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PART I: Overview of the dissertation

1. Background of the thesis

The traditional economic theory highlights that all firms operate efficiently. 1
For example, the most common behavioural assumption imposed on firms,
profit maximization, implies that with given prices, firms produce the highest
possible output from given inputs and that they do this with the lowest
possible cost (Mas-Colell, Whinston, and Green, 1995). In terms of
production function, this means that the production function applies to a firm
when it is producing the maximum possible output from its inputs, which
implies that its productivity is maximized. Thus, if we interpret the
traditional theory very narrowly, all firms observed in the markets are
technically efficient since inefficient firms are ultimately driven out from the
markets. Obviously this is not the case. We do observe inefficiency and large
productivity differences among firms. For example Syverson (2011) points
out that persistent productivity differences are present virtually in all types of
industries. 2 Syverson examines the determinants of productivity differences
in detail and roughly categorizes them to intra-firm determinants and external
determinants. The latter are related to the market conditions or, more
generally, to the operation environment of firms. The former, on the other
hand, relate to managerial talent, learning and R&D, among others. Over
these factors firms usually have some control. As the following discussion
will make it evident, this thesis is more concerned about the external
influences of operating environment on productivity.
In order to make some practical judgements about the level of
productivity, the amount by which productivity can be improved should be
quantified. Indeed, it would be very hard for firm managers to make
decisions concerning productivity if they were unaware about the
productivity target that they should obtain. Identifying this target effectively
1

For the sake of simplicity, we use the term ‘firm’ to refer to any entity that engages in
production activities. The discussion and the methods applied in this thesis extend
themselves for example to countries and public service providers which do not directly fall
under the typical interpretation of a firm.
2
Syverson uses the terms productivity and efficiency interchangeably. However, to be
exact, (technical) efficiency is just one component of productivity (change), which includes
also technical change and scale components, which account for productivity change due to
change in technology and deficit in production, due to suboptimal scale size. But of course,
lower efficiency means lower productivity.

1

means that the firm's operations should be compared to some ideal
technology which describes the optimal way of production.
However, such theoretical ideals hardly exist, except maybe in
engineering, and the technology has to be estimated from the observed data.
Thus what is actually done is a comparison to the best observed practices of
the industry. The conventional approach is to estimate a production or a cost
function via the usual linear regression methods. Unfortunately, these
methods do not explicitly acknowledge the presence of technical inefficiency
as they are constructed upon the traditional economic theory. Firms are still
assumed to succeed in their optimization of production in terms of technical
efficiency. Although conventional empirical models do allow deviations
from optimal production, these models usually downgrade these deviations
simply as a statistical error without much interest to the analyst. That is, the
resulting residual is seen only as an estimation error, and the interest is in the
parameters of production function itself (see the discussion in Kuosmanen &
Fosgerau, 2009). In cases where the residual is considered interesting, it is
then lumped as a single productivity measure without further considerations
of its content (see e.g. Abramowitz, 1956; Syverson, 2011). The interest of
further research has then mainly been to study the factors that explain
variations in this residual and not so much the magnitude of the residual.
Nevertheless, it is problematic if we do not have a very clear idea about
what the residual itself actually contains. Through conventional modelling, it
is practically impossible to identify the size of the residual part attributed to
technical inefficiency and for example to measurement errors or specification
errors of the model. This is fine if the interest indeed lies only in the
production function parameters. But for managerial decisions, it would be
important to explicitly identify the measure of inefficiency out of that
residual. This has led to the development of methods that allow us to
explicitly model this inefficiency.
Since the end of 1970's, the field of productivity and efficiency analysis
has seen a surge of applications of so-called frontier methods, namely
nonparametric data envelopment analysis (DEA) and parametric stochastic
frontier analysis (SFA). Grounded on the path-breaking work of Farrell
(1957), these methods were developed by Charnes et al. (1978; DEA) and
Aigner et al. (1977; SFA) to estimate the efficient (production) technology of
2

firms under the presence of technical inefficiency. This allowed the analyst
to compare the performance of individual firms against technology that is
efficient and to assess the possible magnitude of inefficiency. Over the years,
the application areas of these methods have ranged from the micro level to
the aggregate macro level. In their survey of the literature, Fried et al. (2008)
identified around 50 different areas in which these methods have been
applied. One especially prominent field of applications, a field relevant also
in this thesis, has been the performance of public services such as utilities
(see e.g. Coelli and Lawrence, 2006). For example, many countries use these
methods to incentivize electricity distribution companies to operate costefficiently. Otherwise, these companies are little incentivized to act so, due to
their natural monopoly status (Bogetoft and Otto, 2011, Chapter 10).
Besides a plethora of empirical applications, there has been a lively,
more theoretical debate over the relative merits and downsides of both of
these methods as for a long time many considered DEA and SFA as
competing alternatives to each other. Although the debate may have got
some more neutral tones in recent times, a huge body of work has been
devoted to pinpoint the pros and cons of each method and to develop
extensions of them to account for their defects (see a summary of these
extensions in Fried et al., 2008). Although both methods have greatly
evolved from their original forms, no clear winner of this methodological
race has emerged. If anything, the comprehensive Monte Carlo simulation
comparisons of the methods conducted over the years only identify different
circumstances in which each method works (see e.g. Gong and Sickles, 1992;
Banker et al., 1993; Andor and Hesse, 2013).
One major area of extensions for all frontier methods has been that of
accounting for heterogeneity of operating environment of the firms. For
example, in it is basic form DEA does not make any explicit mention of the
operating environment. Instead, as Dyson et al. (2001) point out, there is an
“unwritten” assumption in basic DEA that the firms should be operating in a
relatively similar environment. Neither does basic SFA explicitly model the
operating environment. Intuitively it is clear that comparison between any
firms is meaningful only if they operate in a relatively similar environment.
Otherwise, some firms may seem inefficient only because of their worse
environment, not because there is some actual inefficiency present. This
3

concern is not new, and already about twenty years before the introduction of
DEA and SFA, Hall and Winsten (1959) saw efficiency comparisons
between firms operating in different environments as questionable.
Consequently, a number of solutions for accounting for the production
environment heterogeneity have appeared in both DEA and SFA literature
(see e.g. Coelli et al., 2005; Fried et al., 2008; section 3.6 of this
introduction). One area of heterogeneity, namely riskiness or uncertainty of
production environment, has not however received major attention in the
frontier literature. The study of production risk, that is, the variance of output
due to exogenous shocks, however has a long tradition in agricultural
economics (Just & Pope, 1978; see also Moschini & Hennesy, 2001). The
basic premise is, of course, that the higher variance implies riskier production
environment.

3

Since production environment arguably affects output, we

expect that the variation in environment has implications also for the
efficiency measurement. For example, consider two farms identical in all
other respects besides the weather conditions in their area. Thus we assume
also that the two farmers concerned are equally efficient in turning their
inputs to output(s). If farmer 1 faces more variable weather conditions, then
arguably the variation in weather also affects the variation of output. As a
consequence, direct efficiency measurement not acknowledging the
difference in the riskiness of the operating environment confounds the
shortfall in farmers’ output due to weather as inefficiency.
From the previous simple example we see that examining performance
without considering the variability or riskiness of that performance may
mislead our analysis. Furthermore, it clearly demonstrates the importance of
exogenous factors in operating environment that are mostly out of firms’
control. Thus it is also important to study how these factors contribute to
performance. Regarding risk, studying the variation of performance directly
gives us information about the riskiness of the environment that the firm
operates in. Moreover, such an analysis would give us information on how
the performance variability can be controlled with the input use, for example.
3

The traditional modelling of risk or uncertainty in production is based on typical
production function with a stochastic error (see e.g. section 3.6 below). A more recent line
of research, the so-called state contingent approach, attempts to model production
uncertainty through different uncertain states of nature, which imply state-specific
production (see e.g. Quiggin and Chambers, 2006 and the references therein).

4

Clearly, such information would be valuable for any risk-averse agent, who
prefers a modest return - low risk scenario over a high return - high risk
scenario, as they obviously would like to control the risk they face. In the
next section we discuss in more detail how this thesis approaches the
problem of risk in productivity and efficiency analysis.

5

2. Objectives of the thesis
Given the above background, the objectives of the thesis are broadly twofold.
The first objective is methodological. It seems obvious that the chosen
method should try to account for operating environment and also avoid some
of the shortcomings of the so-called traditional methods. Thus this thesis
systematically applies a relatively new stochastic semi-nonparametric
envelopment of data (StoNED) framework developed by Kuosmanen and
Kortelainen (2012). To study the effects of operating environment, we apply
the notable extension of the framework by Johnson and Kuosmanen (2011).
Since risk is inherently a stochastic phenomenon, the StoNED method seems
suitable to study risk. As its name suggest, StoNED includes a stochastic
element in its modelling framework. In this thesis, the method is applied to a
wide variety of applications, ranging from aggregate productivity to energy
markets. This shows the wide applicability of the chosen method, and it
demonstrates the fact that heterogeneity is a concern at different levels of
aggregation, be it on the level of industry or economy as a whole. The
original contributions within the thesis will give a complete overview of this
framework and its extensions. The use of the StoNED method and the
traditional methods is also compared in the context of Finnish regulation of
electricity distribution.
The second objective is naturally to examine the role of risk in
productivity and efficiency analysis. Since risk or uncertainty is defined in
terms of variance in this study, we utilize typical econometric tools and
concepts related to heteroscedasticity to examine the issue. Very roughly,
heteroscedasticity means that the variance of a certain random variable is a
function of some other variables. In other words, instead of having the same
variability throughout its distribution, the variance of a random variable
changes due to changes in some other variables. For example, we often
observe that the variance of growth rates is smaller among large firms than
among smaller firms (see e.g. Hall, 1986; Dunne & Hughes, 1994). This
might be because smaller firms are often younger and are yet to be so
stabilized in their operations. In the context of this thesis, we naturally are
interested to model the performance variation as a function of variables
7

which describe the operating environment of the firms. Note that in this
thesis we consider production risk that is due to the variation in performance
as a manifestation of risk. Obviously, uncertainty can manifest itself in
production also in other ways, for example as price uncertainties in input or
output prices or risks related to investments.
This thesis argues that the concept of heteroscedasticity is not yet fully
understood in productivity and efficiency analysis utilizing frontier models
(Saastamoinen,

2013).

