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Abstract. The following study is, in addition to a reassessment of literature and an analysis based on
non-parametrical techniques based on linear programming. The analysis based on the Data
Envelopment Analisys (DEA) technique will be used to see whether the model that we have used has a
significant importance, if there are any substantial differences between the efficiency scores obtained
or estimated through various methods. The theoretical part, based on the DEA technique will be
analysed under the influence of both the works of Farell(1957), and also Charnes, Cooper,
Rhodes(1978), Banker, Charnes, Cooper(1984) and other newer models. The dissolution of efficiency
scores obtained through the CRS-DEA model has been studied for a long time into two different
components: One is linked with the scale inefficiency and the other one represents the pure technical
inefficiency. This dissolution can be done by using the CRS model with technology when not all the
companies are operating at the optimum level, i.e. through the simultaneous application on the same
set of data of the CRS and VRS models. In this study, the main non-parametrical Data Envelopment
Analysis method is presented (Wu, Fan, Zhou, Zhou, 2012; Halkos, Tzeremes, 2009) and its application
on a group of 42 companies (The headquarters of a top commercial bank in Romania - S.C. BRD
GROUPE SOCIETE GENERALE ), based on the information gained in the years 2016-2017. This paper is
original because it combines the already developed method with new techniques, in order to link
together economic factors and operational research and leaves more room for future researches with
the purpose of further assessing and changing the performance of every decisional unit under the
influence of the environmental factors.

Keywords: efficiency, productivity, technical productive efficiency, non-parametrical techniques,
Data Envelopment Analysis, production border, constant and variable return to the scale.

Introduction

The interest for measuring the efficiency and productivity concerns, on one hand, the
success indicators and the performance measures which evaluate the production units
(Reinhard, Knox Lovell, Thijssen, 2000; Fried, Lovell, Schmidt, 1993) , and on the other
hand through measuring the efficiency and productivity (Bampatsou, Papadopoulos,
Zervas, 2013), by separating their effects from the effects of the environment, we can
highlight the main sources of efficiency, and also highlight the positive variations of
productivity (Fallahi, Ebrahimi, Ghaderi, 2011).

The technical productive efficiency (Coelli, Rao, O’'Donnell, Battese, 2005) consists of
two aspects , namely being either expressed through obtaining increased production rates
with the same input quantity, or through using as few production inputs as possible, by
obtaining certain production quantities.
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As a result, the productive technical efficiency analysis (Scheel, 2001) may either be
oriented towards an increase of the output or have a conservative orientation approach
regarding the outputs. The allocative component or price refers to the capacity of
combining inputs and outputs in optimal proportions (Nourali, Davoodabadi, Pashazadeh,
2014).

The study of efficiency made by Farrel (1957) has been continued through using
general or parametric functions in the definition of the production frontiers (Podinovski,
Fgrsund, 2010; Seiford, Thrall, 1990), however limiting itself to using only one output in the
economic analysis. Charnes, Cooper and Rhodes (1978) and others after them have
developed linear programming problems applied to the non-parametrical specifications of
production possibilities (Wu, Fan, Zhou, Zhou, 2012; Mukherjee, 2008).

Based on Farrells researches (1957), theories that are considered refference points
in the study of efficiency have been developed (Alene, Manyong, Gockowski, 2006) such as
the deterministic approach of Aigner, Chu (1968), the statistical base of estimating the
border of production done by Agrell, Hatami-Marbini (2013), the introduction of the notion
of , adjusted method of the least squares”, developed by Egilmez, Kucukvar, Tatari, Bhutta
(2014) or the composed error studied by Aigner, Lovell and Schmidt (1977) and
independently by Zhou, Ang, Zhou(2012) and also by, Banker, Charnes, Cooper (1984),
Cooper, Seiford, Tone (2000).

Based on Dantzig’s (1951) and Farrell’s (1957) researches, Charnes, Cooper, Rhodes
(1978) developed the technique of mathematical programming, introducing the technique
of Data Envelopment Analysis-DEA (Charnes, Cooper, Rhodes, 1978), later developed by
Song, An, Zhang, Wang, Wu (2012) and Mirhedayatian, Azadi, Saen (2014).

