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Abstract. Social networking services have been playing an important role of
communicating with customers. Particularly, firms seek to deploy Twitter for the
benefit of their business because it has rapidly become an information vehicle
for consumers who are disseminating information on products and services.
Thus, this study examines how information shared by firms is diffused and what
the important factors in understanding information dissemination are. Specially,
this study classifies the types of tweets posted by a firm (@olleh_mobile) and
then to investigate the effect of these types of tweets on diffusion. By using
content analysis, this study defined two categories (‘Information providing’ and
‘Advertisement’ type) and eight subordinate concepts (News, Usage, Preview,
Notice, Sale, Benefit, Event, Service public relations). These results indicate that
the differences are significant for all three types of information content. It shows
that firms can spread information more quickly by providing the ‘Information
and advertisement’ type rather than the ‘Advertisement’ type.

Keywords: Information contents � Information diffusion � Information types �
Twitter � Content-based analytics

1 Introduction

Social media and communications technology have become important drivers for new
types of communication and have made users better able to share information (Smith
2010). New communication channels and mechanisms like Facebook, Twitter and
Wikis, allow the creation and exchange of content that has been created by users
and provide collaborative structures where user interaction is proactively encouraged
(Kaplan and Haenlein 2010). New media and communication platforms make it easier
to spread information very quickly and make one person able to communicate with
hundreds or thousands of others.

One well known social media channel, Twitter, is a short message service. It has
attracted advertising and marketing interest from firms to improve brand trust and
loyalty for customers (Sledgianowski and Kulviwat 2009). Twitter allows firms to
engage in timely and direct end-user contact at relatively low cost and higher levels of
efficiency than can be achieved with more traditional communication tools (Kaplan and
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Haenlein 2010). Therefore firms cannot ignore the importance of Twitter because it has
rapidly become an information vehicle for consumers who are disseminating infor-
mation on products and services (Fischer and Reuber 2011).

As a growing number of firms seek to deploy Twitter for the benefit of their
business, the current study extends investigations that consider how companies use
Twitter to facilitate dialogic communication with their consumers (Greer and Ferguson
2011; Jansen et al. 2009; Li and Rao 2010). Even though there are various discussions
about how information can be disseminated on Twitter, most research topics on Twitter
are related to personal, social or public news (Cha et al. 2010; Li and Rao 2010). This
scope of this study is the type of determinants influencing information diffusion for
firms which use Twitter. Thus, in spite of the growth of Twitter, the business viability
of Twitter remains in question. Also, managers within firms are still uncertain as to how
Twitter can be used in marketing and which types of message exert the most influence
or get reposted by users (Kim et al. 2012).

Therefore, this study examines how information shared by firms is diffused and
what the important factors in understanding information dissemination are. More
specifically, this study poses the research questions: (1) What types of information are
provided by a firm using Twitter? (2) How does the diffusion of information that is
posted by a firm differ by different types of information? Through these questions, this
study will suggest content that is appropriate for diffusion and the relationship between
patterns of tweets and diffusion on Twitter. It is expected that there can be a significant
impact derived from analysis of information diffusion to guide firms Twitter use.

The remainder of this study is structured as follows. In the next section, we present
the theoretical background and develop the research framework. This is followed by a
description of the methods employed, including the data, variable operationalization,
and analysis techniques. Finally, this study presents results, and ends with a discussion
of limitations and theoretical and practical implications of the findings.

2 Theoretical Background

2.1 Understanding Twitter

Twitter is an online social networking and micro-blogging service. It is a social net-
working service because users have a profile page and connect to other users by
following them (Thelwall et al. 2011). Also, Twitter offers a micro-blogging service by
allowing its users to send messages- called “tweets” – to their followers while visiting
other users’ accounts (Savage 2011). Tweets are text-based posts of up to 140 char-
acters in length. On Twitter, users can post original tweets under their Twitter accounts
and can “Retweet”, which means posting another user’s tweet. When a person chooses
to follow someone, they receive their tweets (Fischer and Reuber 2011). The purpose
of retweeting is to diffuse information to followers, and this diffusion seems to be
extremely rapid (Thelwall et al. 2011). Therefore, retweeting is the key mechanism for
information diffusion in Twitter.
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2.2 Previous Research of Twitter Usage by Business

