receives influence was highly abandoned as 

one of the dynamics of the influence process. 

Unlike most previous research that focus on the influencers’ capabilities to induce 

more effect on the network; we advocate that influentials success to make others 

adopt their posts should not be attributed solely to their abilities, neither to their 

interesting content, but also to the nature of the audience who see their posts.  The 

way one user perceives a friend’s post and interacts with it depends on user’s 

individual interests as well as personal tendencies. Therefore, we suggest that the 

properties of the user subject to influence (target user) are indispensible for 

understanding the dynamics of the influence process.  

In this work, we propose a combination of measures for the target user of influence 

that contribute to the magnitude of influence he/she accepts. We use twitter social 

interactions, i.e. retweets, replies, mentions and likes to derive these measures and 

then utilize them to define a new user metric: ‘susceptibility to influence’ which 

assesses how easily the target user can effectively be influenced. Users who are more 

susceptible to influence are good candidates for disseminating the information they 

receive and thus they have crucial roles in the flow of information on the network 

[12]. Identifying those users facilitates the study of influence dynamics as well as 

information diffusion dynamics.  

The rest of this paper is organized as follows:  Section 2 reviews the related work. 

Section 3 provides the analysis of user metrics and formulation of user’s susceptibility 

to influence. Section 4 presents the used dataset, experiments and discussion; Section 

5 presents conclusion and future work. 

2 Related Work 

Influence in social networks presents several challenges and motivations to research 

community. A variety of models have been developed to study the effects/traces of 

influence and target the issue of influential users’ discovery from different 

perspectives. For this purpose, network centrality measures has been used in works 

like [11]. Other works then realized the value of interactions over network measures 

in that matter [13][6][10][7]. Also, several works like [9] used ranking algorithms as 

PageRank. While [5][2][6] identified influentials as users able to generate wider or 

deeper diffusion cascades, [14] spots users’ importance by observing their behavior in  

historical cascades. Other works utilized the topic dimension attempting to find users 

who have special influence within specific topics [7][15][16] or over a given post 

[17], or users who can generate content that is unique and relevant to their readers [1]. 

Also, while discovering the properties that distinguish influential users on twitter 

was addressed in many works like [3][9][18][11], yet, properties of those whom these 

influentials are trying to affect, i.e. target users have been highly ignored. Research in 

[19] ran a randomized experiment on Facebook on a sample of 1.3 million users and 

showed that gender, age group, marital status all affect susceptibility to influence in 

the decision to adopt the product offered. They also suggested that more influential 

users are less susceptible to influence than non-influentials. Another research, [20], 

proposed a latent influence and susceptibility model that uses observed information 

cascades to learn user’s influence and susceptibility. Authors of [12] propose that 



influence of a person depends not only on the size of the audience but also on their 

passivity, where passivity is based on the amount of influence users reject.  

In this research, in the light of studying dynamics of social influence and 

information diffusion, we aim to study users’ susceptibility to influence through 

analyzing their social interactions and learning their properties and behaviors. 

3 User’s Susceptibility to Influence  

Basic Assumptions. Before proceeding, we need to present a set of basic assumptions 

core to our susceptibility to influence formulation: 1. Users who easily get engaged in 

more interactions are generally more susceptible to influence. 2. The bigger the circle 

of friends in user’s interactions, the more influence the user is exposed to and the 

wider the diversity of topics and interests they can be involved into. 3. A user who is 

easily dragged into other users’ variety of interests is easier to be influenced than one 

who sticks to his/her own interests. 4. Users who prefer to write original content are 

more difficult to be influenced than ones who prefer to share posts of others. 5. Every 

post a user receives can possibly succeed or fail to leave some influence at the user. 6. 

Retweeting and liking a tweet indicate contagion, while replying implies 

comprehension of the tweet’s content. 

