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Abstract: This study examines users’ social influence on e-book purchases 
within a social network drawing on the structural equivalence model. Structural 
equivalence holds that higher social influence levels exist among socially 
equivalent people (Burt, 1987). Using structural equivalence, network users 
were classified as either equivalent or inequivalent. Given that measurement 
data on social relationships among people within a network are often limited, to 
assign users to groups, link estimation utilised product choices to calculate 
network measures. With that framework, purchasing behaviours were predicted 
using various algorithms. Consistent with structural equivalence, the findings 
demonstrate that the average accuracy under the various algorithms is 
significantly higher in equivalent than inequivalent networks. Finally, 
comparing results with and without the network measurement variables 
suggests that failing to consider social equivalence may mislead prediction 
results by overestimating the social influence effect in low equivalent groups or 
underestimating the effect of high social equivalent groups. 
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1 Introduction 

The growing popularity of social media sites such as Facebook or Instagram offers a 
novel platform for e-commerce. Referred to as social commerce, people conduct 
commercial activities on these sites using social capital established in the social 
networking site (SNS) (Liang et al., 2011). Social media enables people to be active 
content creators, distribute information about products or services, and share their 
opinions, which significantly affect online purchases by others (Huang and Benyoucef, 
2013). 

Social networks as an e-commerce platform deserve greater attention. Globally,  
e-commerce was projected to exceed $26T in 2020, and with a 4% or higher annual 
growth rate (Lipsman, 2019) will exceed $30T by either 2024 or 2025. However, 2020 
experienced a 24.1% increase in e-commerce sales to consumers, while total retail sales 
only increased 1% to $21.21T (Young, 2021). Discoveries in this unique marketplace can 
be applied to many other self-produced products or services. The market is fascinating  
as it provides new opportunities for small and medium-sized businesses, 
microentrepreneurial enterprises, and what Varian (2005) calls micro-multinationals. In 
the US alone, 99.9% of business are small, and they account for 47.5% of employment 
(US Small Business Administration, 2018); globally, micro, small, and medium-sized 
business make up 90% of the business and 50% of the employment (Worldbank, 2021). 
Many of those enterprises cannot afford to spend money on marketing or promotion. 
Beyond SNS e-commerce, the analysis procedures outlined here offer potential 
alternative forecasting strategies anytime collections of buyers or sellers purchase with 
varying velocity. Several global marketplaces meet that criteria. 

Previous studies in social commerce empirically identified purchasing determinants 
on a social network site and their effects, including word-of-mouth (WOM) (Gunawan, 
and Huarng, 2015; See-To et al., 2014; Trusov et al., 2009; Wang et al., 2012; Wang and 
Yu, 2017); network externalities (Chiu et al., 2013; Katona et al., 2011; Xiao et al., 
2018); or trust (Dabbous et al., 2020; Leeraphong and Mardjo, 2013; Lin et al., 2019b; 
Zhou, 2019). However, the increasing peer-to-peer transactions on social network sites 
require a greater social influence understanding for explaining a social entity’s economic 
behaviour, such as product choice or adoption (Handarkho, 2020; Hu et al., 2019; 
Kietzmann et al., 2011). Since economic behaviours occur among the directly or 
indirectly connected users in a social network, a user can affect others’ product purchases 
by sharing information about a product or by making recommendations through the 
established social relationship (Chu and Kim, 2011; Li and Lu, 2011; Li and Lai, 2014). 
This behaviour emphasises that social influence is exerted on economic behaviours in a 
social network at different levels (Aral and Walker, 2011; Liang et al., 2011; Lin and Lu, 
2011; Ma et al., 2010; Rapp et al., 2013). 

Social influence is also essential in predicting sales or transactions on social 
networks. Big data that capture transactions on social networks can enable predicting 
sales by analysing social influence, providing valuable insight to businesses (Chang and 
Li, 2019; Lee and Choeh, 2020). However, predicting sales in such environments is 
challenging. Predicting sales on social networks without considering the social users’ 
heterogeneity is especially difficult. It will lead to highly biased solutions with select user 
groups overestimated while simultaneously underestimating other groups, as shown in 
this research. 
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The structural equivalence model (Burt, 1987) holds that structurally equivalent 
people occupy the same position in the social structure and interact with other individuals 
in similar ways. An observed structural equivalence occurrence is social contagion’ 
manifestation, which leads to social homogeneity among persons (Burt, 1987; Friedkin, 
1984). Structurally equivalent persons show more homogeneity in their attitude or 
behaviour than non-equivalent positions (Harkola and Greve, 1995). That is, social 
contagion is more prevalent among people in the same social position. 

