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ABSTRACT

This paper analyses the relationship between productive efficiency and online-social-networks (OSN) in
Spanish telecommunications firms. A data-envelopment-analysis (DEA) is used and several indicators of
business “social Media” activities are incorporated. A super-efficiency analysis and bootstrapping
techniques are performed to increase the model’s robustness and accuracy. Then, a logistic regression
model is applied to characterise factors and drivers of good performance in OSN. Results reveal the
company’s ability to absorb and utilise OSNs as a key factor in improving the productive efficiency. This
paper presents a model for assessing the strategic performance of the presence and activity in OSN.

1. Introduction

Online social networks (OSNs) understood as any application
that allows its users themselves to collaborate in its content, has
engendered a new philosophy or attitude to user-oriented
websites that is increasingly valued by businesses. OSNs are seen
as the technology which has grown more in recent years [47]. In
less than five years, these sites have evolved from being specialised
online activities, becoming a phenomenon involving tens of
millions of Internet users [45].

The progressive incorporation of these new interactive
technologies can bring various benefits to businesses, such as
reducing the costs of customer service, improving market research,
involving consumers in the process of designing new products, and
increasing brand awareness, among others. These OSNs are not,
therefore, merely sales-generating instruments; rather, in sales
terms, they complement the online distribution services [13].

In Spain, the use of social networking among consumers is well
advanced; but businesses lag behind. The penetration of tradition-
al companies into the world of Web 2.0 has been limited, in most
cases to mere presence i.e. simply appearing in the most popular
2.0 sites and services [40|. But not all business sectors have
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embraced Web 2.0 with the same speed or depth. In fact there are
marked differences in the benefits gained through the use of social
technologies by companies in one sector compared to those in
another [54]. The telecommunications sector has the greatest
number of companies with at least one measurable benefit through
Web 2.0 technologies, worldwide [54]. The telecommunications
sector has been chosen in this study since it is a key sector for Web
2.0 technologies in Spain

In this paper, OSNs have been treated as an interactive
technological resource and have been considered as specific
services and applications within the Information Technology and
Communication (ICT). The following Web 2.0 tools have been
evaluated: Twitter, Facebook, YouTube, blogs, and other technolo-
gies already built into the firms as business web-sites, and
developing platforms like mobile web .mobi. This study focuses on
2.0. technology management, due to the fact that platforms that
support OSNs are public and free, any company can get a profile
and access identical functions and use them with the intensity they
want, unless the company chooses to develop its own technology
solution. The activity of an actor in OSN is perfectly visible and
repeatable by all others, creating a great diversity of activities in
the OSN. This circumstance could predict a set of homogeneous
resources which did not influence the firms’ efficiency levels.

This paper aims to analyse the productive efficiency of the
companies that make up the telecommunications sector in Spain,
and whether efficiency is improved by the addition of 2.0
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technology indicators. Besides, this article intends to determine
their ability to assimilate these technologies and if 2.0 technologies
can be considered as a scarce, valuable and heterogeneous
resource. Due to the newness and on-going development of 2.0
technologies, there is a dearth of studies or empirical data
providing indicators that might help corporate managers with
its evaluation. This article aims to contribute to filling this gap.

This paper begins with a brief background of the application of
DEA in the telecommunication sector and to the Information and
Communications Technologies. After the integrated DEA-model is
presented, Section 4 sets out the material and data collected. The
next section shows the results obtained in different models, which
are discussed and compared in Section 6 together with some
strategic implications. Section 7 describes the limitations of this
work and gives some implication for future research. Conclusions
are drawn in the final section.

2. Background

There is a strong tradition of the application of DEA in this area
to assess efficiency and productivity through the use of financial
resources, both at the corporate and market level. Internationally,
in recent years, studies have emerged which compare efficiency
among firms in the telecommunication sector: Debnath et al. [21]
in India, Mahdavi et al. [48] in Iran, Hisali et al. [38] in Uganda,
Yang et al. [79] in Taiwan. The work of Tsai et al. [75] studied the
efficiency of the 39 top global operators.

The application of DEA has evolved over time and is now
regarded as an appropriate methodology for relating efficiency
outcomes to features of organisational design. The sources of
relative inefficiency can be identified by DEA [44].

From this perspective there are various studies that address the
behaviour of business units by introducing, in addition to financial
resources, other factors available to the companies in carrying out
their strategies, such as physical and human resources: Durand et
al. [25] in France, Majumdar [50]| and Majumdar and Venkatara-
man [51] in the telecommunications industry in the U.S.A.

The utilisation and impact of technological resources, such as
Information and Communication Technology (ICT) in combination
with other tangible and human resources, is analysed by
quantifying efficiency, in studies such as Fernandez-Menéndez
et al. [32] of the Spanish manufacturing industry, Sigala [68] of the
UK hotel industry, Serrano-Cinca et al. [66] of Internet and e-
commerce firms.

Recently, DEA has been incorporated into the resources analysis
just like technological resources at market-level. Along these lines,
Emrouznejad et al. [28] proposed a method of evaluating the use of
ICT in 183 industrialised countries; and Ceccobelli et al. [14]
studied the relationship between implementation and use of ICT
and increased productivity in 14 OECD countries.

3. Methodology

The methodological contribution of this paper is the proposal of
a new DEA-based model to analyse the relationship between the
productive efficiency and online-social-networks (OSN) in Spanish
telecommunications firms. This new model is made up of the
following approaches.

(1) Data envelopment analysis (DEA) is used to estimate efficiency.

(2) Super-efficiency DEA sensitivity analysis is implemented to
detect outliers and overcome the sensitivity of DEA measure-
ments to the presence of outliers.

(3) Bootstrapping DEA technique is applied to improve the
deterministic nature of DEA approach. This procedure allows
us to obtain unbiased efficiency estimation.

(4) Logistic regression is employed to explore the factors that
promote impact and the drivers of a good performance in the
use and management of Web 2.0. technologies and OSNs in
efficient firms.

3.1. Data envelopment analysis (DEA)

In this study, data envelopment analysis—DEA has been chosen
as non-parametric technique to measure the relative efficiency of
firms. Techniques developed to measure efficiency require the
estimation of a production frontier compared to which a firm’s
performance may be evaluated. Non-parametric techniques do not
specify the functional form of the frontier. Instead these techniques
establish a set of segments linking efficient units (firms) which is
used to compare the rest of the units [22].

The main reason that motivated the choice of DEA in this study
is the fact that the technique does not predefine any functional
form for the production function. In addition, in principle it is not
financially-oriented, instead the objective is to perform an analysis
of the process of transformation of inputs into outputs that
generate a measurement or set of measurements, that reflect the
efficiency of a firm with regard to this transformation process. DEA
has the additional advantage that it can incorporate any number of
inputs and outputs into the analysis, and, moreover, these inputs
and outputs can be of any nature; the only necessity is the
availability of a unit of measurement which allows the assessment
of its magnitude [32].

Since its genesis [15] until today, several models of data
envelopment analysis have been developed, based on the
orientation (input- or output-oriented), the existence of constant
or variable returns to scale (and in the latter case, whether they are
increasing or decreasing), and whether or not the inputs can be
controlled, among others. The first model that has been applied in
this study was the one initially proposed by Charnes et al. [15] and
known by the authors’ initials, CCR. This model involves constant
returns to scale and is input-oriented. Following on from Cooper et
al. [18], it is based on the traditional definition of efficiency, the
ratio of outputs to inputs, and the idea is to find weightings such
that through linear programming this ratio can be maximised.
Thus, to calculate the efficiency of n units, n linear programming
problems must be solved in order to obtain both the values of the
weightings (v;) associated with the inputs (x;) and the values of the
weightings (1,;) associated with the outputs (y,). The input-
oriented CCR model, assuming m inputs and s outputs would be
formulated in its multiplier form [18], transforming the fractional
programming model into a linear programming problem:
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Similarly, given the absence of information on the shape of the
production frontier, we use a model like that shown in (1), but
which has the property of allowing variable returns to scale. This
model is known, in honour of its authors, as BCC [5]. When input-
oriented, the multiplier form of the BCC model becomes
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where [4q is the variable that allows us to identify the nature of the
returns to scale (increasing, constant or decreasing), following the
theorem presented by Banker and Thrall [6]. Note that the model
does not require that the variable 1o take a positive value i.e. itis a
free variable.

