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Abstract

The objective of this research is to bridge the gap by proposing a content-based framework that is specifically
designed to operate in social media environment. This study proposed a recommendation framework that
integrated the features of brand pages and information on user behavior on brand pages. Data were obtained
from 2,076 official brand pages in Taiwan, and a total of 500,000 interaction data were obtained and processed.
Decision trees were used to classify brand pages and detect features that facilitate distinguishing among brand
pages. Our method involved a simple training procedure with no restriction to a particular classifier learning
algorithm and yields improved results on data sets extracted from a considerable number of Facebook brand
pages. The results represented the diversity of social media user criteria in evaluating whether an activity is
interesting to users. Moreover, these prevalent features indicate that brand pages distinguish themselves from
others through their willingness to engage and interact with users. These findings not only enabled using brand
page recommendation models for facilitating the selection of the most suitable brand page, but also useful for
researchers seeking to develop a recommendation system for social media.
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1 Introduction

Social media has emerged as an essential medium for maintaining social connections and sharing information
among users [8], [31]. Social media is used not only for entertainment but also as platforms where consumers can
discuss brand-related experiences and preferences [30], [43], which has become a part of our everyday lives. Hence,
social media has aroused the interest of companies who see the potential to manage customer relationships [1], [15],
[23]. Companies can create and moderate brand pages on Facebook. These pages provide users, including
individuals, businesses, and organizations, a space for posting information with a specific purpose, audience, and
context [28], [30], [44]. Therefore, brand pages are presently the key platform where consumers interact with brands.

Because the threshold for establishing a brand page is quite low, many homogeneous and heterogeneous brand
pages continually appear on Facebook. Facebook users presently view a considerable number of brand pages at
each visit, hindering the efficient and appropriate selection of brand pages that interest them the most [4], [27]. That
is, the overwhelming number of brand pages on Facebook cause difficulties for users to select the right page to join,
which is also the research gap. Moreover, the innovation of brand pages has constantly increased data availability,
causing users to experience considerable information overload. The type of information can potentially help users
solve problems. However, an excessive amount of information on different networks may become an obstacle rather
than a benefit [29]. Hence, managing information and network overload on brand pages is crucial and serves as the
objective of this study.

In particular, as new forms of technology have emerged, scholarship should revisit existing theoretical constructs to
make sense of the evolving pathways of computer-mediated information. According to previous studies, one
approach for managing information and network overload is recommending social groups in which users may be
interested, enabling them to more effectively focus their attention [34], [48]. Recommendation is a filtering technique
that involves suggesting useful information (images, news, music, travel, and web pages) to users on the basis of
collected or inferred information [25]. Recommendation systems are important for enabling the personalization of
activities in social media where one object is to recommend to people whom they may want to interact [7]. In fact,
many social media use social networking analysis for recommending friends to users or as potential partners in life
[9], [48]. However, this approach is not effective in managing brand pages. Therefore, this paper focus on
recommending brand pages to users to address the following fundamental question: Which pages would be more
relevant to users’ interests?

In fact, one of the specific features of brand pages is that they enable users to interact and participate with
companies, allowing them to share their opinions [37]. That is because users may belong to various brand
communities according to their topics of interest, resulting in highly overlapping communities from a structural
viewpoint. For example, Facebook users generally interact by selecting and viewing brand pages that are matched
on the basis of brand page features and user behavior information. Likewise, users having similar tastes would tend
to annotate similar resources that share some topics with one another. When appropriate matches are found, they
express their interest by clicking on like and leaving a comment [19], [20]. That is, interaction frequency can be
considered a success indicator for measuring the popularity of brand pages. Therefore, the objective of this research
is to bridge the gap by proposing a content-based framework that is specifically designed to operate in social media
environment.

This study proposed a framework for social recommendation and developed a representation for classifying
interactions on Facebook brand pages that combines the content from page profiles and features of user behavior.
We used the decision tree learning method for determining which feature can be used to examine interaction on
brand pages and then classified the most applicable interaction category to recommend to users. Our method
involves a simple training procedure with no restriction to classifier learning algorithm and produces the improved
results on data sets extracted from the considerable number of Facebook brand pages.

The main contribution of this paper is a new social recommend mechanism. This recommend mechanism suggests
items across the different applications based on two of the main characteristics of the brand page- profiles and user
behavior, and makes the following contributions toward recommendation systems. First, this study reinforces the
importance of revisiting foundational models on social media to effectively incorporate social behavior into
recommendation processes in ways that may prove highly beneficial in accentuating users’ interests and
characterizing communities. Second, this study provides detailed experimental evaluations with real datasets, which
are taken from Facebook. The results showed that the decision tree can be applied not only to classify the specific
brand pages, but also used to distinguish one brand page from another. Third, we also elucidate the relatively new
phenomenon of brand pages on social media and useful implications regarding how to provide businesses with
additional insights into consumer attitudes. The ability to keep step with the dynamic features of the brand page is
needed to study them in a sincere way.
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2 Literature Review

Relevant literature including Facebook brand pages and recommendation mechanism are presented as follow.