User’s Interactions and Susceptibility to Influence. Social relationships among 

twitter users are mainly represented as follow relationships or relationships via social 

interactions. Follow relationships i.e. who follows whom, specify the information 

flow; users can see tweets of only users whom they follow. Followers of user A are 

those who follow A while friends of user A are those whom A follows. Users’ 

relationships can be also perceived via their social interactions. Analysis on the types 

of interactions (i.e. retweets, replies,…etc.), temporal features of interactions (e.g. 

latency/frequency of retweet), the numbers and types of users who appear in 

interactions (e.g. influentials) as well as analyzing the features of tweets on which 

interactions take place (e.g. retweet count of a retweeted tweet) can all unveil a lot 

about user’s properties, behaviors and interests and provide useful insight on the kind 

of user under investigation. In this work, we observe users’ properties and behaviors 

in the light of their interaction history on the social network. 

3.1   User’s Metrics 

 

Based on our assumptions, we employ three metrics to define user’s susceptibility to 

influence: activity level, sociability level and borrowed-content level. 

User’s Activity Level. User’s activity on twitter has several definitions in literature; 

for example: [21] defines it as the sum of user interactions; while [22] defined it as the 

portion of time intervals the user was observed doing an activity.  

In the context of susceptibility to influence, we define user’s activity level as the 

ratio between user’s interactions through a given time interval to the number of posts 



received from friends during that interval. In other words, the fraction of times a user 

participates in conversations started by friends, interacts with friends’ posts or initiate 

conversations. The purpose is to reflect the user’s tendency to interact with friends 

and consequently his/her chance to become influenced by those friends. Since user’s 

activity typically fluctuates over time, it is crucial to consider a time window of study. 

Moreover, since user’s interaction over a given tweet asserts that this tweet has been 

actually received and read; activity level gives the lower-bound of tweets confirmed 

to be delivered to the user; and thus can possibly cause some influence on him/her. 

We calculate user’s activity-level (AL) of user A, like general activity in [21] in time 

window τ then normalize it by the total number of posts received from friends as 

follows: 

𝐴𝐿τ(𝐴)= 
#𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠 𝑜𝑓 𝐴 𝑤𝑖𝑡ℎ 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑖𝑛 𝜏

#𝑝𝑜𝑠𝑡𝑠 𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑑 𝑓𝑟𝑜𝑚 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑖𝑛 𝜏
 

  =
 ∑ 𝑅𝑡(𝐴)𝜏

𝑟𝑡
1 +∑ 𝐹𝑣(𝐴)𝜏

𝑓𝑣
1 +∑ 𝑅𝑝(𝐴)𝜏

𝑟𝑝
1 +∑ 𝑀𝑛(𝐴)𝜏

𝑚𝑛
1

∑ 𝑇𝑤(𝐹𝑟𝑖(𝐴))𝑛
𝑖=1 𝜏

 . (1) 

∑ 𝑅𝑡(𝐴)τ
𝑟𝑡
1 , ∑ 𝐹𝑣(𝐴)τ

𝑓𝑣
1 , ∑ 𝑅𝑝(𝐴)τ

𝑟𝑝
1  and ∑ 𝑀𝑛(𝐴)τ

𝑚𝑛
1  respectively are the sums of retweets, 

favorites, replies and mentions, user A made during interval τ and ∑ 𝑇𝑤(𝐹𝑟𝑖(𝐴))𝑛
𝑖=1 τ

 is 

the sum of all posts generated by all A’s n friends in τ. Multiple interactions on the 

same tweet are all considered. 

User’s Sociability Level. The number of friends a user has does not really reflect 

how social that user is, neither measures to the user’s tendency to communicate with 

others [13]. Instead, the number of friendships that are really active is what matters 

the most. The number of friends who appear in one’s interactions actually highlights 

important user’s properties: Is the user likely to accept influence from few or many 

sources (friends)? Is the user ready to engage into other users’ variety of interests, or 

the user has a predefined set of interests to which he/she sticks. Answering such 

questions adds to the assessment of user’s susceptibility to influence. We assume that 

users who interact with more friends are more susceptible to influence as many 

friends get to influence them and they are open to a wider diversity of topics and 

interests. User’s sociability is time-sensitive as it also reflects intervals of activity and 

inactivity of each user. We calculate sociability-level (SL) of user A in time interval τ 

 as the ratio between friends who appear in A’s interactions (active friendships) and 

the number of A’ friends who generate content (active friends) over τ as follows:             
                  

