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tweets (that is, 0.22%). In terms of the rate of diffusion,
information gets most diffused through iPhones (76.20% of
the retweets), and least diffused with Android phones
(0.56% of the retweet). The model evaluation shows an
accuracy of 95.87%, a specificity of 97.64% and a sensitivity
of 83.46%, making it suitable for prediction. The research
not only unveiled the identity of devices used for sending
information on SM but also revealed the rate at which
information gets diffused with the devices to aid decisionmaking.
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ABSTRACT
The challenge of the information diffusion (ID)
process across social media is the inability to know the
provenance or source of information and the details of the
person sending the information. This situation creates
confusion within the organization of people, which hinders
smooth communication. In this paper, a classification and a
mathematical model for predicting ID on social media (SM)
were formulated. This was with a view to know the source
of tweeted information for clarity and decision-making.
The formulated model was simulated and evaluated to
ascertain its adequacy. Data were collected from Twitter by
using the Twitter Search API. In particular, 3,200 tweets
were extracted on related political matters in Nigeria. The
results showed that the classification is a multiclass case.
The macro-average ROC curve from it showed 0.93. The
ROC from curve one to seven of each class is 0.90, 0.95, 0.98,
0.97, 0.90, 0.97 and 0.85, respectively. The results of the
simulation also indicated that there were seven different
types of source devices for the information, namely
Android, BlackBerry, iPad, iPhone, rack, studio, and web,
according to the dataset. Most of the information came
from iPhones, with about one thousand, nine hundred and
eighty-four (1,984) tweets out of the 3,200 (that is 62%);
the studio was the source least frequently with seven

INTRODUCTION

With the growing popularity of sophisticated and
advanced technologies like Web 2.0, the world has become
a global community (Berthon et al., 2012; Kaplan and
Haenlein, 2010) where communication is enhanced and
made easy. Besides, the advent of information and
communication technology (ICT) engendered the adoption
and use of online social networks and media to facilitate
smooth communication in various domains like politics,
marketing, education, and research (Hoang and Mothe,
2018). Communication, in this context, also involves
interaction where information can be shared across the
board. However, lousy communication or information can
lead to a wrong decision, thereby affecting individual and
organizational Information Systems (IS) (Courtney, 2001;
Walsham and Sahay, 2006).
Several channels of communication like face-to-face
meetings, telephone calls, writing of letters and memos, and
email messages exist in an organization. These channels of
communication present some limitations that can be
outlined as forgetting a message, missing notes taken
during a meeting, and the frustration of searching for
information in an enormous list of email messages. The
limitation mostly encountered during communication is
time wastage. In the course of this study, it was observed
that social media could alleviate these limitations by
creating a platform for information sharing and discussion
(Kietzmann et al., 2011; Lee and Ma., 2012; Agnihotri et al.,
2016), thereby making information diffusion (ID) a high
possibility with ease.
The information gets diffused quickly through social
media use in facilitating communication (Chang, 2010;
Valenzuela, 2013; Hoang and Mothe, 2018). ID, in this
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context, entails using possible channels for propagating
information without physical contact. The source of
information in the context of this study is the device where
the information originates. On the other hand, information
is anything that is communicated and meaningful to the
receiver (Bates, 2006). The disseminated contents may be
viewpoints, rumors, knowledge, product marketing
information etc. (Zhang et al., 2016). The channel is the
online social network and medium (Guille and Hacid, 2012;
Guille et al., 2013; Anduiza et al., 2014), which organizations
and individuals often use to spread information to
countless users (Davoudi and Chatterjee, 2015).
While the social media (SM) signify the channel,
medium or platform that permit the creation and
conversation of user-generated contents (Icha and Agwu,
2015; Edosomwan et al., 2011), the social networks (SN)
represent the platforms or sites that are utilized to ease the
construction and the maintenance of social connections
between individuals of same and diverse races and
countries. Both SM and SN give individuals and
organizations opportunities to share their interests,
activities, or positive relations (Eke et al., 2014). Noticeably,
the information can reach the ends of the earth within a
short time, thanks to the SN's frequent user-engagement.
Besides, the utilization of SM has expanded channels of
communication and their helpfulness to the organizations.
It is noteworthy that information – such as text
messages, images, videos diffused on SM – are increasing
and need to be predicted for future purposes, decisionmaking support, and knowing their spread of propagation
as well as their provenance or source (Hoang and Mothe,
2018; Taxidou and Fischer, 2013; Oh et al., 2013). For
instance, Twitter produces over 400 million messages per
day (Taxidou et al., 2015). Remarkably, Allcott and
Gentzkow (2017) extracted 115 pro-Trump and 41 proClinton fake stories on Facebook (as an example of SM)
with a total of 30 million and 7.6 million views for Trump
and Clinton, respectively. It is evident then that
information shared across the SM and SN (whether fake or
genuine) definitely gets to everyone connected.
The diffusion process on the SM generally involves
the sender(s), receiver(s), and medium (Behera, 2016),
while the diffusion through SN can be affected by the
network structures, behavioural characteristics of network
members, and the characteristics of the information being
diffused (Bampo et al., 2008). Also, some information
spreads faster compared to others, and that is dependent on
individuals' interests. This paper opines that since much
information passes across SM, prediction becomes crucial
to uncover the sources (either the device used, location, or
identity of the person) (Najar et al., 2012), understand the
information in circulation, and find a way to manage this
information better (Hoang and Mothe, 2018). From the IS
perspective, doing those as mentioned earlier can facilitate
good decision-making in service delivery and product
development. Besides, it can unveil the identities of those
spreading either fake or genuine information and can even
increase competitiveness in business.
This paper, therefore, develops a model that can
predict information diffused over SM and know the device
source from which information is diffused to aid
organizational decision-making. This is with the view to
know the source of information tweeted with devices for

