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Abstract
We examine whether the nonpro�ts in Nepal and India have used Twitter effectively to keep their stakeholders engaged with them in
the long-term of around �ve years. We also examine how the nonpro�ts can be classi�ed according to their long-term tweet behavior.
We introduce a two-step process for tweet classi�cation that considers both the nonpro�ts’ tweets and their targeted audience, and
apply the k-means algorithm to observe the clusters of nonpro�ts according to their long-term Twitter use. Our exploratory analysis
shows that the majority of nonpro�ts in Nepal and India have not used Twitter with an objective of keeping their stakeholders engaged.
We end by suggesting a few research questions that need to be answered for a better understanding of SNS use by nonpro�ts. 

1 Introduction
This research examines the usage of online social networking sites (SNS) by the Civil Society Organizations (CSOs) in Nepal. The
focus is on the long-term usage of SNS rather than around the usage pattern around some speci�c period of time. To have some idea
whether the case of Nepali CSOs completely differs from elsewhere, we also perform a comparative analysis with SNS usage by the
Indian CSOs. In this research, we have used a novel methodology of classifying tweets by the CSOs. This methodology itself is one of
the contributions of this article to the research literature.

We now precisely de�ne the term CSO as used in this article. Although non-government and non-pro�t organizations do not represent
civil society in its entirety, such organizations nonetheless are its important elements (Carothers & Barndt, 1999). Therefore, for the
purpose of this article, we consider non-pro�t and non-government organizations as equivalent to CSOs. Throughout the following
discussion, we shall use the term CSOs as a short form for ‘non-pro�t and non-government organizations’.

This research considers Twitter as a representative of SNS. There are two main reasons for this focus on Twitter. First, tweets are by
default public, which allows us to analyze their content without formalities like permissions from the account holders. Second, for other
popular social media like Facebook, users’ posts are not available for free. On the other hand, Twitter provides a su�ciently large
number of tweets freely for academic purposes. These reasons make Twitter more accessible for academic research. One could claim
that, in Nepal, Facebook is more popular as a social networking site in comparison to Twitter. To avoid this criticism, we would refrain
from generalizing our �ndings to other social networking sites beyond Twitter. However, we contend that the methodology developed in
this paper is extendable to social networking sites in general.

The usage of SNS by CSOs has not yet been the mainstream research question. It would be more appropriate to locate this question as
a special theme under the broader research stream of social networking sites and civic engagement. Research on social networking
sites and civic engagement could be classi�ed into three separate themes (Skoric et al., 2016). The �rst theme examines the relation
between SNS and social capital. Here, the term ‘social capital’ refers to the bonding between individuals in the real world. The second
theme analyzes the links between SNS and civic engagement. The term ‘civic engagement’ here refers to the activities of people in
response to issues of collective interests. The third theme examines the nexus between SNS and political participation. As per this
classi�cation by Skoric et al., our research falls under the �rst category. However, in our case, the users of SNS are limited to the CSOs
who own Twitter handle, their followers and other users who read their tweets.

This study centers around the long-term usage of SNS. It is more likely that the usage of SNS could have different long-term pattern
compared to instant and interactive messaging observed during speci�c periods like natural disasters or political unrests. In the same
vein, knowledge of both short- and long-term patterns of SNS usage could both provide how the technology could be better utilized,
during emergency as well as during normal periods. But the existing research literature is more focused towards usage of SNS during
speci�c periods. Our study will attempt to ful�ll this gap by examining long term Twitter usage of Nepali and Indian CSOs.

Kelly Garret had listed some important research question regarding the nexus of information technology and political protests (Kelly
Garrett, 2006). An interesting question in that list was to characterize the circumstances under which information technology helps to
sustain political protests for long periods. While the question of identifying such circumstances could be di�cult to formulate precisely,
explicating the long-term SNS usage pattern is a much more unambiguous research topic. However, analysis of long-term behavior is
less seen in the literature. A large majority of research focuses on time periods around events of public interests, like protests and
disasters. Speci�cally, the question whether the ‘social capital’ created via SNS is long-lasting is an important question on its own
(Pointer et al., 2016). Our study will aid in making the debate of SNS-social capital nexus more factual. But we do not attempt to
quantify whether SNS, speci�cally Twitter, has aided in increasing the social capital of the CSOs or not. This is because an assessment
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of social capital is only possible by observing the real-world relationship between the CSOs and tweet-readers. On the other hand, our
analysis is based only on information that are available online. Therefore, this paper will not argue whether Twitter has been helpful for
Nepali and Indian CSOs for building their social capital. Our �ndings nonetheless could help in inferring the real-world effects of long-
term Twitter usage by these CSOs.