As

discussed

above,

the

thesis

views

heteroscedasticity in terms of risk. Thus we see it as an issue with economic
meaning besides being purely an econometric problem. The original
contributions of the thesis study this issue from different angles. More
specifically, the connections between heteroscedasticity, inefficiency and risk
are first studied on a conceptual level. A rather superficial gap in the
literature between these topics is identified, the three concepts being closely
related. The empirical applications study the heteroscedasticity issue in two
different contexts. First, the connection between aggregate macro-level
productivity

and

institutions

is

studied

from

the

viewpoint

of

heteroscedasticity. This study suggests that the confounding relationship
between corruption and aggregate productivity can be explained by the socalled macro risk effect, that we examine through heteroscedasticity. Second,
heteroscedasticity is studied in the context of electricity distribution in
Finland. Especially we examine how investments in underground cabling
within the electricity distribution industry in Finland affect the riskiness of
operations in terms of interruption costs. This is interesting from the policy
perspective because both, the low general level of interruptions and their
small variability can be viewed as measures of good service quality.
Before we discuss the research articles in more detail, it is necessary to
define the basic concepts that are needed to understand the overall context of
the thesis. Especially we need to understand the concepts of production
technology and heteroscedasticity and familiarize ourselves with the methods
to estimate the production technology.
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3. Production technology

As much of the thesis concentrates on the empirical estimation of best
practices in terms of production (output) or costs, it is critical to understand
what these empirical methods estimate. For that we need to lay down the
theoretical foundations of production. That is, we need to define the
production possibilities of the firm and how the estimated production and
cost functions relate to these possibilities. As more detailed presentations of
the material of this section can be found from multiple books, the section is
kept relatively brief (see e.g. Fried et al., 2008; Hackman, 2008; Coelli et
al., 2005; Kumbhakar and Lovell, 2000; Färe and Primont, 1995). The
notation in this section generally follows those presented in Fried et al.
(2008) and Kumbhakar and Lovell (2000).
Since this thesis deals with both production and cost functions, it is
important to note that the same technology which is characterized through
the technical possibilities of production can also be identified through the
cost minimization problem of the firm. This is known as the duality in
economics (Diewert, 1974). Sometimes the other characterization is more
suitable to model the objectives of the firm than the other. Indeed, the dual
characterization allows us to model a richer set of the firms' economic
objectives, not just the primal technical possibilities characterized by inputs
and the corresponding outputs. For example, regulated (e.g. electricity
distribution firms) companies often take their outputs as given and thus
cannot be assumed to maximize production. However, it is reasonable to
assume that they aim to produce their outputs with minimum costs. Thus the
appropriate

behavioural

assumption

for

such

companies

is

cost

minimization as they cannot affect their revenue/profit through output
adjustment (see e.g. Färe and Primont, 1995).

3.1 Firms' production possibilities
In its widest sense, we can define technology as a process where inputs x are
transformed to outputs y (see e.g. Hackman, 2008). However, it is more
informative to speak of production possibility set (PPS) when referring to
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technology as this terminology explicitly defines technology as the technical
possibilities of the firm. In other words, PPS consists of all combinations of
inputs x that can produce outputs y. For the moment, we are speaking of
multiple input, multiple output characterizations of technology and thus we
refer to outputs and inputs as vectors y and x. However, when we later move
from the set theoretic representation of technology to the production
function representation, we consider output y as a scalar, which can be an
aggregation of many outputs. It is nevertheless convenient to characterize
the technology first explicitly for multiple outputs, a single output case
being just a special case of it.
More formally, consider that we have m number of inputs and s
number of outputs, which all are assumed to obtain values from the nonnegative segment of the real axis. The production possibility set (PPS) can
be defined as

T

{(x, y ) m  s | x can produce y}

(1)

The definition in Equation (1) includes all possible input-output
combinations, not only those that are observed in empirical data. Although
obvious, it is often stated explicitly as an elementary assumption on the
technology that all observed input-output combinations belong to the above
theoretical technology. However, there are no further assumptions on this
technology as yet. Nevertheless, in order to guarantee that the technology is
well-behaved, we impose the following axioms listed below on the
technology (see e.g. Kumbhakar and Lovell, 2000).
A1: ( x,0)  T and (0, y )  T .
A2: T is a closed set.
m
A3: For each input x  , T is bounded.

A4: If ( x, y )  T then (D x, y )  T for some D t 1 .
A5: If ( x, y )  T then ( x, D y )  T for some 0 d D d 1 .
[A6: If ( x, y )  T then ( x , y )  T ( x , y ) d ( x, y ) ]
[A7: T is a convex set.]
The assumption A1 implies that inactivity is possible and that output(s)
cannot be produced without any inputs. A2 guarantees that the production
10

possibility set includes the technically efficient input-output combinations.
In other words, the set contains its boundary since it is closed. Assumption
A3 states that producing an infinite amount of output from some given
amount of (finite) input is not possible. A2 and A3 together imply that the
maximum amount of output that can be produced from given inputs lies on
the boundary of the set. A4 and A5 impose weak disposability on inputs and
outputs. In practice, these two assumptions allow that more inputs can used
to produce the same amount of output or that less output can be produced
with the same amount of inputs. The adjustment of inputs and outputs is in
proportion to the factor D for all inputs or outputs when weak disposability
is assumed. Assuming a more general form of adjustment, which might
concern only a subset of inputs and outputs, strong (free) disposability
should be assumed instead (Assumption A6). 4 In A6 we have assumed free
disposability on both inputs and outputs. We can also assume that inputs and
outputs have disposability properties that are different from each other. For
efficiency measurement, disposability is essential as inefficient activities are
allowed to exist by assuming disposability. Assumption A7 imposes the
production possibility set to be a convex set. Assuming convex PPS is not
mandatory as non-convex technologies can be assumed, but it is required to
establish duality results as shall be discussed in Section 3.5. Convexity is
also a critical assumption for many estimators which rely on convexity to
estimate the technology.
In addition to the above assumptions, the technology is assumed to
exhibit certain returns-to-scale properties. The most generic assumption is
that the technology has variable returns to scale (VRS), which allows either
decreasing, constant or increasing returns to scale to be present at different
parts of the technology. None of the returns-to-scale assumptions need to be
taken as given, as they can be tested empirically (see e.g. Banker and
Natarajan, 2011). Below we start from the constant returns-to-scale (CRS)

4
Note that free disposability implies the technology is monotonic in terms of both inputs
and outputs. In other words, it means that when inputs for example increase, outputs should
stay the same or increase. There are cases where for example inputs cannot be freely
disposed. Weak disposability allows that increments in inputs may lead to a decrease in
output, which is often labelled as input congestion (see e.g. Rødseth, 2013). Another
situation where weak disposability is a reasonable assumption is in modelling bad outputs
(e.g. pollution), as a bad output might not be freely disposed to keep the good output as
fixed (Färe et al., 1989).

11

assumption and then present the assumptions of decreasing and increasing
returns-to-scales in relation to that.
A8: Constant returns to scale: For all O ! 0 , it holds that T

OT .

The assumption A8 means that if we scale the inputs up or down by any
positive factor O , then outputs are scaled by the same factor. With this
notation, increasing returns to scale means that when scaling inputs upwards
with some scaling factor Ox ! 1 the increase in outputs is more than
proportional, that is O y ! Ox . Decreasing returns to scale naturally means
the exact opposite, that is O y  Ox , for all O y , Ox ! 1 .
Alternatively, the technology can also be represented by means of input
and output sets, as shown below. Input set and output set are two equivalent
ways of representing technology, and in the next section they allow us
conveniently define efficiency either in terms of output expansion or input
contradiction through distance functions.
Output set: The output set P ( x ) {y : ( x, y )  T } describes all possible
output vectors that can be produced with a given input vector
using technology T.
Input set: The input set L( y ) {x : ( x, y )  T } describes all possible input
vectors that can produce a given output vector using technology
T.
Since these sets are defined in terms of the original set T given in Equation
(1), the sets P ( x ) and L( y ) inherit its corresponding properties. Thus we do
not reproduce here the listing of the properties of P ( x ) and L( y ) anymore
(see e.g. Coelli et al., 2005). Given the sets P ( x ) and L( y ) , we could
explicitly define also output and input isoquants and input/output efficient
subsets of P ( x ) and L( y ) (see e.g. Fried et al., 2008). We shall omit their
exact definitions, as for our purposes it suffices to define distance functions
and efficiency directly in terms of P ( x ) and L( y ) only.
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3.2 Distance functions
Following the definition by Koopmans (1951), improving the efficiency of
production in practice means two alternative adjustments to the production
process. Either you expand the level of output(s) towards the maximum
output(s) that can be obtained using a given set of inputs or you contradict
the amount of input(s) towards the minimum level of input(s) required to
produce the given level of output(s). As we see below, distance functions
characterize technology in terms of these adjustments. This implies that the
Debreu-Farrell (Debreu, 1951; Farrell, 1957) measure of technical
efficiency,

which

seeks

maximal

radial

expansion/reduction

outputs/inputs, can be directly defined in terms of distance functions.

in

5

Shepard (1953) defines the input distance function as follows: 6
DI ( x , y )

max{O : ( x / O )  L( y )}

(2)

In other words, the distance function in Equation (2) seeks the maximum
contradiction in inputs so that those inputs still can produce the given output
level y. The output distance function defined by Shepard (1970), as given in
Equation (3), on the other hand seeks the largest expansion in outputs so that
those outputs can still be produced with the given inputs: 7
DO ( x, y )

min{O : ( y / O )  P ( x )}

(3)

Given the above definitions of distance functions, we see that, if either of
the distance functions obtains the value of one, the adjustments of inputs or
outputs are not possible. That can be regarded as efficient in the sense that
no more output can be produced with given inputs or no inputs can be
reduced in order to produce a given output level. It also directly follows, by
construction, that DI ( x, y ) t 1 and DO ( x, y ) d 1 . That is, the input amount

5
The definition of Koopmans and the Debreu-Farrell measure do not fully coincide.
Koopmans's definition implies also non-radial adjustments. This is known as a slackproblem in the Debreu-Farrell measure. Technical efficiency in Koopmans's sense is a
stricter requirement than in Debreu-Farrell's sense. For our discussion. this distinction is
however immaterial.
6
See Färe and Primont (1995) for a detailed presentation of distance functions.
7
In fact, the exact definitions use infimum and supremum instead of minimum and
maximum (see e.g. Färe and Primont, 1995). For simplicity, many authors however use the
more intuitive minimum and maximum definitions.
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can only be reduced towards the minimum required input level and the
output amount can only be expanded towards the maximum possible output.
Notice that the distance functions inherit the corresponding properties of
input and output sets, which obtained their properties from technology T.
Now that we have defined the distance functions, we can formally
define the Debreu-Farrell measures of input and output technical
efficiencies (TE) as follows:
Input (technical) efficiency:
TE I ( x, y )

min{T : T x  L( y )} 1 / DI ( x, y )

 TE I ( x, y ) d 1

(4)

Output (technical) efficiency: 8

TEO ( x, y ) [max{I : I y  P( x )}]1
 TEO ( x, y ) t 1

[ DO ( x, y )]1

(5)

We can see that the measurement of efficiency is intrinsically related to
distance functions. This definition of technology allows us to make explicit
statements about the efficiency of each firm since distance functions measure
the distance of observed production to the optimal technology. In practice,
we must estimate the technology (distance functions) from empirical data.
Before we discuss some estimators that can be utilized in estimation, we will
define technology in terms of characterizations that are more familiar to most
economists, namely in terms of production and cost functions.