Many firms use Twitter as a marketing tool. Twitter is useful to disseminate infor-
mation or messages related to their products or service to customers. A number of firms
use Twitter to disseminate information to stakeholders (Jansen et al. 2009). Also,
Twitter gives business an opportunity to track what consumers are saying about their
products and allow consumers to post instant opinions about a certain brand even
though not have any previous relationship (Savage 2011). According to a recent report,
103 Chief Marketing Officers responded to the question asking which platform would
figure into their marketing plans the most in the coming months. 40.8 % responded
Twitter, followed by 26.2 % saying Facebook, 16.5 % saying LinkedIn, and 8.7 %
responding “Other”. For example, Dell Outlet used Twitter to reach consumers and
found out that consumers were interested in communicating via Twitter.

Research of business usage of Twitter is at a very early stage of development
(Barnes and BöHringer 2011). Zhang and Watts (2008), Jansen et al. (2009), and
Berinato (2010) showed how to use Twitter for promotion and branding in firms. In
these studies, Twitter is described as a tool to create communication with consumers.
While previous work on Twitter has been extensive, it has generally focused only on
single perspectives or factors for using Twitter.

2.3 The Diffusion of Innovations Theory

Diffusion theory has been studied in a variety of contexts and from many perspectives.
The Rogers model provides a reasonably comprehensive view of innovation diffusion
(Brancheau and Wetherbe 1990). Since the publication of Rogers’s widely referenced
work, the diffusion model’s focus on the individual adoption process and emphasis on
communication behavior have been extended to technology and information adoption
(Bajwa et al. 2008; Chatman 1986).

Rogers (1983) defines diffusion to be “the process by which an innovation is
communicated through certain channels over time among the members of a social
systems”. So diffusion is a special type of communication in which the messages are
about new ideas (Rogers 2003). Innovation, as an idea or object, is a key factor in
diffusion theory. The characteristics of innovation are one important explanation of
diffusion. Rogers and Shoemaker (1971) identify the most important innovation char-
acteristics that influence the adoption of an innovation as trialability, relative advantage,
compatibility, observability, and complexity. Previous studies have considered inno-
vation or information characteristics such as usefulness, accuracy, and source or cred-
ibility (Cheung et al. 2008). These characteristics influence the diffusion of innovations
or information about new ideas.

Thus, the diffusion approach helps to understand how individuals behave as they
consider the adoption of an innovation. Moreover, it is a useful theory to know the
diffusion process in online communities. The characteristics of information or messages
in social networking may play a special role in diffusion (Zhao and Rosson 2009).
However, research on diffusion has concentrated primarily on innovation and its
characteristics (Chatman 1986). Research perspectives are limited to understanding the
diffusion patterns of information.
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3 Research Model and Hypotheses

Based on classical diffusion of innovation theory, this study developed a research
model as shown in Fig. 1. Consistent with this purpose of this study, information
content in tweets provided by firms are classified into three types. The model examines
the effect of patterns of information content on three attributes of information diffusion
(scale, speed and duration).

Information characteristics influence a user’s decision to spread information.
Individual perceptions of the attributes of information can affect its rate of adoption
(Rogers 1983; Rogers 2003), Chatman (1986) suggests that the phenomenon of dif-
fusion can shift from information characteristics or contents. For example, information
about a job can be circulated quickly because this type of information is time-sensitive.
Most studies focus on characteristics of innovation and information such as usefulness,
message relevance, accuracy, comprehensiveness (Cheung et al. 2008). It measures
how users perceive these characteristics as related to its value, and in relationship to
their past experience (Rogers 2003).

Even on Twitter, the types of information tweets suggest is important to diffusion.
Tweets can be categorized based on many types of content. Java et al. (2007) identify
tweets’ contents with reference to information sharing, information seeking, and rela-
tionships. Naaman et al. (2010) suggest nine content categories including information
sharing, opinion, complaint, self-promotion etc. The characteristics of messages shared
on Twitter may play a special role in sharing or delivering information (Zhao and
Rosson 2009). Consequently, information diffusion will depend on the type of content.