clarity and decision-making. The paper focused mainly on
the diffusion of text (image, video, and audio were not
taken into account) by knowing its source on related
political matters (that is, the means used to send the
message). Twitter is the SM chosen for this study. The
source in this context is limited to the devices used to tweet
or to retweet. Also, the political domain in the Nigeria case
was used for the investigative process and predictions.
The remaining part of this paper is organized as
follows: In Section 2, existing works of literature were
reviewed, and gaps were identified. Section 3 discusses the
research methodology by explaining the approaches used,
including data extraction and analysis, the mathematical
formulation of the model, and the simulation and
evaluation procedures. Section 4 contains the results and
discussion; and finally, in section 5, the conclusions and
future work are discussed.

2. RELATED WORKS
Diffusion of information has been a very active
research domain, especially after the advent of online social
networks. It is an active field of research that supports the
complexity of social interactions over social media (Chen et
al., 2013). There are many methods applied to predict ID on
social media (Kafeza et al., 2014). Some researchers, for
example, Conover et al. (2011), made use of linear support
vector machines (SVM) with latent semantic analyzes
(LSA) to predict the political alignment of Twitter users.
Wang et al. (2012) applied the Diffusive Logistic (DL)
equation to predict information diffusion in time-based and
spatial dimensions. Still, the aspect of knowing the source
of information is vital (Hoang and Mothe, 2018) for clarity
and decision-making.
Many of the authors in the literature (for example,
Yang and Leskovec, 2010; Romero et al., 2011; Guille and
Hacid, 2012; Taxidou and Fischer, 2013; Guille et al., 2013;
Stieglitz and Dang-Xuan, 2013; Kafeza et al., 2014; Barberá et
al., 2015; Allcott and Gentzkow, 2017; Hoang and Mothe,
2018; Alkhodair et al., 2020) made use of Twitter as the
social media (SM) for extracting their data, and to make
prediction, investigative analysis, and validation. The
widespread use of Twitter is connected to the
microblogging services it offers (Stieglitz and Dang-Xuan,
2013), which has made it to get much consideration (Sakaki
et al., 2010). Milstein et al. (2008) showed 330 million
monthly active users, 134 million daily active users around
the globe use Twitter to remain socially associated with
companions, relatives, and collaborators using their PCs,
mobile phones, or other means of connection, with 140
million daily tweets while 460,000 open new accounts
daily. Again, the general use of Twitter is due to its
reputation, which has ultimately made it a standard social
laboratory for understanding information dissemination
and impact (Cha et al., 2010; Kwak et al., 2010), most notably
as a communication channel for political institutions
(Tumasjan et al., 2011). Most importantly, Kursuncu et al.
(2019) observed that Twitter gives multimodal information
containing content, pictures, and videos, alongside relevant
and social metadata, such as temporal and spatial data, and
data about client connectivity connections.
In Yang and Counts (2010), descriptions on reasons
why some features of tweets predict more magnificent
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information propagated than others were observed.
prediction approach figured out how to anticipate the final
However, in contrast with other studies, it was found that
spread of states from information produced by various
the practice of mentioning to another user in a tweet via the
models, which had an advantage over other models in
situations where the data about the structure of the
@username convention could also be analyzed. The method
network ends up temperamental. However, Guille and
of mentioning @username has a different influence on
Hacid (2012) introduced the Bayesian logistic regression
retweet prediction than just following the tweet as it
approach to obtain a good prediction of ID in a dynamic
indicates active user interaction. Yang and Counts (2010)
situation. Remarkably, Wang et al. (2012) approached
research aimed to investigate how topics spread through
the network structures, not a prediction on the source of
predicting ID in online SM by formulating a diffusive
information. Besides, Yang and Counts (2010) focused on
logistic (DL) equation, which could characterise the
building predictive models to provide support for: (i)
processes of information spread. When experimented on
speed, regardless of whether and when the primary
the Digg dataset, the prediction results gave an accuracy of
diffusion instance will occur; (ii) scale, which is the
over 92%. As observed by Wang et al. (2013), the linear
quantity of influenced cases at the main degree; and (iii)
diffusive model also achieved high accuracy and precision
range, to determine how far the diffusion chain can proceed
with the Digg data set.
inside and in-depth.
