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Abstract

Purpose — For an enterprise, it is essential to win as many customers as possible. The key to
successfully winning customers is often determined by understanding the personality characteristics
of the object of communication in order to employ an effective communication strategy. An enterprise
needs to obtain the personality information of target or potential customers. However, the traditional
method for personality evaluation is extremely costly in terms of time and labor, and it cannot acquire
customer personality information without their awareness. Therefore, the manner in which to
effectively conduct automated personality predictions for a large number of objects is an important
issue. The paper aims to discuss these issues.

Design/methodology/approach — The diverse social media that have emerged in recent years
represent a digital platform on which users can publicly deliver speeches and interact with others.
Thus, social media may be able to serve the needs of automated personality predictions. Based on user
data of Facebook, the main social media platform around the world, this research developed a method
for predicting personality types based on interaction logs.

Findings — Experimental results show that the Naive Bayes classification algorithm combined with
a feature selection algorithm produces the best performance for predicting personality types, with
70-80 percent accuracy.

Research limitations/implications — In this research, the dominance, inducement, submission, and
compliance (DISC) theory was used to determine personality types. Some specific limitations were
encountered. As Facebook was used as the main data source, it was necessary to obtain related data
via Facebook’s API (FB API). However, the data types accessible via FB API are very limited.
Practical implications — This research serves to build a universal model for social media
interaction, and can be used to propose an efficient method for designing interaction features.
Originality/value — This research has developed an approach for automatically predicting the
personality types of network users based on their Facebook interactions.

Keywords Facebook, Social media, DISC theory, Interaction feature, Personality predicting

Paper type Research paper

1. Introduction

All businesses need to attract and retain customers, and the most direct means of
achieving this is by promoting the goods and services they offer. Such efforts rely on
effective communication strategies, which are more likely to be successful if more is
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known about the personality traits of the target audience. Personality traits determine
how people behave, interact, and communicate with others (Knapp and Daly, 2002).

Personality information is of great value in the business arena. In addition to sales
promotion behavior, personality information has been used in studies on pedagogy
(Blignaut and Naude, 2008), interpersonal relationships (Baron and Wagele, 1995;
Alessandra and O’Connor, 1998; Rosenberg and Silvert, 2012), and job performance.
In the future, personality information may be used for the construction of adaptive
systems, e-commerce, and recommendation systems. The fundamental reason for such
extensive applications is that personalities determine the attitudes and responses of
people to external environments.

There are many types of personality models and assessments for different
applications. Traditionally, a subject’s personality is assessed using either a
questionnaire or observations made by experts. If a business needs to obtain
personality-related information from large numbers of existing or potential customers,
such approaches are obviously inefficient and impractical. Thus, it is necessary to
develop a method that automatically obtains such information.

Fortunately, the rise of social media in recent years has provided many
opportunities to address this issue, because online platforms such as Facebook
(Ross et al., 2009) and Twitter provide spaces in which users can reveal details about
their attitudes (Golbeck et al., 2011) and interactions with others. Thus, it is possible
to use such sites to obtain useful information, from which certain personality traits
can be inferred.

Some previous studies (Golbeck et al., 2011; Adali and Golbeck, 2012; Adali et al,
2012; Bai et al., 2012; Moore and McElroy, 2012; Seidman, 2013; Ortigosa et al., 2014)
have shown that a user’s personality score is related to the data recorded about them on
social media. An earlier study also showed that a person’s behavior can reveal their
personality. However, these previous works did not undertake a close examination of
the relationship between personality and a user’s interactions with others, which can
provide critical clues in traditional assessments.

The goal of this research is to develop an approach for automatically predicting the
personality of network users from Facebook, currently the most popular social
networking and media site (Ross et al., 2009).

This research has some specific limitations. As Facebook is the data source for this
research, the author had to obtain related data via Facebook’s API (FB API). However,
the data types accessible via FB API are very limited. For example, interaction logs
cannot be obtained via FB API Therefore, a separate program was provided to
participants of the experiment to allow them to provide related data semi-manually.

2. Literature review

2.1 Facebook and personality

Social media are tools and platforms on which people share their opinions, views, and
experiences with others. Ubiquitous social media (Jim Wu et al, 2015) allows users to
build social communities within their own account to disclose various detailed
information and views to multiple people worldwide. Web users can use social media to
create and share content pertaining to different subjects, exposing activities, opinions,
feelings, and thoughts (Lima and Castro, 2014). Today, online social media such as
YouTube, Google+, Facebook, Twitter, Instagram, Pinterest, and so on (Wikipedia,
2015a, b; Ross et al., 2009) attracts many data scientists who wish to better understand
behaviors and trends (Lima and Castro, 2014).
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Facebook was developed by Mark Zuckerberg in 2004, and was initially only
available to students enrolled at Harvard University. It has since grown to become the
most popular social media site in the world. Facebook offers users the opportunity for
self-presentation (Jim Wu ef al, 2015). In 2005, Facebook became available to the public
at large, and by 2012 the total number of Facebook members exceeded one billion.
Today, there are some 1.4 billion Facebook members. Thus, Facebook has a large
number of users who are widely distributed across the world (Wikipedia, 2015a, b).

A distinguishing feature of Facebook is that it provides a variety of operating
functions, which are some of the most complex among all of the available social media.
By providing diversified functions, Facebook allows users to operate their personal
profiles at will (Zhao et al, 2008; Nadkarni and Hofmann, 2012) or interact with friends
and strangers by sharing information such as text, audio, and video. One of Facebook’s
core functions is the “Timeline,” allowing users to post messages or audio/video data to
their own or others’ spaces. Each of the posted messages can obtain a response. The
latest data release or response is synchronized to the home pages of friends. Another
core function is the “Like” button, which allows others to “Like” the status, photo, or
comment of a person, business, public figure, or concept. Other functions include check
in, album, note, transfer of messages, events, and invitations to others. All these
functions allow users to build relationships over the internet more easily, regardless of
time and space restrictions.

With the variety of functions mentioned above, Facebook simulates a virtual social
environment, allowing users to interact with others online. Facebook not only retains the
digital data of users, but also provides APIs to allow external developers to use such digital
data (with user consent) for various applications and studies.