The analysis presented in this paper is mostly Nepal speci�c. To have a clearer understanding of the results, we nonetheless compare
the tweet pattern of Nepali CSOs with that for Indian CSOs. There has been only a few studies of SNS in Nepal, speci�cally, around the
period of the devastating earthquake of April 2015. For example, (Radianti et al., 2016) have examined the public concerns raised in
Twitter during the earthquake. Similarly, (Subba & Bui, 2017) have studied the usage of Twitter by Nepal Police during the crisis. As
most of the research on SNS, these studies also have focus on short-term tweet patterns. The novel contribution of our study is the
focus on long term usage and consideration of all Twitter-using CSOs in the analysis.

This study has two main objectives. First is to identify the varieties of CSOs according to their tweet pattern. The second objective is to
ascertain whether the institutions have been effective in strengthening their relation with other users who read their tweets. We expect
the �ndings will offer newer understanding in the broad research domain of SNS and civic-engagement. Since ours is the �rst study on
the question of SNS usage by Nepali CSOs in general, we would raise some important questions, but would not answer them due to the
lack of additional data. These questions could be topics for further research.

2 Methodology

2.1 Data Collection and Classi�cation
For this study, there were some issues to be settled prior the collection of data. First issue is regarding the criteria for selecting the
CSOs. Second is about the appropriate time-frame and the number of tweets that needs to be considered. Additionally, there is a third
issue is regarding the selection of methodology for classifying the tweets. We now explain each of these issues in detail.

Our criterion for selection of CSOs is their tweet frequency. It would not be fruitful to include those CSOs who own Twitter handles but
are inactive or make a very few tweets. As there is no rule to gauge activeness in Twitter, we have considered only those CSOs who
make at least one tweet per week. The handles of the CSOs were gathered using the website followerwonk (followerwonk.com) which
allows to search Twitter bios free of costs. We used the search queries “NGO Nepal”, “nonpro�t Nepal” and “non-pro�t Nepal” to list out
the Twitter handles of Nepali CSOs. The search resulted in 192 CSOs. Using the criterion of at least one tweet per week, a total of 55
Nepali CSOs was selected. Similarly, in the Indian case, we applied the search queries “NGO India”, “non pro�t India” and “non-pro�t
India” that resulted in 304 Twitter handles. A total of 152 Indian CSOs was selected for the �nal analysis. To download the tweet, we
have used ‘rtweet’ package for the R statistical software (Kearney, 2016). The tweets for Nepali and Indian CSOs were downloaded in
25th and 28th of November 2019, respectively.

The second issue regarding data collection is the time-frame of tweets. As our focus is on the long-term tweet pattern, we downloaded
the maximum number of tweets allowed to be downloaded freely. Package ‘rtweet’ allows to download 3200 tweets per handle. For
each of the Nepali CSOs, we randomly sampled �ve percent of the downloaded tweets for further analysis. In case of the Indian CSOs,
we only sampled a three percent of tweets. This is because the number of Indian CSOs that satisfy the criterion of at least one tweet
per week, as well as their total number of tweets, both are large compared to the Nepali case. Table 1 presents basic statistics about
the selected CSOs and the sample. In case of the Nepali CSOs, on an average, the sample consists tweets for a period of 5.6 years. The
time-span is 4.8 years for the Indian CSOs.
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Table 1
Basic description of the downloaded and sampled data

  (A) General (B) Tweets sampled for analysis

  Number
of CSOs
selected

Total
tweets
made by
the CSOs

Average
tweet
per CSO

CSOs
with
tweets
more
than
3200

Average
tweet
per
week

Average
account
age
(years)