Furthermore, Zhu et al. (2013) made predictions on
Kwak et al. (2010), investigated the relationship
the activity level of users on SNs. The authors had models
between the quantity in terms of adherents to authors'
personalized for each user by using an extension of the
tweets and retweets were investigated. Accordingly, Kwak
consistent part of the models. Subsequently, Zhu et al.
et al. (2010) considered more specifically, the number of
(2013) introduced the time-delay strategy for addressing
retweets made by clients who were not immediate devotees
out-of-date data. Noticeably, Zhu et al.'s (2013) strategy
of the initial information diffused or tweeted. Strikingly,
was unified into the logistic regression classifier to achieve
they contended that clients with under 1000 supporters
user activity level prediction. Most importantly, Taxidou
would, in general, have a similar usual number of retweets.
and Fischer (2013) work on real-time analysis of ID by first
Following the outcome of Kwak et al. (2010), Cha et al.
subscribing to relevant hashtags as the data source. The
(2010) specifically found that clients with a high volume of
goal was to provide an infrastructure for establishing realtweets and retweets are typically persuasive when it comes
time analysis in massive datasets containing structural
to new information being tweeted. However, we realised
information. Even though the research is promising, it is
that some of the clients were not powerful enough to
still at its early stage and requires an in-depth investigation.
retweet. Cha et al.'s (2010) work borders mainly on the
Yang and Wang (2016) used a deep belief network
relationship between influential users and the different
method to classify images that were spread over the SM.
topics they tweet while neglecting the source of the
The deep learning approach showed the potential to
tweeted and retweeted information for clarity.
achieve excellent performance when large datasets are
Sakaki et al. (2010) proposed a method for predicting
available to use. In Hu et al. (2017), the procedure for the
an earthquake's location using machine-learning
spread of information over SM was introduced and used in
algorithms. Sakaki et al. (2010) accounted that each
a hydrodynamic model. The model portrays the procedure
Twitter user was considered a social sensor, thereby
from temporal and spatial points of view, which helped
providing help in identifying a natural disaster location.
collect quality information being diffused. For instance, the
Their algorithm was based on processing Twitter real-time
popularity of the information, its impact, and how the
data, which gave a high probability of 96% for detecting
information diffused on the SM platform is part of the
earthquakes. However, based on identifying fundamental
qualities assessed. Also, Hu et al. (2018) used the recurrent
characteristics of approaching disaster, it becomes
diffusion-LSTM network architecture to model how image
inevitable to predict the catastrophe and take new
contents get propagated through the SN. However, the
measures.
source of information being diffused was not considered.
The work in Conover et al. (2011) predicted the
Liu et al. (2018) used the Random Recursive Tree
political alignment of Twitter users by applying linear
(RRT) approach to build topologies for cascade tree to
SVMs. The emphasis of the authors was on content-based
enable the capturing of essential structures as information
classifications and latent semantic examination. They
is diffused. Besides, the authors' approach portrayed the
considered the substance of clients' tweets to distinguish
behaviour of users and clarified the size of the cascade in
hidden structure in the information emphatically
WeChat. Still, the source of information being diffused was
connected with the political alliance. Likewise, network
not addressed.
clustering algorithms were used to extract data about the
people with whom every client expresses and demonstrates
3. METHODS
that these topological properties can be utilized to improve
classification accuracy even further.
This study was addressed through the experimentbased quantitative research approach (Chang and Ren,
Again, Najar et al. (2012) predicted ID over SNs with
2000; Arghode, 2012) involving simulation. A Twitter
partial knowledge. In particular, the authors used the
application programming interface (API) was used to
classical independent cascade models (ICM) and the linear
harvest the dataset, and a Support Vector Machine (SVM)
threshold model (LTM) methods. Consequently, Najar et
to classify the dataset. The Stochastic Differential Equation
al. (2012) generated the artificial cascades over real SNs.
(SDE) was used to formulate a mathematical model for
They predicted the last spread values without necessarily
predicting ID. The experiment was simulated using the
having to model the whole process of diffusion at every
step, as is the case with other models. Besides, the authors'
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Figure 1: Conceptual View of the Developed Model