2.1 Facebook Brand Pages

The rise and continued growth of Facebook have attracted the interest of companies who see the potential to send
their marketing content to the customers [23]. Facebook then provides the brand pages which is a platform for sports
teams, films, organizations, and businesses to attract audiences and maintain a long-term relationship with their
users or consumers [11]. At this time, companies can establish Facebook brand pages with a specific purpose,
audience and topic to market, promote and inform about products and services. These brand pages allow
enterprises and celebrities to interact with users and thereby enhance brand visibility to and the loyalty of these
people [18], [39]. In recently, more than 1.5 million organizations have Facebook brand pages, and 20 million people
like Facebook brand pages every day. These brand pages were found to be a successful tool for increasing sales. In
addition, they have the potential of improving the relationship between the consumers and the brand, and may
influence fans’ perceptions and actions [2].

Through news feeds on Facebook, page administrators can send links, advertisements, videos, and information
considering a specific purpose, audience, and topic to the market [16]. Once users become fans of brand pages by
pressing the like button, the new content of the brand page is automatically posted to their news feed. Fans can then
post content or comment on brand posts (depending on the communication policy set by the company).

Indicate interest in an existing post by pressing the like button, contact the companies, and interact with other fans
[1], [11]. This means that companies set up and moderate brand page to continuously monitoring consumers’
activities [46]. That is, brand pages facilitate interactions through the exchange of opinions and information about the
brand or products. For example, Coca-Cola has over 36 million fans and actively promotes its activities on its
Facebook brand page. In brief, fans tend to be loyal and committed to companies and are receptive to receiving
information about the brands [12], [18]. Moreover, Dholakia and Durham [13] and Choi and Scott [10] observed that
people who follow brand pages are more willing to visit the stores and spread positive word of mouth on the Internet.
As the outcome of this change in the field of marketing, social marketing has emerged.

With the rapid growth of social marketing, researchers have analyzed the features and structures of social media.
Distinct features of social media, such as taste, linkage, and subgroup differences, have been studied by Lewis,
Kaufman, Gonzalez, Wimmer and Christakis [24] and Mislove, Marcon, Gummadi, Druschel and Bhattacharjee [35],
revealing the reality of user behavior and network structures. Ahn, Han, Kwak, Moon and Jeong [3] and Shi, Rui and
Whinston [43] analyzed the topology of online social structures and described the popularity of user-generated
content. Results showed that it is not a replacement for the traditional marketing techniques but rather as an
additional marketing channel that can be integrated with all channels. However, among those studies, little research
has systematically examined the problem of Facebook users having to review too many brand pages prior to
selecting their preferred page.

Although brand pages contribute toward connecting with companies and users, the presence of too many brand
pages causes considerable information and network overload [49]. Moreover, diverse information on brand pages
may hinder the clear identification of pages suitable for tracking and interacting by users [38]. Therefore, brand page
administrators should develop approaches that improve their exposure and enable existing and potential users to
find and track specific brand pages [12]. Considering this issue, the main approach to counter information and
network overload is recommending social updates of interest to users, enabling them to more effectively focus their
attention [25], [48]. In fact, Facebook users interact with the specific brand pages that are matched on the features
and contents. Once the appropriate matches are found, users will express their interest by clicking on like button and
leaving a comment [19], [20]. Therefore, it is necessary to find more suitable brand page for users. In this study, a
framework for a recommendation system was developed for recommending suitable and attractive brand pages to
users.

2.2 Recommendation Mechanism

Recommendation mechanisms attempt to discover user preferences over items by modeling the association
between users and items. The mechanism attempts to clarify user preferences by modeling the association between
users and items [14], [42], and then prevent information overload by presenting appropriate content to targeted users
on the basis of collected or inferred information [29], [45]. Hence, they recommend items that match the preferences
of users to assist active users in selecting products from potential options [7]. According to the previous study [7], by
applying recommendation techniques it is possible to increase the likelihood of the successful purchase of products
by the active user.
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Recommendation mechanisms can be categorized as content-based or collaborative filtering (CF) mechanisms.
Content-based mechanisms analyze the features of the content in a set and matches them to the preferences or
interests of users on the basis of a model developed by analyzing the previous actions of users [48]. That is, the
utility u(c, s) of item s for user c is estimated based on the utilities u(c, sj) assigned by user c to items si € S where s;

is similar to item s. Content-based mechanisms depend on three main processes: content analyzer, profile learner

and filtering components. According to previous studies, the content analyzer is used to extract information (such as
keywords, concepts) that represent items, and to extract users’ reactions towards the items. The profile learner is
used to learn users’ preferences to construct and update user profiles (from their past reactions towards items).
Filtering components match the user profile with items characteristics to accomplish the recommendation [42]. In
brief, this mechanism may be preferred where profile information is presented in the form of item descriptions (e.g.,
for explaining why recommendations are made) [26].