Literature review

The measurement of a business’ performance (Monchuk, Chen, Bonaparte, 2010), is a
mandatory focus in order to insure the survival of a business, in the current conditions of a
highly dynamic business environment. The following sounding definition of this specific
term was given by Neely, Gregory, Platts (1995, p. 107) : “the measurement of performance
is the process of action quantification”, and a general view of the general business
performance measurement is found in Neely’s(1999) work.

The necessity of efficiency measurement (Tzouvelekas, Pantzios, Fotopoulos, 2001)
has become dominant due to the following reasons: the frequent registered changes in the
number and structure of the labor force, the permanent change of the power proportion
between the competitors on a particular market (at the level of a particular industry), and
the speed of change in information technology, such as the frequent changes in the external
competing environment (Wadud, 2003).

Suppose we have inputs and outputs for a batch of K firms, similar in their
production activity (Charnes, Cooper, Schinnar, 1977), for which technology is defined
through production functions.
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Figure 1. Analysis methods of economic productive efficiency
Source: Author’s work according to literature in the field.

The evaluation methods of technical productive efficiency (Sharma, Leung, Zaleski,
1999) can refer not only to intermediate inputs and outputs, but also to the global impact
(Asmild, Tam, 2007) at the whole market level, of all specific input factors (Donaldson,
2010, 1987; Robisnon, 1993).

Methodology

Non-parametric methods of measuring technical productive efficiency (Data
Envelopment Analysis DEA)

DEA is a relatively new non-parametric approach (Mukherjee, 2008; Simar, Wilson, 2000)
for evaluating the performance of a set of entities, also called decision-making units (DMU)
(Charnes, Cooper, Schinnar, 1977; Sun, Wu, Guo, 2013) which convert multiple inputs in
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multiple outputs. The main feature of a decision-making unit (DMU) is that it has control
over the production process, converting inputs into outputs.

The conceptual basis of DEA analysis came from Farrell (1957), but was initially
limited to evaluating the performance of multiple inputs and only one output -type of
decision-making units (DMU).

Thanassoulis (2001) explains the fact that within DEA the resources are typically
called inputs and results are named outputs. Inputs and outputs identification within a
decision-making unit (DMU) is extremely difficult.

The inputs must include all resources that determine every possible result (Fare, R,
Grabowski, R., Grasskopf, S., Kraft, 1997). At the same time, all environmental factors
influencing the conversion of inputs in outputs should be mirrored in either inputs and/or
outputs, depending on the direction of this impact.

The DEA analysis is therefore a method of measuring relative efficiency, since DEA
measurements refer to a set of units which we compare. The efficiency score is usually
expressed either as a number between 0 and 1 or as a percentage ranging from 0 to 100%.
Every decision-making unit (DMU) that registers a score lower than 1 or 100% is
considered inefficient when compared to other units.

Since the DEA method was firstly introduced in 1978 (Charnes, Cooper, Rhodes,
1978), research in a number of areas showed that DEA is an excellent and easy-to-use
methodology for modelling operational processes used in performance evaluation (Yan,
Wei, G, 2002).

The DEA models are usually constructed using two specific hypotheses, namely: the
constant returns to scale (the original model was proposed by Charnes, Cooper, Rhodes
(1978) and is known as the CCR model (Charnes-Cooper-Rhodes)) and the variable returns
to scale (the original model was proposed by Banker, Charnes, Cooper (1984) and is known
as the BCC model (Banker-Charnes-Cooper)). It is obvious that the variable return to scale
is associated with the two possible situations, namely: the increasing and decreasing return
to scale respectively.

The DEA method can be thus used to measure firm efficiency, by comparing it with
other homogenous units, through converting the same group of measurable positive inputs
into the same types of measurable positive outputs.

The fundamental hypothesis, which the efficacy measure using the DEA method is
based on, is the homogeneity of both inputs and outputs. Any failure of this hypothesis
would obviously affect the relevance of measuring the efficiency across any set of DMU.

The DEA method, which was developed by Charnes, Cooper and Rhodes (1978) and
both expanded and developed by Zhu (2017), uses mathematical programming models
(Seiford, Thrall, 1990) in order to build the envelopment for crowd of production
possibilities H.