Figure 2: The Flow of Processes Involved in the Model Formulation

python programming language. The adequacy of the model
performance was evaluated using accuracy, specificity, and
efficiency as parameters. Figure 1 describes the conceptual
flow of our approach. Moreover, Figure 2 shows the
detailed flow of processes involved in the model
formulation.
In Figure 1, the first activity was on data acquisition,
and analysis where data (in this case, the tweets) are: (i)
extracted from Twitter API; (ii) stored in a suitable format
for pre-processing; and (iii) made to extract relevant
features in the dataset (in this case, the text, source, and
retweeted counts). Following the data acquisition and
analysis process is the prediction of ID. Specifically, the
extracted features of the tweets are subjected to a machinelearning algorithm. In this paper, the SVM was used for
classification purposes (i.e., train the dataset). SVM is
mostly useful for classification and regression problems
(Flake and Lawrence, 2002; Frohlich and Zell, 2005). With
the kernel trick technique used by SVM (Suykens et al.,
2003; Lodha et al., 2006), it can detect an optimal boundary
between the output and can perform complex data
transformation (Amari and Wu, 1999). SVM is known for
the classification of extant data and predictions of
unknown data classes (Byun and Lee, 2002; Coussement
and Van den Poel, 2008). It is conveniently suitable for both
small and high dimensional data (Jonsson et al., 2002), and
efficient in handling both linearly and non-linearly
separable datasets (Amari and Wu, 1999). Labelling took

1

place after "dividing the larger part into training and testing
in ratio 8:2" as indicated in Figure 2. The SVM classifier
experimental setup, as shown in Figure 3 (Amarappa and
Sathyanarayana, 2014), was used to classify the tweets.

Figure 3: A Block Diagram of the SVM Classifier (adopted from Amarappa
and Sathyanarayana, 2014)

3.1. Data Extraction and Analysis
Data were extracted from Twitter using the Twitter
Search API by writing python code1. 3,200 tweets were
extracted on related political matters in Nigeria. The initial
plan was to combine data from Facebook and Twitter;
however, access to Facebook was not granted based on
privacy concerns. Figure 4 shows aspects of the data

shorturl.at/jsE12

1115-9782 © 2020 Ife Journal of Technology
https://ijt.oauife.edu.ng

51

An Investigative Process Model for Predicting Information Diffusion on Social Media: Information System Perspective
extracted from the Twitter API. The complete list of data
extracted is found here2. The extracted data has eight
columns: id, created_at, source, favorite_count,
retweet_count, language, place, and text. The tweeted text
sent by users, the source, and the retweeted count were
used for the prediction.
After extracting the tweets, we pre-processed them
by converting the tweets into a suitable scale format with
all the significant features extracted. Pre-processing data,
in this context, involves the transformation of raw data into
a comprehensible format (Marquardt et al., 2004). In this
case, the CSV format was used. Next, the data (tweets)
were cleansed, and punctuations were removed before
tokenization using the Natural Language Toolkit (NLTK).
The goal of data cleaning is to get data in a clean, standard
format for further analysis. The punctuations were removed
from each word, the data was tokenized and remaining
tokens that were not alphabetic were removed, and stop
words filtered out. Figure 5 shows the removed
punctuations, and Figure 6 shows the tweets tokenized.
The complete files are as shown here (removed
punctuation3, tokenized tweets4).