This research draws on the structural equivalence model and attempts to predict  
e-book purchases on the SNS using a network analysis method. Toward that end, various 
network measures, such as network centrality, are calculated and utilised to predict  
e-book purchases. The network measures usage is particularly appropriate for analysing 
and predicting purchases when the direct associations measurement or estimation amid 
the products is not feasible. Thus, algorithms such as collaborative filtering (CF) and 
content-based methods are ill-suited due to the lack of data for estimating associations. 
Using the network measures, we predict the sales on a social network, using well-known 
classification algorithms AdaBoost, GA-ensemble, neural networks (NN), decision tree, 
random forest, and support vector machine (SVM). In addition, we examine the social 
equivalency effect by comparing sales predictions between a socially equivalent and an 
inequivalent group. 

This research utilises data scrapped from an SNS in China exclusively designed for  
e-book sales and is analogous in functionality to eBooks.com or Selz in the US. The  
e-book marketplace selection to illustrate this research is because of the growth and shifts 
in marketing within that market. The growth is fuelled in part by technological 
developments that spur independent (indie) or self-publishing. In 2015, 727,125 ISBNs 
were assigned to self-published titles representing 625,327 individual self-published 
(indie) books (Anderson, 2016; BookBaby, 2017). Global e-books sales in 2018 were  
$13 B and predicted to reach $15.2 B by 2023 (Statista, 2019). 

According to WalktheChat, a social media marketing agency, the mobile reading 
market in China had grown to more than 300 million monthly active users in 2017. 
Moreover, compared to the traditional market (e.g., print books or other material goods), 
consumers’ e-book purchase behaviour and information sharing about their reading 
preferences are more coherently connected with the online social network. As such, the 
Chinese SNS offered us an apt context to address the relevant research questions. 

In the China SNS, when an author uploads an e-book, information about the book is 
diffused to other users by the system, particularly to users linked to the author. That 
diffusion mechanism or the marketing support offered by service providers such as Post 
Planner helps build engagement with characteristics that facilitate identifying distinct 
social positions on the SNS. The engagement efforts drive network formation making the 
e-book marketplace ideal for this research. Authors and readers are all SNS users. They 
commonly share their opinions, photos, or videos similar to other SNSs. However, the 
authors and readers have different social positions as sellers and buyers. This research 
suggests that authors are a socially equivalent group due to their shared interest in writing 
and their jobs as authors and e-books sellers; whereas, readers emerge from all walks of 
life and are socially inequivalent. 

This research attempt to answer two fundamental questions: 

1 Can we accurately predict e-book sales in the social network using network measures 
that capture social influence? 
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2 The prediction from authors (socially equivalent group) more accurate than that from 
readers (socially inequivalent group)? 

This study contributes to the literature in several ways. First, it suggests an alternative 
way of using product purchases as nodes for structural measurement when accessing data 
on social relationships is limited. Second, it demonstrates that a person’s product 
purchasing has a greater effect on others’ purchases when their position in the social 
network is equivalent. Third, the findings suggest that the network approach is helpful in 
forecasting transactions in SNSs. Greater prediction accuracy occurs in the high social 
equivalent groups. As a further contribution, comparing results with and without 
structural equivalence suggests that failure to consider social equivalence may mislead 
predictions by overestimating low social equivalent groups or underestimating high social 
equivalent groups influence. Collectively, the results suggest that SNS-based predictions 
need to go beyond the traditional prediction variable set and include network measures. 

2 Literature review of related works 

Social network studies have taken many approaches. Hromic and Hayes (2019) address 
community detection by describing substructures in microblogging as either functional or 
structural communities. Functional communities form around common yet independent 
social interests or activities. Hromic and Hayes (2019) offer football team fans as a 
functional community example. In contrast, structural community membership depends 
on connectivity in the network that can be measured by the average node degree. 