𝑆𝐿(𝐴)𝜏  =  
   # 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑢𝑠𝑒𝑟 𝐴 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑠 𝑤𝑖𝑡ℎ 𝑜𝑣𝑒𝑟 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝜏

# 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑤ℎ𝑜 𝑤𝑟𝑖𝑡𝑒 𝑝𝑜𝑠𝑡𝑠 𝑜𝑣𝑒𝑟 𝜏  
 

 

 =   
∑ 𝐹𝑟(𝑅𝑡(𝐴)τ )

𝑟𝑡
1 + ∑ 𝐹𝑟(𝐹𝑣(𝐴)τ )

𝑓𝑣
1 +∑ 𝐹𝑟(𝑅𝑝(𝐴)τ )

𝑟𝑝
1 + ∑ 𝐹𝑟(𝑀𝑛(𝐴)τ )

𝑚𝑛
1

∑ 𝐹𝑟(𝑇𝑤(𝐹𝑟(𝐴))
τ 

)𝑡𝑤
1

 . (2) 

∑ 𝐹𝑟(𝑅𝑡(𝐴)τ ),𝑟𝑡
1 ∑ 𝐹𝑟(𝐹𝑣(𝐴)τ ),

𝑓𝑣
1 ∑ 𝐹𝑟(𝑅𝑝(𝐴)τ ) 

𝑟𝑝
1 and ∑ 𝐹𝑟(𝑀𝑛)  𝑚𝑛

1  are the numbers of 

distinct friends involved in all retweets, favorites, replies and mentions of A in time 

interval τ respectively, while ∑ 𝐹𝑟 (𝑇𝑤(𝐹𝑟(𝐴))
τ 

)𝑡𝑤
1  is the sum of distinct friends of A 

who wrote tweets in interval τ. 



User’s Borrowed-Content Level. There is an intrinsic personal tendency at some 

users to retweet more often than writing new posts; they are typically posting other 

users’ opinions and thoughts that agree with their own opinions and thoughts. These 

users do not present much resistance to influence from others. Users who tend to 

write more genuine content do not retweet others unless they think the content of the 

message they retweet is really good or its author really impresses them. Not only they 

are harder to be influenced but they also are more likely identified as influencers 

rather than targets to influence. User’s signal strength, was defined in [2] in the 

context of identifying influential users properties, as the ratio of original tweets a user 

writes to the total of original tweets and retweets the user posts within a specific topic. 

We, in our study of susceptibility to influence, define borrowed-content level (BCL) 

of user A in a given time window τ as the ratio of retweets to original tweets plus 

retweets posted by A during τ:  

𝐵𝐶𝐿(𝐴)τ =  
#𝑟𝑒𝑡𝑤𝑒𝑒𝑡𝑠 𝑝𝑜𝑠𝑡𝑒𝑑 𝑏𝑦 𝐴 𝑜𝑣𝑒𝑟 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 τ

 ( #𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑡𝑤𝑒𝑒𝑡𝑠 𝑜𝑓 𝐴 + #𝑟𝑒𝑡𝑤𝑒𝑒𝑡𝑠 𝑝𝑜𝑠𝑡𝑒𝑑 𝑏𝑦 𝐴)𝑜𝑣𝑒𝑟 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 τ
 

 =
∑ 𝑅𝑇(𝐴)τ

𝑟𝑡
1

∑ 𝑂𝑇𝑤(𝐴)τ
𝑜𝑡𝑤
1 + ∑ 𝑅𝑡(𝐴)𝑟𝑡

1 τ

 . (3) 

 

∑ 𝑅𝑡(𝐴)𝑟𝑡
1 τ

 is the number of retweets done by user A in interval τ, while ∑ 𝑂𝑇𝑤(𝐴)τ
𝑜𝑡𝑤
1  is 

the number of original tweets posted by A in τ excluding retweets and replies. 