Total tweets
downloaded

Sampled
tweets

Average
sampled
tweets
per CSO

Average
time-
span of
tweets
(years)

 

Nepal
CSOs

55 65,423 1,189.5 3 4.18 5.84 47,349 2,310 919.2 5.6  

Indian
CSOs

152 10,70,629 7,044 53 25 6.1 280,615 5,600 1,184.2 4.8  

2.2 Tweet Classi�cation
We now describe our methodology for tweet classi�cation. Our focus is on identifying whether the CSOs have attempted to keep their
tweet readers engaged with themselves. The main basis of our classi�cation is the likelihood that a tweet can strengthen the
relationship between the CSOs and their tweet readers. Here, relationship refers to closeness in the online as well as the real world.
Depending on the content, a tweet could limit the relationship within Twitter, or call for interaction in the actual world. As shown in
Fig. 1, our methodology of classi�cation rests on the tweets’ potential to create online and o�ine interactions.

As shown in Fig. 1, a CSO can make two broad types of tweets. The �rst type of tweets is targeted towards general Twitter users. A
general user could be any Twitter user, including other CSOs. The second type of tweet is targeted towards speci�c users. In Twitter,
speci�c users can be addressed by tagging their handles with the @ symbol in the tweet. For instance, if the Twitter handle of a
particular user is ‘user’, then inclusion of the text ‘@user’ in the tweet automatically noti�es the targeted user. For this paper, we shall
consider the tweets with @user references as the tweets targeted to speci�c audience. Depending on the level of commitment expected
from the audience, both the generic and speci�c tweets can be further split into three-three subclasses. The subclasses correspond to
the expectation of weak, moderate and strong commitment from the tweet readers. Table 2 clari�es how, depending on the content of
tweets, we can categorize them in either of these three subclasses.

Table 2
Classifying tweets according to the level of expected commitment

Level of expected
commitment

Tweet Content Which Audience Can be
Targeted?

Low Information: General information Both generic and speci�c

URL: Web links and URLs without any additional information Only generic

Medium Courtesy: Thanks, congratulations, welcome or wishes Both generic and speci�c

Online support: Requests for online registration, shares, follow and
like.

Both generic and speci�c

Support: Request for other supports (excluding �nancial support in
cash or kind)

Both generic and speci�c

Dialogue: Initiation of a dialogue and answer to a query Both generic and speci�c

High Donation: Request for �nancial support (in cash or kind) Both generic and speci�c

Vacancy: Noti�cation of vacancy in the CSO Only generic

Share: Sharing of others’ works (addressing them) Only speci�c

Event: Invitation for the CSO’s upcoming events Only generic

Our approach of classifying tweets according to the level of expected commitment is novel in the literature. Therefore, it is necessary to
clarify how, depending on the contents, tweets fall under either of the three commitment-level categories as illustrated in Table 2.
Consider the tweets whose contents are one-sided information (marked as Information in the table). Such tweets obviously do not
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display any commitment from the readers (see Table 3 for examples of tweet contents). These informative tweets can be thus
considered to have low expectation of commitment from the readers. In a similar way, tweets containing only web links (marked as
URL) can be also considered in the low expectation category. Tweets expecting medium level of commitment expect an interaction with
the tweet-readers within online platforms. For a clari�cation, note that tweets having courtesy messages like thanks or congratulations
(marked as Courtesy) implicitly expect a reply from the targeted readers, which is an online interaction. Similar level of expectation can
be found in tweets requesting readers for online registration or share online contents (marked as Online Support), tweets initiating a
dialogue or answering a query (marked as Dialogue). The third category comprises of tweets having high level of expectation from the
tweet-readers. Tweets expecting �nancial support (Donation) fall under this category which is obviously justi�ed. Tweets with
noti�cation of vacancy at the CSO (Vacancy) and information of CSO’s upcoming events (Event) expect o�ine interaction with the CSO
and the tweet-readers, and thus a high level of expected commitment. Tweets sharing of other’s work notifying the author (Share) also
fall under this third category. This is because sharing other’s work informing the author implicitly expects the reciprocal relation, i.e. the
author would also refer or share the CSO’s work, which is a high expectation.
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Table 3
Examples of tweets according to the classi�cation scheme used in this paper. For anonymity, proper-names have been replaced by ???,

Twitter handles by @user and URLs by URL.
Targeted
Audience

Level of
Expected
Commitment

Example Tweet
Content

General Low 75% of deaths from non-communicable diseases now occur in low and middle-income
countries. Health systems must adapt to this disease transition to ensure older people’s
right to health is realised.