By contrast, collaborative filtering mechanisms recommend items on the basis of aggregated user preferences and
the general taste of similar user profiles, irrespective of the availability of item descriptions [17], [42]. The utility u(c,
s) of item s for user c is estimated based on the utilities u(c;j, s) assigned to item s by those users u(cj , s) who are
similar to user c. Collaborative filtering mechanisms have two types: user-based and item-based [40]. In user-based
collaborative filtering, a user C who is interested in item x will be interested in item vy, if there are other users. These
users are similar to user C and they are interested in the items x and y. In item-based system, if user C likes item X,
and the item x is similar to the item y according to the opinion to other users. Then item y should be recommended to
the user C [40]. Thus, in the CF mechanism, user behaviors are used for generating user preferences.

By applying recommendation mechanisms, the likelihood of the successful purchase of products by active users can
be increased because services or products are personalized and presented to these users by using information
obtained from the purchasing behavior of like-minded users [9], [21]. This mechanism is similar to that applied by
Amazon.com. However, traditional content-based and CF mechanisms are not sufficient for Facebook brand page
recommendations because they assume that users are independent. That is, the recommendation mechanism
needs to consider the interaction between user and user. The interaction relationship was not previously considered.
Therefore, as social media expands exponentially, it will become a challenge to distribute the right information and
pages to the right person.

This study proposed a framework for social recommendation and integrated user behavior information and profile
features into content-based recommendations by using simple and powerful learning and ranking approaches to
avoid expensive computation [17], [36], which was vital for the large, real commercial data set used in our
experiments. At this time, recommend technologies can play a key role to process the new types of public data and
metadata on social media, which can further facilitate creating a list of suitable brand pages, and then ensure users
to receive the information they prefer.

3 Materials and Methods

Based on the literature, this study designed Facebook application to collect data and develop the recommendation
system. Data collection and construction of decision trees are shown as follow.

3.1 Method Design

To develop an effective recommendation system on social media, this study integrated both factors using
probabilistic ranking and machine learning. This method forms the relationship between the features of candidate
brand pages as a classifier. The features depended on the selected profile and user behavior information on brand
pages; each interaction was labeled with a target value, and regard as the candidates in that pair. In general, any
classifier learning method can automatically extract a set of classification rules is applicable in this study. Therefore,
to maximize cost-weighted performance on a training set of interactions, this study used a learned model to convert
into rule sets containing features of both active and potential users, enabling candidate list generation in a
comprehensive data representation [33].

To empirically examine the effectiveness of the aforementioned method, we used Facebook brand pages as the
experimental platform. This study used the Facebook API (Application programming interface) for data collection
from 2,076 brand pages on December 2017 and then constructed and selected characteristics based on the features
and user interaction records of these pages. The corresponding recommended candidates were generated
according to the rules derived from the decision tree [47], providing a clear understanding of user preferences and
enabling the recommendation of brand pages that may be interesting to users. (see Figure 1)
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Figure 1: Depicts the process flow of brand page prediction
3.2 Facebook API

Facebook launched its API to the public to attract application developers. The raw data were crawled using the
Facebook API and cleaned on the basis of criteria [32]. The first step of the recommendation system involves
analyzing and identifying features that capture user trends in interests, social connections, and basic information. We
accessed 2,076 brand pages and collected the profile features and user behavior information from each page. And
this study does not use any private information.

Brand page profile features. Basic attributes usually described the profile of a brand page, and these attributes are
highly domain-specific. This study extracted 19 features, namely category, subcategory, creation time, number of
statuses visible to the public, location of members, number of wall posts, number of fans, increase in the number of
fans, increase rate of the number of fans, number of discussions on the page, the ratio of discussion, and fans’
average age, sex ratio, education level, race, relationship status, political view, affiliations, and lifestyle choices, for
characterizing the profile features on Facebook. These data can be easily accessed because they are publicly
available, and the service terms of Facebook allow program designers to obtain anonymous usage the data for
research purposes [11]. In this study, the above data can be obtained through the APIs offered by Facebook.