In this analysis we have chosen the input-oriented DEA model,
mainly because the outputs are quite diverse and because a
strategic effort is unlikely to succeed long-term if it means
excessive cost of production, distribution or organisation [78].
According to these models, a unit would be efficient if it produced
the maximum amount in outputs using the smallest possible
amount in inputs, and would be assigned an efficiency score of 1.

3.2. Super-efficiency DEA sensitivity analysis: Outliers detection

Due to the sensitivity of DEA measurements to the presence
of outliers, some additional procedures are required in order to
make DEA efficiency estimates more robust. In this paper, a
computational approach for outliers’ detection named super-
efficiency is applied [3]. The essence of this approach is to reduce
the impact of the most influential companies on the final
efficiency scores, using the concept of leverage. Leverage of a
single observed DMU may be understood as a measure of the
impact on the efficiency scores of all the other DMUs by the
removal of one DMU from the data set [3]. Firstly, the original
DEA is applied for each of the DMUs using the original data set, to
obtain the set of efficiencies {6k = 1, 2, .., K}. Then, one by one,
each DMU is successively removed, and the set of efficiencies
{6k =1,2,... K;k+# j} is recalculated each time, where index
represents the removed DMU. The leverage of the th DMU may
then be defined as standard deviation:
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This super-efficiency DEA analysis enables an extreme efficient
unit to achieve an efficiency score greater than one (so it is called
super-efficiency). We have applied a conservative rule of thumb
where units with efficiencies (super-efficiencies) of 2 or above are
treated as outliers [4]. The outlier DMUs (firms) have been
excluded from the sample data used in this work.

This sensitivity analysis using the super efficiency model
developed by Andersen and Petersen [3] also contributes to DMUs
homogeneity. This analysis looks for “outliers” which are DMUs
whose observations prove to be extreme points on the efficient
frontier and that could lead to unrealistic efficiency values for
some of the other units in the sample

3.3. Bootstrapping DEA technique

DEA efficiency is highly sensitive to errors in the data. Given
that the DEA method uses a sample for the analysis of efficiency,
specific differences in estimations may be due solely to sampling
noise rather than true differences in the levels of efficiency of the
units. In order to solve this problem in this paper, a bootstrap
approach is used. Bootstrapping, introduced by Efron [27], is based

on the idea of resampling from an original sample of data to create

replicate datasets from which we can make statistical inference.

The “smoothed bootstrap” approach of Simar and Wilson [70] is

used in this study, and the theoretical underpinnings can be found

in the extensive work by Simar and Wilson [70-72].

The key assumption behind this approach is that the known
bootstrap distribution will imitate the original unknown distribu-
tion if the known data generating process (DGP) is a consistent
estimator of the unknown DGP. The common approach is to non-
parametrically estimate the original densities of the performance
scores using kernel smoothing methods, combined with a
reflection method [69]. The bootstrap process will, therefore,
generate values that imitate the distributions which would be
generated from the unobserved and unknown DGP [71,72]. The
bootstrapping process used can be summarised as follows
(1) Calculate the DEA efficiency score éi; i=1,2,...,n with the

original data by solving model (1).

(2) Use Kernel density estimation and the reflection method to
generate a random sample {6;; i=1,2,...,n} with replace-
ment from the original DEA efficiency score 91-.

(3) Generate the 5: using 5: =6; +he;, i=1,2,... nwheree¢jis
a random draw from a standard normal distribution and h is a
control parameter.

(4) Obtain the 6;” through

ﬁ, i=1,2,...,n
1+ h /s

where 6" and s are the empirical mean and variance n of the
values 6;.
(5) Generate resampled pseudo-efficiencies y;} using
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L_[2-67 if 6] <1
Vi = 0}, otherwise.
(6) Obtain a new data sample using 173’) xt,yl>
(7) Calculate the DEA efficiency score {6;; '1 2,/%.,n} with

data (x;,y)),
(8) Repeat steps 2 to 7 B tlmes to create a set with B efficiency
estimates for each unit {Glb, i=1,2...,n, b=1,2,...,B}

The bootstrap estimate of the DEA bias is obtained through

B % A
bias; :%ZGM —6;, i=1,2,...,n
b=1
A bias corrected efficiency estimator is then obtained by
defining

3.4. Logistic regression

Finally, this model intends to characterise the factors that
promote impact and the drivers of a good performance in the use
and management of Web 2.0. technologies and OSNs in efficient
firms. For this, a logistic regression analysis is carried out. This
analysis explores the relationship between efficient firms and
several business activity variables and web-based technology
activity indicators. Following the model proposed by Diaz-Balteiro
et al. [22], the aim of this analysis is to model the relationship
between a binary response variable (one = efficiency; zero = no
efficiency) and each of the selected explanatory variable. A
univariate logistic regression uses the binomial distribution to
model the variation in a binary response [1,64].



The probability to be efficient may be expressed by a parameter
p in a binomial distribution. If we denote by Z the efficiency
response variable and by x; the selected explanatory variable, the
relationship between Z and p is the following;:

p=PlZ=1[x] (3)

Thus, for the probability to be efficient, p may be modelled as
follows:

In(£2) = Bo-+ By @

This model is fit using maximum likelihood. The goodness-of-fit
is analysed from the percentage of deviance the model accounts
for. This value is similar to the R-square statistic. Thus, if the p-
value is less than 0.05, there is a statistically significant relationship
between efficiency (variable Z) and x;.

Binary logistic regression was selected because the assump-
tions undergirding logistic regression impose no requirements
about the distribution of the predictor variables (e.g., normally
distributed, linearly related, equal variances). Logistic regression is
a very flexible regression analysis in terms of the type of the
explanatory variables, as these can be scaled or categorical. In the
DEA literature, given the bounded nature of DEA scores, the logistic
regression model is regarded as a suitable methodology for a
further DEA analysis [22,39,41,45,46,61,81].

4. Data

The population analysed are the companies in the telecommu-
nications sector, according to the Spanish National Classification of
Economic Activities (NCEA 61: telecommunications sector). We
used two different sources of information. Firstly, the information
concerning the use of Web 2.0 technologies is based on metrics of
their Web 2.0 activity, obtained directly from the Web 2.0 tools
themselves. These measurements were applied to the period May-
September 2011. Secondly, complementary information has been
compiled from the economic and financial data of these firms
(number of employees, equity, debt, revenue and pre-tax profit),
from a commercial database [23]. Although there are models to
assess variables with negative values in data envelopment analysis
(DEA) like the BAM (bounded adjusted measure) proposed by
Cooper et al. [17], it has been necessary to normalise negative
values due to the characteristics of the DEA model applied in this
work.

4.1. Input-output indicators of OSN-DEA model

The emergence and popularisation of Web 2.0 and its
increasingly widespread use in the business world is a relatively
recent phenomenon, so there are still no widely-accepted and
implemented standards of measurement for the evaluation of the
performance of investment in Web 2.0. In fact, in Spain, over 50% of
companies base their evaluation of the effectiveness of their
investment in Web 2.0 technologies on the number of website hits,
fans of the company, followers or subscribers [73].

Starting from these criteria, we have chosen indicators that
represent the support for and acceptance of a company in social
networks through readily-available basic quantitative metrics
which allow us to monitor the progress of the company’s presence
on Web 2.0. The concept of “fans” or “followers” can be related to
the concept of “unique visitors” used as an output by Serrano-
Cinca et al. [66]: the larger the number of visitors, the greater the
advertising revenue and the greater the potential customers. The
same methods can be applied to the increase in numbers of fans or
followers on social networks. The other technological variables

have inherent features linked with the social media phenomenon,
their success is based on the interaction between users and the
bidirectional communication.