For such a virtual social environment in which users are the basic units, people have
begun to study the correlation between users and their behavior in the environment.
For example, some scholars started researching the correlation between the analysis of
a user from a psychological perspective and the user’s behavior on Facebook. Back
et al. (2010) indicated that Facebook user data faithfully reflects the real personality
characteristics of Facebook users. Golbeck ef al. (2011) attempted to analyze the basic
data fields published by subjects on Facebook using the five factor model (FFM), and
were able to predict FFM scores with considerable accuracy through machine learning.
Ross et al. (2009) investigated how the FFM of personality related to Facebook use.
Some studies have focused on the correlation between the personality model test scores
of the subjects and the features of their operating behavior on Facebook (Moore and
McElroy, 2012; Seidman, 2013; Lee ef al, 2014). Ortigosa et al. (2014) predicted FFM
scores by analyzing a small amount of interactive information generated by Facebook
users, and proved that it is feasible to predict personality characteristics based on
interaction features.

2.2 Personality model and dominance, inducement, submission, and compliance
(DISC) theory

Personalities (also known as personal characters or behavior styles) refer to the
consistent psychological dispositions or features inherent in humankind (Wikipedia,
2015a, b). Youyou et al. (2015) stated that personality is a key driver behind people’s
interactions, behavior, and emotions, and noted that judging others’ personalities is an
essential skill for successful social living. By interacting with external environments at
different times and in different places, an individual’s thoughts and behavior are
affected by their psychological disposition or features, that is, the unique external
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behavior of an individual is a manifestation of his/her inner personality. In the
Handbook of Interpersonal Communication (Knapp and Daly, 2002), the differences in
individual personalities give rise to differences in communication modes.

To date, scholars have continued to research various personalities, and have
developed diverse theories on personality categories. In recent times, common
personality models such as FFM, the Enneagram of Personality (often called the
“Enneagram”), the Myers-Briggs type indicator (MBTI), and DISC theory have all been
proposed and discussed.

FFM is widely used in contemporary psychological studies, and is considered the
most suitable personality model for interpreting personality characteristics (McCrae
and Costa, 1997; Funder, 2000). FFM is oriented toward five factors, and evaluates
these in each subject via questionnaire surveys without definitely categorizing the
subject. The Enneagram definitely classifies people into nine types (or possibly 18
types if composite relationships are considered). However, the Enneagram is not an
orthodox theory of personality psychology, as it lacks a full theoretical justification,
and is therefore somewhat controversial. In general, the Enneagram is similar to a
classification method based on the integration of experiences. MBTI was proposed by
(a Swiss psychologist) in his work on Psychological Types. MBTI classifies humankind
into 16 types by dichotomizing four orientations, and is widely used across the world.
DISC was proposed by Marston (1928), a US Psychologist, in Emotions of Normal
People. DISC classifies people according to four behavior styles with the distinctive
characteristics of DISC.

The four personality models are distinct from one another, and their corresponding
test results are applicable in different scenarios. For example, FFM provides
quantitative scores for five factors, and is frequently used by researchers to calculate
correlation results. MBTI is widely used for choosing occupations, whereas DISC is
used to determine a strategy for communication with a target. For this research, DISC is
chosen as the personality model for the scenario in which an enterprise can implement
adaptive marketing strategies suited to customers with different personality types.
DISC theory is elaborated in the following sections.

After Marston proposed DISC theory, Boyd (1994) further improved the model and
developed a questionnaire survey. The new model maintained four personality types,
among which “inducement” was replaced with “influence” and “submission” with
“steady.” Boyd believed that DISC should be located in a four-quadrant space comprising
two perpendicular axes. The vertical axis represents “pace,” whereas the horizontal axis
represents “priority.” People with high pace are self-confident and always attempt to
change everything, whereas those with low pace are self-restrained and conservative.
Regarding priority, task-oriented people are devoted to ongoing tasks, prefer individual
work, are relatively reserved, and like to hide personal moods. Human-oriented people
attach importance to interpersonal relationships, and are unwilling to be fettered by
conventions (Boyd, 1994). The four behavior styles have distinctive personality
characteristics. Figure 1 and Table I show the general descriptions of the personality
characteristics and possible behavior characteristics in the corresponding social media
posts, respectively (MBAlib, 2015; Rosenberg and Silvert, 2012).

The results of the DISC test can be applied to various commercial fields such as
recruitment, employee evaluation, career planning, and leadership (MBALlib, 2015). In
recent years, many enterprises have applied DISC theory to sales promotions. Sales
people are trained to use appropriate sales talk by observing the DISC types of their
customers in an attempt to boost the probability of a transaction.
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Patient Perceptive general descriptions
Careful Safe
Slow-paced
Type D Type 1 Type S Type C

Steadfast and direct Enthusiastic Mild and sincere Unobvious emotion

Self-confident Excited Gentle and friendly Pay attention to details
Expert-like speak Exaggerated Depressed Logical Table 1.
Inordinate Cheerful and vibrant Unobvious personal assertion Quote references Possible behavior

characteristics in the
corresponding social
media posts

Self-controlled
Like to analyze

Unobvious characteristic
Soft attitude

Instill views into others Optimistic
Strong and egocentric  Playful
Attract attention

3. Personality prediction
3.1 Adaptive marketing support systems (AMSS)
In future, the automated personality prediction method proposed in this paper may be
applicable to AMSS. Figure 2 shows the configuration plan of an AMSS.
The AMSS modules and their functions are briefly described as follows:

(1) Cloud service interface — software as a service: AMSS has a personalized
webpage (user interface) that provides virtual consultancy services for
enterprises that wish to determine the personality types of their customers.
Enterprises need only “commit” the Facebook interaction log of customers in
batches, and AMSS sends the data to the backend for calculation and prediction,
and then makes a “response” to the personality types of the submitted objects.
AMSS cannot provide the Facebook interaction log of an enterprise’s target
customers, and the enterprise must access the interface to obtain customer data.

(2) Import service of training data (webpage or application): AMSS creates a
separate window to allow the inflow of new training data. The window may be a
personality test webpage or application (App) within which the FB API needs to
be embedded. The window serves to obtain the standard personality type
results and Facebook data of users. This service is capable of steadily and
continuously importing training data into a database (DB). As the volume of
imported training data increases, AMSS can be adjusted continuously to
improve the prediction accuracy.
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Figure 2.
Configuration
plan for AMSS

FB API

’%

Log Facebook

-

Capture

|
Database Use and Be Logged

1
A

Business
Customers
FB API
ol
g
Q Use and Authorize
|
Log | Commit Log |Capture
Recommend
| |
AMSS Feedback
A A
SaaS Web Page/App

Forecast Target
User’s Personality

Get Facebook
User's Data

Adaptive Auto-
recommend Service

j T
Forecast User’s

b= Personality with Facebook —
Data

! T

Generate Adaptive
Recommendation

Maintain J

&

®

“)

©)

S t
Manager i
T E————

2

Train Regularly

Automatic recommendation services for adaptability: this service can be
enabled when the DB reaches a certain volume of data. An information
presentation template is customized for people with different personality types.
Enterprises that use this service can employ an appropriate information
presentation mode to recommend its products or services to users in the DB.