User behavior features. This set covered behavior patterns in aggregated interaction summaries over time.
Specifically, we extracted 11 features include the cumulative numbers of activities, posts, links, photos, videos, notes,
and the total numbers of likes, comments, shares, tags, and check-ins from all members on each brand page were
collected. Moreover, because some brand pages have already built for a long time and cumulative many user
interaction records, this study also examined user behavior in one month. To avoid members still interacting with the
brand pages on December (we used the Facebook API for data collection), this study collected the data three-month
ago. That is, the numbers of activities, posts, links, photos, videos, notes, likes, comments, shares, tags, and check-
ins from members in September 2017 (only this month) were separately collected (also regard as 11 different
features). In addition, we also examined whether these behaviors were those of the administrators or members of
brand pages. Hence, we observed 44 features related to the interaction on brand pages.

It can be reasonably assumed that the popularity and interaction frequency of brand pages are associated with their
value and attractiveness. Commonly available interaction frequency information included the total number of
interactions on brand pages (numbers of likes, comments, and shares) and the total number of fans who interacted
on brand pages. To compare the results of these two features, we constructed two decision trees.

The crawled data were cleaned; however, these data cannot be directly analyzed. Hence, processes such as
splitting and vectorization were used. We then temporally split the data set to obtain training and testing data sets
because the past data (training data, 70%) can be used for training the model, which can subsequently predict the
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future data (testing data, 30%). Using this property, we constructed decision trees to enhance brand page
recommendation for Facebook users.

3.3 Construction of Decision Trees

The main goal of these splitting algorithms is to find the best split of data with maximum homogeneity on each side.
Each recursive iteration purifies data until the algorithm reaches to terminal classes.

Among many supervised techniques used for machine learning, the decision tree classifier is an appropriate choice
for the proposed method [5], [21], [47]. According to binary recursive partitioning, a decision tree comprises the
parent node tp and child nodes t and t.. This study adopts an impurity function i(t) to define the maximum
homogeneity of child nodes. Therefore, the maximum homogeneity of ti and tris equal to the maximum change in the
impurity function 4i(t) [Eqg. (1)], which indicates that a splitting rule is applied to all variable values to find the optimal
split criterion r; < xR, and the maximum 4i(t) is found. The Pi and Pr indicate the probabilities of the left and right
nodes.

I i(0) = i(ty) - Ri(t) — Pri(ty) (1)

Thus, maximum impurity is solved in each recursion step and expressed in Eq. (2). In this equation, x; is variable j, W
is the most favorable possible variable x;to split, and M is the number of variables.

}'"axx,»sxf,jﬂ...M[i(t) = i(tp) — Rt — Pi(ty)] @)

3.4 Candidate Generation

In fact, it is important to generate efficiently candidate lists since the aim of a recommendation system is to present
the brand pages with an actual list of relevant items. Existing study often estimates the constructed model on the
historical data, but pays little attention to candidate list generation. Specifically, this study used decision trees for
constructing a social recommendation system requires a training set for training a recommender, which generates
candidate pairs and then used to test on a test data set. To evaluate the performance of the recommendation system,
70% of the data were randomly selected for training and the remaining 30% were used for testing (in total, 2,076
brand pages).

In particular, this study first converted a decision tree into decision rules to produce candidate lists for
recommendations. After that, we evaluate all situations in each path from the root to each leaf in the decision tree
and then creating a rule for each path. Rules r € R have the following format:

i (2,8, .. CO) A (CT, G5, CL) A (G, G5, . CF) thent @)

Where @ is the condition on the active brand page Ba, |qr is the condition on the recommended brand page B, W
are conditions on the pair (Ba and By), and t is the class.

3.5 Experimental Tool

After the data set was collected from 2,076 brand pages, the data were preprocessed in Oracle 10, and decision
trees were learned using See52 and converted to rules in SQL by using Perl. Furthermore, Waikato Environment for
Knowledge Analysis (WEKA) was used for building and classifying the model. Using the feature selection function of
WEKA, we observed which features are valuable for measuring the interaction frequency on brand pages. Tree
learning requires approximately 10 min per tree. Candidate generation requires approximately 1 hr, whereas ranking
requires less than 30 min.

4 Results

The experimental results for recommendations and the decision tree for models are provided as follow.
4.1 Descriptive Statistics

In this study, we evaluated the proposed approach in a realistic setting by using a data set of Facebook brand pages.
In total, 2,076 brand pages with 57 common subtype categories were crawled for testing. We cleaned the dataset in
order to conduct more meaningful experiments. More than 500,000 interactive data were used in the model. Table 1
shows the number of brand pages, the total number of interactions, and the total number of fans who interacted in
the top 10 subtype categories. The results revealed that Facebook users are highly willing to engage and interact in
brand pages in books and funny categories. We then trained two decision trees in the training period.
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Table 1: Number of brand pages and interaction of 10 main subtype categories

Ranking |Subtype category Amount of pages .the totgl number of{the tgtal number of fans
interactions who interacted