Web 2.0 technologies are characterised by two types of
variables. Firstly, response levels: number of fans, followers, hits,
comments and tweets received. These variables have been treated
as outputs, since their data are generated by the users and/or
potential customers of the company. Secondly, company activity
levels: comments, tweets, followings, responses, publications/
posts, applications, events, surveys. These variables measure the
company’s participation and have been treated as inputs, since it is
the company that generates them.

In order to evaluate the results of business management, sales
and pre-tax profits have been included as outputs of the model; as
inputs, one relates to the firm’s labour production factor, number of
employees, another to its liabilities structure equity (€) and the
third, total assets (€), incorporates both its intangible and tangible
assets [68]. In addition, other variables have been considered:
timespan of the business regarding the evolution of the Internet
with reference to 1995 (emergence of Web 1.0) and to 2005 when
O'Reilly [58] spread the term Web 2.0, the fulfilment of
international trade activities, the business model either B2C
(Business to Consumer) or B2B (Business to Business).

The selected companies are considered Decision-Making Units
(DMUs) for the purpose of the application of this study’s
methodology. Haas and Murphy [37] proposed the following
conditions: that the DMUs are engaged in similar processes, using
comparable resources to produce comparable outputs. The
selected units meet those conditions, since they all belong to
the same NCEA group (telecommunications sector). By the same
token, the same measures of efficiency apply to all the DMUs, and
all those measures operate under the same conditions. Therefore,
homogeneity among DMUs is assumed.

In order to ensure the condition of homogeneity of DMUs, a
selection process was followed. For the first step, the Spanish
National Classification of Economic Activities (NCEA) has been
revised to select a homogenous set of firms of the Spanish
telecommunications sector. This classification gives the most clear
and distinguishing definition of the economic sectors that are part
of the Information and Communication Technologies. We have
selected those firms that were included in NCEA Code 61:
telecommunications sector. The companies of the Spanish tele-
communications sector carry out a large number of integrated and
specialised activities and services. They all share a common
environment where market deregulation and the fast technologi-
cal revolution are creating a new value chain for the firms of this
sector. At this moment the telecommunications sector is one of the
most dynamic and productive in Spain. In addition, to maximise
consistency in the accounting data, only those companies for
which data from both sources were available in 2011 and which
have at least one employee have been included in the analysis.
Individuals or companies which declare no employees and a
turnover of less than 3,000,000 € have been excluded, reducing the
number of firms analysed to 149. This procedure’s first step
ensures the “same processes” and “same environment” conditions
[37] for DMUs homogeneity.

The second step of this process is carried out when selecting the
inputs, the outputs and the variables associated with Web 2.0
technologies. Farzipoor et al. [31| propose that the relative
efficiency of somewhat non-homogeneous DMUs can be evaluated
reliably by DEA models if there are variables (inputs/outputs) in
common for all of them. In this paper, we have selected a set of
inputs that all designated companies use and a set of outputs that
all designated firms produce. The selected variables associated
with Web 2.0 technologies contribute to homogeneity. The
selected platforms that support virtual social networks are public:



Table 1
Distribution among sub-sectors of the selected sample.

Sub-sector Firms %

61 Telecommunications services 47 31.54
6120 Wireless telecommunications 45 30.20
6190 Other telecommunications activities 23 1544
6110 Cable telecommunications 29 1946
6130 Satellite telecommunications 5 3.36

any company can obtain a user login and gain access to the same
functionality, without any kind of control or restrictions of use by
competitors. Also, a user’s activity is completely transparent, and
replicable by anyone else. Any company could acquire OSN
management abilities in the market at a standard price. This
procedure’s second step ensures the “same inputs used and same
outputs produced” conditions [37| for DMUs homogeneity.

In addition, the super-efficiency DEA sensitivity analysis for
outliers’ detection [3] model presented in this paper contributes to
DMUs homogeneity (see Section 3.2).

The distribution among sub-sectors, following the Spanish
National Classification of Economic Activities (NCEA), of the 149
selected firms are shown in Table 1

Table 2 lists all quantitative variables used and its descriptive
statistics for the 149 companies of the Spanish telecommunica-
tions sector.

One of the main problems associated with the application of
this methodology is the correct choice of inputs and outputs.
Sexton et al. [67] state that efficiency estimates cannot decrease
with the mere introduction of variables, without any selection
method. Furthermore, Dyson et al. [26] show that the omission of
highly correlated variable may have a significant impact on the
efficiency estimates of certain production units. Nataraja and
Johnson [57] offer guidelines for effective variable choosing in DEA.

Table 2
Descriptive statistics of the variables used for the OSN-DEA model.

Business management

Average Total Std. devn. Range
Number employees 415.13 61439.00 2375.90 28369[69].00
Total assets® 989.76  146484.34 7500.78 8844047
Equity® 93.38 13819.72 476.09 4563.99
Sales® 341.36 50521.80 1611.16 12183.61
Profits® 72.16 10678.97 408.78 2994.17

Online social network management®

Twitter Average Total Std. devn. Range
Number of Accounts 1.23 59.00 047 2.00
Tweets 526.95 77988.00 1429.29 7782.00
Followers 3020.11  446977.00 13782.03 107899.00
Following 624.47 92422.00 2780.99 23012.00
Facebook Average Total Std. devn. Range
Number of accounts 127 56.00 0.65 3.00
Fans 55217.80 8172234.00 368277.59  3890336.00
Post 15.45 2287.00 58.39 621.00
Comments 286.28 42369.00 2298.94 27361.00
Others on Facebook 283.11 41900.00 2841.67 34485.00
Youtube Average Total Std. devn. Range
Number of channels 1.54 57.00 0.95 4.00
Number of videos 201.68 7.462.00 345.88 1740.00
Views 8507246 3147681.00 215910.03  1188298.00
Subscribers 52741 19514.00 1440.45 7526.00

2 Millions euros.

® The description of some of these variables is: Tweet: messages received or send
by users in their profile. Followers: number of followers of the profile. Following:
number of profiles followed by the user. Fans: number of users that follows a profile.
Post: events on the user’ Facebook wall. Comments: comments of other users to the
events of a Facebook profile’ Wall. Others on Facebook: number of applications,
videos, notes, photos, of the profile.

The method ECM (Efficiency Contribution Measure), developed by
Pastor et al. [59], has been chosen in this work for variable
selection. Nataraja et al. (2011) conclude that ECM performs
moderately well under most scenarios. Besides, ECM works well
with low correlation among inputs and a large sample size
(n > 100). ECM can also identify input contribution to output and is
slightly affected by choice of the DEA Model technology (CRS—
Constant Returns to Scale or VRS—Variable Returns to Scale-).

The ECM (Efficiency Contribution Measure), proposed by Pastor
et al. [59], is based on analysing the relevance of a variable to be
introduced into the model in terms of its contribution to efficiency.
For ECM methodology, a candidate variable is considered relevant
to the production process if more than Py% of the production
processes have an associated change in efficiency greater than p
[57], ECM is developed as a hypothesis test with a binomial
statistical test.

Therefore, following Pastor et al. [59], we have selected Py = 15%
and p=10% for the analysis carried out in this work. Also, a
significance level (o) of 5% is set. If the test statistic is less than the
null hypothesis, a candidate variable is rejected and is considered
to be part of the production process. A forward selection procedure
is used and initially input x; and output y are included in the
production function, all candidate variables are tested, and the
variable with the lowest test statistic below the « value is added to
the production model. The ECM is repeated on the new candidate
set with one less variable. The process stops when all candidate
variables have a test statistic larger than ¢, or no variables remain
in the candidate set [57].

Finally, a correlation analysis of the candidate variables was
carried out to ensure consistency and reasonability of the selection
of inputs and outputs. Peer variables with a correlation coefficient
greater than 0.7 are considered highly correlated [52] and have
been excluded of the model. Appendix B shows the Pearson’s
correlation coefficients of the performed analysis.

Particularly, sales and profit have been selected because they
present a moderate correlation (r < 0.7). From a purely financial
and managerial point of view, sales, as an output factor, are a
significant indicator of the operational efficiency of a firm. In
addition, profits are a key indicator of the managerial efficiency
because this term includes all the production activities (costs) of a
firm. Sales and profits, both together as output factors of a DEA
Model, are very relevant and useful indicators of the efficiency of a
firm. Sales are linked with online marketing and online reputation
improvement. Profits are related to other concepts or non-
economic benefits in which social networks can introduce
modifications and are not directly related to sales, such as human
resources management, open or technological innovation or
costumer relationship management (CRM).