Find out more: URL

Information

Mid Wishing you health and good fortune in the New Year. Happy Losar! URL Courtesy

"SUBSCRIBE NOW

The ??? YouTube channel

for more updates on ???... URL

Online
Support

"#DisasterRelief for #Rainfall & #Flood affected areas by #??? #???

Volunteer For A Prosperous Nepal... URL"

Support

"To achieve #mentalhealth for all, we need to end

the silence & �ght for action.

I dare to speak, Will you?

#speakyourmind #mentalhealth #??? URL

Dialogue

High Make an online Donation for the true Human Philosophy, Buddhism, and for the
uni�cation of all Buddhist lineages. URL

Donation

??? calls for expression of interest from individuals with following areas of expertise. A
candidate is eligible to apply for one or more... URL

Vacancy

Join us in celebrating ???'s anniversary — 22 years of work combating human
tra�cking in Nepal.... URL

Event

Speci�c Low #Bene�tSharing issue of royalty distribution is complicated task @user1 @user2
#HydropowerHKH

Information

Mid @user1 @user2 Thanks for the retweets this week, much appreciated! In case I miss
something you need help with just let me know or head over to URL to get all the help
you need. URL

Courtesy

@user Sign and RT #???'s pledge to END #violenceagainstwomen. URL #Change
#CountOnME

Online
Support

@user1 @user2 We need to end this suffering on animals in circuses. Please help!! URL Support

@user ....yes....a sad story of people who don't realize why they are what they are. Dialogue

High @user To Help underprivileged children and young people of our country realize their
potential Donate now URL

Donation

Check this blog URL from one of the Data Wrangler of City Spending Data Party....
@user #???

Share

We have not considered retweets in our analysis. Although the set of all downloaded tweets contains retweets as well, we exclude them
in our sample. This is because the number of retweets is very large. About 30 percent of tweets from Nepali CSOs and 24 percent from
Indian CSOs are retweets. In addition, retweets do not represent the CSOs active effort in engaging their tweet-readers. But, in the
sample, we have kept the tweets that copy contents from others’ tweets with ‘RT’ symbol added. Such tweets fall under the ‘Share’
category as per the classi�cation of Table 2.

The analysis in this paper is based on public tweets only. Tweets are by-default public in Twitter. However, users can modify the
settings so that some tweets are visible to a selected group of Twitter users. Our database does not contain such private tweets. In
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addition, Twitter also provides options like ‘direct messaging’ which facilitates dialogue between users. As such dialogues are not
publicly available, we have not considered such messages either.

2.3 Methodology of Data Analysis
Apart from basic statistical tools, this paper mainly resorts to cluster analysis for data exploration. In our context, cluster analysis
allows to identify how the CSOs can be grouped according to their long-term tweet behavior. The grouping of the CSOs mainly depends
on the proportion of tweets having low, mid or high level of expected commitment together with the proportion of tweets target to
general or speci�c audience. Thus, CSOs with similar proportion of tweets for these categories will fall into same cluster.

Formally, for the cluster analysis, we have represented each CSO as a six-dimensional vector with components corresponding to six-
types of tweets. More precisely, there are two types of tweets, generic and speci�c, and each type has three sub-types, thus a total of
six. The numeric value of each of the components equals the percentage of tweets falling under that category. We have applied the k-
means algorithm using Euclidean distance metric. The k-means algorithm requires to provide the optimal number of clusters in
advance. To guess the optimal number of clusters, we have used the d-index criterion.

3 Results
This section presents the results of data analysis. The �rst subsection describes basic statistics related to the Twitter usage of Nepali
and Indian CSOs. We will provide information on CSOs’ diversity, their number of followers and following, and their tweet frequency.
The second section will examine the variety of content in the CSOs’ tweets. The third subsection, returning to the principal objective the
paper, explores the grouping of CSOs based on cluster analysis.