3.3 Production function
In the previous section, distance functions allowed us to easily characterize
multi-output multi-input technology. If we can assume that the firms are
producing a scalar output, either one output or some aggregate of many
outputs, then technology can also be defined in terms of production
function. It is soon clear that everything said about distance functions also

8

Here it is assumed that the efficiency is measured as the ratio of optimal to the observed.
Some authors define TEO ( x, y ) max{I : I x  P( x )} DO ( x, y ) so that also TEO ( x, y ) d 1 .
But the definitions in (4) and (5) more naturally correspond to reduction/expansion of
inputs/outputs.
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applies to the production function, since production function is a special
case of the above distance function characterization.
The standard definition of production function defines it as the maximal
output that can be produced from given inputs (see e.g. Varian, 1992). More
formally we define production function as given in Equation (6).
f (x)

max{ y : ( x, y )  T }

(6)

Note that only inputs are now denoted by a vector since only one output is
produced. Clearly, we can immediately see that the production function
defines a boundary of the technology defined in Equation (1). Of course, we
have assumed that T is known and the production function can be defined as
the boundary of T. Equally we could start from a known production function
and define technology in terms of the known function as shown in Equation
(7). This latter definition is in fact more relevant for the present purposes, as
it is our aim to estimate the production function and thus recover technology
through that function. Färe and Primont (1995) state that under rather mild
conditions these two approaches characterize the same technology, that is
T

T '.

T ' {( x, y ) : f ( x ) t y}

(7)

Given the above definition of production function, we can directly define the
output distance function and output technical efficiency in terms of
production function as given in Equations (8) and (9). As a consequence, we
can also define the production function in terms of a distance function.
DO ( x, y )

y / f (x ) d 1

 f (x)

y / DO (x, y )

TEO (x, y ) [ DO (x, y )]1

(8)

f (x) / y t 1

(9)

The equations above show the direct relation between distance functions
and the production function. Again, as with distance functions, in practice
we should estimate the production function from observable data in order to
recover technology and assess technical efficiency.
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3.4 Cost function and the duality relationship
The previous sections defined technology purely in terms of physical
quantities of inputs and outputs. No assumptions about the economic
behaviour of firms were made. It was only assumed that they utilize their
resources as efficiently as possible. Often the success or a failure of a firm
is, however, measured in economic terms. Thus it would be desirable to
impose some economic behavioural assumption, such as cost minimization
or revenue or profit maximization, on the firms. This way we could measure
the performance of the firms with respect to these economic criteria. To
achieve this, we need to identify the economic benchmarks; in other words,
we need to estimate cost, revenue and profit functions. This again implies
that we are trying to recover the technology of firms by using economic data
besides the physical quantities of inputs and output. Besides production
functions, we focus on cost functions, as both are dealt with in this thesis.
But with appropriate modifications the issues of the thesis would extend to
revenue and profit functions.
One concern that arises is whether the technology we identify when
utilizing economic objectives differs from that where we use only physical
quantities of inputs and outputs. If so, it would be difficult to say which
technology is the correct one. Luckily, as already briefly stated, the duality
theorem provides the means to connect the physical characterization of a
technology to its economic characterization. It shows that the technology
identified in either way is essentially the same as the physical production
possibilities necessarily precede the economic possibilities of a firm. But
before establishing duality results, we need to formally define a cost
function.
With a cost function we are not restricted to examine a single output
case as costs of producing multiple outputs can simply be aggregated into a
single monetary value. The definitions below, of course, apply in single
output case if we replace the distance functions with corresponding
production function definitions. Formally, cost function can be defined as in
M
Equation (10). The cost function is a function of input prices w  and

outputs y .

c( y, w )
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min{w ' x : x  L( y )}
x

(10)

In other words, the cost function defines the minimum cost of producing a
given level of output(s) with given input prices. Thus the choice for the firm
is to choose the cost-minimizing input levels. Note that the definition of the
cost function includes the conditioning x  L( y ) . This gives us a clue about
the duality relationship as the cost minimizing inputs naturally need to
belong to the input requirement set. This implies that cost minimizing inputs
have to belong to the same technology that we defined in section 3.1.
Obviously, the cost minimizing inputs should be able to produce the
outputs. As before, the input requirement set can be replaced with an input
distance function, as in Equation (11). Thus we have defined the cost
function in terms of the physical characterization of the technology.
Conversely, because of duality, the input distance function can also be
defined in terms of the cost function, as in Equation (12). 9

c( y, w )

min{w ' x : DI ( x, y ) t 1}

(11)

DI ( x , y )

min{w ' x : c( y, w ) t 1}

(12)

x

w

Now it would be also straightforward to define the cost efficiency measure as
a ratio of minimum costs to observed cost, as given in Equation (13). By
construction, CE ( x, y, w ) d 1 .

CE ( x, y, w )

c( y , w ) / w ' x

(13)

Equations (11) and (12) show the duality relationship between the cost
representation and the technically-based representation of technology
through

distance

function. 10

Nevertheless,

establishing

the

duality

relationship critically depends from the axioms that we impose on the
technology. Before discussing the role of axioms in establishing duality, it is,
however, helpful to give also an intuitive explanation of duality. Consider a
firm that is seeking to minimize its costs. It is clear that the firm cannot be at
9

We could, of course, relate cost function directly to the production function also, as both
the production function and the distance function similarly characterize the technology in
physical terms. Note that we could also relate the revenue function with the output distance
function/output set and the profit function with the overall technology set T. The latter
implies that all the observed points in the overall technology set have costs equal or greater
than the minimum cost, that is: T {( x, y ) : w ' x t c( y , x )} .
10
See proof in Färe and Primont (1995).
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the cost minimizing point if it could reduce the amount of one input and still
produce the same amount of output. In that sense, the physical measure of
technical efficiency must be related to the cost-based measurement of
efficiency and the technology that they characterize should be the same. Thus
technical efficiency is necessary but not yet sufficient condition for overall
cost efficiency. There is also an allocative efficiency part in overall cost
efficiency. This means that, although the firm is obtaining a maximum output
from given inputs, with the given input prices the firm is using the inputs in
wrong proportions. We, however, shall omit the discussion of allocative
efficiency here.

3.5 Axioms of production and duality
In section 3.1, we presented the axioms that a technology should satisfy in
order to guarantee that the technology is well-behaved and physically
feasible. In this section, we further discuss the practical meaning of these
axioms with the help of some intuitive examples. We especially relate the
convexity axiom to the duality theorem. Moreover, we highlight that the
axioms impose necessary structure on technology so that we are able to
estimate the technology with the methods introduced in the next section.
Free disposability is a relatively intuitive assumption to make. You can
expect that two workers can dig a 10-meter long trench in an hour if one
worker can do it. In this example, the output is kept fixed, but the input is
increased. On the other hand, we could turn the situation around by saying
that if a worker can dig a 10-meter trench in an hour, he can also dig a 5meter one in the same time. As already stated, the importance of
disposability lies in the fact that it allows inefficient actions to be present.
Consider next the convexity of input sets, which directly follows from
the convexity of T. This implies that a convex combination of input vectors
in the input set should also belong to the set. Assume for example that one
piece of machinery (K) can replace two workers (L). If we have two input
vectors ( L, K )i

[(4,0)1;(0, 2) 2 ] which are both capable of producing a

certain level of output, then we would expect that an input vector (2,1) also
can achieve that. The new input vector corresponds to a convex combination
of the original technologies, where both technologies get the weight of 0.5.
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Convexity thus implicitly assumes that inputs are continuously divisible. If
divisibility is not a reasonable assumption, then some non-convex
estimation technology can be considered (see e.g. Keshvari and Kuosmanen,
2013).
Convexity matters for production functions also. A production function
is often assumed to be (quasi)concave. This follows from the convexity
assumption for the input set L( y ) . It means that a convex combination of
input vectors that both belong to the PPS restricted above by f ( x ) , belong
to the PPS also. But more importantly, the concavity assumption implies
that the production function exhibits diminishing returns to inputs. This is
one of the most fundamental laws in production economics. Now compare
this to the cost function. Cost function is a convex function of outputs if T is
convex. 11 This property is directly analogous (or rather, consequence of it)
to the concavity property of production function. Indeed, analogously to
Equation (10), the cost function can be defined in terms of the production
function as c( y, w )

min{w ' x : y d f ( x )} . The convexity of the cost
x

function in outputs implies non-decreasing marginal costs for inputs, which
can be considered as the cost equivalent of diminishing returns of inputs on
the production side. What can be seen here is that convexity is crucial in
order to establish duality.
The above discussion shows that axioms do have practical meaning in
terms of basic economic fundamentals. In addition, axioms impose some
structure on production technology, allowing its meaningful estimation. The
set in Equation (1) is too general to be estimated without any further
assumptions about the technology, as it only characterizes the feasible inputoutput pairs without giving any guidance about the underlying structure
behind these input-output correspondences. In some methods, we already
impose a lot of structure on the technology by directly assuming some
11

With a slight digression, it is good to note at this point that, for natural monopolies, the
cost function needs to be sub-additive in the sense that C ( y1  y2 ) d C ( y1 )  C ( y2 ) . This
means that the cost of producing outputs y1 and y2 separately in two firms is higher than
in one firm (Baumol, 1977). Schmalensee (1978) shows that a necessary condition for the
existence of natural monopoly in distribution/transmission type industries is that the cost
function is concave in output. If a function is concave, it is also sub-additive. As will be
discussed later, it is problematic if functional forms which are convex in outputs are used to
estimate costs in cases where the characteristics of production clearly imply natural
monopoly, as is the case in electricity distribution.
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functional form for the production, cost or distance function beforehand.
Such an approach would be commonly referred to as parametric. It is then
afterwards tested whether the estimated parameters of the function
acceptably satisfy the axioms. Unfortunately, some functional forms violate
by construction some of the assumptions. Alternatively, some methods rely
only on the axioms themselves, without assuming any specific functional
form. Such an approach would be nonparametric. In the next section, we
will deal with both of these approaches to estimate the technology in
question.

3.6 Estimation of technology
In previous sections, we have defined technology either in terms of distance,
production or cost functions. Regardless of how we define it, in practice we
need to estimate it from the observed empirical data. In economics, there has
been a long econometric tradition of production function estimation at least
since the work of Cobb and Douglas (1928). The development of production
function estimation was intimately related to the development of productivity
measurement (Griliches, 1996). However, as mentioned in Section 1, the
conventional economic theory and the corresponding econometric approach
have both assumed that technical inefficiency has been resolved (see e.g.
Kumbhakar and Lovell, 2000). The only source of deviation from the
production function is assumed to be purely due to random statistical noise.
When we explicitly introduce inefficiency to the model, the traditional
(econometric) estimators do not apply anymore since we introduce another
source of deviation from the optimum.
In this section, we briefly discuss the three estimation frameworks,
namely the DEA, SFA, and StoNED estimators, that explicitly acknowledge
the presence of technical inefficiency. We keep the discussion of the methods
in this section very brief and concentrate only on their most significant
differences. This is because the detailed accounts of each method are
presented in multiple books and later on in this thesis (see e.g. the first
research article of this thesis; Fried et al., 2008; Coelli et al., 2005, Cooper et
al. 2000, Kumbhakar and Lovell, 2000). Thus repeating that discussion here
is not worthwhile.
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Our discussion of the estimators is most easily done in the context of a
general production model. This helps us to compare how the estimators differ
with respect to the general model. The model is given in Equation (14),
where y is the observed output, f ( x ) is the production function which is a
function of inputs x , ȕ is the parameter vector to be estimated and

İ

is an

error term representing the deviation of the observed production from the
estimated one. For the moment, we shall not make any specific assumptions
about the error term.
y

f ( x; ȕ )  İ

(14)

Few notes are in place. First, to simplify the discussion, we shall consider
only the production function in this section. The discussion would naturally
extend to the estimation of cost and distance functions also. Second, in order
to more closely relate the general production model presented here to the
subsequent contributions of the thesis, we assume that only a single output is
produced within the general model. This is because the basic StoNED
method utilized in the thesis allows only one output to be present.