1 Books 69 86,085 16,990

2 Funny 143 62,883 20,298

3 Sexuality/Moods 59 50,800 8,290

4 Consume/Lifestyle Information |129 49,924 11,712

5 Other Information 251 25,521 12,242

6 News 28 17,067 7,220

7 Artist/Band 206 15,448 5,450

8 Famous person 116 11,084 4,384

9 Religion and spirituality 41 10,810 5,924

10 Constellation/Divine 38 9,216 3,706

4.2 Experimental Results for Recommendations

In Model 1, we considered the total number of interactions as the indicator of interaction frequency on brand pages.
This model has twelve rules derived from the decision tree. The results revealed that the suitable category of brand
pages is affected by many factors, including the number of likes received in the current month, the number of links
shared in the current month, the number of comments received in the current month, the ratio of discussion and the
average age. According to the classification results of decision tree, we converted the rules to the if...then... format
(see Table 2). For example, if the number of likes received and number of links shared in the current month were
>84,684 and >15,195, respectively, then the brand page belonged to Category A.

Table 2: The rules of decision tree in model 1

If the number of likes received in the current month > 84,684 and the number of links shared in the

Rule 1 current month > 15,195, then it belonged to Category A

Rule 2 If the number of likes received in the current month > 84,684, 15,195 = the number of links shared in
the current month > 2,929, then it belonged to Category A

Rule 3 If the number of likes received in the current month > 84,684 and the number of links shared in the
current month < 2,929, then it belonged to Category B

Rule 4 If the number of likes received in the current month < 84,684 and the number of comments received in

the current month >1,144, then it belonged to Category B

If the number of likes received in the current month < 84,684, 1144 = the number of comments
Rule 5 |[received in the current month > 326, and the ratio of discussion > 0.075, then it belonged to Category
C

If the number of likes received in the current month < 84,684, 1,144 = the number of comments
Rule 6 [received in the current month > 326, and the ratio of discussion < 0.075, and the average age > 27.75,
then it belonged to Category C

If the number of likes received in the current month < 84,684, 1144 = the number of comments
Rule 7 |received in the current month > 326, and the ratio of discussion < 0.075, and the average age < 27.75,
then it belonged to Category D

If the number of likes received in the current month < 84,684, the number of comments received in the
Rule 8 |current month < 326, and the number of links shared in the current month > 863, then it belonged to
Category D

If the number of likes received in the current month < 84,684, 326 = the number of comments received
Rule 9 |in the current month >187, and the number of links shared in the current month < 863, then it belonged
to Category D

If the number of likes received in the current month < 84,684, the number of comments received in the
Rule 10 |current month < 187, the number of links shared in the current month < 863, the average age >22.25,
and the number of likes received in the current month >5,026, then it belonged to Category D

If the number of likes received in the current month < 84,684, the number of comments received in the
current month <=326, the number of links shared in the current month < 863, the number of comments
received in the current month < 187, the average age >22.25, and the number of likes received in the
current month < 5,026, then it belonged to Category D

If the number of likes received in the current month < 84,684, the number of comments received in the
Rule 12 |current month < 326, the number of links shared in the current month < 863, the number of comments
received in the current month < 187, and the average age < 22.25, then it belonged to Category E

Rule 11
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It is informative to observe which features are used at the top-level splits made by the decision tree. Figure 2 shows
the top 6 splits created by a representative tree. Although the features and splits in the tree varied depending on the
sample, the top 6 splits were quite stable, with only minor variations among samples.

At the top level, brand pages that received at least 84,684 likes in the current month were highly likely to belong to
Class 1. The next split was based on the number of links shared in the current month; if it was >15,195, then the
brand page belonged to Category A. If the number of links shared in the current month was <15,195, then whether
this number was >2,929 was determined. If the number of links shared in the current month was >2,929 or <2,929,
then the brand page belonged to Categories A and B, respectively. That is, brand posts exhibited more online
engagement in Category A, and fans were likely to engage with brand pages by clicking like and share button.
Moreover, these brand pages were likely to post the form of photo and video to encourage the interaction of fans. On
the other hand, fans were likely to make some discussion and leave the comment in Category B. That is, the brand
posts enabled users to experience resonance and encouraged them to express their opinion in Category B.

The second class of features, essential for the growth of brand pages (although for reasons that are not intuitively
apparent), is the number of comments received in the current month. If a brand page received >326 comments in the
current month, it underwent further categorization. If the brand page received >1,144 comments, then it belonged to
Category B. However, if <1,144 comments were received, it was categorized further according to the ratio of
discussion and average age. The results showed that if the ratio of discussion was >0.075, then the brand page
belonged to Category C. Moreover, if the average age was >27.75 or <27.75 years, then the brand page belonged to
Categories C and D, respectively (see Figure 2). Therefore, brand fans were older and likely to engage with brand
pages in Category C. However, these brand pages were not frequently post the information and even interact with
their fans. On the other hand, fans were young and likely to engage with brand pages in Category D. However, the
brand posts still cannot encourage fans to express their opinion in Category D. Compare with Category C, not only
brand fans were older, but they were also unlikely to engage with brand pages in Category E.