Table 3
Variables selected for each model.

Model 1 Model 2 Model 3 Model 4
(Basic)  (Twitter) (Facebook) (Twitter+Facebook)

Inputs
Employees
Assets
Equity
Tweets
Following_Tweets
Posts I
Qutputs
Sales
Profits
Followers
Fans
Comment_received

AR VAN

Y Y Yy
AR VAY

Y Y YNy

ANRY
AR VAY
AN
Y Y Yy

ANAY




Table 4
Selected variables for the logistic regression model.

Business management

Firms %
Timespan

After 2005 8 5.37
Between 2005 and 1995 85 57.05
Before 1995 56 37.58
Business model

B2B 112 75.17
B2C 37 24.83
International trade 17 11.41
Online social network management

Has Twitter 48 32.21
Has Facebook 44 29.53
Has Youtube 37 24.83
Has blog 31 20.81
Has website 138 92.62
Has Mobile web platforms mobi 44 29.53

Moreover, a firm registering higher sales need not register
higher profits [80], at least for a certain period of time. Both sales
and profits need to be examined in relation to how managers
choose to expend resources, so the economics of the company can
be better understood

The simultaneous use of sales and profits in efficiency
evaluation with data envelopment analysis (DEA) has been
described on several occasions in the scientific literature
[7,8,16,22,25,30,63,65|.

Once ECM is applied and correlation coefficients analysed, the
variables selected in each of the four models analysed (see Section
5) are presented in Table 3.

4.2. Indicators of the logistic regression model

Table 4 shows the variables of the 149 firms of the Spanish
telecommunications sector, selected for the logistic regression
model.

5. Results

For the sensitivity analysis and the bootstraped-data envelop-
ment analysis (DEA), PIMDEA software [29] was used. STATS-
GRAPHICS Centurion XV software was used to collect logistic
regression model indicators. As a base case for comparison (Model
1: Basic), a business management DEA model has been chosen
which includes 3 inputs (number of employees [x; ], equity [x,] and
assets [x3]), and two outputs (sales [y,] and pre-tax profits [y]).
This model provides an overall value of low average efficiency,
along with a clear means of distinguishing between the units
(companies). The results in terms of the efficiency of different
companies are showninTable 5, which gives a descriptive analysis
of the efficiency coefficients, prior to applying the sensitivity
analysis

As mentioned, this study applies the principle of reduction of
inputs, being the most common policy for improvements that

companies use. The telecommunications sector has an average
efficiency of 33% or 43.84% depending on the DEA-model
orientation used (CCR and BCC. respectively). This indicates that
companies in the sector could achieve the same activity levels in
terms of turnover and pre-tax profits, with potential input savings
of 67% based on constant returns, and 56.16% based on variable
returns.

Of the sample of companies analysed, 18 can be seen to be
globally efficient, working to optimal scale. On the BCC DEA-model
orientation, the number of efficient firms rises to 23, meaning that
there are 5 companies that, being technically efficient, could scale
their activities in order to be efficient in global terms. Also, the
dispersion in rates of efficiency of all models is similar and exceeds
30% in all cases. The percentage of efficient firms is 12.08%
according to the CCR DEA-model orientation, or 15.44% according
to the BCC DEA-model orientation. This shows that the levels of
both global and operational or management inefficiency are very
high in the sector as a whole: there is clearly a group of companies
that are efficient (in management and in scale) while the rest are
inefficient in both areas, as the large deviation indicates. Efficiency
scores are relatively low for a market as competitive and
increasingly deregulated as the telecommunications market in
Spain.

Other DEA models (Model 2, Model 3 and Model 4) have been
devised for the calculation of global productive efficiency. These
analyse the impact of introducing various different Web 2.0-
related variables (see Table 3). The CCR DEA orientation (constant
returns) prevents the convexity restriction that the BCC DEA
orientation (variable returns) imposes. Cantos at al [11] consider
that the CCR DEA orientation presents efficiency results equal to or
less than those with BCC DEA orientation. According to these
authors, the choice of constant returns to scale (CCR DEA
orientation) is more demanding in terms of efficiency than
variable returns (BCC DEA orientation).

In addition, the CCR DEA-model orientation’s measurement of
efficiency is most often used when incorporating technological
variables [66,68]. Table 2 shows all variables used and descriptive
statistics for the year under review, Therefore, CCR-DEA-orientation
is selected for the implementation of our models. After the CCR DEA-
model orientation is chosen, an outlier detection analysis (super-
efficiency) is implemented to the 4 models (CCR DEA-model
oriented), following Andersen and Petersen | 3] (see Section 3).

Once the outliers has been detected and excluded from the 4
models, the CCR DEA orientation with the remaining DMUs is
applied again to the 4 models. The results for the different models
calculated are shown in Table 6. A trend can be seen associating
the efficient firms with indicators of their involvement in Web 2.0.
The results also show an increase in average efficiency for
companies that use both platforms studied. The use of one or
the other platform shows no significant difference between them.
The heterogeneity of efficiency is maintained where the dispersion
is higher than 30% as measured by the standard deviation.

The potential input savings of incorporating at least one
platform is 8.68% and 4.94% (average efficiency increase of Model
2 and Model 3 with respect to Model 1, respectively). This means

Table 5 Table 6
Original DEA Efficiency coefficients (model 1). Results of the four models applied (outliers excluded).
CCR BBC Escale Model 1 Model 2 Model 3 Model 4

No efficient DMUs 18 23 18 No outlier removed 4 7 5 5
% Efficient DMUs 12.08% 15.44% 12.08% Average efficiency 32.39 41.07 37.33 56.14
Average efficiency 33.00 43.84 33.13 Average efficiency score 25.20 30.75 29.43 39.70
Standard deviation 32.25 34.86 32.33 of inefficient DMUs
Maximum 100 100 100 Max 100 100 100 100
Minimum 1.21 3.33 1.12 Min 1.50 424 2.42 9.76




Table 7
Result of original (outlier excluded) and bootstrapped performance estimates.

Estimate
Model 1 Model 2 Model 3 Model 4

No of efficient DMUs 14 21 16 39

% of total 9.66 14.79 11.11 27.08
Original average efficiency score 32.39 41.07 37.33 56.14
Average Bias-corrected efficiency score. 24.41 3331 30.51 50.94
Bias 7.98 7.76 6.82 5.20
Standard deviation 3.99 3.88 341 2.60
Average efficiency score of inefficient DMUs corrected 16.26 21.64 21.75 32.54
Bootstrap median 24.75 33.50 30.69 51.59
Lower bound 12.93 23.11 21.03 43.68
Upper bound 33.28 41.62 36.92 57.02

that when a sector-average company incorporates OSN activity,
the performance of its inputs improves by this ratio. Model 4
shows that, for businesses of this type, average inefficiencies are
reduced by over 15% (average efficiency increase of Model 4 with
respect to Model 2 and Model 3), where the combination of
activities on both platforms is employed, as against the use of
only one of the platforms.

Due to the deterministic nature of the method DEA, the next
step is the analysis of efficiency estimates in the presence of
sample variations through the bootstrapping-DEA approach [70]
(see Section 3). Table 7 reports the summary results for the
efficiency scores using 2000 bootstrap replications (B=2000)
(under CCR DEA orientation) obtained by Models 1, 2, 3 and 4.
According to Simar and Wilson [70], an adequate coverage of the
confidence intervals should be provided. The bootstrapping DEA
approach results are also shown, including the average of the bias-
corrected efficiency scores, bias, standard deviation, and 95%
confidence intervals (lower bound and upper bound) for the bias
corrected efficiency scores in the corresponding model (Table 8).