Beyond community detection, previous studies in social commerce empirically 
identified purchasing determinants on an SNS and their effects across the network by 
features such as WOM information dissemination (Gunawan and Huarng, 2015; Lu et al., 
2016; See-To and Ho, 2014); network externalities (Chiu et al., 2013; Katona et al., 2011; 
Teh et al., 2015); or trust (Hajli et al., 2017; Leeraphong and Mardjo, 2013). 

Lu et al. (2016) examine three social presence aspect effects (social presence in 
online environments, perception of others, and social interaction with sellers) on purchase 
intention via trust in sellers. They found a significant positive effect by the social 
presence factors on trust, leading to purchase behaviours. Hajli (2014) also shows that 
social commercial application encourages social interactions by increasing trust, which, 
in turn, fosters purchase intention. Chen and Shen (2015) demonstrate that emotional and 
informational social support is positively associated with trust and community 
commitment, affecting social shopping and social sharing intention. 

Beyond trust, the increase in peer-to-peer transactions on SNSs requires a greater 
social influence understanding for explaining a social entity’s economic behaviour, such 
as product choice or adoption (Kietzmann et al., 2011; Wang and Yu, 2017). Since 
economic behaviours occur among the directly or indirectly connected users in a social 
network, a user can affect others’ product purchases by sharing information about a 
product or by making recommendations through the established social relationship (Li 
and Lai, 2014; Liu et al., 2016; Wang and Yu, 2017). Celebrity endorsements work in a 
similar manner (Zhu et al., 2020). This behaviour emphasises that social influence exerts 
pressure on economic behaviours in a social network at different levels (Aral and Walker, 
2011; Liang et al., 2011; Lin and Lu, 2011; Ma et al., 2010). 
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Previous studies have predicted user behaviour by analysing social influence 
generated by frequent social interaction or possessing a similar position in a social 
network (Han and Park, 2020). For example, Bhatt et al. (2010) demonstrated that based 
on social pressure from friends within a social network, a user is more likely to purchase 
or adopt a product when his or her friends widely adopt the product. Guo et al. (2011) 
also suggest that people are more likely to purchase a product when their friends have 
already purchased from that vendor. In this circumstance, identifying a user who 
significantly influences other users in the social network is critical because influencers 
supply the standing necessary to convey a message to other users (Kiss and Bichler, 
2008). 

Wang and Yu (2017) examine the social influence on purchase behaviour by 
analysing WOM communications among users. They found that WOM communications 
content and valence affect purchase behaviour in an SNS. Similarly, electronic WOM 
(eWOM) systems studies in China positively affected behaviour intentions based 
principally on a reviewer’s quality and argument quality (Goh et al., 2017). The 
reviewer’s quality and argument quality are interpretable as the mechanism that transmits 
social influence. 

Overall, our literature review suggests that many previous studies adopt an empirical 
approach for examining factors that affect purchase behaviour on social networks to 
explain the behaviour. However, surprisingly scant studies mine data and predict product 
or service sales in social networks, despite its usefulness in providing valuable insight to 
businesses. Moreover, although social influences’ importance in explaining the behaviour 
is well acknowledged and examined, users’ social equivalence on social networks is 
rarely considered. Ignoring social equivalence in analysing social influence for 
explaining or predicting a phenomenon may lead to biased results. 

3 Hypotheses 

A change in a person’s cognition, attitude, or behaviour resulting from interaction with 
another individual or group defines social influence (Raven, 1964). Specifically, social 
contagion explains one entity’s social influence that either an individual or group has on 
another. Social contagion refers to the social or psychological influence spread through 
direct or indirect interaction between individuals (Burt, 1987; Fenzl and Pelzmann, 
2012). The social cohesion model suggests that social contagion occurs when parties 
have frequent and empathetic communication between them, which leads to engagement 
in similar behaviour (Burt, 1982). Social entities tend to exhibit similar behaviours or 
practices due to the evaluation and benefits of the shared cost associated with the activity 
or product under consideration. Thus, similar social entities demonstrate higher 
interaction rates than do dissimilar entities, which results in similar beliefs or values 
(Capozzi et al., 2016; Verbraken et al., 2014). In the SNS environment, an entity 
increases social influence as the entity has more connections with other entities or more 
frequent interactions with connections (Hudson et al., 2016; Molden and Dweck, 2006). 