Personality type predictions based on Facebook data: the functions specified in
(1) and (3) are major AMSS functions that require support by the personality
type prediction program, and can be viewed as the application of personality
type methods. Therefore, the first step in developing the AMSS is to develop the
prediction method and implement it as an operable program.

DB of the personality type prediction system: the DB stores manually or
automatically marked interaction logs used by the personality type prediction
function for regular training in order to update the classification rules and
improve the classification program with time.
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3.2 User interactive model on Facebook
Most of the user interactions on Facebook concern certain objects relating to other users,
for example, “Alice likes Bill's photo” or “Cathy shared Denny’s link,” as shown in Figure 3.

Based on observations of Facebook user interactions, the four-tier social media
personal single interaction model (SIM) shown in Figure 4 was created. The four tiers of
SIM are: “actor-tier,” which represents a Facebook user; “behavior-tier,” which
represents the Facebook interactions conducted by said user; “target user (TU)-tier,”
which represents the target (also a Facebook user) of the interactions conducted by the
user; and “target object (TO)-tier,” which represents the Facebook item that is the object
of the interactions conducted by the user. An object cannot exist independently, and
must therefore be owned by a TU. Therefore, the “TO-tier” is below the “TU-tier.” The
“behavior-tier,” “TU-tier,” and “TO-tier” comprise their respective elements on
Facebook, as presented in Figure 4.

Not all conditions of the arbitrary combination of elements will occur, although the
possible user interactions are listed in Table II. Table III lists the elements of each tier of
the SIM on Facebook, and gives the abbreviations for such elements.

3.3 Methodology of feature design

“Feature design” is the first issue that should be considered when features serve as the
criterion for classification. How to accurately design useful features depends on the
extent to which the designer understands the classification objectives, and even some
intuitive elements. It is possible to reduce the manual judgment costs of independent
feature designs by researchers as follows: first, a large number of default features (DFs)
are generated in a structured manner; then, useful key features (KFs) are chosen from
numerous DFs through “feature selection.”

Based on the regular behavior patterns presented by SIM, the author referred to
previous research findings (Golbeck et al, 2011; Adali and Golbeck, 2012; Adali et al,
2012; Ortigosa et al., 2014) to design a default feature set (DFS) comprising up to
612 DFs. This DFS can be applied to a personality prediction method. The methods for

A commented on il
W's status

d 0*1~1=-n|ed on HEAN's
status
‘rlnnes s link
likes LGRS
5 status
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Figure 3.
Sample of users’
interactions on
Facebook
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Figure 4.
Four-tier social
media personal
single interaction
model (SIM) —
example based on
Facebook

Table II.
Possible user
interactions on
Facebook

Actor-tier

Facebook user
acts

Behavior-tier

Behavior

Target user-tier

Target
o N
o e D

Target object-tier

TO
Behavior N Status  Photo Video Link Note

Non-Friend v v v v v
Like Friend v v v N v
Self v v A A v

Non-Friend v v v N /

Post Friend \4 v v v /
Self v \% \% v v
Non-Friend v \ v v \
Share Friend \ v v v v
Self v v v v v
Non-Friend \4 v v v v
Comment Friend % v \ v v
Self v v v N v

Null

AANANANANAN:
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Tier Element Abbreviation
Behavior (Zp) Like L
Post P
Share S
Comment C
Target user (Zy) Non-friend Nf
Friend Fd
Self St
Target object (Zp) Status St
Photo Pt
Video Vd
Link Lk
Note Nt
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Table III.
Elements and
abbreviations of
each tier of the SIM
on Facebook

generating these DFs share the same logical structure as the tree diagram in Figure 5.
“A user” at the root node represents the Facebook user (a Facebook user in the SIM
actor-tier) that serves as an observation object. Nodes other than the root node then
represent feature classes, and leaf nodes represent feature types.

In this research, features were designed as follows: four scope types (global, TU, TO,
and target user-object (TU-O)) were selected to calculate the features that correspond to
the four behavior types (like, post, share, and comment) available in SIM. Here, “scope”
refers to the extent to which the object of an interaction is considered. The following
describes the four scope types:

@

Global: features within the global scope only consider the status of the current
“behavior type,” regardless of “TOs” or “target articles.” For example, the global
features of the “like” behavior only consider the status of the “like” behavior.
Statistics of all feature values are measured based on interactions with all
behavior types, such as “like.”

TU: features within the TU scope need to consider the status of the current
“behavior type” and “TOs,” but do not consider the “target articles.”
For example, the TU features of the “like” behavior consider the matching
status between the “like” behavior and the defined “TO type” during
interactions. “TO types” are defined as friends (Fd), non-friends (Nf), and self
(Sf). In the feature instances within the TU scope of the “like” behavior, there are
some related features for which the “like” behavior is executed for friends or
non-friends, as well as the features for the executed “like” behavior.

Behaviors: Like/Post/Share/Comment

Figure 5.
Structure model of
interaction features
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(3) TO: TOs are similar to TUs, except that the features within the TO consider
“target articles” instead of “TOs.” For example, the TO features of the “like”
behavior consider the various occurrence conditions of the combination
between the “like” behavior and the defined “target article type.” “Target article
types” are defined as dynamic essays or general posts (Ps), photos (Pts), videos
(Vds), links (Lks), and network blogs (Nts).

(4) TU-O: features within the TU-O scope need to consider the combinations
between “behavior type,” “TO type,” and “target article type.” For example, the
TU-O features of the “like” behavior include combinations with a “like” during
interactions, such as “Ps or Pt or Vd or Lk or Nt” belonging to “Fd or Nf or Sf.”

Features within each scope may be further classified into two types, namely, count and
time. Count denotes that the feature values must be calculated by counting, such as the
basic number of times (V), an average value (AvgN), or standard deviation (StdN). Time
implies that the feature values must be calculated according to some time range, and
may be further classified as the maximum time range (MaxT), minimum time range
(MinT), average time range (AvgT), and standard deviation of time range (StdT).