An enveloping surface is composed of the hyperplane parts defined in H, as follows:

il:/iiyi—i;rjxj+¢:0 (D

where A, 4,,...,4,—-7,-7,,...,—7; and ¢ are the hyperplane’s coefficients of the
hyperplane.
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Such a hyperplane is a supporting- hyperplane (meaning that it forms a facet of the
envelopment surface) if and only if all surface points h* are on or under this hyperplane
and, additionally, the hyperplane intersects at least one of these points. These conditions
can be formulated as follows:

| J
DAY — 2T Xy +#<0 fork=12..,K
i=1 j=l

(2)
| J
DAYy —27;X; +¢=0 for some units|.
i-1 =1

In order to estimate the production frontier, we must then solve K mathematical
programming problems, each decision-making unit being at one point in time an evaluator.

Results and discussions

The case study involves measuring the productive efficiency of a group of 42 firms (the
premises of a leading commercial bank in Romania - S.C. BRD GROUPE SOCIETE
GENERALE), based on information from 2016-2017.

We will compare the results of these companies with models from both the DEA
category and SFA econometric models. For data processing we have used the DEAP2.1
systems for the DEA models and FRONTIER4.1 for the SFA econometric models.

The main objective of the paper is to see whether the model that we have used has a
significant importance, if there are any substantial differences between the efficiency scores
obtained or estimated through various methods.

We chose two outputs in our analysis: the turnover figure (01) and the net profit (02)
and four inputs: total fixed assets (11), total current assets (12), total number of stocks (I3), and
the average number of employees (14).

CRS-type of DEA models
The efficiencies for the 2017 activity were calculated in the first instance. These were
followed by the Malmquist productivity indices, which were calculated using both 2016 and
2017 data.

The input orientation will be firstly considered. Both envelopment techniques and
the DEAP system were used to estimate the efficiency and the production frontier.

In the orientation input describing a technology with constant returns to scale, the
2017 efficiency scores for the group of 42 firms are presented in the following table:

Table 1. Input efficiency CRS scores in 2017

. Efficienc . Efficienc . Efficienc
Firm in 2017y Firm in 2017y Firma in 2017y
1 0.854 15 1.000 29 0.518
2 1.000 16 0.621 30 0.285
3 0.889 17 0.492 31 0.113
4 0.634 18 0.857 32 1.000
5 0.795 19 0.493 33 0.584
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6 0.732 20 0.153 34 0.322
7 0.368 21 0.274 35 1.000
8 1.000 22 0.634 36 0.496
9 0.779 23 0.578 37 0.189
10 1.000 24 0.421 38 1.000
11 0.586 25 1.000 39 0.083
12 0.682 26 1.000 40 0.094
13 1.000 27 0.618 41 0.623
14 0.314 28 0.497 42 0.491

AVERAGE 0.594

Source: Authors’ work.

Companies 2, 8, 10, 13, 15, 25, 26, 32, 35 and 38 were found to be effective in 2017.
Interpretation of result of the score for Company 3, for example, is as follows: The company
should reduce proportionally all its inputs 11,1% without reducing its output and then it
becomes effective (the firm's score being 0,889). We have the same interpretation for the
others companies. It is noted that the most inefficient firms in the input are 20, 31, 37, 39
and 40, with a score below 0.2.

For the year 2016, only the decision-making units that had the highest and lowest
The average of the efficiency scores obtained for 2017 is 0,594.