3.2 User’s Susceptibility to influence 

Based on our assumptions; the above metrics are proportional to user’s susceptibility 

to influence. AL, SL and BCL respectively are ratios of interactions to received posts, 

active friendships to active friends and reposts to total posts; thus, we combine these 

ratios to formalize susceptibility to influence (𝑆𝑢𝑠𝑐) of user A in interval τ as follows: 

 
 𝑆𝑢𝑠𝑐(𝐴)𝜏 = 𝐴𝐿(𝐴)𝜏  × 𝑆𝐿(𝐴)𝜏  × 𝐵𝐶𝐿(𝐴)𝜏 .  (4) 

4  Experiments 
 

4.1 Dataset 

For research purpose, we used twitter API to crawl twitter data for the period of sixty 

days, during the interval between 30-9-2015 and 30-11-2015. We obtained a dataset 

of 263 K users,   56 M follow links, 76.7 M tweets and  35 M favorite tweets over the 

given time period. We then extracted all interactions and filtered them to only 

interactions with friends. We found ≈ 34 M interactions in the given time interval. 

Simple analysis of interactions reveals that only a small percentage of users exert very 

large number of interactions, while a large percent do less than 1 interaction per day. 

4.2 Effective Influence 



To assess the strength of our assumptions and our susceptibility metric, we validate 

user’s susceptibility against effective influence; a simple measure we devised to 

express the degree to which a user successfully received friends’ influence during a 

given interval. Effective influence simply presents the percentage of messages posted 

by friends of A that actually left some indication of contagion or comprehension at A. 

Contagion is observed when user A shares or likes a post, while replying or leaving a 

comment indicates comprehension or interest. We define effective influence (EffInf) 

on user A in interval τ as the number of retweets, likes and replies user A makes 

compared to the number of tweets posted by A’s friends during τ: 

EffInf (A) τ = 
 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠 𝑏𝑦 𝐴 𝑡ℎ𝑎𝑡 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑒 𝑐𝑜𝑛𝑡𝑎𝑔𝑖𝑜𝑛 𝑜𝑟 𝑐𝑜𝑚𝑝𝑟𝑒ℎ𝑒𝑛𝑠𝑖𝑜𝑛 𝑑𝑢𝑟𝑖𝑛𝑔 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝜏

# 𝑝𝑜𝑠𝑡𝑠 𝑡𝑤𝑒𝑒𝑡𝑒𝑑 𝑏𝑦 𝑓𝑟𝑖𝑒𝑛𝑑𝑠 𝑜𝑓 𝐴 𝑑𝑢𝑟𝑖𝑛𝑔 𝜏
 

  = 
 ∑ 𝑅𝑡(𝐴)τ

𝑟𝑡
1 +∑ 𝐹𝑣(𝐴)τ

𝑓𝑣
1 +∑ 𝑅𝑝(𝐴)τ

𝑟𝑝
1

∑ 𝑇𝑤(𝐹𝑟𝑖(𝐴))𝑛
𝑖=1 τ

 . (5) 

∑ 𝑅𝑡(𝐴)𝜏
𝑟𝑡
1 , ∑ 𝐹𝑣(𝐴)𝜏

𝑓𝑣
1  and ∑ 𝑅𝑝(𝐴)𝜏

𝑟𝑝
1  respectively are the sums of retweets, favorites 

and replies A made during time τ and ∑ 𝑇𝑤(𝐹𝑟𝑖(𝐴))𝑛
𝑖=1 τ

 represents tweets posted by A’s 

friends in τ. It is worth mentioning there is no agreed-on method to measure influence 

impact on a user; influence can still occur even when no explicit interactions take 

place. Despite similar, (5) unlike (4) counts only interactions that highlight influence. 