Information Content Information Diffusion

Scale of 
Information 
Diffusion 

Speed of 
Information 
Diffusion 

Duration of 
Information 
Diffusion 

‘Information 
Providing’

Type 

‘Advertisement’
Type 

‘Information and
Advertisement’

Type 

Fig. 1. The conceptual research model
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Hypothesis 1
The content of information will have a significant effect on information diffusion.

Hypothesis 1a
The content of information will have a significant effect on the scale of information
diffusion.

Hypothesis 1b
The content of information will have a significant effect on the speed of information
diffusion.

Hypothesis 1c
The content of information will have a significant effect on the duration of infor-
mation diffusion.

4 Research Methodology

This study was conducted to test the proposed model for information diffusion on
Twitter. The research model was applied to the content and type of information in
tweets created by a firm. A content analysis of tweets was performed using coding
messages. Then a cluster and non-parametric ANOVA analysis was conducted to
determine the types of information content that influence diffusion.

4.1 Data Collection

As the study’s objectives are first to classify the types of tweets posted by a firm and then
to investigate the effect of these types of tweets on diffusion, an in-depth perspective
such as that offered by the Twitter experiences of a particular firm was deemed
appropriate. In order to collect a realistic Twitter dataset, this study used a commercial
system (called TweetScope). This system can manage tweet streams from multi-user
accounts simultaneously in real-time. Using TwitterScope, 1006 tweets posted by the
@olleh_mobile account, from March 16th, 2012 to October 11th, 2012 were down-
loaded. The Olleh_mobile business has been actively interested in Twitter to promote
the brand. It has 116,376 followers, 496 followings and 105,414 tweets. Olleh_mobile
has posted a total of 104,824 tweets and 25 tweets daily on average. The data includes
the content of tweets, tweet time, and the number of retweets (RTs). Also, this data
contains information on users who repost tweets, user ID, times of users’ RT, the number
of followers, followings, and total tweets. Excluded were mention tweets because these
are not delivered automatically to followers. This study analyzed 1006 tweets.

4.2 Measure

4.2.1 Dependent Variables: Information Diffusion
In Rogers (1983) model, diffusion was defined as how many people use or adopt new
ideas, or technology and measured the cumulative number of adopters. Previous studies
measured diffusion by means of dependent variables such as binary adoption/non-
adoption, time of adoption, and frequency of use (Fichman 1992).
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Similarly, on Twitter, diffusion means how much or far tweet propagates
throughout the community of users or followers. Diffusion is generally measured as the
number of retweets – these are posted tweets sent to followers on Twitter. Yang and
Counts (2010) developed three dimensions of diffusion: speed, scale and range. In this
study, information diffusion is measured by three dimensions, as shown in Table 1.

4.2.2 Independent Variables: Information Contents
4.2.2.1 Coding Framework and Procedure
This study used content analysis by first conceptualizing the content of tweetsto
characterize the rationale for tweets posted by a firm on Twitter. Recently, as research
about social media has increased, much of it focuses on the purpose of information or
communication and also on new communication behaviors (Herring et al. 2004;
Papacharissi 2004). This research uses content analysis. This analysis was conducted to
identify and quantify structural factors or properties of websites, blogs and social
network sites (Ha and E.L. James 1998; Lin and Pena 2011).

Content analysis is considered to be a qualitative research method. It is effective in
examining both theoretical definitions and empirical measurements. This analysis
provides researchers with opportunities to unobtrusively study the values, sentiments,
intentions and ideologies of sources generally inaccessible to researchers (Morris
1994). The goal of content analysis is to create objective criteria for transforming
written text contained in highly reliable data (Simmons et al. 2011). It classifies content
analysis methods into three types: (1) human-scored schema, (2) individual word count
systems, and (3) computerized systems using artificial intelligence. Content analysis
may provide an effective tool for gaining access to desired study information.

In this study, to analyze the content of tweets, two coders independently looked
through downloaded tweets and classified the purpose of tweets based on previous
studies and theories. Then the study compared and contrasted each classification
deduced by coders.