Prior studies often employ the social contagion model in explaining users’ behaviour, 
including product purchasing in SNSs (Hinz et al., 2014; Hollenbaugh and Ferris, 2014; 
Yoo and Alavi, 2001). Fang et al. (2013) suggest that the probability of adopting a 
product or service is predictable by analysing social links based on social influence, 
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structural equivalence, and entity similarity. However, while the empirical approach has 
been dominant in examining social contagion’ effect, scant studies adopt a predictive 
analytic approach for forecasting users’ economic behaviour on an SNS (Kim and 
Srivastava, 2007; Stephen and Toubia, 2010). Furthermore, analysing behaviours through 
the social contagion lens may introduce biases by ignoring the users’ social 
heterogeneity. The social contagion model implicitly assumes no heterogeneity of social 
class or users’ position in social interactions in a network. 

A user’s social position affects the social influence that occurs during interactions 
(Burt, 1987). The structural equivalence model holds that structurally equivalent people 
occupy the same position in the social structure and interact with other individuals in 
similar ways (Burt, 1987). An observed structural equivalence is social contagions’ 
manifestation, leading to social homogeneity among persons (Burt, 1987; Friedkin, 
1984). Structural equivalent persons show more homogeneity in their attitude or 
behaviour than non-equivalent (Harkola and Greve, 1995). In this light, social contagion 
is more prevalent among people in the same social position. Although social interactions 
are equivalent, social influence in the same social position would be higher than 
heterogeneous users. The structural equivalence model has been widely used to examine 
social influence in different settings (Burkhardt, 1994; Friedkin, 1984, 1993; Hinz et al., 
2011; Pallotti and Lomi, 2011). Thus, the structural equivalence consideration would 
better predict users’ economic behaviour in an SNS. 

The social network approach has been applied for examining the effect of social 
influence and equivalence (Peng et al., 2016; Peng et al., 2017). According to social 
network theories, a network consists of nodes and edges representing individuals in a 
network and their relationships (Freeman, 1978). In this vein, the network approach 
emphasises the importance of relational data that exhibits how individuals are related to 
each other in a network (Krause et al., 2007). An individual’s position is also an essential 
component that affects relationships in a network because individuals’ interactions 
depend upon the social structure (Burt, 1987). Hence, network measures such as 
centrality or betweenness have often been used for analysing social influence in a 
network (Almgren and Lee, 2016; Chung et al., 2021). Therefore, the study hypothesises 
that: 
Hypothesis 1 Using structural equivalence, two broad network classes (authors and 

readers), and their membership is discoverable in the SNS using 
network measures. 

Hypothesis 2 Of the two network classes, authors will show more social interactions 
than readers. 

Hypothesis 3 The author’s network, a structural equivalent group, will demonstrate 
more substantial social influence on e-book purchasing in the SNS than 
the reader network, which is inequivalent. 

4 Data 

Data collection for this study utilised a web-crawler over an SNS in China. The SNS 
provides an online platform for e-book sellers, where each registered user can create  
e-books and sell them on the platform. Since it is also a social networking website, 
different users (including authors) connect, forming a unique network structure. Those  
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e-books are sold exclusively on the social network platform; therefore, exogenous factors 
that could affect the purchase decision are very limited. 

The data contains 530,470 e-book purchase transaction records for approximately 
6,000 e-books sold on the SNS. By examining the offerings genre, the data was reduced 
and focused. Of the 6,000 e-books, only 2,021 titles include genre information in the 
transaction records. By selecting the novel (fiction) genre produced a dataset that 
accounted for approximately 61% of all e-books with genre information. After cleaning 
the data and removing duplicate transactions, the final dataset holds 78,896 sales 
transactions. 

The data comprises three scraped data files. The transaction records include the users’ 
identification code, transaction date, e-book identification code, recommender rating (1–5 
if present, else 0), rating date, and transaction type (purchase, subscribe, or gift). A data 
sample is included in Table 1. The recommendation records identify books purchased and 
recommend additional titles based on prior purchase behaviour, customer ratings, and 
activity date. A data sample is available in Table 2. 
Table 1 Sample of transaction records 

User_ID Date Book_ID Rate Rate_time Behaviour 
1119306 6/17/2015 363081 5 9/24/2014 purchase 
3430534 6/17/2015 11279632 4 9/14/2015 gift 
1938286 6/17/2015 7533672 0 None purchase 
1994295 6/17/2015 1667174 0 None subscribe 