The various feature types listed above can have one or multiple instances. Table IV
presents some features of the “like” behavior generated using this method. Because of
the varying lengths of interaction records in the sample data, the “N” type (shown in
dark gray in Table IV) is transformed into the “Nw” type (shown in the data series
below the dark gray data series in Table IV). The feature value measurements are
transformed from a pure number to their proportion in the parent body.

34 Interaction feature classifier (IFC)

Classification according to feature values is a common approach. Such classification
methods include two stages: “training” and “application” (or “classification”). The IFC
shown in Figure 6 includes four steps, the first three are for training, and the final step
executes the classification:

(1) Collection of sufficient training data: to implement this step, this research
developed a data collection program for the personality test function, “ILReaper.”
The test content can be determined by the personality model. The DISC evaluation
form in The Platimum Rule (Alessandra and O’Connor, 1998) is used in this
research, because DISC is being used as the personality model. After a subject uses
this program, the server receives the personality test scores and personality type
classification results, and simultaneously obtains the user Facebook interaction log.

(2) Screening of KFs: in this research, not all DFs from the DFS contribute to the
personality classification. Therefore, it is necessary to select a subset of
appropriate DFs to train the classifier. This process is called “feature selection.”
To implement this step, DF values must be calculated for all training data.
Feature selection can then be conducted in various ways. In this research,
different methods were tested to obtain screening results, and those that were
applicable were chosen as the feature selection methods for the system.

(3) Classifier training and key feature set (KFS) adjustment: the set of KFs obtained
in Step (2) is used to train the classifier model. If the test results show that the
classification accuracy is unsatisfactory, we return to Step (2) and adjust the
KFS or use another classifier. In this research, multiple classifier algorithms
were tested, and their classification accuracies were compared.
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e e | pe prediction
Like Cout N
o TV approach
The weight of number of individual user A made Likes Nw_UL
AvgN Average of Likes A made for individual users. (N_L/N_UL) AvgN_L 92 3
Global StdN Standard Deviation of number of Likes A made to individual users StdN_LU
Time MaxT Maximum time interval between adjacent Likes A made MaxT_L
MinT Minimum time interval between adjacent Likes A made MinT_L
AveT  |Average time interval of adjacent Likes A made AveT L
StdT Standard Deviation of time interval between adjacent Likes A made StdT_L
Target user, | Count N
TU The weight of number of Likes A made to non-friends. Scope: All interactions Nw_LNf
The weight of number of Likes A made to non-friends. Scope: All Like interactions Nw_LLNf
The weight of number of Likes A made to friends. Scope: All interactions Nw_LFd
The weight of number of Likes A made to friends. Scope: All Like interactions Nw_LLFd
The weight of number of Likes A made to self. Scope: All interactions N_LSf
The weight of number of Likes A made to self. Scope: All Like interactions N_LSf
The number of distinct non-friends A made Likes N_NfUL
The number of distinct friends A made Likes
(N_Fd: the number of all A's friends) N_FdUL
AvgN  |Average of Likes A made for non-friend. (N_LNf/N_NfUL) AvgN_LNfL
Average of Likes A made for all A's friend. (N_LFd/N_Fd) AvgN_LFd
Average of Likes A made for A's Liked friend. (N_LFd/N_FdUL) AvgN_LFdL
StdN Standard Deviation of number of Likes A made to non-friends StdN_LNfUL
Standard Deviation of number of Likes A made to friends StdN_LFdUL
Time MaxT Maximum time interval between adjacent Likes A made to non-friends MaxT_LNfL
Maximum time interval between adjacent Likes A made to friends MaxT_LFdL
Maximum time interval between adjacent Likes A made to self MaxT_LSfL
MinT time interval between adjacent Likes A made to non-friends MinT_LNfL
Minimum time interval between adjacent Likes A made to friends MinT_LFdL
Minimum time interval between adjacent Likes A made to self MinT_LSfLk
AveT  |Average time interval between adjacent Likes A made to non-friends AvgT INfL
Average time interval between adjacent Likes A made to friends AvgT LFdL
Average time interval between adjacent Likes A made to self AvgT LSfLk
StdT Standard Deviation of time interval between adjacent Likes A made to non-friends StdT_LNfL
Standard Deviation of time interval between adjacent Likes A made to friends StdT_LFd
Standard Deviation of time interval between adjacent Likes A made to self StdT_LSf
Target |Count N
object, The weight of number of Likes A made to posts. Scope: All interactions Nw_LPs
TO The weight of number of Likes A made to posts. Scope: All Like interactions Nw_LLPs

The weight of number of Likes A made to photos. Scope: All interactions Nw_LPt

The weight of number of Likes A made to photos. Scope: All Like interactions Nw_LLPt

The weight of number of Likes A made to videos. Scope: All interactions Nw_LVd

The weight of number of Likes A made to videos. Scope: All Like interactions Nw_LLVd

The weight of number of Likes A made to links. Scope: All interactions Nw_LLk

The weight of number of Likes A made to links. Scope: All Like interactions Nw_LLLk

The weight of number of Likes A made to notes. Scope: All interactions Nw_LNt

Table IV.
Some features of the
(continued) “like” behavior
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Table IV.

The weight of number of Likes A made to notes. Scope: All Like interactions Nw_LLNt
Time MaxT Maximum time interval between adjacent Likes A made to posts MaxT_LPsL
Maximum time interval between adjacent Likes A made to photos MaxT_LPtL
Maximum time interval between adjacent Likes A made to videos MaxT_LVdL
Maximum time interval between adjacent Likes A made to links MaxT_LLKL
Maximum time interval between adjacent Likes A made to notes MaxT_LNtL
MinT Minimum time interval between adjacent Likes A made to posts MinT_LPsL
Minimum time interval between adjacent Likes A made to photos MinT_LP{L
Minimum time interval between adjacent Likes A made to videos MinT_LVdL
Minimum time interval between adjacent Likes A made to links MinT_LLKL
Minimum time interval between adjacent Likes A made to notes MinT_LNtL
AvgT  |Average time interval between adjacent Likes A made to posts AvgT_LPsL
Average time interval between adjacent Likes A made to photos AvgT LPtL
| Average time interval between adjacent Likes A made to videos (AvgT_LVdL
Average time interval between adjacent Likes A made to links AvgT_LLKL
Average time interval between adjacent Likes A made to notes |AvgT_LNtL
StdT Standard Deviation of time interval between adjacent Likes A made to statuses StdT_LStL
Standard Deviation of time interval between adjacent Likes A made to photos StdT_LPtL
Standard Deviation of time interval between adjacent Likes A made to videos StdT_LVdL
Standard Deviation of time interval between adjacent Likes A made to links StdT_LLKL
Standard Deviation of time interval between adjacent Likes A made to notes StdT_LNtL
Target N The number of Likes A made to non-friend's statuses IN_LNfSt
user-object, The number of Likes A made to non-friend's photos IN_LNfPt
TU-O The number of Likes A made to non-friend's videos IN_LNfvd
Count The number of Likes A made to non-friend's links IN_LNfLk
The number of Likes A made to non-friend's notes IN_LNfNt