Since the estimated bias is larger than the standard deviation in
every case, the bias-corrected efficiency estimates are preferred to
the original efficiency estimates, as explained [36]. Therefore, the
average bias-corrected efficiency scores were used in the analysis
described hereafter. Analyzing the bootstrap confidence intervals,
we can deduce conclusions concerning efficiency changes over
models. Confidence intervals from Models 1, 2 and 3 overlap (the
upper bound of one of them is greater than the lower bound of the
next model), whereas the confidence interval of Model 4 does not
overlap with any other. Therefore, it is possible to confirm a
significant efficiency improvement of Model 4, compared to the
other models.

Note that all the firms deemed efficient in Model 1 are also
efficient in the other models (although there is no way of

distinguishing between the five DMUs not involved in Web 2.0).
Similarly, all firms efficient in Models 2 and 3 are efficient too in
Model 4: i.e.,, those companies that efficiently incorporate at least
one of the technologies are also efficient where they incorporate
both. The combination of activities in both platforms has resulted
in the addition of 4 extra efficient DMUs: these are large companies
with a low level of activity on both platforms.

The potential input savings of incorporating at least one
platform is 8.90% and 6.10% (average bias-corrected efficiency
increase of Model 2 and Model 3 with respect to Model 1,
respectively). This means that when a sector-average company
incorporates OSN activity, the performance of its inputs improves
by this ratio. Model 4 shows that, for businesses of this type,
average inefficiencies are reduced by almost 20% (average bias-
corrected increase of Model 4 with respect to Model 2 and Model
3), where the combination of activities on both platforms is
employed, as against the use of only one of the platforms.

At the individual level, it is clear that DMUs with similar
characteristics in their input and output do not have similar
efficiencies. This may be due to differing degrees of development of
the management of the technology, or differing ways of
incorporating it into their business strategy. (Appendix A reports
the efficiency scores (original DEA and bootstrapped DEA) of all
DMUs from Models 1-4. Blank scores mean that the DMU is an
outlier of the model).

Looking at the subsectors according to NCEA classification, we
observe how the growth of the bias-corrected efficiency with
the incorporation of the combined technologies 2.0 is reflected
in all subsectors except satellite telecommunications subsector.
This subsector is strongly influenced by a small number of
highly specialised companies with a very limited market. This
market is characterised by public-private partnerships or joint-
ventures.

Table 8
Result of original without outlier and bootstrapped performance estimates.
Estimate 61 6120 6190 6110 6130
Telecommunications Wireless Other Cable Satellite
services telecommunications telecommunications telecommunications telecommunications
activities
M1 M2 M3 M4 M1 M2 M3 M4 M1 M2 M3 M4 M1 M2 M3 M4 M1 M2 M3 M4
No of efficient DMUs 1.00 2.00 500 12.00 6.00 11.00 3.00 800 3.00 3.00 100 600 3.00 400 7.00 1200 100 1.00 000 100
% Of total subsector 212 426 1064 2553 13.33 2444 6.67 17.78 13.04 13.04 435 26.09 1034 13.79 24.14 41.38 20.00 20.00 0.00 20.00
Original eff. Score 1957 31.71 37.86 55.00 51.69 57.30 38.21 56.58 48.09 41.58 3545 64.87 25.60 38.84 40.16 55.77 45.46 48.48 17.42 45.68
Bias-corrected eff. 9.11 2338 30.95 49.96 45.61 49.99 30.88 50.78 37.85 3438 2535 59.75 18.79 30.82 34.47 50.60 33.79 40.19 9.69 41.21
Bias 1046 833 691 504 608 730 733 580 1024 720 1010 513 680 8.03 569 5.17 11.68 829 7.73 447
St Dev 523 416 345 252 3.04 365 367 290 512 360 505 256 340 401 285 259 584 415 387 224
Bootstrap Median 10.16 2342 3130 50.07 46.04 50.96 31.79 51.24 37.33 3459 25.83 59.99 19.30 30.97 3534 51.13 34.82 40.76 10.37 41.24
Lower bound 6.67 14.05 23.84 43.16 38.35 38.97 21.41 4257 2632 2495 13.46 5205 992 20.15 25.33 42.61 18.96 30.83 1.74 34.50
Upper bound 2035 3230 3656 55.54 52.20 57.67 37.58 57.14 48.82 42.12 3630 6544 26.25 3946 40.61 56.28 46.00 49.16 17.21 46.15




Analysing the bootstrap confidence intervals, we can draw
some conclusions concerning changes in efficiency over models
and subsectors. The confidence interval of Model 4 does not
overlap with any other confidence interval of any model in
subsectors 61 telecommunications services, 6190 other telecom-
munications activities and 6110 cable telecommunications;
therefore, it is possible to confirm a significant efficiency
improvement of Model 4, compared to the other models in these
three sectors. On the other hand, 6120 wireless telecommunica-
tions subsector have a definite improvement in efficiency with the
incorporation of the Twitter platform (Model 2) with the largest
percentage of efficient companies (24.44%) in all the subsectors in
this model. This result gives a very positive indicator of how
companies of this subsector are incorporating customer services
through this platform.

There are subsectors with higher efficiency scores in Model 2
(Twitter) and others in the Model 3 (Facebook). This reflects how
the strengths that characterise each platform are better suited to
different subsectors.

The average company in 61 telecommunications services and
6190 other telecommunications activities subsectors has im-
proved efficiency through the Facebook platform: this seems
consistent with the notion that this platform promotes deeper
reflection expressed in its own style of language, which may lead to
easier communication between firms. In contrast, the average
efficiency of 6120 wireless telecommunications firms show more
improvement with the use of the Twitter platform. This is
consistent with the fact that on this platform, spontaneity, short
messages and quick responses predominate. These might be the
features of the costumers/clients service demanded for this
subsector.

For a further analysis of the impact of the use of Web 2.0.
technologies by different companies, the final stage of this model is
carried out. The impacts and the drivers of a good performance of
technology 2.0, in the context of this study, reflect the ability of the
telecommunication companies to shift the frontier of financial and
technological achievements. We explore the factors that promote
impact and the drivers of a good performance.

Qualitative variables that could not be used in the OSN-DEA
model, both social media management (has blog, has YouTube, has
a website, has mobile web platform .mobi) and business
management (time span of the business, business model,
international trade activities, belonging to a sub-sector) have
been incorporated as independent variables in each of the logistic
regression models applied. Defined a binary variable Z, as the
dependent variable in all models, so that Z=1 for efficient firms
(Model 4 efficiency score=100) and Z=0 for inefficient firms
(Model 4 efficiency score <100). The efficiency data are those
obtained in Model 4 (see Table 6), since it includes all selected
variables. Goodness-of-fit test based on the deviation explained by
the model has been performed. Results of logistic regression

Table 9
Logistic regression results: p-value of the deviation analysis.

Business management

Timespan 0.8375
Business model 0.0015"
International trade 0.0001"
Sub-sector 0.0204"
Social media management
Has Youtube 0.0046"
Has Blog 0.0025
Has Website 0.5823
Has mobile web platforms MOBIi 0.0116

" Significant variable (significance level: p-value < 0.05).

models registered as p-value of the deviation analysis are shown in
Table 9.

A significant relationship between the dependent variable (Z)
and OSN management variables (has blog, has YouTube, and has
mobile web platform .mobi) and business management variables
(business model, international trade activities, belonging to a sub-
sector) have been found. In all cases, the value of the parameter 8,
of Eq. (4) has a positive sign. Therefore, it can be interpreted as a
direct relationship between the use and possession of Web 2.0
tools (blog, YouTube channel and mobile web platform .mobi) and
the efficiency of the company’s telecommunications sector in
Spain. A company using these resources efficiently is characterised
by not depending on the time span of the business, while fulfilling
international trade activities. Therefore, it is a company seeking to
open a market as broad as possible.

Moreover, the tenure of a website does not indicate a significant
relationship with efficiency. The percentage of companies with a
website amounts to 92.62%. It can be assumed that it has become a
homogeneous resource, with no restrictions of use by competitors.
The combination of the remaining Web 2.0 tools can be considered
as a heterogeneous and valuable resource, since there is a direct
relationship between their joint use and the improvement of
efficiency.