3.1 Basic Twitter Usage Statistics
Table 4 shows the working areas of the CSOs whose tweet frequency is at least one per week. It can be observed that the working areas
of Indian CSOs are more diverse compared to their Nepali counterparts. However, a large majority of CSOs for the both countries work
on the area of human rights and human development. We do not have data to assert whether this majority humanistic CSOs in Table 4
is a re�ection of the fact that such CSOs are actually abundant in these countries. Similarly, the question why the working areas of
Indian CSOs in the table is more diverse compared to Nepali could also be interesting in its own, though we would not delve in these
issues.
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Table 4
Number of CSOs with tweet frequencies one per week or higher

Area of Work Nepali CSOs Indian CSOs

Sports and entertainment 2 2

Knowledge production 2 5

Religious 1 15

Human rights and human development (of speci�c groups) 15 33

Human rights and human development 18 51

Politics and media 0 4

Nationalism 0 6

Environment 11 13

Institutional support 0 11

Other 6 12

Total 55 152

The total number of tweets is very unevenly distributed across the CSOs. A few CSOs have disproportionately high number of tweets
compared to remaining majority. In the Nepali context, a ten percent of CSOs correspond to a 50.3 percent of total tweets. Put
differently, six Nepali CSOs highly active in Twitter account for a total of 32,908 tweets. This compares to the total number of tweets by
the remaining 49 CSOs, which equals 32,505. This disproportion is starker in context of the Indian CSOs. A ten percent of highly active
Indian CSOs are responsible for a 69 percent of total tweets.

An interesting question here is to characterize the CSOs that have higher tweet frequency. Based on our dataset, we can only provide
some clues to this question. First, in the Nepali context, CSOs having higher number of followers correspond to larger number of tweets
(correlation 0.75). But this correspondence does not hold for the Indian CSOs (correlation 0.19). Thus, the correspondence between
number of followers and tweets is certainly Nepal speci�c. Second, for both of the countries, CSOs having newer Twitter accounts are
tweet more frequently compared to the CSOs which have older accounts. The median age for Nepali CSOs’ Twitter account is 5.72
years. Nepali CSOs with accounts older than 5.72 years have a frequency of 1.5 tweets per week, whereas CSOs with newer accounts
have a frequency of 2.2 tweets per week. Similarly, the median age for Indian CSOs’ Twitter accounts is 6.6 years. Indian CSOs with
accounts older than 6.6 have a frequency of 17.8 tweets per week, whereas CSOs with newer accounts have a frequency of 23.3 tweet
per week.

3.2 Diversity in Tweet Contents
On an aggregate, there is a clear difference in tweet contents between Nepali and Indian CSOs. Nepali CSOs have 84.22 percent of
tweets target to general audience and 15.78 to speci�c audience. Whereas Indian CSOs have 76.14 and 23.85 percent of tweets
targeted to general and speci�c audiences, respectively. This means, compared to Nepali, Indian CSOs have a distinctly larger
proportion of tweet targeted to speci�c audience.

The methodology of content-based tweet classi�cation was clari�ed in section 2.2. An application of the methodology reveals minute
differences between the tweet contents of Nepali and Indian CSOs. As shown in Fig. 2, when we split the tweets targeted to general
audience on the basis of the level of commitment expected, we do not observe distinct differences between Nepali and Indian cases.
However, a breakdown of tweets targeted to speci�c audience reveal clear differences. Among the tweets targeted to speci�c audience
by the Nepali CSOs, 36.94 percent have low, 63.06 percent have mid and none have high level of commitment expected from the tweet-
readers. In the Indian case, these percentages are 50.24, 37.17 and 2.49, respectively for the low, mid and high expected level of
commitment. For the speci�c-audience targeted tweets, Nepali CSOs have a larger proportion of mid commitment level tweets
compared to the Indians. But somewhat surprisingly, the percentage of speci�c-audience targeted high commitment tweets is zero in
our sampled database .
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We now elaborate how diverse the tweets are with respect to their contents as categorized in Table 2 of the previous section. In Fig. 3,
we can see that maximum proportion of both the Nepali and Indian CSOs are informational. Dialogue oriented tweets are much lesser
in proportion. A 3.67 percent of tweets by Nepali CSOs are dialogue oriented. The proportion of dialogue-oriented tweets for Indian
CSOs is 7.22, which is almost double of the Nepali case. This difference between tweet behaviors of Nepali and Indian CSOs could be
noteworthy. The tweets labeled as ‘other’ in Fig. 3 are written languages other than Nepali, English or Hindi.