3.6.1 Stochastic frontier analysis (SFA)

We start with the stochastic frontier analysis (SFA) due to its close
relationship with the traditional estimation framework. SFA was introduced
almost simultaneously by Aigner et al. (1977) and Meeusen and van den
Broeck (1977). As does the traditional econometric estimation of production
functions, also SFA assumes a specific functional form for f ( x ) , for example
Cobb-Douglas, translog, or constant elasticity of substation (CES) form.
However, in contrast to the traditional framework, stochastic frontier
approach assumes that

İ

is composed of two parts, as the equation

İ

YX

shows. The vector v is the usual stochastic noise that you would have in any
regression model. This would constitute the only source of deviation in the
traditional framework. The vector u describes the shortfall in output due to
inefficiency. Thus in SFA, firms are inefficient with respect to the stochastic
frontier f ( x )  v .
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As usual in regression analysis, it is assumed that v is distributed
symmetrically with zero mean. Normal distribution is practically always
assumed for v. For u, a one-sided distribution is assumed, as inefficiency can
only reduce output. Examples of this are half-normal, exponential and
gamma distribution, from which the first is by far the most typical
assumption. It is also usually assumed that v and u are independent from
each other and from the inputs x . This composed form of error has
significant implications for the estimation, and it is a major departure from
the traditional framework which assumes only symmetrically distributed v to
exist. In SFA,

İ

cannot have a symmetric and zero mean distribution as the

composed error is a convolution of the symmetric and non-symmetric part.
This convolution is problematic as our target of interest, inefficiency, is
convoluted with the often uninteresting part, namely noise (see e.g. Amsler,
Lee, and Schmidt, 2009). Since we want to separate these two, an alternative
estimation method which specifically accounts for this characteristic of the
composed error is needed. 12 In this thesis, the noise part is also of a certain
interest to us since we are examining production risk.
In SFA literature, there are two main approaches to estimate the
parameters of the production function subject to the composed error. The
first approach is based on maximum likelihood. Given some distributional
assumptions on both v and u, the log-likelihood function can be formulated
in terms of

İ.

Assuming for example the standard normal – half-normal

2

2
assumptions v ~ N (0, V v ) and u ~ N (0, V u ) , the log-likelihood for sample

of i 1,..., N firms is as shown in Equation (15).
ln L( y | ȕ, V , O )
N
1 N 2
§ HO·
constant  N ln V  ¦ ln ) ¨  i ¸ 
H
2 ¦ i
© V ¹ 2V i 1
i 1

(15)

12
An early related discussion can be found in Aigner and Chu (1968) and in Førsund and
Jansen (1977). These authors set so-called average practice functions against best
practice/frontier functions. In this terminology, the traditional model in Equation (14) with
symmetrically distributed errors with zero mean could equally well describe the average
practice of firms, as the estimated function goes through the middle of the cloud of points.
But again, if we wish the follow the stance of conventional economic theory without
inefficiency, then such model can be considered to describe the best practice of firms
subject only to statistical noise.
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2
where V

V u2  V v2 and O V u / V v . This likelihood function is maximized

in order to find the estimates for the parameters (ȕ, V , O ) . It is relatively
straightforward to see from Equation (15) that if

Vu

O 0 (or equivalently

0 ) the model collapses to the standard maximum likelihood formulation

of the ordinary least squares (OLS) regression problem, assuming normally
distributed errors. With V u

Vu

0u

0 , there is no inefficiency present, as

0 , and consequently the overall error is

İ

Y.

For example,

Kuosmanen and Fosgerau (2009) suggested testing the appropriateness of
stochastic frontier specification from the skewness of residuals Hˆ . By
construction, given the distributional assumptions, the overall error

İ

YX

should be negatively skewed if inefficiency is present.
An alternative approach is based on OLS estimation. It has been long
known in frontier literature that all parameters of the production frontier,
expect the intercept, can be consistently estimated with OLS (see e.g. Olson,
Schmidt, and Waldman, 1980; Greene, 1980). Thus the estimation can be
broken down into two parts. First, we estimate the other parameters with
OLS and, in the second step, correct the intercept so that the estimated
function corresponds to a frontier. Basically this means that the estimated
function is shifted upwards. This approach is generally referred to as the
method of moments (MoM) or the Modified OLS approach since the second
step correction is based on the moments of the OLS residuals of the first
stage. 13 More formally, to estimate the first step with OLS, the original
model needs to be reformulated so that the error has a zero mean. This can be
done in the following fashion. We have taken out the intercept E 0 from the
parameter vector ȕ to explicitly show the bias in the intercept.

y

> E 0  E ( u ) @  f ( x; ȕ )  Y  > X  E ( X ) @
> E 0  E ( u ) @  f ( x; ȕ )  İ *

(16)

13

We shall not digress here to the realm of parametric deterministic methods, namely the
parametric or goal programming approach proposed by Aigner and Chu (1968) and the
corrected OLS (COLS) proposed originally by Winsten (1957). Besides being
deterministic, these methods have their own limitations discussed for example by
Kumbhakar and Lovell (2000) and Florens and Simar (2005).
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Since

İ*

is

v

assumed

to

have

zero

mean,

the

expectation

of

Y  > X  E (X)@ is also zero as shown below.

E (İ* ) E ª¬ Y  > X  E (X )@º¼

E ( Y )  E (X )  E (X ) 0

Thus the original intercept is biased by the amount of expected inefficiency.
Notice that no specific distributional assumptions about v or u have been
made at this stage as OLS does not explicitly require any such assumptions.
In the second step, after (16) has been estimated with OLS, we make the
usual normal and half-normal distributional assumptions about v and u.
Given these assumptions, the theoretical second and the third central
moments ( m2 & m3 ) of the composite error term can be written as in (17)
and (18).

m2

ªS  2 º 2
2
«¬ S »¼ V u  V v

(17)

m3

§ 2 ·ª 4º 3
¨
¸ «1  » V u
© S ¹¬ S ¼

(18)

Equating the above theoretical moments with their sample counterparts m̂2 and
*
m̂3 , which can be estimated using the residuals İ̂ , we can easily solve the

formulas for the variance parameters, as shown in Equations (19) and (20).
*
Note that the values İ̂ can be used to estimate the variance and the skewness

of the original İ̂ as both variance and skewness are invariant to a constant
location change in the distribution, which the shift with E (u ) ultimately is.

Vˆ

2
u

§
·
mˆ 3
¨
¸
© 2 / S (1  4 / S ) ¹

2/3

(19)

Vˆ v2 mˆ 2  1  2 / S Vˆ u2

(20)

Since we have assumed that u has a half-normal distribution, it follows that

E ( u)

2

S

Vˆ u and thus the intercept can be estimated as

Eˆ0;MOLS
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OLS intercept+

2

S

Vˆ u .

After the frontier has been estimated (either with ML or MOLS), the
estimation of the inefficiency term u often follows. In the normal-halfnormal model, conditional mean E (ui | H i ) derived by Jondrow et al. (1982)
is the most typical point estimate of ui . Confidence intervals for the
efficiency estimates can also be obtained (Horrace & Schmidt, 1996). 14
Accounting for production environment within SFA models is relatively
straightforward. Most of the typical approaches rely on parameterizing the
parameters (mean and/or variance) of the inefficiency distribution as a
function of operating environment variables, which are commonly referred to
as z-variables in the literature (see the survey by Kumbhakar & Lovell,
2000). It is assumed that the z-variables are not part of the production
technology as such but that they affect the (in)efficiency of producers. For
example, the model by Kumbhakar, Ghosh and McGuckin (1991)
parameterizes the distribution of inefficiency, as given in (21).
ui ~ N (z i'Ȗ , V u2 )

(21)

This model defines the inefficiency as positive truncation of a normal
distribution such that the mean of the un-truncated distribution can differ
between observations. The second research article of the thesis discusses
these types of models in more detail.

3.6.2 Data envelopment analysis (DEA)

In this section, we very briefly cover another widely applied estimation
method to estimate production frontiers subject to inefficiency. We went to
some mathematical details with SFA as some of its features are intrinsically
related to the StoNED framework. The same applies to DEA, but for ease of
exposition, we avoid presenting any mathematical details of DEA. As
opposed to SFA, the basic premise of DEA is that it easily incorporates
multiple outputs into it. This can be achieved also in SFA when the cost
14

The performance of maximum likelihood and MoM estimators has been compared for
example by Olson et al. (1980) and Coelli (1995). The performance of each depends on the
sample size and the relative contribution of inefficiency compared to noise. Generally ML
is more efficient but MOLS is somewhat more robust to distributional assumptions, as they
are avoided in the first step.

25

function or distance functions are parametrically estimated, but the basic
SFA production frontier models always assume a single output. DEA, of
course, can also be used to estimate cost, revenue, profit, and distance
functions, but again we keep the context of the general production model
out of the discussion.
The motivation for DEA arose from the challenge of measuring
productivity and efficiency in a multi-output multi-input context. Using a
simple index of outputs over inputs is generally challenging as it is not
obvious how to aggregate and weight different outputs and inputs. DEA was
developed as an estimation method to obtain optimal weights for outputs and
inputs. Already Farrell (1957) introduced the basic idea of DEA, the details
of which were further formalized by Afriat (1972). Farrell proposed to
measure the efficiency of firms with respect to a surface that envelopes all
the observations. However, only two decades later this approach was branded
as data envelopment analysis. Charnes, Cooper, and Rhodes (1978;
abbreviated commonly as CCR) operationalised the insights of Farrell and
Afriat as a simple linear programming problem and popularized the
application of DEA for wider audience both within practitioners and
academics.
Purely as a mathematical problem, DEA finds the frontier of observations
such that the efficiency of each firm is maximized and is 100% at the
maximum. In other words, DEA attempts to find the tightest possible
envelopment of the data such that the efficiency of each firm is maximized.
This is called the minimum extrapolation principle within the DEA
literature. The envelopment is piecewise linear, and the shape of this
envelopment is fully dictated by the economic theory and the available data
by assuming the axioms of convexity and free disposability. Note that no
specific functional form assumption is made concerning the function f ( x )
in Equation (14). The shape constraints only restrict the estimated function
to follow some regularity conditions, but they do not assume any specific
form for the function. In addition to convexity and free disposability, some
assumption about the returns to scale must be made. The CCR-model
assumes constant returns to scale (CRS), whereas variable returns to scale
(VRS) extension of DEA was suggested by Banker et al. (1984). All of the
assumptions can be relaxed in turn, and for example relaxing the convexity
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assumption leads to a free disposal hull (FDH) estimator proposed by
Deprins et al. (1984). Moreover, given the application, the model is
formulated either in output or input orientation, depending whether we
consider adjustments in outputs or inputs, respectively. In some
applications, firms' outputs are seen fixed, and thus efficiency can only be
improved by adjusting the input use. For example, the previously mentioned
electricity distribution case would fall to this category as energy demand
(energy delivered), the number of customers, and the network size cannot be
adjusted much by the companies.
Besides the functional form, the second major difference between DEA
and SFA is their assumption about the error term

İ

in Equation (14). Since

DEA aims to envelope all data perfectly, it implicitly assumes that all
deviations from the frontier are due to inefficiency, i.e.