According to the decision tree of Model 1, the brand pages in Category A have the highest interaction frequency
among all pages, indicating that the pages are suitable for and attractive to users. Moreover, for evaluating the
performance of the decision tree of Model 1, we used the remaining 30% data for testing. The accuracy rate was
measured according to the ratio of appropriately clarified brand pages to the total testing data. The results showed
an average accuracy of 42.9%. (see Figure 2)
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Figure 2: A decision tree for model 1

In Model 2, we adopted the total number of fans who interacted on brand pages in the current month as the indicator
of interaction frequency. The decision tree produced nine decision rules. For example, if the number of fan
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discussions on the page were >12,289, the number of comments received in the current month were >818, and the
average age were >23.5 respectively, then the brand page belonged to Category A. (see Table 3)

Table 3: The rules of decision tree in experiment

If the number of fans discussions on the page >12,289, the number of comments received in the current
month >818, and the average age >23.5, then it belonged to Category A

If the number of fans discussions on the page >12,289, the number of comments received in the current
Rule 2 |month >818, and the average age < 23.5, the number of fans discussions on the page >29,583, then it
belonged to Category A

If the number of fans discussions on the page >12,289, the number of comments received in the current
Rule 3  |month >818, the average age < 23.5, and the number of fans discussions on the page < 29,583, then it
belonged to Category B

If the number of fans discussions on the page >12,289, and the number of comments received in the

Rule 1

Rule 4 current month < 818, then it belonged to Category B

Rule 5 If the number of fans discussions on the page < 12,289, and 1,229 = the number of comments received
in the current month >126, then it belonged to Category B

Rule 6 If the number of fans discussions on the page < 12,289, 1,229 = the number of comments received in

the current month >126, and the average age >21, then it belonged to Category C

If the number of fans discussions on the page < 12,289, 1,229 > the number of comments received in
Rule 7 [the current month >126, the average age < 21, and the number of fans discussions on the page
>18,513, then it belonged to Category C

If the number of fans discussions on the page < 12,289, 1,229 = the number of comments received in
Rule 8 [the current month >126, the average age < 21, and the number of fans discussions on the page <
18,513, then it belonged to Category D

If the number of fans discussions on the page < 12,289, the number of comments received in the
current month < 126, then it belonged to category E

Rule 9

Figure 3 shows the top 5 splits created by a representative tree. At the top level, we observed that brand pages
having at least 12,289 fan discussions on the page in the current month were likely to be in Class 1. The next split
was based on the number of comments received in the current month on the brand page. If the brand page received
>818 comments, it underwent further categorization according to the average age and number of fan discussions on
the page. Moreover, if the average age was >23.5 years, then the brand page belonged to Category A. If the
average age was <23.5 years, but the number of fan discussions on the page was >29,583, then the brand page
also belonged to Category A. That is, fans were older and likely to discuss the specific issues in these brand pages.

By contrast, if the number of fan discussions on the page was <29,583, then the brand page belonged to Category B.
Moreover, if a brand page received >126 comments in the current month, it underwent further classification based on
whether the number was >1,229. If the brand page received >1,229 comments, then it belonged to Category B.
Therefore, although fans were willing to leave the comment in these pages, they were not likely to interact with other
fans.

However, if <1,229 comments were received, then it underwent further categorization according to the average age
and number of likes received. Moreover, if the average age was >21 years, then the brand page belonged to
Category C. If the average age was <21 years, but the number of likes received was >18,513, then the brand page
also belonged to Category C. The second class of features, essential for the growth of brand pages (although for
reasons that are not intuitively apparent), is the number of comments received in the current month. If a brand page
received >326 comments in the current month, it underwent further categorization. If the brand page received >1,144
comments, then it belonged to Category B. However, if <1,144 comments were received, it was categorized further
according to the ratio of discussion and average age. The results showed that if the ratio of discussion was >0.075,
then the brand page belonged to Category C. That is, brand fans were older and likely to engage with brand pages in
Category C. However, the brand posts still cannot encourage fans to express their opinion in these pages.

By contrast, if <18,513 likes were received, then the page belonged to Category D. That is, brand posts cannot
facilitate online engagement in these pages. Figure 3 summarize the decision tree results. To evaluate the
performance of the decision tree for Model 2, we used the remaining 30% of the data for testing. According to the
feature and model selection results, a success rate of 49.9% was obtained for the testing data set.
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Figure 3: A decision tree for model 2

In conclusion, Model 1 revealed that the number of likes received in the current month was the most critical feature in
prediction. The number of link sharing instances in the current month, number of comments received in the current
month, ratio of discussion, and average age are also useful because they produce the optimal machine learning
algorithm performance. Model 2 revealed that the number of fan discussions on the page, number of comments
received in the current month, average age, and the number of likes received in the current month contributed in
examining the interaction frequency on brand pages.