Table 2 Sample of recommender data 

Purchased book_Id Recommended_book_Id Date 
1811 340587 6/18/2015 
1811 381612 6/18/2015 
2432 440810 6/18/2015 
2432 686991 6/18/2015 

The final data file records the book information. That file consists of the e-book ID, 
author ID, book type, and word count (rounded to thousands) (Table 3). 
Table 3 e-Book information 

Book_Id Author_Id Type Word_count 
1420957 63689185 novel/novella 19,000 
2610048 63693845 comics/novella None 
4683406 63695116 nonfiction/novella-collections 4,000 
1782989 63688078 novel/novella-collections 25,000 
2848915 63693719 photography/long-story None 

From the data, two networks (author and reader) based on users’ social positions on the 
SNS are distinguishable and used to examine the social influence by structural 
equivalence. The author network comprises users who upload e-books to sell to other 
users. The authors constitute a unique social group on the SNS with similar motivations 



   

 

   

   
 

   

   

 

   

   100 J. Yu et al.    
 

    
 
 

   

   
 

   

   

 

   

       
 

and interests. In contrast, the reader network users buy e-books. The users’ social position 
in this group is inequivalent because they possess various social positions, interests, or 
values on the site. The data includes 23,447 transactions between authors and 55,449 
transactions between authors and non-authors (i.e., readers). The scrapped data covered 
four years. For analysis, model training utilised the first two years of data, with the 
remaining two years of data reserved for testing. Table 4 offers the sample sizes used for 
training and testing purposes. 
Table 4 Data sample sizes used for training and test (unit: transactions) 

 Training Testing Total 
Author network 10,137 13,310 23,447 
Reader network 38,040 17,409 55,449 

The data is limited in that information about social links or interactions among the 
entities in the SNS was missing, which is commonly the case (Cha et al., 2010; Kumar  
et al., 2010). Therefore, the social link estimation utilised a product network approach. 
The product network approach analyses the economic entities behaviour based on the 
assumption that entities establish social links when they have similar preferences toward 
a product or service (Dhar et al., 2014). A similar preference toward a product or service 
offers a foundation for establishing relationships among people. Social entities in a social 
network with similar preferences toward a product will find it easier to establish a 
relationship (Fang et al., 2013). In a product network, products are the network nodes 
instead of the social entities, and shared economic outcomes offer a foundation for 
establishing the links between the social entities (Dhar et al., 2014). For example, two 
simultaneous product purchases signal the existence of the social link. This approach 
facilitates an alternative means of establishing connections between social entities. Two 
entities are acknowledged as linked on a social network when they frequently buy the 
same product. Structural measures were calculated with social links using the Gephi™ 
software package. The specific network measures computed are defined in Table 5. 

A network measures summary for the two networks is available in Table 6. The 
results demonstrate that consistent with hypothesis one, two distinct networks exist in the 
data, and consistent with hypothesis two, the authors possess more social links than 
readers. That suggests more social ties because they are structurally equivalent users. 
Table 5 Computed network measures 

Network measure Definition 
Degree The total number of relations (edges) that a node has 
In-degree Incoming edges count 
Out-degree Outgoing edges count 
Weighted degree A weighted sum of the number of edges  
Modularity-class How well a network decomposes into modular communities/clusters 
Eccentricity The distance from a node to the node that is the farthest away 
Closeness centrality Average shortest path length between a node and other nodes 
Betweenness centrality The number of times a node acts as a bridge between other nodes 
Clustering coefficient The average clustering coefficient of all nodes in the network 
Eigenvector centrality An influence measure for the node on the network 



   

 

   

   
 

   

   

 

   

    Predicting eBook purchases of heterogeneous social groups 101    
 

 

    
 
 

   

   
 

   

   

 

   

       
 

Table 6 Calculated author and reader network measures 

 Author network  Reader network 
Training Testing  Training Testing 

Average degree 36.596 25.132  11.584 13.283 
Avg. weighted degree 18.298 12.566  5.819 6.677 
Graph density 0.033 0.025  0.001 0.001 
Modularity 0.837 0.718  0.943 0.906 
Avg. clustering coefficient 0.484 0.472  0.396 0.375 
Avg. path length 1.557 2.642  3.984 5.537 