The number of Likes A made to friend's statuses

The number of Likes A made to friend's photos

The number of Likes A made to friend's videos

The number of Likes A made to friend's links

The number of Likes A made to friend's notes

The number of Likes A made to self's statuses

N_LSfSt

The number of Likes A made to self's photos

N_LSfPt

The number of Likes A made to self's videos

N_LSfVd

The number of Likes A made to self's links

N_LSfLk

The number of Likes A made to self's notes

N_LSfNt

(continued)
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Time

Maximum time interval between adjacent Likes A made to non-friend's statuses MaxT_LNfSt
Maximum time interval between adjacent Likes A made to non-friend's photos MaxT_LNfPt
MaxT Maximum time interval between adjacent Likes A made to non-friend's videos MaxT_LNfVd|
Maximum time interval between adjacent Likes A made to non-friend's links MaxT_LNfLk
[Maximum time interval between adjacent Likes A made to non-friend's notes MaxT_LNfNt
MinT Minimum time interval between adjacent Likes A made to non-friend's statuses MinT_LNfSt
Minimum time interval between adjacent Likes A made to non-friend's photos MinT_LNfPt
Minimum time interval between adjacent Likes A made to non-friend's videos MinT_LNfVd
Minimum time interval between adjacent Likes A made to non-friend's links MinT_LNfLk
Minimum time interval between adjacent Likes A made to non-friend's notes MinT_LNfNt
AvgT  Average time interval between adjacent Likes A made to non-friend's statuses AvgT_LNfSt
Average time interval between adjacent Likes A made to non-friend's photos AvgT_LNfPt
Average time interval between adjacent Likes A made to non-friend's videos AvgT_LNfVd
Average time interval between adjacent Likes A made to non-friend's links AveT LNfLk
Average time interval between adjacent Likes A made to non-friend's notes AvgT_LNfNt

SdT Standard Deviation of time interval between adjacent Likes A made to non-friend's
StdT_LNfSt
statuses
Standard Deviation of time interval between adjacent Likes A made to non-friend's photos |StdT_LNfPt
Standard Deviation of time interval between adjacent Likes A made to non-friend's videos (StdT_LNfVd
Standard Deviation of time interval between adjacent Likes A made to non-friend's links  |StdT_LNfLk
Standard Deviation of time interval between adjacent Likes A made to non-friend's notes  |{StdT_LNfNt
Maximum time interval between adjacent Likes A made to friend's statuses MaxT_LFSt
Maximum time interval between adjacent Likes A made to friend's photos MaxT_LFPt
MaxT Maximum time interval between adjacent Likes A made to friend's videos MaxT_LFVd
Maximum time interval between adjacent Likes A made to friend's links MaxT_LFLk
Maximum time interval between adjacent Likes A made to friend's notes MaxT_LFNt
MinT time interval between adjacent Likes A made to friend's statuses MinT_LFSt
Minimum time interval between adjacent Likes A made to friend's photos MinT_LFPt
Minimum time interval between adjacent Likes A made to friend's videos MinT_LFVd
Minimum time interval between adjacent Likes A made to friend's links MinT_LFLk
Minimum time interval between adjacent Likes A made to friend's notes MinT_LFNt
AvgT Average time interval between adjacent Likes A made to friend's statuses AvgT LFSt
Average time interval between adjacent Likes A made to friend's photos AveT_LFPt
Average time interval between adjacent Likes A made to friend's videos AveT LFVd
Average time interval between adjacent Likes A made to friend's links AvegT_LFLk
Average time interval between adjacent Likes A made to friend's notes AvegT LFNt

(continued)
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Table IV.

Figure 6.
Process of IFC

StdT Standard Deviation of time interval between adjacent Likes A made to friend's statuses StdT_LFSt
Standard Deviation of time interval between adjacent Likes A made to friend's photos StdT_LFPt
Standard Deviation of time interval between adjacent Likes A made to friend's videos StdT_LFVd
Standard Deviation of time interval between adjacent Likes A made to friend's links StdT_LFLk
Standard Deviation of time interval between adjacent Likes A made to friend's notes StdT_LFNt
Maximum time interval between adjacent Likes A made to self's statuses MaxT_LSfSt
Maximum time interval between adjacent Likes A made to self's photos MaxT_LSfPt
MaxT Maximum time interval between adjacent Likes A made to self's videos MaxT_LSfVd
Maximum time interval between adjacent Likes A made to self's links MaxT_LSfLk
Maximum time interval between adjacent Likes A made to self's notes MaxT_LSfNt
MinT Minimum time interval between adjacent Likes A made to self's statuses MinT_LSfSt
Minimum time interval between adjacent Likes A made to self's photos MinT_LS{Pt
Minimum time interval between adjacent Likes A made to self's videos MinT_LSfVd
Minimum time interval between adjacent Likes A made to self's links MinT_LSfLk
Minimum time interval between adjacent Likes A made to self's notes MinT_LSfNt
AveT Average time interval between adjacent Likes A made to self's statuses (AvgT LSfSt
Average time interval between adjacent Likes A made to self's photos AvgT_LSfPt
Average time interval between adjacent Likes A made to self's videos AveT LSIVd
Average time interval between adjacent Likes A made to self's links (AvgT LSfLk
Average time interval between adjacent Likes A made to self's notes (AvgT_LSfNt

StdT Standard Deviation of time interval between adjacent Likes A made to self's statuses StdT_LSfSt
Standard Deviation of time interval between adjacent Likes A made to self's photos StdT_LSfPt
Standard Deviation of time interval between adjacent Likes A made to self's videos StdT_LSfvd
Standard Deviation of time interval between adjacent Likes A made to self's links StdT_LSfLk
Standard Deviation of time interval between adjacent Likes A made to self's notes StdT_LSNt
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(4) Personality classification: in future, the classifier will automatically calculate the
user’s personality type by obtaining their Facebook interaction log to determine the
classifier parameters. As a result, the objective of automatically predicting
personality types will be accomplished without recourse to traditional questionnaires.