In this step, while two coders agree on representations for three types of content and
different types of subordinate categories, while also agreeing on the elimination of
inappropriate concepts. Finally, tweets provided by a firm were classified into two
categories (information providing and advertisement) and eight subordinate content

Table 1. Dependent variables definitions

Variables Definition Measure Reference

The scale
of RTs

How many times a
tweet is reposted by
users

The number of RTs Cheung
et al.
(2008)

Yang and
Counts
(2010)

The speed
of RTs

How fast a tweet is
reposted by users

Total RTs (n)/Starting time of
RT – Ending time of RT (hour)

The
duration
of RTs

How long a tweet is
reposted by users

The gap between Starting time of
RT and Ending time of RT (hour)
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groupings (News, Usage, Review, Notice, Sale, Benefit, Event, Service PR) as shown
below in Table 2.

Two coders received training and analyzed the tweets according to the predeter-
mined categories. Each coder had the chance to practice the procedure with a few
examples before the actual coding started. A tweet could be classified into more than one
category. For example, a tweet that provides information could also express adver-
tisement. Overall intercoder reliability, as measured by their performance on the total set
of tweets, was assessed by using Cohen’s kappa. Cohen’s kappa is a more rigorous
means of assessing reliability than using other statistics such as an exact percent
agreement because it accounts for chance when measuring the level of agreement
between two coders (Boettger and Palmer 2010). For this study the kappa test identified
an overall agreement of above 80 %, indicating an acceptable level of consistency
between coders.

4.3 Types of Information in Firm’s Twitter Messages

A few researches looked at objectives of social media by using content analysis.
Fullwood et al. (2009) categorize the purpose of blogs into categories diary, adver-
tising, providing information, sharing media, emotional outlet, and reporting. Naaman
et al. (2010) developed a content-based categorization of messages posted by Twitter
users. They suggested nine message categories: information sharing, self promotion,
opinion, statements, and questions to followers, presence maintenance, and anecdotes.
Furthermore, Java et al. (2007) identified four user objectives on Twitter, daily chatter,
conversations, sharing information and reporting news.

Based on the knowledge gained from these studies, this study defined two cate-
gories and eight subordinate concepts. First, the ‘Information providing’ type contains
data, information or knowledge concerning a firm’s activities, service usage, notice and
review. Second, ‘Advertisement’ type suggests the price or brand name for users to
purchase or use a product or service. Also this type contains the messages which make

Table 2. The level of agreement in information content

Constructs Variables The level of
agreement

N

Information
contents

Information
providing

News 86 % 58
Usage 93 % 336
Review 97 % 225
Notice 84 % 145

Advertisement Sale 85 % 29
Benefit 89 % 199
Event 92 % 159
Service public
relations

92 % 46
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users participate in events related to the product. Table 3 shows examples of each type
of information content.

4.4 Analysis and Results

4.4.1 The Description of Information Contents
The intent was to examine whether olleh_mobile employed different tweets across the
diffusion of tweets. This study considered two super-ordinate categories and eight sub-
concepts. Of 886 tweets created by the olleh_mobile firm, “Information providing”
tweets were about 64 % and “Advertisement” tweets were about 36 %. Results related
to the four categories were 1) “Information providing” (News 5 %, Usage 28 %,
Review 19 %, Notice 12 %) and the other four categories were in 2) “Advertisement”
(Sale 2 %, Benefit 17 %, Event 13 %, PR 4 %). The results show that theolleh_mobile
firm usually uses Twitter for informing customers about how to use products and
services, and review of products and services.

Using the above characterization of tweet contents, this study determined whether
differences in content appeared across the diffusion dimensions. Table 4 represents the
results analysis of information diffusion according to information contents. The scale of
RTs in “Information providing” type was news (6.52), usage (6.10), review (6.50) and
notice (7.80). The speed of RTs in “Information providing” type was news (2.58),
usage (19.20), review (16.20) and notice (15.60). The duration of RTs in “Information
providing” type was news (30.50), usage (29.50), review (7.90) and notice (40.10).
Also, the scale of RTs in “Advertisement” type was sale (4.80), benefit (18.40), event

Table 3. Examples of each type of information content

Variables Definition Keywords

Information
providing

News Reporting current activities
about a firm

Current, partnership,
interview

Usage Information on how to use
service

Procedure, pay method,
explain

Review Evaluating service or product
improvements

Compare, review,
postscript

Notice Introducing new products and
giving announcements of a
play, concert or special
happening

Announce, launch,
release

Advertisement Sale Suggesting price of products Purchase, price
Benefit Suggesting use and benefit

information about products
Discount, free,
low price,
compensation

Event Leading consumers to
participate in events

Participation, event

Public
relations

Publicity concerning services
or events

Event recommendations
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(21.50), and service PR (7.10). The speed of RTs in “Advertisement” type was sale
(1.20), benefit (3.00), event (1.02), and service PR (1.56). The duration of RTs in
“Advertisement” type was sale (13.20), benefit (62.10), event (74.40), and service PR
(31.98).