4.3 Evaluation and Discussion 

 

User Metrics vs. Effective Influence. We measured the correlation between each 

user metric, i.e. activity level, sociability level, borrowed-content level and the 

amount of influence user accepted, i.e. effective influence, as we measure in (5). On a 

subset of 4,062 users, the three user metrics were calculated  as well as the effective 

influence they received in four contiguous time windows: T0, T1, T2 and T3, each 

window is 15-days long. Table 1 shows the correlation coefficients of each metric 

with effective influence. High correlation (≈0.93) between activity level and effective 

influence across all time windows was expected because all explicit interactions that 

indicate contagion i.e. effective influence are part of user’s activity measurement. 

Effective influence correlation with sociability is fairly high (≈0.55) and fairly low 

(≈0.1) with borrowed-content level. Results reflect the relative importance of each 

metric in susceptibility measure formulation; however, despite the weak correlation 

between borrowed-content level and influence received by user as measured by (5), 

yet BCL adds value and improves the overall definition of susceptibility measure. 

Table 1.  User metrics correlation with effective influence in various time windows. 

User Metric Activity level Sociability level Borrowed-content level 

T
im

e
 

W
in

d
o

w
 Correlation with effective influence 

T0 0.95 0.47 0.05 

T1 0.91 0.47 0.08 

T2 0.89 0.64 0.15 

T3 0.96 0.59 0.13 

Average 0.93       0.54    0.1 



Susceptibility vs. Effective Influence. To study whether or not user’s susceptibility 

in a given window can be used to estimate user’s effective influence or estimate 

susceptibility during subsequent time windows, we study the correlation between 

susceptibility in T0 and effective influence in T0, T1, T2 and T3 (Table 2) as well as 

correlation between susceptibility in T0 and susceptibility in T0, T1, T2 and T3 (Table 

3(a)). We plot susceptibility to influence in T0 against effective influence (Fig.1) and 

against susceptibility (Fig. 2) in each of T0, T1, T2, and T3. Results clearly show the 

significant correlation of susceptibility on a given time window with both effective 

influence and susceptibility during subsequent time windows; however, this 

significance fades as the two windows under the investigation become distant. This 

important finding reveals that user’s current susceptibility level is a good indicator to 

estimate future susceptibility level. It also suggests that the overall user behavior on 

social networks is somehow regular or stable. Analysis on user’s behavioral trends 

can be an interesting future research. The high correlation between susceptibility and 

effective influence within the same time window is due to the same interactions used 

to calculate both measures. 

We also used the non-parametric Spearman’s rank-correlation coefficient for rank-

order analysis to compare user ranks in various time windows according to their 

values of susceptibility. Table 3(b) shows stronger and more consistent correlation 

among user rankings across time windows, compared to average to strong correlation 

when comparing past and future susceptibility values (Table 3(a)). These observations 

further support the possibility of predicting user’s future susceptibility values from 

past values. Techniques for how to predict users’ future susceptibility from existing 

observations on their interactions is open for future research. Results can be very 

interesting for marketing experts who try to tailor successful campaigns to influence 

users with different influence thresholds. 

Table 2.  Correlation between susceptibility and effective influence across time windows. 

 

 

 

Table 3. (a) Pearson’s correlation between user’s susceptibility values across multiple time 

intervals. (b) Spearman’s rank-order correlation of user’s ranks according to susceptibility 

values in multiple time intervals. 

Correlation between susceptibility and effective influence 

Interval T0 T1 T2 T3 

T0 0.93    

T1 0.76 0.86   

T2 0.31 0.5 0.83  

T3 0.16 0.3 0.73 0.83 

(a) Pearson’s correlation between 

susceptibility values in different 

intervals 

(b) Spearman’s correlation between user 

ranks  based on susceptibility values 

in different intervals  

 T1 T2 T3  T1 T2 T3 

T0 0.93 0.28 0.188 T0 0.84 0.76 0.73 

T1  0.48 0.36 T1  0.84 0.79 

T2   0.87 T2   0.87 



 
 

Fig. 1.  (a), (b), (c) and (d) plot susceptibility to influence in window T0 against effective 

influence in time windows T0, T1, T2, and T3 respectively. Correlation between susceptibility 

and effective Influence degrades as the two windows go distant from each other. 