Efficiency scores and those that were the best and the least good in 2017 are
presented. Keeping all 42 companies in the analysis were found to be effective firms: 2, 5, 8,
10, 25, 26, 32, 35, 38, and the lowest efficiency score was obtained by company 40 and not
by 39 as in 2017. Firms 20 and 31 have a very low efficiency score in 2016 too. The results
are presented in Table 2:

Table 2. Input efficiency CRS scores in the years 2016 and 2017

Firm | Efficiency | Efficiency Comments
in2016 in2017

2 1.000 1.000 Efficiency in both years
5 1.000 0.795 Efficiency in 2016, relatively good score in 2017
8 1.000 1.000 Efficiency in both years
10 1.000 1.000 Efficiency in both years
25 1.000 1.000 Efficiency in both years
26 1.000 1.000 Efficiency in both years
16 1.000 0.621 Efficiency in 2016, relatively small score in 2017
32 1.000 1.000 Efficiency in both years
35 1.000 1.000 Efficiency in both years
38 1.000 1.000 Efficiency in both years
40 0.119 0.094 Very low efficiency score in both 2016 and 2017
39 0.129 0.083 The lowest efficiency score in 2016 and 2017
13 0.835 1.000 Relatively high score in 2016, efficiency in 2017
14 0.563 0.314 Relatively small score in 2016, even worse in 2017
20 0.147 0.153 Very low efficiency score in both 2016 and 2017
31 0.122 0.113 Very low efficiency score in both 2016 and 2017

Source: Authors’ work.
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[t is noticeable that firms 2, 8, 10, 25, 26, 32, 35, 38 have remained effective.
Generally, there were no spectacular increases or decreases in the efficiency scores of other
firms, with average efficiency scores in 2016 being 0,638, slightly higher than in 2017.

VRS-type of DEA models
DEA VRS model, input oriented
Constant scale returns CRS is a suitable condition when all decision-making units operate
on the same scale (optimal). Imperfect competition, financial restrictions, etc. can cause
situations when the company cannot act on the optimum scale.

In this situation we are talking about variable returns to scale: increasing (irs) or
decreasing (drs). Thus, the following efficiency scores for 2017 were obtained in the input
orientation describing a technology with variable returns to scale:

Table 3. CRS and VRS efficiency input scores in 2017

Fir Fir
Efficiency in 2017, m Efficiency in 2017, m Efficiency in 2017,
Fir in case of in case of in case of
m
CRS VRS Scal | Typ CRS VRS Scal | Typ CRS VRS | Scale | Typ
e e e e e
1 0.854 | 0.892 095 | irs 15 1.00 | 1.00 - 29 0.518 | 1.00 irs
7 0 0 1 0 0.518
2 1.00 | 1.00 - 16 | 0.621 | 0.682 | 091 | irs 30 0.285 | 0.324 drs
0 0 1 0 0.879
3 0.889 | 1.00 0.88 | irs 17 0.492 | 0.521 | 094 | drs 31 0.113 | 0.189 irs
0 9 4 0.597
4 0.634 | 0.695 | 0.91 - 18 0.857 | 1.00 0.85 | drs 32 1.00 | 1.00 -
2 0 7 0 0 1
5 0.795 | 0.814 | 0.97 - 19 0.493 | 0.515 | 095 | irs 33 0.584 | 1.00 drs
6 7 0 0.584
6 0.732 | 0.782 | 0.93 | drs 20 0.153 | 0.184 | 0.83 | drs 34 | 0.322 | 0.367 drs
6 1 0.877
7 0.368 | 0.391 | 0.94 | drs 21 0.274 | 0.291 | 094 | drs 35 1.00 | 1.00 drs
1 1 0 0 1
8 1.00 | 1.00 - 22 0.634 | 1.00 0.63 - 36 | 0.496 | 0.534 drs
0 0 1 0 4 0.928
9 0.779 | 1.00 0.77 | irs 23 0.578 | 0.594 | 0.97 | irs 37 0.189 | 0.217 irs
0 9 3 0.870
10 1.00 | 1.00 - 24 | 0421 | 0471 | 0.89 | irs 38 1.00 | 1.00 -
0 0 1 3 0 0 1
11 0.586 | 0.623 | 0.94 | drs 25 1.00 | 1.00 - 39 0.083 | 0.092 drs
0 0 0 1 0.902
12 0.682 | 0.711 | 0.95 | drs 26 1.00 | 1.00 - 40 0.094 | 0.112 drs
9 0 0 1 0.839
13 1.00 | 1.00 - 27 0.618 | 0.663 | 0.93 | drs 41 0.623 | 0.673 -
0 0 1 2 0.925
14 | 0314 | 0.354 | 0.88 | irs 28 0.497 | 1.00 049 | irs 42 0.491 | 0.543 irs
7 0 7 0.904
AVERAGE 059 | 0.68 | 0.86 -
4 5 7

Source: Authors’ work.
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In the first column are presented the efficiency scores relative to a CRS frontier, in
the second column are presented the efficiency scores related to a VRS frontier and in the
"Scale" column, their ratio. It is also presented the type of returns to scale, namely: irs for
increasing returns, respectively drs for decreasing returns.