5 Data analysis and results 

Purchase prediction by users began by distinguishing between the two network types 
(author and reader), modelling each network, then testing the resulting model to see 
which network has higher predictive accuracy. Model development used the well-known 
classification algorithms AdaBoost (Freund and Schapire, 1997), decision tree (Breiman 
et al., 1984), GA-ensemble (Oh and Gray, 2013), neural network (McCulloch and Walter, 
1943), random forest (Breiman, 2001), and SVM (Cortes and Vapnik, 1995). 
Comparisons concentrate on accuracy and recall as performance measures to balance the 
evaluation of the analytical approach. Consistent with traditional algorithm comparison 
practices, reporting includes precision and F-measure statistics. Accuracy and recall are 
the central focus because, to the data provider, as well as the booksellers, it is more 
important to predict the buyers accurately [(true-positive + true-negative) / (true-positive 
+ true-negative + false-positive + false-negative)], and recall [true-positive /  
(true-positive + false-negative)], the relevant instances predicted proportion. Wrong 
predictions are not a major concern because the low cost of targeting potential buyers is 
negligible. As long as the potential buyer is a follower in this SNS, sellers can quickly 
send them promotion information on new e-books. Even if the user is not an author’s 
follower, the author can still reach the user by sending them an email or promotional 
message. 

Table 7 provides algorithm performance statistics with the test dataset for the author 
network, and Table 8 provides the same information for the reader network. The average 
accuracy was 71.6% across all algorithms in the author network, ranging from 68% to 
75%. The model generated by the SVM algorithm showed the highest accuracy (75%), 
the essential criterion for evaluating performance in this research. The AdaBoost model 
demonstrated the best recall performance, outperforming the 58% average by classifying 
authors accurately 73% of the time. 

For the reader network, although SVM also had the best performance in accuracy and 
precision, all methods were not significantly different in their performance for accurately 
predicting e-book purchases. Furthermore, all methods performed poorly with an average 
60% accuracy ranging from 58.23% to 63.03%, 11% below the author network.  
GA-ensemble attained the best recall performance classifying around 20.1% accurately in 
the test set, on average, 52% below the author network. 
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Table 7 Author (equivalent) network performance measures. Percentage attained and 
algorithm success ranking in parenthesis 

Learning 
technique Accuracy Recall Accuracy + 

recall ranking Precision F-measure Overall 
ranking 

AdaBoost 72.73 (3) 87.58 (1) 1 53.60 (5) 66.50 (1) 1 
Decision tree 69.91 (5) 38.03 (6) 6 96.84 (2) 54.91 (5) 6 
GA-ensemble 73.93 (2) 65.36 (3) 2 56.82 (4) 60.79 (2) 2 
Neural 
network 

67.88 (6) 72.55 (2) 4 48.68 (6) 58.27 (3) 5 

Random 
forest 

70.37 (4) 38.98 (5) 5 100.00 (1) 55.10 (4) 3 

SVM 74.75 (1) 48.37 (4) 2 61.67 (3) 54.21 (6) 3 
Average 71.60 58.48  69.60 58.30  

The difference in prediction accuracy between the networks suggests that purchase 
behaviour prediction in an SNS is significantly affected by the users’ social structure. 
Further, the author network’s higher prediction accuracy by any of the chosen algorithms 
supports hypothesis three – social influence is more significant in social equivalent or 
homogeneous networks than socially heterogeneous networks. 
Table 8 Reader (inequivalent) network performance measures. Percentage attained and 

algorithm success ranking in parenthesis 

Learning 
technique Accuracy Recall Accuracy + 

recall ranking Precision F-measure Overall 
rank 

AdaBoost 60.03 (4) 1.17 (5) 5 29.55 (5) 2.25 (5) 5 
Decision tree 60.87 (3) 1.44 (4) 4 48.15 (3) 2.80 (4) 4 
GA-ensemble 59.46 (5) 20.11 (1) 3 46.47 (4) 28.07 (1) 3 
Neural 
network 

58.23 (6) 1.11 (6) 6 12.20 (6) 2.03 (6) 6 

Random 
forest 

61.08 (2) 7.42 (2) 1 58.26 (2) 13.16 (2) 1 

SVM 63.03 (1) 5.43 (3) 1 100.00 (1) 10.29 (3) 1 
Average 60.45 6.14  40.11 9.77  

To examine the relationship further, hypothesis testing under the alternate hypothesis 
author (equivalent) networks have more social links than reader (inequivalent) networks, 
utilised the t-test. The test statistics (p-values) for degree and weighted degree measures 
are 35.01 (< 0.001) and 35.00 (< 0.001), respectively. The results support hypothesis 
three – more social links and interactions exist among structural equivalent entities than 
otherwise. 