4. Implementation

For this research, Weka (University of Waikato, 2015) was used to conduct feature
selection and train the classifier model. Weka is a Java-based open-source software
package developed for data mining and machine learning. Weka offers multiple built-in
algorithms that are commonly used for data mining, and is an appropriate tool for
verifying the feasibility of this method.

At present, user interaction logs cannot be obtained through any function of the
official FB APIs. Thus it is necessary to explore other channels. In this research, the
self-developed program “ILReaper” was used to allow subjects to provide their
Facebook interaction logs.

If a subject is willing to provide their profile, the Facebook interaction log can be
uploaded to an FTP server built for this research. The detailed steps are as follows: log
into the Facebook page embedded into the browser; open the “view activity log” page;
manually press the end button in the keyboard 60 times; and click the upload button.

The subject needs to press the end button manually. The activity log page of
Facebook is a dynamic webpage, and users must scroll to the bottom to read as much
content as possible. Experimentally, an additional 30 interaction logs can be read every
time a user presses the end button, and displaying the total page requires approximately
0.5-1's (depending on network speed). To reach a compromise between the required data
volume and user convenience, we recommend pressing the end button 60 times to
provide 1,000-2,000 interaction logs within a period of 1-1.5min. These interaction logs
typically cover data generated over six months to a year. The entire process does not
inconvenience the subject, thus enhancing their willingness to attend the test.

Data uploaded by the subject contains all the source code of the HTML webpages,
including the content of the activity log page. In addition to the interaction log section
required for this research, the source code contains a lot of unwanted content
(e.g. sidebars and advertisements). Therefore, this research resorted to the regular
expression (RE) technology commonly used in the field of text mining. RE technology is
capable of extracting data from messy webpages, and of constructing each interaction
for each user as a SIM instance.

The DFS is generated in a structured manner. Figure 7 shows the algorithm for
computing each feature.

After the DF calculation is complete, a DF value table is generated for each subject,
and a subject-feature value matrix (shown in Figure 8) is generated for all subjects and
DFs. Each element Value;; in the matrix is the feature value of column Feature; that
corresponds to row Subject;. For example, Value; is the feature value of Feature, that
corresponds to Subjects.

The matrix content is transferred into a comma-separated values (CSV) file for use
as the Weka input data, and multiple built-in feature selection methods of Weka are
used to obtain different recommended KFSs. After obtaining a KFS, the multiple built-
in classification algorithms of Weka are used to train the personality type classifier
model. The experiment section presents the classification accuracies of the matching
between different feature selection methods and classification algorithms.
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Figure 7.
Algorithm for
computing
each feature

Input:

Output:
Lines 1-40:

Lines 2-10:

Lines 11-39:

Lines 12-21:

Lines 22-38:

Lines 23-28:

Lines 30-38:

Line 42:

Interaction log for a subject, interaction type defined as B, target
object type defined as TU, and target article type defined as TO.
Feature Name vs Feature Value Table (FVT).

Traverse all considered behavior types, and calculate the related
Count and Time feature values. The considered behavior types
include Like (L), Post (P), Share (S), and Comment (C).

Consider only “Behavior Type” and calculate the feature values
within the Global scope. Pay special attention to features Nw and
UNw of the Count type. Nw focuses on behavior quantity, and
UNw focuses on the non-repetitive object quantity of behavior.
Calculate feature values and add the <Feature Name, Feature
Value> key assignments to FVT.

Traverse all considered target object types, and calculate the related
Count and Time feature values. The considered target object types
include Friend (Fd), Non-Friend (Nf), and Self (Sf).

Consider the matching between “Behavior Type” and “Target
Object Type,” and calculate the feature values of the TU type. The
features of the Count type at this level also include Nw_B,
indicating the proportion of “This Behavior Type Matched with
This Target Object Type” to all interactions of “This Behavior
Type.” After calculating all feature values, add the <Feature Name,
Feature Value> key assignments to FVT.

Traverse all considered target article types, and calculate the related
Count and Time feature values. The considered target article types
include Post (Ps), Photo (Pt), Video (Vd), Link (Lk), and Note (Nt).
Consider the matching between “Behavior Type” and “Target
Article Type,” and calculate the feature values of the TO type. The
feature values of the TO type differ slightly from those of the TU
type. Each article is unique, any behavior acts upon each article
only once (with the exception of Comment), and there is no sense
in calculating statistical values such as the average and standard
deviation. Therefore, the Count features of the TO type only refer
to the proportion.

Consider the matching between “Behavior Type,” “Target Article
Type,” and “Target Object Type,” and calculate their related
quantity and time feature values. The features Nw_BU and Nw_BO
of the quantity type at this level are described as follows: Nw_BU
represents the proportion of “This Behavior Type Matched with
Target Article Type of This Target Object Type” to all interactions
of “This Behavior Type Matched with This Target Object Type;”
Nw_BO represents the proportion of “This Behavior Type Matched
with Target Article Type of This Target Object Type” to all
interactions of “This Behavior Type Matched with This Target
Article Type.” After calculating all feature values, add the <Feature
Name, Feature Value> key assignments to FVT.

Return the Feature Name vs FVT.