İ

X.

No statistical

noise is allowed in basic DEA. Moreover, the DEA frontier is fully dictated
by the outermost observations, which by construction are 100% efficient.
Indeed, both SFA and DEA estimate relative performance measures. But
conceptually they differ in what they assume about the best performers. In
SFA, a firm is practically never estimated to be exactly 100% efficient
because the continuous distributions assumed for v and u imply that the
probability of a single point being exactly on the frontier is zero.
Lastly, we briefly cover some methods to show how to take operation
environment into account in DEA. Following the categorization by Coelli et
al. (2005), the ways to account for production environment in DEA setting
can be roughly divided at least into three approaches.
The first alternative is to include z-variables as non-discretionary (noncontrollable) variables into the linear programming problem directly. This is
generally referred to as the one-stage approach (see Syrjänen, 2003, for a
detailed discussion and references). This approach basically restricts the
benchmark set for the firms to make them more comparable in terms of
these environmental variables. Often the restriction would be placed so that
a firm cannot be compared to those with a better environment. The main
limitation of this approach is that the direction of the effects of
environmental variables needs to be known beforehand.
Secondly, one might assume that different DEA frontiers should be
estimated for firms operating in different environments. This approach is
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generally referred to as the frontier separation approach (Charnes, et al.,
1981). With this approach, it is possible to compare the best possible
performances in different environments to each other if the different
frontiers are compared with respect to some overall frontier. The problem is
to know beforehand how to divide the firms into their respective subgroups
in order to estimate the separate frontiers. This is not always unambiguous
as there might be many possible ways to divide the sample.
The third option is to obtain the usual DEA efficiency scores at first. In
the second stage, a regression of the obtained efficiencies on environmental
variables can be conducted to study how environmental variables affect the
efficiencies. Then either the efficiency scores or the original outputs/inputs
can be adjusted with these effects and, in the latter case, a DEA model
would be rerun with the adjusted variables (see e.g. Fried et al., 1999, 2002).
The advantage of this approach is that it gives detailed information about
the effects of z-variables in the second step, and we do not need to assume
anything about the effects of z-variables a priori. However, as recognized in
the literature, a direct implementation of a simple regression of efficiency
scores on z-variables is not advisable (see e.g. Simar and Wilson, 2007;
Banker and Natarajan, 2008; Johnson and Kuosmanen, 2012).

3.6.3 Stochastic semi-nonparametric envelopment of data (StoNED)

The last estimator we introduce is the StoNED estimator. Since the full
details of StoNED framework are given in the first research article of the
thesis, this section only outlines the relation of StoNED to SFA and DEA in
terms of the general production model given in Equation (14).
In general, the StoNED estimator attempts to combine the best features
of the traditional SFA and DEA estimators. As opposed to DEA, StoNED
incorporates statistical noise into its framework. This is desirable at least for
three reasons. First, the main interest of this thesis, risk, is a phenomenon
that is inherently stochastic. Second, if we do not allow for noise, we
implicitly assume that our data is measured without any error and no
specification error of the model exists. These often are too strong
assumptions to be made. Third, the stochastic noise term gives the estimator
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a more statistical/econometric grounding. This is desirable especially for
statistical inference. In a mathematical programming based approach
without noise, such as DEA, it is not directly obvious how statistical
inference should be conducted. 15
On the other hand, unlike SFA, StoNED does not make any functional
form assumptions regarding f ( x ) . Similarly to DEA, it bases its estimation
of technology on some general axioms about the technology. This is a
desirable property of both StoNED and DEA as it often is difficult to justify
any specific functional form over another. For example, the Cobb-Douglas
form assumes perfect substitutability between inputs. Another unfortunate
feature of the Cobb-Douglas form is that it does not properly model the
economies of scope since it favours output specialization over jointproduction. This is problematic in modelling for example the cost efficiency
of electricity distribution firms, where the typical outputs of distribution
firms are necessarily jointly produced (Kuosmanen et al., 2013). Some more
flexible functional forms may solve some of these problems, but they often
violate convexity and monotonicity. Since the StoNED method combines
these features of SFA and DEA, it is a more general estimation framework.
In fact, as Kuosmanen and Johnson (2010) show, DEA can be formulated as
a special case of the StoNED framework. The same applies to SFA also.
In practice, the StoNED estimation procedure has many similarities to
the SFA approach presented above. In the MOLS framework, StoNED
replaces the parametric OLS in the first step with a nonparametric
counterpart, namely with Convex Nonparametric Least Squares (CNLS,
Hildreth, 1954; see also Kuosmanen, 2008). Otherwise the procedure is
exactly the same. An alternative to the method of moments is the pseudolikelihood approach formulated in terms of CNLS residuals. Both
approaches

need

some

parametric

distributional

assumptions

for

inefficiency and noise in order to separate them. But the first CNLS stage is
fully non-parametric. Thus it is appropriate to call StoNED a seminonparametric method.
Taking account of operating environment is rather straightforward.
Johnson and Kuosmanen (2011) extend the typical StoNED model and
15
Simar and Wilson (2000) suggest a bootstrap-based inference for nonparametric
efficiency measures such as DEA.
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include z-variables into the first-stage CNLS estimation. This one-stage
estimator is preferred over a two-stage estimator where the estimation of zeffects is left to the second step. Omitting z-variables in the first stage may
cause the two-step estimator to be biased due to the omitted
variable/endogeneity problem (Wang & Schmidt, 2002; Schmidt, 2010). 16
We discuss this z-variable extension of StoNED in more detail in the first
research article of the thesis.

16

See also Johnson and Kuosmanen (2012), who compare the performance of two-step and
one-step estimators of z-effects.
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4. Heterogeneity, Heteroscedasticity and Risk

In this section, we briefly introduce the three concepts that are essential to
this thesis. We start by examining why heterogeneity in general is important
in performance measurement. We then introduce one specific kind of
heterogeneity, namely heteroscedasticity. We highlight how some basic
econometric tools dealing with heteroscedasticity directly lend themselves to
the study of production risk. Lastly, we discuss the sufficiency of variance as
a risk measure. The usability of econometric tools of heteroscedasticity to
study risk critically depends on whether we consider variance as an adequate
measure of risk.

4.1 Heterogeneity
In economics, the term heterogeneity is often reserved to mean a deviation
from the representative agent assumption. That is, the acting agents (e.g.
consumers or firms) are not identical in this case. Within this thesis, we
however extend the term to mean also the heterogeneity of operating
environment. These two are often indistinguishable from each other as
economic agents adapt their behaviour according to their environment, which
can, consequently, change due to this behaviour (see e.g. Kirman, 2006).
From the point view of performance evaluation and efficiency measurement,
the critical problem is that often heterogeneity confounds our measures of
performance (Greene, 2004). To further clarify this, let us consider few
examples.
First, in the economics of growth, it is widely acknowledged that
institutions play an important role in economic development (Hall & Jones,
1999). Institutions such as political centralization, property rights, labour
market laws and cultural or societal norms undoubtedly are heterogeneous
among countries. Certainly these factors also contribute to the ability of
countries to utilize their resources efficiently (see. e.g. Moroney and Lovell,
1997; Adkins, Moomaw, and Savvides, 2002 for some early contributions in
frontier literature). Thus a direct assessment of the performance only in terms
of GDP, capital and labour seems inadequate as it neglects the effect of
institutions on the resource utilization capabilities of a nation. It is only after
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we have extracted out the effect of institutions when we can start to compare
nations in their efficiency of transforming labour and capital into gross
domestic product.
Second, consider agricultural production. Arguably the heterogeneity is
present in the analysis of agricultural production as agricultural producers are
faced with great spatial differences for example in soil quality and weather
(see e.g. Just, 2003). Variation in these may again manifest itself as variation
in crops. The challenge is that these variations in the operating environment
may be misinterpreted as efficiency differences (Greene, 2004; O’Donnell et
al., 2010). In some sense, different environments imply slightly different
technologies for each producer. But even if we explicitly exclude the
problem of different technologies, the heterogeneity of operation
environment still poses a challenge. For example, in electricity distribution,
firms' technology can be assumed to be relatively similar due to some
technical norms that the firms need to meet. Nevertheless, two companies
which both distribute electricity through similar cables may operate in highly
different environments in terms weather and forest density, for example.
In light of the above examples, we see that any measurement of
productivity or efficiency without acknowledging heterogeneity is likely to
confound inefficiencies with other sources of variation in productivity.
Setting a common standard seems unacceptable if firms operate under highly
different conditions. Indeed, it is often these factors outside the firms’ control
that are the underlying reason of performance differentials between firms.
This is not to downplay the importance of managerial or technical
inefficiency. But their importance might be overstated if we do not account
for other sources of performance variation also.
One concern is that what aspects of operation environment or producerspecific heterogeneity are relevant enough to be taken account. Here
probably the only thing that can be done is to rely on the expertise of the
researcher to know what to include into the model. But, for the researcher,
the problem is that not all relevant aspects are necessarily observed. When
introducing frontier methods in Section 3, we indeed assumed that operation
environment can be represented as a function of some observable variables.
If however some relevant aspects of the environment are unobserved, it
probably would be desirable to extend the methods to take this into account.
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While there have been developments on how SFA methods explicitly
account for some unobserved factors, similar developments are still waiting
in the StoNED setting (see e.g. Kopsakangas-Savolainen and Svento, 2011,
for discussion in SFA context). Although this is an obvious target for future
development, we do not extend our examination into the realm of unobserved
heterogeneity. This is because we are especially interested in the sources of
heteroscedasticity in this thesis. This obviously requires us to model
heteroscedasticity as a function of some observable variables. Moreover, let's
recall that StoNED by construction is a flexible method in terms of
technology, and thus it is likely to capture some of the unobserved firmspecific heterogeneity already in the technology parameters.

4.2 Heteroscedasticity
Next we briefly introduce one specific form of heterogeneity, namely
heteroscedasticity. We do this in the context of the basic linear regression
model. Since heteroscedasticity is routinely dealt in any econometrics
textbook, we keep our examination very brief (for detailed presentations see
e.g. Verbeek, 2008; Greene, 2008).
Consider a general regression model for a sample of N observations
given in Equation (22).
y

Xȕ  İ

(22)

where
y is the N u1 vector of a dependent variable.
X is the N u K matrix of K independent variables, including a column of one

for intercept.
ȕ is the K u 1 vector of parameters to be estimated.
İ

is the N u1 vector of error terms.