5.1 Additional analysis 

This research also examined the social influence effects to corroborate those results found 
in the previous section. This analysis used logistic regression with network measures and 
subnetwork types as independent variables. Membership was transformed into binary 
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coding where 1 = author and 0 = reader. The logistic regression result suggests that the 
author’s network had a more significant effect on purchases (Beta: 2.595,  
p-value: < 0.001, odds ratio: 13.403). This outcome further supports hypothesis three – 
socially equivalent people have more significant social influence and facilitate more 
accurate predictions. 

We also examined the social equivalence effect by comparing the prediction accuracy 
between the equivalent and inequivalent groups (see Table 9). This analysis utilises the 
same predictive variables as Tables 7 and 8; however, the data are not split into socially 
equivalent networks. Instead, the entire dataset was split into modelling and testing 
subsets, each with two years of data. Then algorithm performance measures were 
collected and compared to the social equivalent subgroups. 

The mixed network obtains significantly higher average accuracy (68.8%) over the 
inequivalent network (60.5%) (see Tables 9 and 8). However, lower accuracy occurs in 
the mixed network versus the equivalent network (68.8% mixed versus 71.6% 
equivalent) (see Tables 9 and 7). This finding supports hypothesis four; social 
equivalence status biases the prediction accuracy. This discovery is particularly troubling 
because the mixed dataset contains 24% more inequivalent (reader) than equivalent 
(author) observations. Our results suggest that predicting purchase behaviours in an SNS 
without considering users’ social structure leads to a biased interpretation. 
Table 9 Network performance measures for all users - without social equivalence 

Learning technique Accuracy Recall Precision F-measure 
AdaBoost 70.63 58.49 71.49 64.34 
Decision tree 72.94 64.48 72.69 68.34 
GA-ensemble 65.29 59.62 62.18 60.88 
Neural network 58.45 10.30 41.67 16.52 
Random forest 70.91 71.12 60.58 65.40 
SVM 74.41 95.57 64.74 77.19 
Average 68.77 59.93 62.23 58.78 

6 Discussion 

The results hold several implications. First, structurally equivalent people on an SNS 
(i.e., author network) have more social links, supporting the structural equivalence model. 
In comparison, an entity in the author network had about 50 connections on average, 
while the reader network had 11. This finding suggests that social position is a source of 
homogeneity or similarity among social entities in a network. The similarity offers a 
foundation for establishing social links. Social influence by structural equivalence is 
essential for explaining or predicting social entities’ economic behaviour. Those who are 
structurally equivalent have more social influence over others due to their similarity in 
product preference, attitude, or belief even when their social interactions are weak. 

These results suggest that predicting a social entities’ behaviour without considering 
social links or interactions could easily lead to a biased interpretation. For example, when 
data is mixed with homogeneous and heterogeneous groups, the predictive power comes 
from the homogeneous group. In contrast, the heterogeneous group generates a kind of 
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noise. Thus, examining or predicting a social entity’s behaviour based on social 
interactions without considering structural equivalence may exaggerate the social 
influence effect because of the social interactions by structural inequivalent entities. As 
measured through social links or interactions, heterogeneous social entities’ product 
preference or attitude is not proportional to their social influence. Not considering social 
equivalence could mislead prediction analysis by either underestimating the social 
influence effect exerted by social equivalent groups or overestimating socially 
inequivalent groups. 

In contrast, although they show infrequent social interaction, homogenous social 
entities could have substantial social influence. Previous studies have often treated social 
entities as homogenous groups and analysed social interactions for predicting their 
behaviours. However, structural equivalence could be a better social influence predictor. 
In this light, effectively segmenting social positions in a network and comparing social 
influences by positions is a crucial future research topic. 