exp(−ωt). Finally, a convolution operator is represented as *,
as shown in Equation 1. To this end, Equation 2 shows the
SDE form.
d𝑥𝑖 (t) = ω(𝑏𝑖 − 𝑥𝑖 (t))dt + ∑𝑗 𝛼𝑖𝑗 ℎ(𝑥𝑗 (𝑡))𝑑𝑁𝑗 (𝑡)) (2)
Proof: The convolution operator * of any two functions 𝑓(𝑡)
and 𝑔(𝑡) is defined as:
t
f(t) ∗ g(t) = ∫0 f(t − s)g(s)ds
Next, the differential operator d was applied to xi (t),
using the following properties:
i.
ii.

dk ω (t) = −ωk ω (t)dt for t ≥ 0 and k ω (0) = 1.
The differential of the convolution of two
functions is: d(f ∗ g) = f(0)g + g ∗ df.

By setting f = k ω (t), and g=∑j a ij h(xj )dNj (t), the
differential of xi (t) was taken. Moreover, the two
properties mentioned above were used to get:
U

dxi (t) = d(f ∗ g) = ∑ a ij h(xj )dNj (t)
3.2. Developed Mathematical Model

j=1

As stated earlier, the Stochastic Differential Equation
(SDE) was used to formulate a mathematical model for
predicting ID. SDE is suitable because it reflects reality in
the case of the problem domain and class classification
(Juhl et al., 2016). The mathematical formulation has an
exact and concise mathematical interpretation of the
complex random propagation process. The SDE provides a
statistical notion for presenting predictive results in
appropriate formats (Cobb, 1981). Therefore, this research
proposed a novel point process-based ID model, as shown
in equation 1, and reformulated as an SDE in equation 2. The
formulation was based on the theorem that considered and
modeled a network consisting of N users and the
information content xi(t) for node i, as observed in Wang et
al. (2016) and Wang et al. (2018). Thus:
𝑥𝑖 (𝑡) = 𝑏𝑖 + ∑Uj=1 αij K ω (t) ∗ h(xj (t))dNj (t))
(1)
= 𝑏𝑖 + ∑𝑗 αij ∑tj𝜖Hj(𝑡) K ω (𝑡 − t j )ℎ(xj (𝑡))
As described in Wang et al. (2016), the base content is
denoted represented as 𝑏𝑖 ; the influence weight from the
given node j to i is represented as 𝛼𝑖𝑗 . Also, the specific
function for the problem defined is represented as h; the
point process used to model the events as they occur at
random intervals relative to either time or space axis
(Ripley and Kelly, 1977; Van Lieshout, 2000) is represented
as 𝑁𝑗 (t). Here, the point process was categorized as
temporal point processes consisting of discrete events
localized in time. The history of the event is given as 𝐻𝑗 (t)
up to time t for the user j. Moreover, the application
dependent function is given as h(𝑥𝑗 (t)), while the
exponential that triggers the kernel is defined as 𝐾𝜔 (t) =
2

shorturl.at/bdxBH

3

shorturl.at/CKYZ8

U

− ω (∑ a ij k ω (t) ∗ (h(xj ). dNj (t))) dt
j=1

=∑Uj=1 a ij h(xj )dNj (t) − ω(xi (t) − bi )dt
=ω (bi − xi (t))dt + ∑Uj=1 a ij h(xj (t)dNj (t))
3.3. Simulation and Model Evaluation
The model was simulated in Jupyter Notebook IDE
from Anaconda with the Python programming language.
Also, the metrics used for the model evaluation include: (i)
accuracy, which determines the over-all correctness of the
classifier after prediction as shown in equation 3; (ii) the
sensitivity, which defines the proportion of actual positive
cases correctly classified; and (iii) the specificity, which
defines the proportion of actual class negatively predicted.
Equations 3, 4 and 5 describe the accuracy, sensitivity and
specificity used for evaluating the performance of the
model.
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃+𝑇𝑁
𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
𝑇𝑃

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑇𝑃+ 𝐹𝑁
𝑇𝑁
𝑇𝑁+ 𝐹𝑃

(3)
(4)
(5)

From equations 3, equations 4, and equations 5, TP is
the number of true positives; FN is the number of false
negatives; FP is the number of false positives; TN is the
number of true negatives.