Finally, as there is a direct relationship between efficiency and
the firm business orientation, it seemed interesting to carry out a
pooled analysis of the telecommunications companies according to
whether the company has a business model aimed at the final
consumer (Business to Consumer: B2C) or at other businesses
(Business to Business: B2B). The incorporation of different
platforms depending on the business orientation, gives an initial
approximation to determine whether similar guidelines according
to the type of business are applied in the design and implementa-
tion of the firms’ “social media” strategy. This analysis was deemed
not valid when applied to Model 4: the small number of DMUs in
the B2C category generates a problem of scale, on which the
discriminatory capacity of the methodology is dependent.
Mahgary and Lahdelma [49] propound that the number of units
tested must be at least three times the total number of variables; a
condition not fulfilled in this case. The results are shown in
Table 10.

The results in Table 10 indicate that the use of OSNs resultsin a
greater relative impact on B2C-market organisations both in
average efficiency values and in the proportion of efficient firms.
These results show that the use of this resource is functionally
different when used in different markets. The average company in
the B2B market has improved efficiency through the Facebook
platform. In contrast, the average efficiency of B2C-market
businesses shows more improvement with the use of the Twitter
platform. This reflects how the strengths that characterise each
platform are better suited to different market and different
customer orientation.

Table 10
Model results analysed according to business models (outliers excluded).
B2B B2C
Model 1 Model 2 Model 3 Model 1 Model 2 Model 3
No efficient DMUs 10 23 22 6 12 2
% Of total 926 2170 2037 1622 3333 5.56

Original eff. score 2926  37.30 34.12 40.76 5037 43.90
Bias-corrected eff. 20.37 29.13 2722 33.19 43.15 34.64

St dev 4.44 4.08 345 3.78 3.61 4.63
Lower bound 8.79 19.74 2028 25.01 3255 24.60
Upper bound 30.18 3838 3439 4135 50.77  43.73
No DMUs 108 106 108 37 36 36




6. Discussion

In a changing environment like the current one, the key point is
not how good a technology is, but how well it is used by members
of an organisation [ 74|. When individual companies are compared,
the companies that are efficient after using Twitter or Facebook
appear clearly to be using those resources in a way that brings
greater efficiency than the other companies. In line with Peteraf
[60], production factors used by firms have intrinsically different
levels of efficiency, since some resources are superior to others.
Furthermore, the same resources bring improved levels of
efficiency to some companies but not to others. In some cases
they are a source of competitive advantage, in others they are not.
The activity that the companies develop in the OSNs engenders a
positive change in the efficiency of some of them, which shows that
the utilisation of OSN resources varies between firms.

Greater efficiency in the activities of the company implies a
coordination of simple resources that combine to create more
complex skills [9]. Competency is a set of knowledge and skills
which, exercised through the coordinated deployment of the assets
of the organisation process, determines the activities that the
company is able to perform efficiently [20,34|. These consider-
ations about all the coordinated actions in OSNs have been
corroborated empirically by the second stage of the proposed
model.

Furthermore, the results of this study coincide with Moyano
Fuentes et al. [55], considering that the design and organisation of
working practices should be treating online social networks (OSNs)
as another business asset, or as a dimension of human capital that
deserves attention.

When organisations are able to use their tangible and intangible
assets to the highest possible level of efficiency, both costs and
sales revenue will be appropriate, so that benefits will be generated
at a rate proportional to the capital employed [68]. With regard to
OSNs as an intangible asset of the companies, this study shows that
every business can improve its efficiency by enhancing their OSN
management capabilities and incorporating these Web 2.0
technologies into its business strategy.

Online social networks have a clear and direct influence on the
companies that use them, as they represent a source of first-hand
information for organisations: through them the needs and
concerns of individuals who interact with them can be obtained.
They also help reduce marketing costs, as large-scale marketing
campaigns can partially be replaced by word-of-mouth communi-
cation that originates and propagates in these networks [43].
Likewise, technical service costs can be reduced, as the individuals
who make up these networks help each other to solve problems
encountered in the use of a product or service [24,77|. They
promote bonding and strengthen loyalty towards the product,
brand or organisation around which a network develops [42].
Along with these influences of OSN on companies, this study
provides new empirical results that show that the incorporation of
Web 2.0 technologies brings efficiency improvements that can be
an early indicator of the creation of competitive advantage in terms
of management capacity of these technologies, as only the
management capacity of information technology is likely to
generate a sustainable competitive advantage [53].

For the past several years there is an academic and scientific
research line that aims to establish the relationship and
contributions between the Information and Communication
Technologies (ICTs) and the creation of competitive advantages
in business. Although Carr [12] states that it is not possible to have
unique, inimitable and heterogeneous information technology
resources, Ramirez-Correa and Alfaro-Perez [62] indicate that the
ability to manage these resources is in itself a potential and
distinguishing strategic resource. Mata et al. [53] set out that the

study of sustainable competitive advantages in relation to
information technology (IT) should be performed considering
the four attributes of IT: capital requirements, ownership of
technology, ability and technical knowledge and management
skills of these technologies. IT can add value to a firm, but does not
generate a sustainable competitive advantage byitself; however, it
is a necessary {but not sufficient) condition to achieve it [53].

From this perspective, this paper shows that the combined use
and the appropriate management of OSN are configured as a
heterogeneous resource. Once this resource is incorporated into
business strategy, it generates an improvement of the efficiency of
business organisations.

This paper identifies different factors that describe the
performance in the use and management of Web 2.0. technologies
and OSNs. The results of the assessment suggest that the fulfilling
of international trade activities and the firm business orientation
are factors and drivers that lead the firms to increase their
performance in using and managing these technologies. It has also
been obtained that companies with different business orientation
(B2B or B2C) could achieve different levels of efficiency depending
on the type of OSN that they use.

In order to take advantage of these Web 2.0 technologies
benefits, it is necessary to ensure that participation levels are high
enough to ensure network survivability in the long term [42]. It
should be stressed that the relational benefits derived from
consumer participation in a social network are already widely
accepted in the academic community [2,41,56] and in business
[33].

Spanish telecommunications sector firms have developed two
basic business strategies which place the customer at the core of
attention. On the one hand, in order to swiftly achieve a critical
mass of customers, they often use promotional pricing strategies.
On the other hand, they follow loyalty strategies for customer
retention which generate switching costs that prevent excessive
rotation to other companies.

The companies have the strategic challenge of identifying their
own social media users as a new group of stakeholders with
influence on the progress of the company, that are not necessarily
customers, but can be speakers of the goodness and shortcomings
of the company [35]. Some social media users engage in behaviours
of collaboration or participation that are essential in the process of
value creation for the company [76].

Without the ability to define and measure the consequences of
social media strategies, it is difficult for firms to align their social
media initiatives with organisational goals and, at the end, create
business value [19]. This concern is especially relevant given the
speedy growth in the number of organisations interacting with
customers through social media interfaces and the diversity of
such channels for attracting customers [10].

This work provides a major result indicating that it is not just
the number of users or fans of Web 2.0 technology that bring
improvement in organisational efficiency, but that efficiency is
directly related to the degree of integration of these technologies
within the business plan, and to their influence on business
strategy.

7. Limitations and implications for future research

This paper presents a model that provides a more robust and
accurate efficiency estimation than the original DEA methodology.
Due to the sensitivity of DEA measurements to the presence of
outliers, a super-efficiency approach to detect outliers was
introduced. In order to improve the deterministic nature of DEA
model, a bootstrapping approach has been applied. However, this
study presents several limitations.



Firstly, we found some difficulties with the selection of the
sample. The telecommunications sector or the type of companies
included in the sample of the telecommunications industry is not
clearly defined. This led to a wide disparity in the amount of
telecommunications business. There is a fuzzy line between
telecommunications and computing industry. The telecommuni-
cations market dynamism causes short-term variations. Thus, the
selected sample was large enough to be discriminant according to
number of inputs—outputs selected and to achieve the objectives of
the study. Furthermore the influence of environment variables and
other external data have not been considered.

Secondly, the statistical analysis of the variables that charac-
terise the Web 2.0 technologies and OSNs is another limitation we
have found. The values of these variables do not have a normal
distribution which has led us to select the logistic regression
analysis as statistical methodology in the later stage of this work.
Furthermore, the monitoring of these variables has been done in a
precise moment in time, so no conclusions about their evolution
over time can be drawn.