5 Conclusion

This section describes the discussion, theoretical and practical implications. Then, the limitation and directions for
future studies are discussed.

5.1 Discussion

Social media has changed the creation, distribution, and consumption of brand-related content, transferring the
power to shape brand images from advertisers to online consumer [50]. The principal objective of this study was to
provide accurate methods that will be readily applicable to Facebook. Therefore, this study developed a
recommendation system, which is based on two of the core elements of Facebook brand pages-profile features and
user behavior features, to improve the quality of service for users.

The experimental results revealed several valuable findings. First, social media platforms merely recommended the
same communities to all members based on the community similarities. This study extended this concept and
evaluated the recommendation system through an extensive user study. We proposed a machine learning
framework for using both profile information and user behavior information to recommend brand pages by integrating
feature collection, decision tree construction, and candidate generation. The evaluation of brand page data
confirmed the satisfactory performance of personalized recommendations based on social data, consistent with the
finding of past research [41]. That is, these results signified that when considering the large-scale user data of brand
pages, automatic analysis can be used for identifying users with certain interaction behavior. This factor can be
scaled up far more easily than manual human assessment can. Second, similar with the previous study [6] that
extracted several features on social media, this study extracted 63 features for characterizing Facebook brand pages,
and then transformed the real data input features with boosted decision trees to increase the prediction accuracy of
probabilistic linear classifiers. These prevalent features clearly indicate that brand pages distinguish themselves from
others through their willingness to engage and interact with users [19]. In addition, each recommended feature is
accompanied by an explanation that includes the features that led to its recommendation, as well as their
relationships with the brand pages and users. Some features involve partially connected some meanings with other
features.
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Third, the study presented by Heimbach and Hinz [16] differs importantly from our work. The results revealed that
both the total number of interactions and a total number of fans who interacted on brand pages were vital for
classifying suitable brand pages. However, these two models had diverse crucial features and rules for classifying
the brand pages, and the categorization results differed. For example, in Model 1, the number of likes received in the
current month was the most crucial feature in the prediction, whereas the number of fan discussions on the page
was the most critical feature in Model 2. These differences represent the diversity of social media user criteria in
evaluating whether an activity is interesting to users. Such brand pages require more resources than do brand pages
that only post specific content. Fourth, this study provides some interesting insights regarding the problems inherent
to brand pages recommendation, which may ultimately result in the development of better solutions for this problem.
That is, results were not only consistent with previous studies [21], [47] that using decision trees to give a convenient
way of doing feature selection by means of feature importance, but also presented the tradeoff between the number
of boosted decision trees and accuracy. That is, it is advantageous to keep the number of trees small to keep
computation and memory contained. This study is relatively flexible and easily applicable to social services working
with brand pages.

In sum, based on the extensive evaluation, this study suggests a particular machine learning method ad a set of
features for learning user preferences that can provide the best performance on the personalized recommendation.
Our method is simple to train, is not restricted to a particular classifier learning algorithm, and gives improved results
on datasets extracted from Facebook brand pages. Our work can also successfully recommend brand pages to
users even when they have not previously belonged to any brand pages. Therefore, this is useful for other
researchers seeking to develop recommendation systems on social media.

5.2 Theoretical Implications

The results have several theoretical implications. First, this study adds to the emerging literature on recommendation
system on social media and situates this phenomenon to existing models of information seeking. In particular,
previous studies have specifically focused on recommended friends and groups [22]. Our method extended previous
studies and involves a simple training procedure with no restriction to classifier learning algorithm and produce the
improved results on data sets extracted from the considerable number of Facebook brand pages. This model is also
useful for future researchers seeking to develop a recommendation system for social media. Second, the availability
of complex data sets on social media communities and these communities’ gradual evolution leads to a search for
more refined theoretical model. That is, 19 profile features and 11 user behavior feature from brand pages used in
this study are rarely included in previous studies. This study aimed to integrate user behavior information into
content-based recommendations by using simple and powerful learning and ranking approaches to avoid expensive
computation [17], [36], which was vital for the large, real commercial data set used in our experiments. Such a
combination may be viewed as social recommendation variation of a traditional hybrid recommender. In other words,
we effectively incorporate social behavior into recommendation processes in ways that may prove highly beneficial in
accentuating users’ interests and characterizing communities.