Findings indicated that Event and Benefit variables had the highest score occurring
on the scale of RTs (21.50, 18.40) and duration of RTs (74.40, 62.10). The Usage
variable had the highest score with respect to the speed of RTs. These results suggest
that the advertisement type of tweets is more spread-out and the information type of
tweets is shared most quickly. In addition, the result relating to the duration of RTs
suggests that tweets or content do not last long. They remained an average of two days
on Twitter.

4.5 The Impact of Information Contents on Diffusion

The first goal of this model was to evaluate whether there is a difference between
information content related to information diffusion. Hypothesis H1 says that “The
content types of information will have a significant effect on three types of information
diffusion”. To examine this hypothesis, this study examined groupings across types of
tweets by using cluster analysis which is typically utilized to examine patterns in
various categories (Segars and Grover 1999).

This analysis separates data into groups that are represented by clusters, which can
be meaningful, useful, or both. The clusters are constructed to be as internally
homogenous as possible while also being as externally heterogeneous as possible.
Numerous clustering algorithms have been used for the analysis of quantitative and
qualitative data, and interested readers are encouraged to read the review of data clus-
tering (Miaskiewicz and Monarchi 2008). Although several clustering algorithms exist,
Ward’s minimum variance criterion was chosen for this analysis (Punj and Stewart
1983). The clustering criterion of this technique is minimization of total within-group
sums of squares (Segars and Grover 1999).

The result of this analysis shows a three-cluster solution. Three clusters that
emerged from the analysis were identified “Advertisement” (Benefit and Event),

Table 4. Information diffusion of information content

Constructs Variables Scale Speed Duration N

Information
content

Information
providing

News 6.52 2.58 30.50 58
Usage 6.10 19.20 29.50 336
Review 6.50 16.20 7.90 225
Notice 7.80 15.60 40.10 145

Advertisement Sale 4.80 1.20 13.20 29
Benefit 18.40 3.00 62.10 199
Event 21.50 1.02 74.40 159
Service
PR

7.10 1.56 31.98 46
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Table 5. Description of information content clusters (means and standard deviation)

Variables Cluster 1
(N = 189)
“AD type”

Cluster 2
(N = 323)
“IF type”

Cluster 3
(N = 374)
“IF_AD type”

Mean S.D. Mean S.D. Mean S.D.

Scale of RTs 19.28 29.43 4.01 5.06 5.96 6.56
Speed of RTs 1.16 2.45 19.70 171.14 15.76 125.32
Duration of RTs 66.50 133.87 27.02 97.37 13.80 53.43

Fig. 2. The scale of information diffusion in three clusters

Fig. 3. The speed of information diffusion in three clusters
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“Information providing” (Usage) and “Information and Advertisement” (Sale, Service
PR, News, Review, Notice) as shown the Table 5.

The 189 tweets identified as “Advertisement” type are characterized by average
scores on the scale of RTs, speed of RTs and duration of RTs. These results indicate
that the scale (M = 19.28) and duration (M = 66.50) of RTs in this cluster are higher
than other clusters. Also, the “Information” type cluster includes 323 tweets. This type
has allow scale of RTs (M = 4.01). However, the speed of RTs (M = 19.70) is the
highest score among three types of tweets. The cluster labeled “Information and
Advertisement” consists of 374 tweets that show the lowest duration of RTs
(M = 13.80). These results show that the “Advertisement” type is more associated with
the scale and duration of RTs and “Information providing” type is more linked to the
speed of RTs. Figures 2, 3 and 4 show the result of information diffusion according to
information clusters.