4
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Figure 4: Extracted Data from Twitter API

Figure 5: Removed punctuations from tweets
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Figure 6: Tweets tokenized/ Word tokenization

4. RESULTS AND DISCUSSIONS

on equations 3 to 5. Table 3 shows the performance
evaluation results for each class, and Table 4 shows the
overall results of the evaluation for all the classes.
Going further, we have shown the ROC curves to aid
the visualization of how the classifier performed. On the
ROC curve, the TP rate is positioned on the y-axis, while
the FP rate is positioned on the x-axis for every possible
classification threshold. The goal of the ROC graph is to
benchmark the result obtained from the classifiers. Figures
13, 14, 15, 16, 17, 18, and 19 show the ROC curve for each
class. The ROC for the overall classes is shown in Figure 20.

The classification results shown in Figure 7 described
how the dataset was classified. Figure 8 illustrates the
devices used for tweeting and re-tweeting. We discovered
that seven classes of devices were used as sources of
connection to Twitter from the dataset. As shown in Figure
8, the iPhone was the device that people on Twitter mostly
used. Thus, the rate of diffusion of tweets coming from the
iPhone was higher than others. Figure 9 contains the source
code used for determining the proportion of the source of
connection on Twitter.
Table 1 shows the count of the different tweets
emanating from the same medium source on Twitter, and
Table 2 shows the rate of diffusion of tweets. We have
shown the rate of diffusion in Figure 10, as contained in
Table 2.
The confusion matrix shown in Figure 11 contains
information about the actual and predicted classifications
used as a measure of the model performance. The confusion
matrix visualizes the tasks performed in the classification.
As Figure 11 reflects, the predicted classes are represented
in a row, while the actual class predicted are described in
Figure 7: Classification of Information
the column. In the case of classification with more than two
classes, the confusion matrix contains values of results for
each class as it is in this research. Thus, all correctly
predicted values are described diagonally in the confusion
matrix, so it is easy to visually interpret errors in the
prediction, which were obtained from values outside the
diagonal. The classification was a multiclass case, as shown
in Figure 11.
Figure 12 shows some of the calculations for
determining the accuracy, sensitivity, and specificity based
1115-9782 © 2020 Ife Journal
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Figure 8: The Source of Connection on Twitter Proportion
Table 1: Retweeted Count of Tweet from the Different Source
Media Source of Tweet
Retweeted Count
of the Tweet
iPhone
1016085
Web
203370
Blackberry
14204
Rack
67125
Android
7418
IPad
12517
Studio
12688
Total
1333407

Rank
(1)
(2)
(4)
(3)
(7)
(6)
(5)

Table 2: The Rate of Diffusion of the Tweet
Media Source of Tweet
Rate of Diffusion of tweets
iPhone
76.20%
Web
15.25%
Rack
5.03%
Blackberry
1.07%
Studio
0.95%
IPad
0.94%
Android
0.56%

Figure 9: Python Source Code for the Proportion of User Source of
Connection to Twitter

Figure 10: The Rate of Diffusion of Tweets
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Table 3: Results of Performance Evaluation for Each Class: Accuracy and Specificity
Class

𝑇𝑃+𝑇𝑁

TP

TN

FP

FN

TP+TN

𝐴𝐶𝐶 =

A

0

633

0

8

633

𝐴𝐶𝐶𝐴 =

B

117

460

45

27

577

𝐴𝐶𝐶𝐵 =

C

0

625

0

16

625

𝐴𝐶𝐶𝐶 =

D

416

163

61

1

579

𝐴𝐶𝐶𝐷 =

E

2

617

0

22

619

𝐴𝐶𝐶𝐸 =

F

0

615

0

26

615

𝐴𝐶𝐶𝐹 =

G

0

637

0

4

637

𝐴𝐶𝐶𝐺 =

H

0

639

0

2

639

𝐴𝐶𝐶𝐻 =

TP_all=535; FP_all=106;
FN_all=106;
Total_all = TP_all+FP_all+FN_all+TN_all = 5136

𝑆𝑝𝑒 =

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
633
641
577

= 98.75%

𝑆𝑝𝑒𝐴 =

= 88.91%

𝑆𝑝𝑒𝐵 =

649
0+625

0+625+0+16
416+163
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416+163+61+1
619
641
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𝑇𝑁
𝐹𝑃+𝑇𝑁
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= 90.33%