These firms appear to be effective inputs after VRS technology: 2, 3, 8, 9, 10, 13, 15,
18, 22, 25, 26, 28, 29, 32, 33, 35, 38, which have the efficiency score equal to 1. The other
companies can be classified in order decreasing by the efficiency score values. An analysis
of the returns type leads us to the conclusion that only 13 companies in the analyzed lot
have increasing returns to scale, 16 of them having decreasing returns to scale and the
remaining 13 constant returns.

Scale efficiency is calculated as the ratio between the two CRS and VRS results:

TECRS (3)
TEVRS

For the total of 42 companies, the following average results were obtained: TEcgrs =
0,594, TEvrs = 0,685 si SE= 0,867, indicating an envelopment quite close to that given by
CRS technology. The average of 2017 efficiency scores for VRS is higher than that obtained
for CRS.

SE=

The DEA VRS model, outputs oriented
The following table shown the results obtained from the 2017 analysis of the companies:
Table 4. Efficiency scores in VRS in both guidelines in 2017

VRS Efficiency,
VRS E_fficiency, Firm oriented VRS E.fficiency,
Firm oriented Firm oriented
inputs outputs inputs outputs inputs outputs

1 0.892 0.912 15 1.000 1.000 29 1.000 1.000
2 1.000 1.000 16 0.682 0.621 30 0.324 0.475
3 1.000 1.000 17 0.521 0.543 31 0.189 0.345
4 0.695 0.725 18 1.000 1.000 32 1.000 1.000
5 0.814 0.882 19 0.515 0.678 33 1.000 1.000
6 0.782 0.791 20 0.184 0.298 34 0.367 0.421
7 0.391 0.420 21 0.291 0.439 35 1.000 1.000
8 1.000 1.000 22 1.000 1.000 36 0.534 0.643
9 1.000 1.000 23 0.594 0.672 37 0.217 0.324
10 1.000 1.000 24 0.471 0.654 38 1.000 1.000
11 0.623 0.689 25 1.000 1.000 39 0.092 0.111
12 0.711 0.823 26 1.000 1.000 40 0.112 0.134
13 1.000 1.000 27 0.663 0.820 41 0.673 0.782
14 0.354 0.393 28 1.000 1.000 42 0.543 0.652

AVERAGE 0.685 0.793

Source: Authors’ own work.
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An analysis of the type of returns to the scale in the output orientation leads us to
the conclusion that even one of the companies in the analyzed lot does not have increasing
returns to the scale.

For the total of 42 companies, the following average results were obtained TE ¢ =

0,685, TExs = 0,793 and SE = 0,864, indicating an envelopment not very close to that given
by VRS technology.

Conclusions
It should be noted that the fact that in the assumption of constant returns to scale, the
scores are the same for the DEA model with output orientation.

Generally, the two CRS and VRS frontiers are very close, with scale efficiency above
0.9 for most of the companies; only company 28 and 29 has a scale efficiency below 0.5.
Therefore, we can say that firms have an activity close to the optimal technological scale. To
become effective, company 8 will have to reduce proportionally all inputs by about 90%.

In the case of output orientation, reference firms (those located on the estimated
frontier) are: 2, 3, 8,9, 10, 13, 15, 18, 22, 25, 26, 28, 29, 32, 33, 35, 38. It is noticeable that all
firms are on the estimated frontier.

It is easy to see that in the case of the output-oriented DEA-VRS model, the same
firms as the targeted input model were found to be effective. However, it is no longer a rule
that the scores obtained are higher or lower than those obtained in the case DEA-VRS-
oriented inputs. By comparing the scores in the two cases, we note that they have close
values, which was to be expected.
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