The ordinary least squares OLS estimator of the parameters ȕ would be

ȕˆ OLS

; ; 1 ; \ . The standard Gauss-Markov assumptions for the OLS

estimator assume that the error term is homoscedastic. This means that the
variance of the error term is constant across all observations N.
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2
Mathematically, Var > İ | ; @ V , , where V 2 is the unknown error variance

and I is an N u N identity matrix. Thus the diagonal elements of the
variance-covariance

matrix

are

the

same

for

every

observation.

2
Heteroscedasticity is present if Var > İ | ; @ V Ȍ , where Ȍ is some matrix

with elements >\ 1 ,\ 2 ,...,\ N @ on its diagonal. For simplicity, we assume that
the off-diagonal elements are zero, implying that no autocorrelation of the
errors is present. Under heteroscedasticity, the OLS estimator is still
unbiased and consistent. It is, however, possible to obtain a more efficient
estimator. More importantly, standard statistical inference is not valid under
heteroscedasticity, as the usual t- and F-statistic are invalid. This can be dealt
with by using heteroscedasticity-robust standard errors (White, 1980).
Furthermore, tests to detect heteroscedasticity have been suggested for
example by Breusch and Pagan (1980) and White (1980).
Under heteroscedasticity, generalized least squares (GLS) estimators can
be more efficient than OLS. GLS weights the observations in terms of their
variation so that the observations with highest variance are typically given
the lowest weight. Thus GLS requires that the weighting matrix Ȍ is known
beforehand. For the moment, we assume that this matrix is known and that
2
we have a very general form of heteroscedasticity such that V i

the GLS estimator for E is ȕˆ GLS

V 2\ i . Then

; Ȍ -1; 1 ; Ȍ 1\ . Effectively our data is

weighted with the weights 1/ \ i since heteroscedasticity is proportional to
the weights \ i .
In practice, the matrix Ȍ has to be estimated and thus a feasible
generalized least squares (FGLS) estimation procedure must be applied. To
estimate the matrix Ȍ , a functional form for heteroscedasticity has to be
assumed. Often multiplicative heteroscedasticity, as shown in Equation (23),
is assumed (Harvey, 1976; see also Verbeek, 2008, p. 96). It guarantees that
we obtain positive estimates of variances. Note that the better efficiency
properties of FGLS compared to OLS hinge on knowing the correct weights.
If we assume a wrong form of heteroscedasticity in FGLS, it is not
guaranteed that with small sample sizes FGLS would outperform OLS.
Generally, FGLS is however justified in asymptotic sense at least.
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V i2 V 2 exp( zi Į)

(23)

In Equation (23), zi is usually the vector of the original independent
variables of the model or some subset of them and

Į

is the corresponding

parameter vector which tells the effect of these variables on error variance. In
SFA context, however, z-variables are often assumed to be some other
variables than the original input variables.
In modelling heteroscedasticity, another common strategy is to assume
that the error variance is a linear function of some variables, as in Equation
(24). Using this formulation in FGLS is problematic as the linear form does
not guarantee that the variances are non-negative. The form however suffices
to test heteroscedasticity and to examine the heteroscedasticity effects of zvariables.

V i2

ziĮ

(24)

Regardless of the functional form assumed, the estimation of the parameters
Į

is usually based on the OLS residuals of the model in Equation (22),

although direct maximum likelihood estimation in a single step is also
possible. Note after the initial estimates of the weights have been obtained,
FGLS can be reapplied and the whole procedure can be iterated a number of
times to further improve the estimates of ȕ (Greene, 2008).
Heteroscedasticity in the SFA context has received some attention as
both the parameters of the production technology and the efficiency
measures can be biased if heteroscedasticity in the inefficiency term is not
accounted for (Caudill and Ford, 1993; Caudill et al., 1995), that is, if we
2
wrongly assume that V i ,u

V u2 i 1,..., N . Heteroscedasticity can also be

in the stochastic noise term v, as noted by Hadri (1999), but its consequences
are less severe (see e.g. Kumbhakar & Lovell, 2000). The SFA models that
attempt to account for heteroscedasticity in the inefficiency term
parameterize the standard deviation or the variance of the inefficiency
distribution as a function of z-variables (see e.g. Alvarez et al., 2006). In the
DEA literature, there has been less concern about heteroscedasticity, partly
because of the nonparametric nature of DEA. We postpone any detailed
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discussion of heteroscedasticity in the StoNED context to the first research
article of the thesis.
Simulation studies do not provide a clear-cut picture of the effects of
heteroscedasticity on the performance of the estimators presented in Section
3.6 (Banker et al. 2004; Kuosmanen & Kortelainen, 2012; Andor and Hesse,
2013). Overall, the magnitude and even the direction of this effect are
affected by the following issues: presence or absence of noise, the relative
importance of inefficiency and noise in the data generating process, whether
we consider heteroscedasticity in inefficiency or noise or in both, whether we
examine the estimation of a frontier or the point estimate of inefficiency, and
sample size.

4.3 Variance and risk measurement
It is quite straightforward to see that the methods outlined in the previous
section easily adapt themselves to the study of production risk and its causes
if we assume that variance is a sufficient measure of risk. Indeed, the
variance of the error İ in (22) directly translates to variation in output also.
However, by assuming variance as the appropriate measure of risk, we often
make some implicit assumptions about the nature of risk. Nevertheless, it is
not directly obvious whether these assumptions suit to all risky situations.
Before that discussion, it is however good to make a distinction between
uncertainty and risk as these concepts are often confounded with each other.
Traditionally, a risky situation has been characterized such that the
acting agent is able to assign some probabilities to the possible future events
in such a situation. In the case of uncertainty, this assignment is commonly
not possible (Knight, 1921; Chavas, 2004). As Knight (1921) defines it, risk
is measurable whereas uncertainty is not. Chavas (2004), however, points out
that these definitions depend much on how we define probabilities and their
possible existence. First, the ease of assigning probabilities varies from one
situation to another. It is difficult to assign any probabilities for rare events
such as plane crashes, whereas it is easy to derive the probabilities of a dice
throw. The former case falls under uncertainty, whereas a throw of a dice is
risky. It is also easy to elicit probabilities in a case of repeated events. A
producer for example may have a rather good understanding of the
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probability of a malfunction in a production line, as the producer observes
the functioning of the line over a long period. If the production line operates
under relatively unchangeable and controllable conditions, the frequency of
malfunctions is a good measure of their probability. But production may also
be subject to changeable conditions which are hard to measure. As the
probability is likely to differ under these varying conditions, it is difficult to
form an objective assessment about the probability of an event. The second
issue is that the probabilities in many cases are subjective. Consequently,
there may not be any agreement about the ‘correct’ probabilities. But,
arguably, human beings at least implicitly assign some probabilities on future
events regardless of how uncertain the events are. Following Chavas, as long
as the future outcome of an event is not known beforehand and some
probabilities or likelihoods (subjective or objective) are assigned to the
outcomes, it is only of secondary importance whether we call this situation
risky or uncertain. Furthermore, as it was pointed out already by Arrow
(1951), the unmeasurable Knightian uncertainties often lead us to the same
conclusions

as

explicit

probabilities.

Thus

we

use

these

terms

interchangeably within this thesis.
The use of variance as a measure of risk is very intuitive. If we are
offered two bets, A and B, which have the same expected value but with the
difference that B has a higher change for higher losses and wins, then
arguably we view the bet B as the riskier one. Often the formal origin for the
use of variance as a risk measure is attributed to the financial portfolio theory
of Markowitz (1952). Basically, the Markowitz’s (1952) mean-variance
model brought the minimization of variance as another objective for the
investor next to the maximization of the expected return. Subsequently,
multiple treatments on the limitations of the mean-variance setup have been
written by Markowitz (1959) and for example by Hanoch & Levy (1969). A
more detailed discussion and a list of references to alternative approaches can
be found for example in Grootveld & Hallerbach (1999) and Antle (2010).
The most typical objections to variance as a risk measure concern the
fact that variance is a symmetric measure and it does not take the skewness
of the distributions properly into account. For example, if we consider the
variability of crop yields in agricultural production only in terms of variance,
we implicitly assume that very low and very high yields are equally likely. In
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some gambles, symmetrically distributed returns/losses may be a reasonable
assumption. But for crop yields it is often argued that observing
extraordinary good crops should be less likely than mean – and less than
mean crops – since extraordinary crops require ideal weather conditions,
which rarely occur (see e.g. Gallagher, 1987). One of the more popular
alternatives has been so-called down-side risk models. These models
emphasize the importance of losses over the possible returns for investor, and
thus they put more weight (or all of it) on the left hand side of the return
distribution.
However, considering the focus of this thesis, we restrict ourselves to the
traditional variance-based measurement of risk, for two reasons. Firstly, the
concept of heteroscedasticity is the main unifying thread of the thesis. Since
models of heteroscedasticity are models of variance, it is natural to restrict
our attention to this measure of risk. Moreover, the development of frontier
models that deal with production uncertainty is still relatively limited and is
focused on heteroscedasticity. 17 For example, O’Donnell et al. (2010) lists
only few papers that explicitly discuss risk in the context of technical
efficiency estimation. Thus it seems warranted to investigate the relatively
underexploited models of heteroscedasticity in more detail before extending
the research agenda to more novel models of risk, with possibly skewed risk
distributions. Secondly, and maybe more importantly, skewness is reserved
to represent the presence of inefficiency in frontier models, not the presence
of production risk. Skewness-based measurement of risk in the frontier
context could be challenging, due to convolution of risk and inefficiency. As
will be discussed in the third research article of the thesis, too similar
distributional assumptions on inefficiency and noise (risk) make it impossible
to distinguish them from the overall error (Amsler, Lee, and Schmidt, 2009).
Thus, we restrict ourselves to the symmetric measures of risk to more clearly
differentiate it from skewed inefficiency.

17

See e.g. Kumbhakar (2002), Wang (2002), and Bera & Sharma (1999).
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5. Summary of the research papers
In this section, we briefly cover the contributions of each research article that
are included in the thesis. The thesis consists of five research articles. All of
them are connected, either through the topic of heteroscedasticity or through
a methodological choice. The logic for the ordering of the articles is the
following. The first two articles concentrate more on introducing the StoNED
method and comparing it with the traditional frontier estimators. As opposed
to Section 3.6 of this introduction, the comparison is done in an empirical
setting, namely within the context of Finnish electricity distribution
regulation. The last three articles then concentrate on the topic of
heteroscedasticity and production risk. Article 3 reviews literature on
production risk and heteroscedastic SFA models. Articles 4 and 5 then deals
with two empirical applications related to heteroscedasticity, still applying
the StoNED method.

