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Dibattito corrente 

dea approaches to handle environmental factors
Marialisa Mazzocchitti, Davide Quaglione, Alessandro Sarra

dea approaches to handle environmental factors
Data envelopment analysis (dea) is the most extensively applied method in compara-

tive performance measurement. It is widely known that the basic dea models do not ensure 
a precise efficiency analysis whenever some factors, which are beyond the managerial control, 
considerably impact firms’ performance. Several new approaches have been proposed to over-
come this limitation. The main purpose of this paper is to provide a brief review of the avail-
able dea-based approaches that allow performing a careful efficiency analysis when the per-
formances of the entities under investigation are strongly affected by the operational environ-
ment. A multi level classification of these approaches is also provided.

Keywords: Data Envelopment Analysis, Nonparametric Method, Environmental Factors, Con-
tinuous Variable, Categorical Variable
jel Classification: C14; C61

1.  introduction

One of the main pitfalls in applying a basic dea model to perform an 
accurate efficiency analysis concerns the non-homogeneity of the operating 
environment (Dyson et al., 2001). Oftentimes certain factors – which are 
beyond the decision-making power of the dmus under investigation – make 
uneven the context where the dmus operate. In other words, though dmus 
are homogeneous in terms of transformation process (i.e. they use the same 
inputs to produce the same outputs), some of them could, more than others, 
benefit from favourable contextual factors, or suffer unfavourable pressures 
from the environment. In all such cases, if a basic dea model is used to as-
sess dmus performances, one cannot be sure that an entity obtains a high ef-
ficiency score because it has been efficiently managed; actually, it could have 
merely happened because it benefited from favourable contextual factors. 
Otherwise, an inefficient one may be badly managed or simply experienc-
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ing unfavourable pressures from the environment. That is, comparing dmus 
without controlling for the environmental factors might result in a misinter-
pretation of the results, with differences in the environment being wrongly 
interpreted as differences in the efficiency (Staat, 1999).

This is a well-known issue, to the extent that the need to make the dea 
approaches suitable with the above circumstances has been underlined since 
when the prominent articles of Charnes et al. (1978) and Banker et al. (1984) 
introduced the basic dea models. At present a wide range of alternative ap-
proaches to account for environmental variables is available.

Environmental variables are usually divided into continuous and cat-
egorical (Löber, Staat 2010), and accordingly the new approaches proposed 
for incorporating environmental influences can likewise be divided into two 
groups: a) those which allow handling continuous variables; and, b) those 
which allow handling categorical variables (see Table 1).

2.   dea approaches for handling continuous environmental variables

Two options are available to deal with continuous variables: a1) single-
stage models; a2) multi-stage procedures.

Single-stage models (named also one- or all-in-one- stage models) are ex-
tended versions of the basic linear programming model; in other words, they 
are modified dea models. The first one was proposed by Banker & Morey 
(1986a); then, Golany and Roll (1993) and Ruggiero (1996) suggested some 
adjustments of such model to overcome some of its limitations.