In view of further research, it is suggested to include additional
variables with relation to the new Web 2.0 tools that are increasing
their presence over the recent years (Google+, Hangout and
others). Besides, it would be interesting to develop a longitudinal
study concerning the evolution over time of the presence and
activity of these companies in the Web 2.0 tools regarding firm’s
efficiency, so the monitoring period should be increased.

Finally, future research could compare the productivity
performance and the presence and activity in OSNs among several
industries, although it would be necessary to assume the
limitations of DEA on the homogeneity of the sample.

8. Conclusions
This paper studies the efficiency of firms in the telecommu-

nications sector in Spain - both those that use Web 2.0
technologies and those that do not - and their ability to absorb

those technologies and incorporate them into their business
strategy. The telecommunications sector in Spain is a dynamic
sector where the incorporation of these Web 2.0 technologies, both
strategically and from a purely business standpoint, are necessary
in order to succeed in the current market.

This study’s results show that there is significant penetration of
OSNs as a technological resource among the companies analysed.
Furthermore, it has found a direct relationship between improved
efficiency and the organisations using Web 2.0 technology. The fact
that companies with similar characteristics in their inputs and
outputs have not achieved similar efficiency can be attributed to
varying degrees of development of management competences
with this technology, or differing ways of incorporating it into their
business strategy.

One of the main conclusions of this study is that the mere use of
Web 2.0 technologies, measured in terms of numbers of users or fans,
does not by itself lead to an improvement in the efficiency of an
organisation. Each company may be able to improve their efficiency
indicators by incorporating online social networks into their business
strategy and refining skills involved in the use of Web 2.0 technologies.

The integrated DEA-model applied in this work, empirically
suggests that only the companies capable of integrating these 2.0
technologies in their business plans and performing an activity and
a coordinated management in several of these Web 2.0. technolo-
gies are the ones that obtained the largest efficiency gains.

According to the results of this work, it is strategically relevant
for these firms to identify how social media is changing its
traditional customer-firm and supplier-firm interactions and
what new strategic goals are behind these changing relationships.

An understanding of proactive attention to customers and the
new business dimension of social commerce are concepts that
should be incorporated within the objectives of a company in order
to exploit the full potential of Web 2.0 technologies. This study
provides both researchers and business managers with a tool for
assessing the strategic performance of an organisation with regard
to its presence and activity in Web 2.0.

Appendix A

Efficiency scores (original DEA and bootstrapped DEA) of 149 DMUs from Models 1-4

DMU Model 1 Model 2 Model 3 Model 4
Original Bias-corrected Original Bias-corrected Original Bias-corrected Original Bias-corrected
eff. Score eff. eff. Score eff. eff. Score eff. eff. Score eff.

AO1 6.87 2.97 19.52 13.15 20.82 1545 35.57 28.04
A02 30.28 21.85 35.03 30.27 17.28 11.37 51.04 45.84
A03 31.92 2349 24.87 20.33 27.91 22.68 37.13 32.60
A04 14.65 2.96 43.87 21.00 18.75 13.75 27.39 24.77
A05 31.72 2329 8.04 6.39 42.29 38.20 49.14 30.47
A06 3.95 2.75 5.48 2.95 6.40 493 1944 16.38
A07 3342 2499 37.11 31.15 4.53 2.55 18.13 15.64
A08 17.94 7.39 30.12 21.73 34.81 2457 4598 41.10
A09 33.62 25.19 100 100 25.35 14.97 100 100
A10 18.05 6.72 27.55 17.71 100 100 100 100
Al1l 6.52 2.76 10.01 5.61 14.64 10.38 3491 27.68
A12 32.02 2359 18.88 14.70 8.38 4.67 21.58 15.23
A13 746 1.22 17.35 13.15 23.03 17.35 4225 34.87
Al14 3322 24.79 30.15 22.25 15.63 1142 48.37 32.49
A15 17.78 4.03 19.42 4.31 29.81 2351 45.80 35.38
A16 9.77 5.13 11.39 4.60 18.22 6.02 18.38 13.56
A17 2.07 0.86 6.33 5.11 10.98 5.87 19.76 15.89
A18 17.07 12.49 22.03 18.84 20.81 17.90 17.97 17.04
A19 30.52 22.09 8.98 6.82 16.95 12.85 25.31 23.50
A20 33.72 25.29 38.27 27.10 8.40 6.43 9.76 6.87
A21 31.52 23.09 14.46 12.02 30.39 19.62 39.60 33.99
A22 29.12 20.69 85.39 75.29 73.69 59.31 100 100
A23 19.12 10.69 57.62 34.44 84.90 74.35 85.39 78.61
A24 17.62 9.19 40.48 21.96 11.73 3.88 100 100



Appendix A (Continued )

DMU Model 1 Model 2 Model 3 Model 4

Original Bias-corrected Original Bias-corrected Original Bias-corrected Original Bias-corrected

eff. Score eff. eff. Score eff. eff. Score eff. eff. Score eff.
A25 33.62 25.19 71.24 55.03 53.51 44.59 41.22 35.10
A26 21.80 1144 25.97 20.59 62.73 49.32 100 100
A27 3.37 0.59 11.27 9.27 17.28 17.68 31.06 27.57
A28 5.24 4.04 18.58 13.56 7.21 4.10 19.14 1743
A29 100 100 100 100 100 100 100 100
A30 533 407 22.66 15.87 15.99 10.33 27.31 20.82
A31 3.74 241 14.05 10.80 20.39 5.50 30.39 25.83
A32 100 100 100 100 100 100 100 100
A33 25.62 17.19 53.29 25.83 52.22 26.54 11.32 7.35
A34
A35 30.66 13.80 42.69 28.01 32.46 13.20 43.07 33.93
A36 74.26 51.35 100 100 31.27 18.45 100 100
A37 5.55 2.86 100 100 100 100 100 100
A38 40.61 2257 83.02 68.86 64.74 42.94 53.71 38.35
A39 100 100 4454 26.86 46.40 37.36 100 100
A40 100 100 100 100 100 100 100 100
A41 34.62 26.19 25.92 13.01 83.23 82.28 100 100
A42 13.72 5.29 20.55 16.22 39.49 35.47 61.34 50.36
A43 53.94 4551 100 100 86.55 70.40 100 100
Ad4 26.83 7.77 59.35 30.32 74.30 60.04 100 100
A45 18.39 4.63 30.54 20.53 31.81 22.68 59.84 54.64
A46 34.37 25.94 31.94 22.35 35.80 31.25 45.94 40.74
A47 13.95 346 23.83 15.83 36.20 29.57 61.24 56.04
A48 11.37 6.62 2253 10.31 13.94 6.96 37.91 22.39
A49 33.17 24.74 551 4.07 7.11 9.09 39.90 31.24
A50 32.95 2452 25.90 16.20 18.09 791 47.09 33.06
A51 9.62 5.17 19.56 13.97 24.03 15.91 34.18 26.78
A52 42.23 13.78 59.00 36.30 18.71 14.45 19.54 18.09
A53 100 100 100 100 89.78 81.12 100 100
A54 8.88 5.89 14.16 11.66 100 100 100 100
A55
A56 20.03 13.71 20.03 9.13 27.04 14.87 30.19 17.09
A57 51.52 43.09 1643 14.02 20.03 12.05 21.67 11.07
A58 28.24 9.40 31.08 25.02 29.38 26.69 24.38 22.98
A59 8.04 5.63 82.23 72.29 23.78 17.48 83.20 72.97
A60 15.10 5.63 79.42 62.62 80.00 68.43 97.11 94.40
A61
A62 31.04 17.18 4255 32.59 8.93 6.05 44.48 37.92
A63 32.77 24.34 100 100 32.80 22.85 100 100
A64 32.73 2430 100 100 100 100 100 100
A65 6.13 3.40 11.32 7.02 100 100 100 100
A66 42.66 3423 53.39 24.43 10.14 8.25 19.53 16.64
A67 32.07 23.64 7.68 3.90 50.28 17.30 66.34 61.14
A68 3.28 0.36 12.30 9.90 14.93 10.80 18.97 10.87
A69 17.79 10.72 18.88 11.66 8.59 5.61 19.76 17.69
A70 7.99 3.08 1240 8.04 17.94 12.16 24.07 17.46
A71 37.77 29.34 1847 0.61 11.83 7.60 18.64 13.79
A72 100 100 100 100 100 100 100 100
A74 34.84 2641 41.68 21.79 68.17 57.17 100 100
A75 33.73 25.30 39.11 33.29 38.09 19.16 78.43 66.26
A76 35.95 27.52 424 2.21 34.33 27.52 49.42 3249
A77 100 100 100 100 100 100 100 100
A78 30.87 2244 4897 17.41 30.43 21.79 15.45 10.80
A79 4.20 3.00 10.01 6.40 48.49 19.86 51.57 39.95
A80 33.85 2296 13.89 9.15 6.52 2.30 21.74 19.05
A81 30.03 19.68 32.68 20.00 11.28 6.55 24.32 21.25
A82 33.60 25.17 79.85 67.53 30.05 16.88 36.71 27.08
A83 1.50 1.29 16.07 9.23 38.16 31.56 79.99 72.73
A84 53.17 38.65 64.01 54.57 5.04 0.81 24.62 19.93
A85 11.30 2.87 19.39 16.29 39.59 32.05 65.23 58.84
A86 44.32 35.89 56.39 44.88 27.09 29.57 24.00 22.72
A87 34.96 26.53 24.19 16.43 27.77 20.18 70.98 57.57
A88 5.68 2.15 11.92 9.77 22.30 15.86 44.83 30.03
A89 54.79 18.80
A90 24.02 0.74 29.81 16.98 35.46 28.06 46.14 36.41
A91 41.52 33.09 84.54 72.19 47.49 40.27 100 100
A92 6.89 446 12.15 10.21 7.19 9.68 92.97 87.30
A93 44.96 36.53 19.00 15.25 19.18 16.08 19.41 17.87
A94 33.12 24.69 19.55 14.65 9.87 4.06 25.44 18.52
A95 32.63 10.78 13.63 4.69 18.80 15.25 29.73 1843
A96 20.28 11.85 70.14 60.23 67.99 58.30 100 100
A97 23.72 15.29 6.54 5.49 12.40 6.54 46.17 33.84
A98
A99 20.92 1249 27.76 17.95 3.61 2.39 18.07 16.93