We could also present the proportion of tweets separately for general audience targeted and speci�c audience targeted cases,
following the methodology described in Fig. 1. However, in this subsection, our objective is only to show the variations in tweet
contents. The full methodology will be used in the following subsection for grouping the CSOs according to their tweet behavior.

3.3 Variety of CSOs According to Tweet Behavior
To identify the varieties of CSOs according to long term tweet pattern, we applied clustering algorithm as elaborated in section 2.3. The
results of cluster analysis for Nepali and Indian CSOs are shown in Table 5 and Table 6, respectively.

 
Table 5

Clusters of Nepali CSOs according to tweet behavior
Cluster Description Centroid Number

of CSOs
Generic-low
tweets (%)

Generic-mid
tweets (%)

Generic-high
tweets (%)

Speci�c-
low (%)

Speci�c-
mid (%)

Speci�c-
high (%)

CSOs with mostly general user
targeted tweets

54 9 11 15 11 0 18

CSOs with general user targeted
low-commitment tweets

92 3 2 2 2 0 27

CSOs with mostly speci�c user
targeted tweets

10 7 2 40 41 0 5

Table 5 describes the clusters of Nepali CSOs according to tweet behavior. The �rst cluster comprises of CSOs with most of their
tweets targeted to general users. As we can observe from the value of the cluster centroid, the CSOs in this group on an average have a
54 percent of their tweets targeted to general users and with a low level of expected commitment from the tweet-readers. This cluster
has a lower proportion of general user targeted tweets with mid and high level of expected commitment, which are 9 and 11
percentages, respectively. The �rst cluster has a total of 74 percent tweets targeted to general users compared to 26 percent of tweets
targeted to speci�c users. A total of 18 CSOs fall inside the �rst cluster.

The second cluster in Table 5 comprises of the CSOs that have almost all, a 92 percent, of their tweets targeted to general users with
low-level of expected commitment. This cluster is a group of 27 CSOs. The third cluster comprises of CSOs with mostly user speci�c
user targeted tweets. An 81 percent of tweets from this group is speci�c user targeted. Note that there are no speci�c user targeted
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tweets having high level of expected commitment. Similarly, there are only �ve CSOs in the third cluster, which is much lower compared
to the �rst two.

 
Table 6

Clusters of Indian CSOs according to tweet behavior
Cluster Description Centroid Number

of
CSOsGeneric-

low
tweets (%)

Generic-
mid
tweets (%)

Generic-
high
tweets (%)

Speci�c-
low tweets
(%)

Speci�c-
mid tweets
(%)

Speci�c-
high
tweets (%)

CSOs with mostly speci�c users
targeted tweets

11 0 1 83 5 0 7

CSOs with both general and
speci�c users targeted tweets
(Type A)

31 17 8 3 38 2 16

CSOs with mostly general users
targeted tweets

85 3 3 5 4 0 79

CSOs with both general and
speci�c users targeted tweets
(Type B)