(continued)
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Input: interaction log /L, behaviors B { L, P, S, C }, target users 7U { Fd, Nf, Sf },

target objects 70 { Ps, Pt, Vd, Lk, Nt }
Output: feature-value table FVT

R A A A T

20:
21:
22:
23:
24:
25:
26:
27:

28:
29:
30:
31:
32:

33:

34:
35:
36:

37:
38:
39:
40:
41:
42:

For each be/v In B do

Nw[behv] < Count(behv) / Count(/L)

UNw|[behv] «— DistUsrCnt(behv) / DistUsrCnt(/L)

Avg[behv] < Count(behv) / Count_U(behv)

StdN[behv] < Std(CntToUserList(behv))

MaxT[behv] <— MaxTimelnterval(behv)

MinT[behv] « MinTimelnterval(behv)

AvgT[behv] < TotalTimelnterval(behv) / (Count(behv)-1)

StdT[behv] < Std(TimelntervalList(behv))

push all F-Vinto FVT

For each (Usr In TU do
Nw[behv][tUsr] < Count(behv, tUsr) / Count(IL)
Nw_B[behv][tUsr] « Count(behv, tUsr) / Count(behv)
UNw/[behv][tUsr] < DistUsrCnt(behv, tUsr) / DistUsrCnt(behv)
Avg[behv][tUsr] < Count(behv, tUsr) / Count_U(behv, tUsr)
StdN[behv][tUsr] < Std(CntToUserList(behv, tUsr))
MaxT[behv][tUsr] <— MaxTimelnterval(behv, tUsr)
MinT[behv][tUsr] <— MinTimelnterval(behv, tUsr)
AvgT[behv][tUsr] «—

TotalTimelnterval(behv, tUsr) / (Count(behv, tUsr)-1)
StdT[behv][tUsr] < Std(TimelntervalList(behv, tUsr))
push all F-Vinto FV'T
For each rObj In 70 do

Nw[behv][tObj] «— Count(behv, tObj) / Count(IL)

Nw_B[behv][tObj] «— Count(behv, tObj) / Count(behv)

MaxT[behv][tObj] < MaxTimelnterval(behv, tObj)

MinT[behv][tObj] <— MinTimelnterval(behv, tObj)

AvgT[behv][tObj] —

Total Timelnterval(behv, tObj) / (Count(behv, tObj)-1)

StdT[behv][tObj] < Std(TimelntervalList(behv, tObj))

Nw[behv][tUsr][tObj] < Count(behv, tUsr, tObj) / Count(IL)

Nw_B[behv][tUsr][tObj] < Count(behv, tUsr, tObj) / Count(behv)

Nw_BU[behv][tUsr][tObj] <

Count(behv, tUsr, tObj) / Count(behv, tUsr)
Nw_BO[behv][tUsr|[tObj] <

Count_U(behv, tUsr, tObj) / Count(behv, tObj)
MaxT[behv][tUsr][tObj] «— MaxTimelnterval(behv, tUsr, tObj)
MinT[behv][tUsr][tObj] <— MinTimelnterval(behv, tUsr, tObj)
AvgT[behv][tUsr][tObj] <

TotalTimelnterval(behv, tUsr, tObj) / (Count(behv, tUsr, tObj)-1
StdT[behv][tUsr][tObj] « Std(TimelntervalList(behv, tUsr, tObj))

push all F-Vinto FV'T
End For
End For
End For
Return FI'T
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Figure 8.
Subject-feature
value matrix

Figure 9.
Facebook activity

log page

As its name implies, the IFC needs to use the interaction data as the classification
criteria. A Facebook user can enter the “view activity log” page to view his/her previous
interaction logs, as shown in Figure 9.

However, although Facebook allows users to enter this page to view their interaction
logs, no other method of obtaining these logs is available. Even FB API does not
provide such a function. To verify the method proposed by this research, alternative
methods of conveniently obtaining the interaction logs with the users’ consent are
needed. To this end, the “ILReaper” program was developed.

ILReaper is connected to the remote laboratory FTP platform, and is notified that
the subject has allowed the program to perform the two-stage operation. The first stage
extracts the user interaction logs. The subject must log into Facebook through the
program and enter the “view activity log” and “friends” pages. The user’s HTML files
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on these two pages are automatically extracted by the program, and transferred to the User’s
FTP platform. The program then moves to the second stage to conduct the DISC personality
questionnaire survey based on the content of The Platinum Rule. rediction
Figures 10 and 11 show screenshots of ILReaper. Figure 10 shows the first stage of the p h
program. The subject clicks the “complete the task (Mark 1)” button to upload HTML approac
files. In this figure, only the section with Mark 2 is required for analysis, and the sections
with Marks 3, 4, and 5 contain unwanted data. However, this unwanted data are collected 931
with the HTML files. Therefore, the interaction logs and friends list uploaded by the
subject are actually messy HTML content, and need to be preprocessed to extract useful
data. In this research, a separate program is compiled to solve this problem. Figure 11
shows screenshots of the personality test after the subject has completed data collection.
Upon completing the personality test, the program automatically uploads the test results
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Figure 12.
Extracted interaction
logs and friends list

to the FTP platform. The laboratory can then collect the raw data of the subject’s
personality test results, interaction logs, and friends list.

As described above, the file content provided by the user includes a great deal of
unrelated data (including sidebars and advertisements) from the two pages. Therefore,
the file content needs to be preprocessed correctly so that useful data required for IFC
can be extracted. This research developed a separate program called “Facebook
Activity Miner” to obtain the desired webpage content using RE. RE works on the
following principle: the data pattern to be extracted (or filtered) from the webpages is
first observed, and then the desired data are selected by designing pattern word
strings. Figure 12 shows screenshots from the Facebook Activity Miner. In this figure,
the section with Mark 1 contains the screening options used for debugging during
program development. The sections with Marks 2 and 3 are the extracted interaction
logs and friends list, respectively.

In addition, Facebook Activity Miner also provides a feature value calculation
function, that is, it calculates the feature values of the 612 DFs of each subject in a
structured way. Figure 13 presents the calculation results for a single subject.

Figure 7 shows the algorithm for calculating the specific feature values. Table V

lists the feature values calculated for the collected interaction logs. The full table would
be very large, and so only a small part is shown here.
The above data are saved as a CSV file for use as the Weka input data (Figure 14), and
the combinations of different classification and feature selection algorithms are used to
conduct an experiment. Table VI lists the experimental results. In the table, the numerical
elements represent the classification accuracy for the matching between the classification
algorithms on the left and the feature subsets filtered by the upper feature selection.