 

 

Fig. 2. Susceptibility to influence across different time windows 

Effect of User’s Activity Level. Based on the average user activity-level, we tested 

the correlation between user’s susceptibility and effective influence for three user 

groups with different activity levels: high; average; and low-activity. Correlation was 
found to be strongest for high-activity group (≈0.78), quite strong for average-activity 

group (≈0.76) and weaker for low-activity group (≈0.46). The explanation for this is 

that effective influence does not reflect all factors of user’s susceptibility. Borrowed-

content and sociability levels may still be average or high even with relatively low 

user activity. This observation proves that sociability and borrowed-content levels are 

independent of activity level, i.e. cannot be inferred from activity level and adding 

them is crucial to describe different aspects of susceptibility to influence. 

Varying Size of Time Window. To examine the effect of varying the window size of 

study; we calculated susceptibility once on a 2-weeks-long window (win1) and once 

on a 1-month-long window (win2), where win1 ⊂ win2. Results of correlation 

analysis for user-ranks according to their susceptibility values as well as the 

correlation of users’ susceptibility values in the two windows show strong correlation 

(≈0.95), suggesting that if user exhibits high susceptibility in a small interval, it will 

be also high for bigger intervals. However, the actual susceptibility values were very 



different for the two windows. This is expected because a small time window may 

coincide an interval of peak activity or inactivity for the user. Whereas, a very long 

window may dilute the effect of small intervals of high activity within a longer 

interval of low-to-medium activity; giving average results that do not reflect the 

user’s actual activity levels. Thus, choosing a moderate time interval is important. 

Regularity of User Metrics.  To further test the consistency or regularity of user 

behavior on twitter; we examine the several aspects of user behavior presented in this 

paper. We do not intend here to plot a curve for each user to observe his/her behavior 

over time; instead, we try to answer the question: does the overall user population 

exhibit regular or semi-regular social behavior over time? In other words, does the 

current social behavior of users reflect their past social behavior? And is it possible to 

use it to predict their future behavior? We study the correlation between the values of 

each user metric on its own across four consecutive time intervals: T0, T1, T2 and T3. 

As shown in Table 5, correlation between activity values fades as the time windows 

get further, same for effective influence. Sociability, on the other hand, is more stable. 

This makes sense because even though the rate of interactions of a user may fluctuate; 

the set of friends whom he/she prefers to interact with is more or less the same. Same 

applies for borrowed-content level which seems to be an intrinsic user property that 

does not easily change over small intervals of time. This experiment reveals that users 

in general exhibit consistent or regular behavior that reflects their personal properties 

and tendencies despite some occasional surges or drops. 

Table 5. Correlation of values of each user metric across time windows.  

 

 

 

 

 

5  Conclusion and Future Work 

 
In this paper, we devise a new user metric; user’s susceptibility to influence, that 

utilizes user’s social interactions to assess how easy it is to influence twitter user. Our 

measure confirmed to be good at estimating the degree of influence a user accepts in 

the near future. Moreover, our study concludes interesting findings that suggest the 

regularity of user behavior on social networks like twitter. Future work includes 

analyzing the properties of user’s interactions and tweets subject to interaction hoping 

to get deeper insight into twitter user properties; as well as developing prediction 

algorithms that can accurately predict user’s various properties and behaviors. 

(a) Activity Level (b) Sociability Level 

 T1 T2 T3  T1 T2 T3 

T0 0.94 0.62 0.24 T0 0.87 0.78 0.76 

T1  0.74 0.4 T1  0.86 0.8 

T2   0.8 T2   0.9 

(c) Borrowed-Content level (d) Effective Influence 

 T1 T2 T3  T1 T2 T3 

T0 0.9 0.83 0.3 T0 0.87 0.5 0.39 

T1  0.86 0.8 T1  0.7 0.62 

T2   0.86 T2   0.88 
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	User’s Activity Level. User’s activity on twitter has several definitions in literature; for example: [21] defines it as the sum of user interactions; while [22] defined it as the portion of time intervals the user was observed doing an activity.