tab. 1.  dea approaches to treat environmental variables

Type of Variable Approach dea Model or dea-based 
Procedure

Continuous

One-stage model
Banker, Morey 1986a
Golany, Roll 1993
Ruggiero, 1996

Multi-stage
procedure

Two-Stage
Ray, 1991
McCarty, Yaisawarng 1993
Bhattacharyya et al., 1997

Three-Stage

Fried et al., 1996
Ruggiero, 1998
Fried et al., 2002
Muñiz, 2002

Four-Stage Fried et al., 1999

Categorical
Hierarchical Modified model Banker, Morey 1986b

Löber, Staat 2010

Non-hierarchical Separation Charnes et al., 1981
Grosskopf, Valdmanis 1987
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Banker & Morey (1986a) proposed a reformulation of the basic dea 
model with variable returns to scale to handle exogenously fixed inputs or 
outputs; but it has also been used with variables that may influence producer 
performance, even though they are neither inputs nor outputs of the produc-
tion process itself. Thus, environmental variables are treated as non-discre-
tionary inputs and outputs (see, for example, De Jaeger, Eyckmans, Rogge, 
Van Puyenbroeck 2011; and Lozano-Vivas, Pastor, Pastor 2002). The authors 
suggest inserting the exogenously fixed variable directly into the objective 
function, along with discretionary inputs and outputs (depending on the in-
fluence direction of the exogenous variable); but since the extent to which an 
exogenous variable may be reduced without requiring an outputs reduction 
(if it is treated as an input), or increased without requiring an inputs expan-
sion (if it is treated as an output), would be a meaningless result – given that 
it is exogenously fixed, so the managers may not in any event reduce or in-
crease it – a constraint has to be added to the problem, to specify that it is 
kept constant. This model is applicable if and only if the direction of each 
included environmental variable upon efficiency (i.e. whether a specific vari-
able is favourable or detrimental to production) is known in advance.

Golany and Roll (1993) make the Banker and Morey (1986a) model 
suitable for handling non-discretionary inputs and outputs simultaneously; 
moreover, they propose an adaptation of the same model for the treatment 
of partially controlled inputs and outputs. In particular, when there is a level 
below which an input cannot be reduced, Golany and Roll suggest splitting 
the total amount of that input into the discretionary portion and the non-dis-
cretionary portion. The first portion will be entered into the objective func-
tion of the linear programming model, while the non-discretionary one will 
become an additional constraint.

Ruggiero (1996) proves that the Banker and Morey (1986a) model leads 
to biased results because, assuming convexity for all factors (both discretion-
ary and non discretionary), it does not properly restrict the reference set; so, 
to overcome this issue, he developed an adjusted version of the model which 
includes more constraints to exclude from the comparison set the dmus that 
face a more favourable environment. In this way, each dmu may have as a 
reference only the dmus that are facing similar or worse environmental condi-
tions. A subsequent paper by the same author (Ruggiero, 1998) shows that 
the new model cannot handle multiple non-discretionary factors; in order to 
overcome this weakness the author proposes a novel approach that will be 
described below, along with other three-stage procedures.

The main characteristic multi-stage procedures have in common is that 
they require estimating a traditional dea model without taking into account 
the role of external factors, in the first stage, and then detect the impact 
of the environmental variables on efficiency dea based measures, in one or 
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more additional stages. These approaches can be classified into two-, three- 
and four-stage procedures.

In two-stage procedures, dea technique is used in conjunction with other 
econometric or statistical techniques, like regression analysis and Stochastic 
Frontier Analysis (sfa). More in details, as in the first stage a traditional dea 
model is run with only discretionary variables, while the second stage is used to 
factor out the effect that environment has on production, thus on dea scores.

Ray (1991) and McCarty & Yaisawarng (1993) suggest performing a re-
gression analysis, in the second stage, where dea efficiency measures are re-
gressed on a set of variables representing environmental factors believed to 
be affecting the performance of the dmus under investigation. The estimat-
ed model is then used for the calculation of the maximum efficiency score 
achievable by a particular dmu given the specific level of the environmental 
variables; and the difference between this predicted value and the efficiency 
score calculated in the first stage (the residuals) will be taken as a measure of 
the managerial inefficiency which is not caused by external factors. Hence, 
according to these authors, the technical inefficiency of a dmu should be 
measured comparing the dea score obtained with the maximum level achiev-
able by the same dmu given the conditions of the operational environment, 
rather then measuring its distance from the best practice production frontier.

While Ray apply the Ordinary Least Square (ols) method for estimating 
the value of parameters, McCarty & Yaisawarng (1993) adopt the censored 
regression model known as the tobit model. Which regression method is 
better or best when used in conjunction with the dea analysis is a question 
that has been deeply investigated in several studies (Banker, Natarajan 2008; 
Hoff, 2007; McDonald, 2009; Ramalho, Ramalho, Henriques 2010; Simar, 
Wilson 2007); nevertheless, it remains still open (Liu, Lu, Lu 2016).