Last but not least, all algorithm performance was relatively stable and consistent in 
the author network across all four measurement statistics. By ranking them from 1-to-6 
(Tables 7 and 8), the resulting rank structure holds more or less constant under any 
statistic from accuracy to the F-measure. However, all algorithms were far less accurate 
in the reader network, as rated by recall and the F-measure. SVMs 100% performance, as 
measured by precision, is combined with the best performance as measured by accuracy; 
however, the algorithm has comparatively poor performances as measured by recall (5%) 
and modest F-measures (10%), suggesting the precision number lacks reliability. Further, 
given the reader network size in the test set (n > 17k), 100% precision, while technically 
correct and desirable, seems unobtainable, particularly given the moderate recall scores. 

Similarly, in the reader network (Table 8), GA-ensemble turned in the second-to-last 
performance measured by accuracy only to turn in the best performance measured by 
recall and the F-measure. It is as if the measurements stand opposed with accuracy and 
precision telling one story, while recall and F-measure tell a different story. It is assumed 
that the reader network performance characteristics are derived from the low connectivity 
observed in the network. The low connectivity gives the dataset a diverging nature that 
approaches random noise. The network’s nature warrants further study; however, that is 
left to future work. 

These results suggest that algorithm selection needs to carefully consider the analysis 
objective and the social structures nature in which the predictions will occur. AdaBoost 
and GA-ensemble both had satisfactory performance under any measurement criteria in 
the socially equivalent network; however, SVM and random forest performed best in the 
inequivalent network. 

7 Theoretical and practical implications 

7.1 Theoretical implications 

This study has several implications for social network studies. First, we suggest an 
alternative way to predict product purchases in a social network by considering 
transactions in a network as nodes and applying structural measurements. This approach 
is believed to be effective, especially when accessing data on social relationships is 
limited. Second, our study exhibits the importance of examining users’ social structural 
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equivalence in predicting their behaviour in a social network. Previous studies often 
predict users’ behaviour by analysing their interactions in interaction frequency terms, the 
interaction direction, or the information amount. However, such an interaction centred 
approach can mislead because the interactions are dependent upon their social structure. 
It is essential to analyse or control users’ social structural equivalence while predicting 
behaviour. Finally, our study also demonstrates the importance of occupation in 
determining social equivalence. Authors act as a homogeneous group and show more 
community (they contribute to the network), which leads to frequent interactions. On the 
other hand, readers are a more diverse, heterogeneous group, partly due to their weak 
similarity (they consume). Hence, future studies need to identify important factors that 
help determine the users’ social equivalence in the network. 

7.2 Practical implications 

This study reveals several practical implications. First, when building algorithms to 
forecast sales performance, sellers on e-commerce platforms should consider the extant 
measures such as customers’ past purchases and their product preferences and network 
metrics. Including the network features in training the algorithms would help improve the 
prediction accuracy by a large margin. A more precise sales forecasting could help the 
sellers develop more effective business strategies. 

Second, sellers may segment customers based on their social equivalence. More 
specifically, they should take the buyers’ role on the network into account. SNS users 
who have more homogenous characteristics may have more frequent interactions so that 
they are more likely to purchase the products within their circle. For example, an indie 
moviemaker may be more likely to consume a movie produced by another indie 
moviemaker. Conducting market segmentation based on this user characteristic may help 
the sellers more accurately target marketing. 

Last but not least, SNS platform designers and data scientists should consider 
adjusting the algorithms (e.g., GA-ensemble versus SVM) in different situations (i.e., 
socially equivalent network versus socially inequivalent network) to maximise the 
predictive performance. Albeit technical, such algorithmic applications should be a 
common practice in a company that has a well-trained IT department, especially for an 
SNS platform. 

8 Conclusions 

This study examined social influence by structural equivalence on e-book purchasing 
forecasts. Social influence is more significant in social equivalent or homogeneous than 
heterogeneous networks. Socially equivalent people have more significant social 
influence and facilitate more accurate predictions. Further, failure to consider social 
equivalence leads to biased predictions. 

The study has several limitations. First, although social relationship estimates from 
product purchases assumed that the purchase reflects social interaction, the assumption 
was not examined. Second, since users in the data made limited e-books purchases, the 
estimation of the structural measure could be biased. Finally, the analysis only considered 
book transactions in the novel genre; therefore, the results cannot be generalised to all 
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book types. Finally, where the analysis only considered e-book transactions on a 
particular SNS, generalising the results is left to future research. That research needs to 
examine e-books across genres, across various platforms, and then begin exploring asset 
sales other than e-books. 
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