45 3 5 35 12 0 33

Table 6 describes the clusters of Indian CSOs. In the Indian case, there are four clusters unlike the Nepali case. It can be observed that
the �rst cluster comprises of CSOs with mostly speci�c user targeted tweets, an 89 percent of tweets. But among the speci�c users
targeted ones, there are no tweets with high-level of expected commitment. There are only seven CSOs in this �rst cluster. The second
cluster comprises of CSOs with equal proportional of tweets targeted to general and speci�c users. Note that CSOs in this cluster have
tweets targeted to speci�c users having high-level of expected commitment, but the proportion of such tweets is low as two percent.
The third cluster comprises of CSOs with mostly general user targeted tweets, having a total of 91 percent tweets targeted to the
general readers. The fourth cluster, similar to the second cluster, has nearly equal proportion of general and speci�c user targeted
tweets. But compared to the second cluster, the fourth cluster has larger proportion of speci�c user targeted tweets with low-level of
expected commitment. We can note that, although there are four clusters for Indian CSOs contrasted with three clusters for the Nepali,
there is an important similarity in the observed pattern. In both the Indian and Nepali contexts, the number of CSOs with mostly speci�c
users targeted tweets is comparably lower that the number of CSOs with mostly general users targeted tweets.

To summarize the results of the cluster analysis, we highlight three important �ndings. First, according to the long-term tweet behavior,
there are three types of Nepali and four types of Indian CSOs. Second, the sizes of these clusters are unequal. Third, even among the
CSOs with mostly speci�c users targeted tweets, the proportion of tweets with high-level of expected commitment is virtually zero.

4. Discussion
The preceding section presented the statistical �ndings of this research. In this section, we locate the �ndings in the wider research
landscape of civil society, SNS and civic engagement. We also mention some implications of our �ndings. As our research is an initial
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attempt that explores the long-term tweet pattern of Nepali and Indian CSOs, we would not be able to answer some of the important
questions raised during the following discussions. We mention such questions as possible topics for future research.

The basic analysis of tweet counts reveals that only a few numbers of CSOs own a large proportion of the tweets. This skewed
distribution of tweet counts across the CSOs calls for a re-examination of the nexus between information technology and social equity.
Prevalence of unevenness in the ownership of resources is not a new phenomenon in human society. A classic example is the skewed
distribution of wealth in several countries revealed by examination of historical tax records (Piketty, 2014). But popular discourses
envision information technology as a potential equalizer of various social inequities. On the contrary, research literature provides
evidence that the ownership and usage of information technology are themselves unequally distributed. A 2019 report by the Pew
Research center indicates a ten percent of Twitter users were responsible for an eighty percent of tweets, whereas as the remaining
majority of ninety percent users owned only a twenty percent of tweets. Such an inequality in the usage of information technology is
also observable in low-income countries. In Nepal, during the April 2015 earthquake period, a sixty percent of total tweets originated
from the then Bagmati zone, the zone that includes the capital city (Pandey and Regmi, 2018), whereas Bagmati zone corresponds to
only a �fteen percent of total national population. It can be argued that a large disparity exists also in the volume of mobile data
consumption across individuals in Nepal (Pandey and Regmi, 2020). The question here is, since equality is one of the implicit
objectives of all CSOs, how could one explain the disparity in SNS usage of the CSOs themselves? And in addition, what could be the
consequences of such disparities? These questions could be topics of further research.

The abundance of tweets targeted to general readers in comparison those targeted to speci�c users indicate that there have been
lesser efforts in strengthening relationships via Twitter. An 84.22 percent tweets of Nepali CSOs are targeted to general readers, which
is higher than the value for Indian CSOs by about eight percentage. Even among the fewer tweets that are targeted to speci�c readers,
majority of the tweets have lower levels of expected commitment. In our sample, for the Nepali CSOs, not even a single tweet had high
level of commitment expected from the users. A primal responsibility of CSOs is to create debate over issues of common interests. Our
results show that Nepali and Indian CSOs have not been active in creating debates in Twitter.

Examination of tweet contents show there have been minimal mutual conversations via tweets. Research elsewhere also suggest that
the tweets of CSOs are predominantly of one-sided informative nature (Campbell et al., 2014). For example, a 67.7 percentage of
tweets from Chinese CSOs where informative (Zhou and Pan, 2016). For the Dutch donor and development organizations, a 96 percent
of tweets were informative in nature (Sheombar, 2014). Nepal and Indian are thus not the exceptions. But it would be better for the
CSOs to increase mutual communications through tweets. Nepali CSOs have less than four percent of tweets with contents that can be
labeled as dialogues. This could be worrying for those willing to strengthen the civil society. In addition, the question of language of
tweets could be important as well. Only one percent of tweets, for both the Nepali and Indian CSOs, are in regional languages other
than the dominant Nepali and Hindi. Is this low-usage of regional languages in tweets is actually low, when contrasted against the
ethno-linguistic background of the users? If yes, is this low prevalence of regional language-based tweets undermining the potential of
Twitter for the CSOs? Should the CSOs focus more on regional languages to increase dialogue? These questions would require
research on their own.