5.1 Research article 1
Stochastic nonparametric approach to efficiency analysis: A Unified
Framework

This handbook chapter outlines the StoNED framework in a detailed manner
and acts as methodological review for the thesis. Many of the topics in the
chapter go beyond the topics dealt with in this thesis. However, the chapter
further motivates the reader to see the additional benefits of the StoNED
estimator when compared with the traditional frontier estimators. There is a
particular emphasis on that the traditional approaches can be seen as special
cases of the more general StoNED framework. The chapter also includes a
detailed examination of heteroscedasticity in the StoNED context. This
examination shows that the many well-known approaches dealing with
heteroscedasticity in econometrics are relatively straightforwardly applicable
in the StoNED context also.
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5.2 Research article 2
What is the best practice for benchmark regulation of electricity
distribution? Comparison of DEA, SFA and StoNED methods

This research article is the result of the project that the authors did for the
Finnish electricity market regulator Energiamarkkinavirasto (EMV). 18 In
2010, EMV decided to refine the tools that it uses to measure the cost
efficiency of electricity distribution companies. EMV adopted the StoNED
method as their preferred tool for the regulatory period of 2012-2015. In their
selection criteria for the method, EMV emphasized that the method should be
flexible in production technology and account for stochastic noise and
heterogeneity in production environment. Previously, EMV used the average
of DEA and SFA efficiency scores to determine the cost efficiency of
companies. This approach supposedly mitigated the potential problems
arising from using only one method. The paper argues that such an approach
is statistically unsound and proposes StoNED to be used instead. The
performance of the StoNED method was compared to the traditional
estimators with an empirical comparison of efficiency scores and economic
outcomes of the regulation. A simulation study was also conducted to
compare the methods under a fixed data generation setting.
This research article serves as an important illustration about the
practical uses of efficiency estimation methods. The article also continues the
methodological discussion started in the book chapter (see previous section)
about the differences between traditional methods and the StoNED
framework. The issue of heteroscedasticity is not explicitly discussed here
but the importance of production environment heterogeneity is highlighted
throughout the paper as the electricity distribution companies in Finland
operate in highly varying geographical and climatic conditions.

5.3 Research article 3
Heteroscedasticity or Production Risk? A Synthetic View

This review article compares two branches of literature, namely the literature
on production risk and that on heteroscedastic stochastic frontier models. To
18

Kuosmanen et al. (2010).
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our knowledge, no such systematic comparison of the two branches of
literature had been conducted before this article, although the fields have a
number of similarities. The purpose of the article is to establish connections
between the production risk and efficiency literature. Thus, thematically the
article ties together the two main topics of the thesis. The link between the
fields is built by utilizing the concept of heteroscedasticity. It is argued that
although heteroscedastic stochastic frontier models do often neglect risk
considerations, they can be interpreted to model production risk. Lastly,
some of the challenges of simultaneous treatment of risk and efficiency are
also discussed.

5.4 Research article 4
Is Corruption Grease, Grit, or a Gamble? Corruption Increases Variance of
Productivity Across Countries

This research article is the author's first exploration of the topic of
heteroscedasticity and heterogeneity within frontier methods. Subsequently,
it dictated the thematic focus for the rest of the thesis. Initially, the interest
was just to study the effect of corruption on productivity. However, during
the research process, the authors observed that the effects of corruption
seemed to be more related to the variability of productivity than to the level
of productivity. As a way to understand this phenomenon, heteroscedasticity
was considered as an intuitive way to model this relationship.
The general view in the literature has been that corruption hinders
economic development. This argument is generally referred to as “sand in the
wheels” hypothesis. However, some real-life observations have induced
some researchers to suggest that under certain circumstances corruption in
fact might be beneficial for the economic performance of countries, acting as
“grease” in the wheels of economic development. This paper considers a
completely alternative view. It reckons that rather than a direct determinant
of economic performance corruption should be considered as a macro risk. In
other words, we interpret corruption as a gamble, since it seems to increase
the variability of productivity among countries. This hypothesis is considered
to be more general than the traditional views because it allows that, with
relatively high levels of corruption, a country can achieve either high or low
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productivity levels. The empirical examination indeed shows that corruption
has significant effect on the variability of productivity.

5.5 Research article 5
Quality frontier of electricity distribution: Supply security, best
practices, and underground cabling in Finland

This research article is a partial continuation of the paper introduced in
section 5.2. It returns to the same electricity distribution application.
However, instead of focusing on cost efficiency, the article deals with the
quality of service of the distribution companies. This is a topical issue as
there are pressures in Finland to develop the distribution system towards
underground cabling based system.
The article examines the quality of service of electricity distribution in
terms of interruption costs and their variability. The paper considers that,
besides the low level of interruption costs, the low variability of interruption
costs is also a sign of good service quality. Underground cabling is the most
significant investment target to affect interruptions. The article shows that
underground cabling expectedly decreases the level of interruption costs.
However, we also observe that underground cabling does not have significant
decreasing effect on the variability of interruption costs. In some instances
the effect might even be increasing. This effect we explain by the fact that
the costs of interruptions are significantly higher for companies with higher
underground cabling levels. Such companies often operate in areas of high
population density, and, subsequently, the costs of interruption are likely to
be high as a large number of households are affected by the interruption.
Interruption costs of underground cabling are increased also because
underground cables are more costly to install and repair than air cables.
The article also compares two alternative ways to set the quality
targets in quality regulation. The current practice is based on the average of
the companies' own past performance. However, average is a very volatile
measure as it can be greatly affected by single years with a high number of
interruptions. Moreover, usage of average does not incentivize to improve
upon a poor previous performance. The article suggests that the targets
should be set in terms of the best observed operations. For this purpose, we
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estimate an interruption cost frontier with StoNED and refer to it as the
quality frontier. Comparison of the obtained target values shows that the
targets produced by the quality frontier are significantly more stable than the
targets produced by the average of own performance.
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6. Concluding remarks
Here we briefly summarize the main contribution of the thesis. Clearly,
heteroscedasticity has economic and practical interpretations beyond being
just an econometric problem. In the empirical applications of the thesis, we
have interpreted heteroscedasticity mainly in terms of risk. We have shown
that this risk may realize itself in the aggregate productivity or quality of
service type of contexts. We have also noted that there exist some gaps in
the literature, namely between the traditional models of production risk and
heteroscedastic stochastic frontier models. Methodological choice has been
shown to be important in practical applications of the frontier methods.
Indeed, important regulatory outcomes may crucially depend on the chosen
efficiency estimation method. These contributions correspond to the
objectives of the thesis set in Section 2. Of course, the views presented in
this thesis should not be viewed as definite resolutions to the topic. But if
one is to examine the risk-efficiency nexus in future, the issues covered in
this thesis seem an unavoidable starting point for that research.
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1. Introduction
(IILFLHQF\ DQDO\VLV LV DQ HVVHQWLDO DQG H[WHQVLYH UHVHDUFK DUHD WKDW SURYLGHV
DQVZHUVWRVXFKLPSRUWDQWTXHVWLRQVDV:KRDUHWKHEHVWSHUIRUPLQJILUPVDQG
FDQ ZH OHDUQ VRPHWKLQJ IURP WKHLU EHKDYLRU"  :KDW DUH WKH VRXUFHV RI
HIILFLHQF\ GLIIHUHQFHV DFURVV ILUPV" &DQ HIILFLHQF\ EH LPSURYHG E\
JRYHUQPHQW SROLF\ RU EHWWHU PDQDJHULDO SUDFWLFHV" $UH WKHUH EHQHILWV WR
LQFUHDVLQJWKHVFDOHRIRSHUDWLRQV"7KHVHDUHH[DPSOHVRILPSRUWDQWTXHVWLRQV
ZHKRSHWRUHVROYHZLWKHIILFLHQF\DQDO\VHV
(IILFLHQF\ DQDO\VLV LV DQ LQWHUGLVFLSOLQDU\ ILHOG WKDW VSDQV VXFK
GLVFLSOLQHVDVHFRQRPLFVHFRQRPHWULFVRSHUDWLRQVUHVHDUFKDQGPDQDJHPHQW
VFLHQFHDQG HQJLQHHULQJ DPRQJ RWKHUV 7KH PHWKRGV RI HIILFLHQF\ DQDO\VLV
DUH XWLOL]HG LQ VHYHUDO ILHOGV RI DSSOLFDWLRQ LQFOXGLQJ DJULFXOWXUH EDQNLQJ
HGXFDWLRQHQYLURQPHQWKHDOWKFDUHHQHUJ\PDQXIDFWXULQJWUDQVSRUWDWLRQDQG
XWLOLWLHV DPRQJ PDQ\ RWKHUV (IILFLHQF\ DQDO\VLV LV SHUIRUPHG DW YDULRXV
GLIIHUHQWVFDOHV0LFUROHYHODSSOLFDWLRQVUDQJHIURPLQGLYLGXDOSHUVRQVWHDPV
SURGXFWLRQSODQWVDQGIDFLOLWLHVWRFRPSDQ\OHYHODQGLQGXVWU\OHYHOHIILFLHQF\
DVVHVVPHQWV 0DFUR OHYHO DSSOLFDWLRQV UDQJH IURP FRPSDUDWLYH HIILFLHQF\
DVVHVVPHQWVRISURGXFWLRQV\VWHPVRULQGXVWULHVDFURVVFRXQWULHVWRHIILFLHQF\
DVVHVVPHQW RI QDWLRQDO HFRQRPLHV ,QGHHG HIILFLHQF\ LPSURYHPHQW LV RQH RI
WKH NH\ FRPSRQHQWV RI SURGXFWLYLW\ JURZWK HJ )lUH HW DO   ZKLFK LQ
WXUQLVWKHSULPDU\GULYHURIHFRQRPLFZHOIDUH 7KHEHQHILWVWRXQGHUVWDQGLQJ