A100 29.03 10.52 37.71 27.32 24.05 13.65 51.28 27.85
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Appendix A (Continued)

DMU Model 1 Model 2 Model 3 Model 4
Original Bias-corrected Original Bias-corrected Original Bias-corrected Original Bias-corrected
eff. Score eff. eff. Score eff. eff. Score eff. eff. Score eff.

A101 100 100 100 100 100 100 100 100
A102 29.61 19.62 32.98 21.21 52.44 47.24
A103 61.34 33.54 75.89 57.74 67.88 60.46 46.50 40.56
A104 10.53 2.98 10.40 7.10 12.75 11.01 80.93 67.77
A105 31.64 2321 7.21 4.94 6.21 3.82 36.13 24.72
A106 4.78 2.71 10.08 7.95 6.47 4.14 10.99 7.49
A107 19.15 37.66 25.43 22.04 17.19 20.10 19.83 17.07
A108 31.39 22.96 33.54 27.68 30.51 25.28 27.61 26.11
A109 17.87 9.44 28.83 24.44 27.11 23.57 3523 31.56
A110 4.06 0.68 13.21 11.40 6.02 0.14 37.34 32.14
Al11 5.65 1.10 16.15 12.88 7.57 4.64 19.98 15.97
Al112 29.29 20.86 11.99 9.00 7.19 11.18 2146 17.93
A113 7.95 4.52 12.90 10.32 11.19 9.22 2152 14.50
Al114 100 100 100 100 100 100 100 100
A115 31.51 23.08 64.24 50.04 9.56 5.65 20.25 18.09
A116 30.40 2197 100 100 25.43 21.36 100 100
A117 2747 19.04 20.29 13.66 26.38 14.73 100 100
A118 100 100 100 100 100 100 100 100
A119 7.09 0.46 19.66 12.90 79.92 64.83 100 100
A120 100 100 66.94 53.79 100 100 100 100
A121 100 100 100 100 91.43 90.33 100 100
A122 3.63 0.50 15.58 8.94 17.30 11.71 67.61 47.21
A123 47.37 38.94 24.56 19.80 6.23 434 20.69 11.28
A124 12.75 3.32 45.61 39.14 74.94 69.74
A125 3247 24.04 90.17 81.11 14.35 10.89 29.75 26.76
A126 35.54 3.78 52.19 20.99 49.27 24.09 100 100
A127 53.49 45.06 100 100 95.64 89.88 100 100
A128 32.87 1.19 49.91 24.91 48.46 28.64 100 100
A129 1345 10.39 100 100 34.06 12.06 100 100
A130 3237 23.94 10.59 7.57 62.54 44.81 4461 41.37
A131 3229 23.86 18.20 13.43 8.38 445 21.32 15.89
A132 7.77 4.20 9.91 6.65 15.20 10.63 41.06 35.85
A133 28.92 14.19 19.12 15.18 17.95 13.82 18.29 16.23
A134 100 100 100 100 100 100 100 100
A135 33.92 24.89 24.17 16.73 14.77 10.71 2193 18.37
A136 34.72 26.29 75.49 66.92 43.92 34.77 31.58 23.76
A137 21.92 14.30 32.66 25.25 31.06 22.36 76.12 69.47
A138 32.02 2359 12.84 5.84 14.59 5.68 59.37 46.09
A139 2.28 1.74 4.98 3.76 12.46 6.08 26.99 17.54
A140 33.06 24.34 43.62 38.53 2.42 1.28 17.32 16.45
A141 100 100 100 100 100 100 100 100
A142 3322 24.79 59.86 32.85 18.13 12.35 55.53 34.13
A143 32.82 24.39 22.07 4.31 29.43 6.13 68.54 51.33
A144 31.62 23.19 46.41 34.47 42.12 31.27 100 100
A145 3.17 2.13 11.20 8.64 9.60 5.64 20.63 17.16
A146 31.52 23.09 18.43 6.23 8.07 4.86 71.23 66.03
A147 53.32 44.89 21.81 7.92 27.32 9.88 32.94 28.58
A148 49.08 2195 60.83 39.12 4.38 1.38 82.05 68.36
A149 1942 7.23 21.08 10.14 60.56 38.96 74.01 61.70

Blank scores mean that the DMU is an outlier of the model.

Appendix B

Pearson’s correlation coefficients

EMPLOYEES ASSETS EQUITY SALES  PROFITS FANS COMMENT_ POSTS Other TWEETS FOLLOWERS FOLLOWING_Tweets
received activities
Facebook
EMPLOYEES 1
ASSETS 02121 1
EQUITY 0.1854 0.6648 1
SALES 04167 0.6125 05211 1
PROFITS 0.6660 04160 0.6355 05639 1
FANS -0.0005 -0.0128 -0.0252 0.0520 -0.0076 1
COMMENT _received 0.0078 -0.0124 -0.0274 0.0781 0.0427 04416 1
POSTS 0.0044 -0.0068 -0.0180 0.0690 0.0067 0.6509 0.2548 1
Other activities -0.0129 -0.0107 -0.0165 -0.0055 -0.0088 0.8357** 0.7308** 02321 1
Facebook
TWEETS 0.1019 0.0286 0.0103 03901 02734 03862 0.5049 0.3473 0.8293* 1
FOLLOWERS 0.0271 0.0026 -0.0148 0.1617 0.0953 0.8668  0.4241 0.7652 0.9284* 05791 1
FOLLOWING_Tweets 0.1011 0.0692 0.0374 04600 04147 0.1069  0.3447 0.0737 0.0210 0.6609 0.4413

" Rejected peer variables due to high correlation (r > 0.7).
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