The results of the classification accuracy test (Table VI) are calculated through
tenfold cross-validation. Table VI indicates that the Naive Bayes classification
algorithm has good universal performance. Combined with the feature subsets filtered
by the feature selection algorithm “CfsSubsetEval,” Naive Bayes can reach a
classification accuracy of 80 percent.
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et Calculation results
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Subject no.
Feature abbr. 1 2 3 4 5
Nw_L 0.586892 0.807545 0.867427 0.685841 0.814255
Nw_UL 0.959732 0.956621 0.984906 0981013 0.947631
AvgN_L 4853147 3.01432 4662835 2 2976316
StdN_LU 6.78233 4 8246211 1.732051 7.28011
MaxT_L 2,682 1,746 2,906 4,58 564 5,24,170
MinT_L 0 0 0 0 0
AvgT L 323.3972 87.98177 260.4383 3,252.136 965.7584
StdT_L 464.9882 2375121 409.2163 26,306.62 15,597.47
Nw_FdUL 0.594406 0.599045 0.639847 0.535484 0
Nw_NfUL 0.594406 0.599045 0.639847 0.535484 0
AvgN_LFd 2638037 1.044929 2.756164 0.837607 0
AvgN_LFdL 5.058824 3.243028 6.023952 2.361446 0
AvgN_LNfL 3.105882 1.784861 1.263473 1.373494 0
StdN_LFdUL 6.403124 4.358899 9.273619 1414214 0
StdN_LNfUL 6.164414 2828427 4123106 1.414214 0
Nw_LFd 0.363636 0.52046 0.717035 0.433628 0
Nw_LLFd 0.619597 0.644497 0.826623 0.632258 0
MaxT_LFdL 4,438 1,730 3,352 408,838 0
MinT_LFdL 0 0 0 0 0
AvgT LFdL 464.0349 129.5252 304.602 4,580.487 0
StdT_LFdL 605.6996 279.6855 434.2776 29,933.03 0
Nw_LNf 0.223256 0.286445 0.150392 0.252212 0.814255 Table V.
Nw_LLNf 0.380404 0.354711 0.173377 0.367742 1 Feature values
MaxT_LNfL 9,971 2,040 9,955 458,564 524,170 calculated
: : : : : : for the collected
Type C C S C S interaction logs
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Figure 14.

CSV file of

Table V as the input
data for Weka

Table VI.
Results of the
classification
accuracy test
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-
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8] BWTL
91 [Hw_FAlL
10{F N BUL
11 |dveW_LFd
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Status
oK

Feature selection algorithms
Classification Null ~ CfsSubset  GainRatio Attribute InfoGain Attribute OneR Attribute

algorithms (%) Eval (%) Eval (%) Eval (%) Eval (%)
Naive bayes 54.55 81.82 68.18 68.18 54.55
Bayes net 4545 7127 54.55 54.55 4545
1-IBk (knn) 4545 7727 68.18 68.18 59.09
3-IBk (knn) 4091 68.18 68.18 68.18 59.09
5-IBk (knn) 59.09 63.64 68.18 68.18 54.55
J48 OT) 36.36 63.64 54.55 54.55 50
LibSVM 50 50 50 50 50

5. Discussion and conclusion
This section summarizes the findings and contributions of this research, and discusses
the limitations and enhancements that should be considered in future research.

5.1 Results and contribution of this research

This research has developed an automated personality type prediction method that
classifies DISC personality types based on Facebook user profiles. This research
resorted to the commonly used feature classification method: designing the features,
screening the features, training the classifier model using the remaining features, and
designing the classification method IFC accordingly. Experimental results show that
the Naive Bayes classification algorithm combined with the “CfsSubsetEval” feature
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selection algorithm produces the best performance, enabling personality types to be
predicted with 70-80 percent accuracy.
The contributions of this research are as follows:

(1) Construction of a model for user interactions on social media: the SIM designed
for this research cannot only be applied to Facebook, but also to other social
media platforms. The current social media differ only in the type and quantity
of elements at different levels. Therefore, SIM can also serve as a reference
model for related research on other social media interactions. Researchers need
only define the elements of the target social media at different SIM levels.

(2) Proposal of a structured design methodology for the features of social media
interactions: feature design is always the first problem in traditional feature
classification methods. In the past, designing reasonable features involved relying
on observations and experience. This research proposed a feature design method
for social media interactions that can generate a large number of interaction
features in a structured way, and then obtains KFSs via feature selection. The
advantage of this method lies in the opportunity to identify features that cannot be
designed experimentally. For example, this research identified the classification
KF of “StdN_LU,” which was intended to indicate the standard deviation of “like”
for a non-repetitive user. If features were designed based only on experience or
intuition, it is possible that this feature would not have been considered.

(3) Proposal of personality type prediction methods for Facebook users: previous
related studies have been limited to examining the correlation between the
“operating behavior” or “publish articles” of social media users and their
personality test scores, and predicted the range of personality test scores of
social media users at most. In contrast, this research considers accurate type
predictions for social media users. Experimental results have shown that the
IFC method proposed by this research is indeed feasible for Facebook users,
although the accuracy is not sufficiently high to satisfy the needs of actual
applications because of the limited sample data in the initial stage.

5.2 Linutations and future divections of this research

This research has certain specific limitations. The features used by the IFC method are
specifically designed for the interactions of Facebook users. If the IFC method is applied
to other social media, the features will need to be redesigned. For details on feature
design, please refer to the structured feature design methods proposed by this research.
As Facebook was used as the data source platform for this research, the author had to
obtain related data via FB APL However, the data types that can be accessed via FB API
are very limited. However, the required interaction logs are currently difficult to obtain.
This not only requires subjects who are willing to provide their interaction log data, but
also requires the subjects to perform certain manual operations.

The section discusses other deficiencies in this research, thus offering suggestions
for future study. This research is oriented toward Facebook. Theoretically, the research
methods could be applied to other social media with minimal modifications.
Considering the differences in the life habits of users of different social media, the
feasibility of personality type predictions via other social media requires further
research and verification. Theoretically, the personality models used in this research
could be applied to other social media, provided that they have clearly defined
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personality types, such as Enneagram and MBTIL In this research, the DISC
classification method, which is used in various commercial activities, was used with
related techniques. If other personality models were used in subsequent studies to
predict personality types, it will be necessary to modify the test questionnaire used in
the training period. The questions should be able to accurately predict the classification
results of the subject under the relevant personality model. As a result, a prediction
system trained using the methods proposed in this research will be able to predict the
different personality types included in the personality model.

To verify the feasibility of personality prediction via interactions, the methods
proposed in this research focused on the features of “things done” by Facebook users.
This study did not probe deeply into the content of their interactions, such as the body
text of responses to others’ essays, the actual content of re-posted links to webpages, or
image data of posted photos. Examining such content would require technical expertise in
various fields (e.g. image analysis). In this regard, this research cannot provide individual
deep analysis, and so subsequent studies may wish to take a more in-depth viewpoint.

If future studies continue to focus on Facebook, they will need to continuously track
revised information. As Facebook is updated, SIM and the interaction features may
also require updates.
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