The result of cluster analysis reveals the types of CSOs as per their long-term tweet behavior. In context of Nepal, in Table 5, we can see
that there is a total of 45 CSOs in the �rst and second clusters. These are the CSOs whose tweets are predominantly targeted to the
general users. On the contrary, there are only �ve CSOs in the third cluster that have mostly speci�c users targeted tweets. Surprisingly,
even in this cluster, none of the CSOs have speci�c user targeted tweet with high level of expected commitment. In the Indian context,
although Table 6 shows four clusters, only seven CSOs belong to the �rst cluster, the cluster of CSOs with mostly speci�c users
targeted tweets.

In the introductory section, we mentioned that according to the classi�cation by Skoric et al. (2016), our research belongs to the class
of investigations that deal with the relationship between SNS and social capital. Our analysis of long-term tweet behavior reveals that
Nepali and Indian CSOs are less active in increasing ties with general people via Twitter. The dominance of general user targeted
tweets with lower level of expected commitments, a vast majority of tweets with one-sided information content and very few
organizations in the clusters of CSOs with predominantly speci�c users targeted tweets, these �nding show that the existing
relationship between CSOs and their followers is weak in Twitter. It thus appears unconvincing that such weak relationships have
helped the CSOs to increase their ties with their followers in the actual world. Our research has forwarded the hypothesis Nepali and
Indian CSOs have not used Twitter to increase their social capital. This hypothesis could be a topic of further investigation.
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Our research has mostly been exploratory. We did not deal with the question that what could de�ne a better use of Twitter by the CSOs,
though this is an important question. A further exploration of the CSOs falling under different clusters as well as the variables that
characterizes the clusters could also be important questions for further research.

5 Conclusion
We examined the pattern of Twitter use by the CSOs in Nepal and India. Our focus was on the long-term usage. This contrasts with the
dominant research trend of short-term tweet behavior around periods of political protects or emergencies like disasters. In addition, we
devised a novel methodology of classifying tweets based on their targeted audience and contents. This methodology is itself a novel
contribution to SNS research literature.

Twitter usage is highly disproportionate across the CSOs. Despite having Twitter accounts, the active presence of the majority of CSOs
is almost nil. In addition, the long-term usage shows both Nepali and Indian CSOs have not made su�cient efforts to increase their ties
with their audience in Twitter. Tweets with two-sided dialogue are very less in number. As the creation of a sustained and informed
debate is one of the primal objectives of CSOs, we can say that the Nepali and Indian CSOs have not used Twitter e�ciently. However,
our research is insu�cient to say how these CSOs use Twitter during the periods of emergencies like protests or earthquakes.

Although the CSOs are apparently unsuccessful in creating prolonged discussions in Twitter, we note that this is only the aggregate
behavior. Our statistics show a diversity of CSOs according to their tweets. The cluster analysis in this paper showed there are three
clusters of for Nepali and four for Indian CSOs. Existence of different clusters re�ect the diversity in their tweet pattern. But in both of
the countries, tweets targeted to speci�c users, and containing high level of expected commitment is far lower compared to generic
tweets having lower expectation levels. The dominance of tweets with one-sided information content is not unique to Nepali and Indian
CSOs, however.

We expect that our �ndings will motive the CSOs to use Twitter more e�ciently with an objective of creating sustained dialogues. Our
research cannot say why such bi-directional interactions are not seen in the context of CSOs in Nepal and India. Similarly, identifying
the reasons for not using regional language contrasted to Nepali, English or Hindi is also an important question. We identi�ed some
more questions that could be topics for further research.
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Figures

Figure 1

Methodology for tweet classi�cation 
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Figure 2

Proportion of tweets as per targeted audience and level of commitment expected

Figure 3

Proportion of tweets according to their content (in percentage) 