After clusters of information contents were identified, a non-parametric test, the
Kruskal-Wallis test was employed to explore the existence of diffusion differences.
Within this study, differences between clusters are examined across the three dimen-
sions of information diffusion. The Kruskal Wallis one-way analysis of variance by
ranks does not assume a normal distribution, the analogous one-way analysis of var-
iance. It is advantageous in statistical analysis to use ranks. The only assumptions
underlying the use of ranks made are that the observations are all independent, that all
those within a given sample come from a single population, and that the C populations
are of approximately the same form (Kruskal and Wallis 1957). The test statistics are
described by the following equation

Fig. 4. The duration of information diffusion in three clusters
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W ¼ 12
NðN þ 1Þ

Xk

i¼1

R2

ni

" #
� 3ðN þ 1Þ

where k indicates the number of samples, and ni and Ri mean the numbers of the
observations and ranks in the ith sample, respectively.

Table 6 describes the summary statistics and correlation. Tables 7 and 8 suggest
that the three-cluster solution represents meaningful differences in information content
across the sampled firm. Table 8 outlines the results of the Kruskal-Wallis test for
differences in information content across each dimension of information diffusion.
These results indicate that the differences are significant for all three types of infor-
mation content (Scale of RTs p < .001, Speed of RTs p < .001 and Duration of RTs
p < .001). These findings provide support for hypothesis H1.

Table 6. Summary statistics and correlation matrix

Mean S.D 1 2 3 4 5 6
1. Scale of
RTs

8.90 15.69 1.000

2. Duration
of RTs

29.86 97.45 .710** 1.000

3. Speed of
RTs

14.08 131.62 .511** .129** 1.000

4. IF_AD 1.09 1.45 −.218** −.062 −.175** 1.000
5. IF 0.84 0.99 .040 −.169** .219** −.647** 1.000
6. AD 0.21 0.41 .208** .277** –.059 −.394** −.445** 1.000

Table 7. Rank of Kruskal-Wallis test

Cluster N Mean rank

Scale of RTs Advertisement 189 545.10
Information providing 374 455.56
Information_Advertisement 323 370.09
Total 886

Duration of RTs Advertisement 189 578.56
Information providing 374 393.34
Information_Advertisement 323 422.56
Total 886

Speed of RTs Advertisement 189 415.51
Information providing 374 508.58
Information_Advertisement 323 384.52
Total 886
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5 Conclusions

This study proposed an integrated research model based on diffusion of innovations
and two-step flow theory. It classified information content and examined the effect
of information content on diffusion of information. This study includes a number of
theoretical implications. Previous studies focused on the characteristics of information
within limited scopes (Rogers 1983; Rogers 2003). This study arrives at another per-
spective on information characteristics -information related to actual intentions or
contents. Our results demonstrate that information content has a significant effect on
information diffusion. When the type of information is “Information Providing”,
information diffusion is fast. In the ‘Advertisement’ type, the scale of diffusion is
higher and the duration is longer than for the ‘Information providing’ type. In other
words, the patterns of information diffusion vary according to information content. For
a given dataset of content created by a firm, Twitter information delivery to users
occurs according to a wide variety of diffusion characteristics.

Our findings have important implications for business management. Our research
provides useful guidelines in terms of understanding information content on Twitter.
The knowledge that the ‘Information providing’ type typically associates with the
speed of diffusion and the ‘Advertisement’ type associated with the scale and duration
of diffusion provides business with helpful advice. It specifies not only how to quickly
spread information but also how to make sure that users continue to repost tweets based
on specific attributes of tweet contents. It shows that firms can spread information more
quickly by providing the ‘Information and advertisement’ type rather than the
‘Advertisement’ type.

This study has performed a careful analysis of the impact of information contents
and user characteristics on information diffusion. However, as with any empirical
study, it has limitations. One issue arises from the tweets sample used and data col-
lected because we choose a particular firm, olleh_Mobile. The impact of information
contents for improving information diffusion are likely to differ among various firms. It
is recommended that samples from a broad range of industries be used in future
research. Thus, it is important to study how diffusion happens differently across specific
industries.
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Table 8. Result of Kruskal-Wallis test

Scale of RTs Speed of RTs Duration of RTs

Chi Square 57.769 44.173 70.054
DF 2 2 2
P value .000 .000 .000

Note. **p < .05 ***p < .01
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