The two-stage procedure proposed by Bhattacharyya, Lovell, & Sahay 
(1997) is different from the previous two because these authors specify the 
second-stage explanatory regression as a stochastic frontier regression model, 
rather than an ols or tobit model. They argue that when using an ols or 
tobit model, the risk exists that a part of variation in the calculated efficien-
cies remains unaccounted for, ending up mixing with the white noise error 
term and contaminating the estimated regression coefficients. Instead, with 
the stochastic frontier regression model the entire variation in calculated ef-
ficiencies is decomposed into three parts: one is associated to exogenous fac-
tors (that the authors call «systematic source of variation»); the second is the 
white noise error term; the remainder one is a «one-sided component» that 
captures the part of efficiency variation which is not associated with the ex-
planatory variables included in the model.

In three-stage procedures, a dea model is run at least in the first and in 
the third stage, in the latter case with the data adjusted in the second stage.
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Fried & Lovell (1996) developed the first three-stage procedure totally 
based on the use of the dea technique; namely, three dea sequential stages 
are designed to obtain an evaluation of the managerial performance. In par-
ticular, a dea model (let’s suppose it be an input oriented one) with only dis-
cretional variables is performed in the first stage. Total input slacks calculat-
ed at the end of this stage become inputs of a radial input oriented second-
stage model, the outputs of which will be environmental variables. For those 
dmus that are not situated on this second estimated frontier, their distance to 
the frontier is used to increase the original value of their discretional inputs. 
The adjusted input data and the original outputs are used to estimate a third 
dea model; this last one allows obtaining an assessment of the efficiency and 
the corresponding classification of dmus once the effect of environmental 
variables on their performances has been compensated.

Muñiz (2002) criticises the way in which the original input data are ad-
justed between the second- and the third-stage and proposes a modification 
for the just mentioned procedure. More in detail, he suggests a) to identify, 
at the end of the second stage and for each dmu, the coordinates of the point 
on the efficient frontier used as a benchmark for it (target) – according to 
Muñiz, this is the part of each slack attributable to the environmental factors, 
that can be interpreted as the portion of the inefficiency that an entity in-
evitably suffer given the (fixed) values assumed by environmental variables – 
and b) to subtract these values from original input data.

The three-stage procedure proposed by Fried, Lovell, Schmidt & Yaisa-
warng (2002) is only partially dea-based; in fact, each total input slack cal-
culated at the end of the first stage become a dependent variable in a second 
stage sfa regression model, with the observable environmental variables as 
the independent ones. The authors claim that the inefficiency detected within 
the first stage integrates managerial inefficiency, environmental influences, 
and statistical noise arising from measurement errors; and the sfa regression 
model allows decomposing each total slack calculated into these three com-
ponents. Once the parameters and the statistical noise have been obtained, 
all data required to adjust original input data are available. In order to level 
the playing field, the authors prefer to adjust upward the inputs of producers 
who have been advantaged by their relatively favourable operating environ-
ments or by their relatively good luck. At the third stage, the same dea mod-
el estimated in the first stage is run, using input adjusted values and original 
output data. Thus, at the end of the third stage, the evaluation of the solely 
managerial efficiency is obtained.

Ruggiero (1998) proposes a three-stage procedure where the efficiency 
measures given by the dea model estimated (using only discretionary vari-
ables) in the first stage are regressed on a set of variables representing the 
environmental factors in the second stage. The estimated coefficients are then 
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used to build an index of overall environmental harshness that is included in 
the third stage linear programming model (which is the modified dea model 
proposed by Ruggiero, 1996).