𝑆𝑝𝑒𝐶 =
𝑆𝑝𝑒𝐷 =

= 96.57%

𝑆𝑝𝑒𝐸 =

= 95.94%

𝑆𝑝𝑒𝐹 =
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0+637
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0+639
641

= 99.38%
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625
0+625
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615
0+615
615
0+615
639
0+639

Figure 13: The ROC Curve of the First Class

Figure 14: The ROC Curve of the Second Class

Figure 12: Data for Calculating the Accuracy, Sensitivity, and Specificity
Based on Equations 3 to 5
Table 4: Overall results of performance Evaluation: Accuracy Sensitivity
Specificity
SN Metrics
Evaluation Results
𝑇𝑃+𝑇𝑁 535+4389
1
Accuracy
Acc_all =
=
= 95.87%
𝑇𝑜𝑡𝑎𝑙_𝑎𝑙𝑙

2
3

Sensitivity
Specificity

Sen_all=

𝑇𝑃

FN+TP

Spe_all=

𝑇𝑁

=

5136

535
641

4389

=

𝐹𝑃+𝑇𝑁 4495

= 83.46%
Figure 15: The ROC Curve of the Third Class

= 97.64%
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= 91.09%

= 100%

61+163
617

TN_all=4389

Figure 11: Confusion Matrix of the Multiclass Classification

= 100%

= 72.77%
= 100%

= 100%
= 100%
= 100%
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The macro-average ROC curve from the overall
multiclass is 0.93. The ROC curve of each class from one to
seven is 0.90, 0.95, 0.98, 0.97, 0.90, 0.97 and 0.85,
respectively. As reflected in the dataset, the simulation
results indicate that there were seven different sources of
information; namely: Android, BlackBerry, iPad, iPhone,
rack, studio, and web. However, the iPhone was seen to
have the highest number of retweeted count of tweets over
the social medium with 1,016,085 tweets. In comparison,
Android was the lowest count of 7,418 tweets, as shown in
Table 1, Table 2, and Figure 10. In terms of the rate of
diffusion, information gets most diffused through iPhone
(76.20% of the retweets) and least diffused with Android
(0.56% of the retweet). The model has an accuracy of
95.87%, a specificity of 97.64%, and a sensitivity of 83.46%,
indicating that the model's performance is good and
suitable for prediction.
Therefore, the research has unveiled the possibility of
determining the sources of information tweeted with
devices, thereby providing clarity and aiding decisionmaking. The inference of this is that there is a very high
purchase and use of iPhones compare with other devices.
Besides, this is a good way of saying that manufacturers of
these devices can have a rethink based on our findings on
how to boost competitiveness, judging from the ways and
manner their products are demanded and used. Moreover,
our results indicate that in the world of politics, most
politicians and those with a keen interest in political
matters use iPhone, regardless of the price compare to other
devices.

Figure 16: The ROC Curve of the Fourth Class

Figure 17: The ROC Curve of the Fifth Class

5. CONCLUSION

Figure 18: The ROC Curve of the Sixth Class

Figure 19: The ROC Curve of the Seventh Class

Figure 20: The ROC-SVM of the Source of Information on Twitter for
Overall Classes

The research reported in this paper focuses on a
predictive model for ID and the devices use to send
information. An SDE was used to formulate the
mathematical model for ID. The emphasis was on the
diffusion of text (image, video, and audio are not taken into
account) by knowing the type of device (as the source) used
in sending information on related political matters (that is,
the means used to send the message). Knowing the source
of information in ID provides support for addressing the
complexity of social interactions over SM (Chen et al., 2013;
Peters et al., 2013; Jiang et al., 2014). Besides, it is essential for
clarity and decision-making. We extracted the dataset from
Twitter, pre-processed the dataset, did feature extraction
on the dataset before applying it to a machine-learning
algorithm for classification and prediction. The prediction
was made based on the present information diffused to
determine the rate of diffusion.
Thus, this paper's contribution borders on the
provision of a model that can efficiently unveil the identity
of devices used for sending information on SM. The model
provided can predict the ID process accurately and support
decision-making for organizations producing these devices.
As reflected in this research, the scope was limited to
knowing the devices used to send tweets on Twitter.
Further investigation is required to reveal the address mac
of the device used for tweeting and retweeting to track the
owner of the device. However, doing such an investigation
will require access to an available and robust dataset that
includes all the features needed for prediction.
Additionally, it is essential to compare several machine-
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learning algorithms to determine the best and most
suitable.
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