Third, decision tree has seldom been used and discussed on social media [28], this study reinforces the importance
of social recommendation and provides detailed experimental evaluations with real datasets, which are taken from
Facebook. It also suggested that decision tree can be applied not only to classify the specific brand pages, but also
used to find the value of features. Fourth, the method proposed in this study has various applications, including
information distribution systems based on the features of user profiles. A methodology for structuring information
provided to users from their friends, groups, and networks must be developed. By applying recommendation
mechanisms, the likelihood of the successful purchase of products by active users can be increased by using
information obtained from the purchasing behavior of like-minded users [9], [21], so the mechanism we used was
similar to that applied by Amazon.com. As social media exponentially expand, it will be challenging to distribute the
appropriate information to concerned people. If the brand pages followed by users can be identified, then users can
be provided with information in which they are interested.

5.3 Practical Implications

The results of our study have several practical implications. First, the increasing diversification of the modern media
market splits media consumers into atomized niches. For users, it is difficult to recognize which brand pages are
popular and interactive. This study developed recommendation system to find more suitable brand page to join by
matching users’ profiles with pages’ identity. Evaluation of real data confirms that users generally like the proposed
features, and machine learning can be effectively applied to provide a personalized recommendation of brand pages
and help users deal with cognitive overload. In particular, Facebook platform can classify all brand pages to generate
list of most favorable pages for each user. Moreover, once the most suitable brand pages are found, other nodes in
the same sub-tree or neighboring tree share similarity with the most suitable brand pages.

Second, this study showed that the decision tree can be applied not only to classifying brand pages, but also used to
find the value of features that distinguish one page from another. Therefore, brand page managers can develop their
strategies using the key rules of the decision tree to improve operational performance. To strengthen user
engagement levels, brand page administrators generally must craft engagement strategies that specifically

81

Social Recommendations for Facebook Brand Pages Yu-Ping Chiu




Journal of Theoretical and Applied Electronic Commerce Research This paper is available online at

ISSN 0718-1876 Electronic Version www.jtaer.com

VOL 16 / ISSUE 1/ JANUARY 2021/ 71-84 DOI: 10.4067/S0718-18762021000100106
© 2021 Universidad de Talca - Chile

encourage users to click the like button or leave a comment. Thus, the proposed method can increase the likelihood
of a brand page to be followed instead of only being published and waiting to be found. In particular, we suggest that
brand page managers need to build their strategies to attract these lurk fans so that they will post likes and
comments to improve service quality for Facebook users. These managers could affect the friends of these members
and increase the exposure and discussion of their brand pages. For example, when the targeted audience is
informational fans, managers should pay attention to the information within posts and provide abundant content that
relates to the information.

5.4 Limitation and Directions for Future Studies

Certain limitations must be considered when interpreting the results of our study. First, the limitations of our study
include a relatively small data set extracted from Facebook brand pages. To improve service quality for Facebook
users, this study developed recommendation system to find the most suitable brand page to join by matching users’
profiles with pages’ identity. In this preliminary study, although 63 externally features were collected and used for
building the decision trees, this study did not examine the influence of the dimensions of comments and other
behavior to avoid the issue of privacy, thereby affecting the recommendation quality. As we have seen in the current
recommendation mechanism on the market, this study can only have the 49.9% success rate. Future studies should
consider the length, content, and quality of comments for collecting data without privacy issues in re-examining the
influence of the conditions to obtain a more precise and complete understanding of social interaction in this area.
Moreover, it is imperative to deeply explore the relative importance of different features of social network activities,
which will contribute to further improvement of the performance of personalized activity recommendation. Second,
other notable features include the textual content of activities and the targeted friends of friends in activities need to
be discussed. That is, future studies may consider using feature selection for reducing the feature space size, and it
is also interested in exploring more deeply the relative importance of different features of social activities. These
directions may further improve the performance of personalized recommendation of activities.

Third, this study used the Facebook API for data collection from 2,076 brand pages by author, future studies can try
to cooperate with Facebook to gain more specific data which we cannot download. Moreover, Open Graph enables
users to connect with people and topic that interest them, would facilitate recommending activities. When new social
data is retrieved, users will be provided with recommendations about whether the new data is interesting to them. In
fact, considering the varying features and purposes of social media, future studies should focus on other major social
media, such as Twitter and LinkedIn, to gain a broader understanding of the critical features for predicting popular
brand pages. Four, we also elucidate the relatively new phenomenon of brand pages on social media and useful
implications regarding how to provide businesses with additional insights into consumer attitudes. Many advertising
techniques have already been implemented in providing target-based advertising to social media users. For instance,
Amazon.com provides advertisements on the basis of user behaviors and search keywords, whereas Google
AdSense provides them on the basis of the context around its banner. Future studies can replicate the concept of
this study to examine the performance of recommendation mechanisms, and the ability to keep step with the
dynamic features of the brand page is needed to study them in a sincere way.
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