A four-stage procedure for obtaining a measure of the managerial effi-
ciency, that controls for the exogenous feature of the operating environment, 
is introduced by Fried, Schmidt & Yaisawarng (1999). A dea model (again, 
let’s suppose it be an input oriented one) with controllable factors is estimat-
ed in the first stage to calculate the total slack for each input. To quantify 
the effect of external conditions on the excessive use of inputs, in the second 
stage, each total input slack becomes the dependent variable of a regression 
equation, where the independent variables are measures of the environmental 
conditions applicable to the particular input. Using the estimated coefficients 
and real data on external variables, in the third stage, predicted total input 
slack for each input and for each unit are calculated. These predictions are 
used to adjust for the influence of environmental conditions input data used 
in the first stage. In the fourth stage, the dea model estimated in the first 
stage is used, but with the adjusted values. Eventually, an efficiency measure 
is obtained which is not affected by environmental factors.

3.   dea approaches for handling categorical environmental variables

Within the set of categorical variables, we can distinguish those that allow 
establishing a specific order among categories (hierarchical or ordinal vari-
ables) from those that do not allow ranking categories according to any spe-
cific order (non-hierarchical variables).

To deal with a hierarchical variable, one can select the modified model 
proposed by Banker & Morey (1986b) or that of Löber & Staat (2010).

Banker & Morey (1986b) suggest a way to carry out correctly an efficien-
cy analysis through dea when the dmus under investigation operate in differ-
ent competitive environments. Since the comparison should be made among 
entities with fairly similar general conditions, though a traditional dea model 
does not guarantee that this happens, Banker and Morey propose a modi-
fied model that ensure that the reference group of each dmu is composed of 
dmus operating in an even more difficult or unfavourable situation. More in 
details, one of the constraints of the traditional dea model has been replaced 
by three new constraints created to exclude from the reference set of a given 
dmu the ones that benefit from a more favourable situation (i.e. that belong 
to higher categories). The case study they use to illustrate an application of 
the proposed modified model concerns pharmacies operating in communities 
with different sizes. The size of communities is a continuous variable trans-
formed into the categorical hierarchical variable. They categorize the market 
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size into 11 categories and classify pharmacies according to this categoriza-
tion; then, in order to avoid that the ones located in smaller communities be 
compared to peers located in larger communities, they adopt the proposed 
modified dea model to evaluate each pharmacy.

Löber & Staat (2010) observe that the Banker & Morey (1986b) model 
has rarely been used for empirical studies because it requires extensive data 
manipulations and numerous reformulations of new program codes; so they 
propose a more flexible solution to handle with categorical hierarchical vari-
ables (but extensible also to non-hierarchical data) that require neither pro-
gramming nor repeated dea runs. Their proposal relates to the construction 
and the inclusion into the dea model of «indicator variables» that allow simi-
lar dmus to be grouped together.

Charnes et al. (1981) propose a procedure to handle non-hierarchical 
categorical variables and apply it to a case where the categorical variable is 
dichotomous (or binary). The proposed procedure consists in splitting the 
set of dmus into two subsets and run two separate dea models, one for each 
subset. Once all the dea scores are obtained, the inefficient entities must be 
projected on their frontier. Projected points will be used to estimate a new 
unique dea model. This allows the assessment of any difference in the mean 
efficiency of the two sub-samples.

A procedure quite similar to that proposed by Charnes et al. (1981) has 
been used by Grosskopf & Valdmanis (1987) for assessing the relative per-
formance of public and not-for-profit Californian hospitals. They first run a 
dea model for all dmus to obtain an «overall efficiency index» for each of 
them. Then, they partition the sample by ownership and calculate the effi-
ciency of each observation relative to its separate ownership group’s frontier, 
named «within-group efficiency index». Calculating efficiency for the pooled 
as well as the partitioned samples allows them to calculate also the «between-
group efficiency». At the end, they compare the best practice frontiers of 
public and not-for-profit hospitals and decompose the efficiency based on 
the pooled sample into a within group and between group component.
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