:HZLOOKHQFHIRUWKXVHWKHWHUP³ILUP´UHIHUULQJWRDQ\SURGXFWLRQXQLWWKDWWUDQVIRUPVLQSXWV
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WKHUHODWLRQVKLSEHWZHHQHIILFLHQF\DQGSURGXFWLYLW\DQGTXDQWLI\LQJHIILFLHQF\
FDQQRW EH RYHUVWDWHG ,Q ZRUGV RI 3DXO .UXJPDQ  S   Productivity
isn't everything, but in the long run it is almost everything. A country's ability
to improve its standard of living over time depends almost entirely on its ability
to raise its output per worker1RWHWKDWPDFUROHYHOSHUIRUPDQFHRIDFRXQWU\
LVDQDJJUHJDWHRIWKHLQGLYLGXDOILUPVRSHUDWLQJZLWKLQWKDWFRXQWU\7KHUHIRUH
VRXQG PLFURIRXQGDWLRQV RIHIILFLHQF\DQDO\VLV DUH FULWLFDO IRUWKHLQWHJULW\ RI
SURGXFWLYLW\DQGHIILFLHQF\DQDO\VLVDWPDFUROHYHO
8QIRUWXQDWHO\WKHUHFXUUHQWO\LVQRFRPPRQO\DFFHSWHGPHWKRGRORJ\RI
HIILFLHQF\DQDO\VLVEXWWKHILHOGLVGLYLGHGEHWZHHQWZRFRPSHWLQJDSSURDFKHV
'DWDHQYHORSPHQW$QDO\VLV '($ DQG6WRFKDVWLF)URQWLHU$QDO\VLV 6)$ 
Data envelopment analysis '($)DUUHOO&KDUQHVHWDO LV
DQ D[LRPDWLF PDWKHPDWLFDO SURJUDPPLQJ DSSURDFK WR HIILFLHQF\ DQDO\VLV
'($¶VPDLQDGYDQWDJHFRPSDUHGWRHFRQRPHWULFUHJUHVVLRQEDVHGWRROVLVLWV
QRQSDUDPHWULF WUHDWPHQW RI WKH IURQWLHU EXLOGLQJ XSRQ D[LRPV RI SURGXFWLRQ
WKHRU\ VXFK DV IUHH GLVSRVDELOLW\ PRQRWRQLFLW\  FRQYH[LW\ FRQFDYLW\  DQG
FRQVWDQW UHWXUQVWR VFDOH KRPRJHQHLW\ '($GRHV QRW DVVXPHDQ\SDUWLFXODU
IXQFWLRQDO IRUP IRU WKH IURQWLHU RU WKH GLVWULEXWLRQ RI LQHIILFLHQF\ ,W¶V GLUHFW
GDWDGULYHQ DSSURDFK LV KHOSIXO IRU FRPPXQLFDWLQJ WKH UHVXOWV RI HIILFLHQF\
DQDO\VLVWRGHFLVLRQPDNHUV+RZHYHUWKHPDLQVKRUWFRPLQJRI'($LVWKDWLW
DWWULEXWHVDOOGHYLDWLRQVIURPWKHIURQWLHUWRLQHIILFLHQF\7KLVLVRIWHQDKHURLF
DVVXPSWLRQ
Stochastic frontier analysis 6)$ $LJQHU /RYHOO 6FKPLGW 
0HHXVHQ DQG 9DQGHQ %URHFN   LV RIWHQ LQFRUUHFWO\ YLHZHG DV D GLUHFW
FRPSHWLWRU RI '($ 7KH NH\ VWUHQJWK RI 6)$ LV LWV SUREDELOLVWLF PRGHOLQJ RI
GHYLDWLRQV IURP WKH IURQWLHU ZKLFK DUH GHFRPSRVHG LQWR D QRQQHJDWLYH
LQHIILFLHQF\ WHUP DQG DQ LGLRV\QFUDWLF HUURU WHUP WKDW DFFRXQWV IRU RPLWWHG
IDFWRUV VXFK DV XQREVHUYHG KHWHURJHQHLW\ RI ILUPV DQG WKHLU RSHUDWLQJ
HQYLURQPHQWV UDQGRP HUURUV RI PHDVXUHPHQW DQG GDWD SURFHVVLQJ
VSHFLILFDWLRQ HUURUV DQG RWKHU VRXUFHV RI QRLVH ,Q FRQWUDVW WR '($ 6)$
XWLOL]HVSDUDPHWULFUHJUHVVLRQWHFKQLTXHVZKLFKUHTXLUHex anteVSHFLILFDWLRQV
RIWKHIXQFWLRQDO IRUPV RIWKHIURQWLHUDQGWKHLQHIILFLHQF\GLVWULEXWLRQ6LQFH
WKH HFRQRPLF WKHRU\ UDUHO\ MXVWLILHV D SDUWLFXODU IXQFWLRQDO IRUP IOH[LEOH
IXQFWLRQDO IRUPV VXFK DV WUDQVORJ DUH IUHTXHQWO\ XVHG +RZHYHU IOH[LEOH
IXQFWLRQDOIRUPVRIWHQYLRODWHD[LRPVRISURGXFWLRQWKHRU\ZKHUHDVLPSRVLQJ
WKHD[LRPVZLOOUHGXFHIOH[LELOLW\,QVXPPDU\WKH'($DQG6)$PHWKRGVDUH
QRW GLUHFW FRPSHWLWRUV EXW UDWKHU FRPSOHPHQWV LQ WKH WUDGHRII EHWZHHQ '($
DQG 6)$ VRPHWKLQJ LV VDFULILFHG IRU VRPHWKLQJ WR EH JDLQHG 1DPHO\ '($
GRHVQRWPRGHOQRLVHEXWLVDEOHWRLPSRVHD[LRPDWLFSURSHUWLHVDQGHVWLPDWH
WKHIURQWLHUQRQSDUDPHWULFDOO\ZKLOH6)$FDQQRWLPSRVHD[LRPDWLFSURSHUWLHV
EXWKDVWKHEHQHILWRIPRGHOLQJLQHIILFLHQF\DQGQRLVH


&LWDWLRQ VWDWLVWLFV RI VRPH RI WKH NH\ SDSHUV SURYLGH XQGLVSXWDEOH HYLGHQFH DERXW WKH
VLJQLILFDQW LQIOXHQFH RI WKLV ILHOG 7KH IRXU PRVW FLWHG SDSHUV DUH &KDUQHV HW DO   ZLWK
FLWDWLRQV%DQNHUHWDO   ZLWKFLWDWLRQV)DUUHOO   ZLWKFLWDWLRQV
DQG$LJQHUHWDO  ZLWKFLWDWLRQV 6FRSXV1RY 






%ULGJLQJWKHJDSEHWZHHQD[LRPDWLF'($DQGVWRFKDVWLF6)$ZDVIRUD
ORQJWLPHRQHRIWKHPRVWYH[LQJSUREOHPVLQWKHILHOGRI HIILFLHQF\DQDO\VLV
7KH UHFHQW ZRUNV RQ FRQYH[ QRQSDUDPHWULF OHDVW VTXDUHV &1/6  E\
.XRVPDQHQ   .XRVPDQHQ DQG -RKQVRQ   DQG .XRVPDQHQ DQG
.RUWHODLQHQ   KDYH OHG WR WKH IXOO LQWHJUDWLRQ RI '($ DQG 6)$ LQWR D
XQLILHG IUDPHZRUN RI SURGXFWLYLW\ DQDO\VLV ZKLFK ZH UHIHU WR DV stochastic
nonparametric envelopment of data 6WR1(' 
:H VHH WKH GHYHORSPHQW RI 6WR1(' DV D SDUDGLJP VKLIW IRU HIILFLHQF\
DQDO\VLV ,W LV QR ORQJHU QHFHVVDU\ WR GHFLGH LI PRGHOLQJ QRLVH LV PRUH
LPSRUWDQW WKDQ LPSRVLQJ D[LRPV RI SURGXFWLRQ WKHRU\ ZH FDQ GR ERWK XVLQJ
6WR1(' 7KH XQLILHG IUDPHZRUN RI 6WR1(' RIIHUV GHHSHU LQVLJKWV WR WKH
IRXQGDWLRQVRI'($DQG6)$EXWLWDOVRSURYLGHVDPRUHJHQHUDODQGIOH[LEOH
SODWIRUPIRUHIILFLHQF\DQDO\VLVDQGUHODWHGWKHPHVVXFKDVIURQWLHUHVWLPDWLRQ
DQGSURGXFWLRQDQDO\VLV)XUWKHU DQXPEHURIH[WHQVLRQVWRWKHRULJLQDO'($
DQG 6)$ PHWKRGV KDYH EHHQ GHYHORSHG RYHU WKH SDVW GHFDGHV 7KH XQLILHG
6WR1(' IUDPHZRUN DOORZV XV WR FRPELQH WKH H[LVWLQJ WRROV RI HIILFLHQF\
DQDO\VLV LQ QRYHO ZD\V DFURVV WKH '($6)$ VSHFWUXP IDFLOLWDWLQJ QHZ
RSSRUWXQLWLHVIRUIXUWKHUPHWKRGRORJLFDOGHYHORSPHQW
7KH PDLQ REMHFWLYH RI WKLV FKDSWHU LV WR SURYLGH DQ XSGDWHG DQG
HODERUDWHGSUHVHQWDWLRQRIWKH&1/6DQG6WR1('PHWKRGVWKHPRVWSURPLVLQJ
QHZ WRROV IRU D[LRPDWLF QRQSDUDPHWULF IURQWLHU HVWLPDWLRQ DQG HIILFLHQF\
DQDO\VLVXQGHUVWRFKDVWLFQRLVH2XUVHFRQGDU\REMHFWLYHLVWRH[WHQGWKHVFRSH
RI WKH 6WR1(' PHWKRG LQ VHYHUDO GLPHQVLRQV 7KLV FKDSWHU SURYLGHV WKH ILUVW
H[WHQVLRQ RI WKH 6WR1(' PHWKRG WR WKH JHQHUDO FDVH RI PXOWLSOH LQSXWV DQG
PXOWLSOH RXWSXWV :H DOVR FRQVLGHU TXDQWLOH HVWLPDWLRQ XVLQJ 6WR1(' DQG
SUHVHQW D GHWDLOHG GLVFXVVLRQ RI KRZ WR PRGHO KHWHURVFHGDVWLFLW\ LQ WKH
LQHIILFLHQF\DQGQRLVHWHUPV
7KHUHVWRIWKLVFKDSWHULVRUJDQL]HGDVIROORZV6HFWLRQLQWURGXFHVWKH
XQLILHG6WR1('IUDPHZRUNDQGLWVVSHFLDOFDVHVE\UHYLHZLQJDOWHUQDWLYHVHWV
RI DVVXPSWLRQV WKDW PRWLYDWH GLIIHUHQW HVWLPDWLRQ PHWKRGV DSSOLHG LQ
SURGXFWLYLW\ DQDO\VLV 2XU IRFXV LV H[SOLFLWO\ RQ WKH D[LRPDWLF '($VW\OH
DSSURDFKHV 6HFWLRQ  SUHVHQWV WKH &1/6 UHJUHVVLRQ DV D TXDGUDWLF
SURJUDPPLQJ SUREOHP 6HFWLRQ  GLVFXVVHV WKH LQWLPDWH FRQQHFWLRQV EHWZHHQ
&1/6 DQG '($ DQG LQWURGXFHV D VWHSZLVH &1/6 HVWLPDWRU 6HFWLRQ 
IXUWKHUGHYHORSVWKHVWHSZLVHHVWLPDWLRQDSSURDFKIRUWKH6WR1('HVWLPDWRU
6HFWLRQ  UHYLHZV VRPH LPSRUWDQW H[WHQVLRQV WR WKH 6WR1(' LQFOXGLQJ WKH
PXOWLSOLFDWLYH IRUPXODWLRQ 6HFWLRQ   REVHUYDWLRQV IURP PXOWLSOH WLPH
SHULRGVWKDWPDNHXSDSDQHOGDWD 6HFWLRQ GLUHFWLRQDOGLVWDQFHIXQFWLRQV
'')  IRU PRGHOLQJ PXOWLSOH RXWSXW YDULDEOHV 6HFWLRQ   DQG TXDQWLOH
UHJUHVVLRQ IRUPXODWLRQ 6HFWLRQ   7KH PRGHO RI FRQWH[WXDO YDULDEOHV WKDW
UHSUHVHQWRSHUDWLRQDOFRQGLWLRQVRUSUDFWLFHVLVH[DPLQHGLQGHWDLOLQ6HFWLRQ




7KHWHUP6WR1('ZDVFRLQHGE\.XRVPDQHQ  %\UHTXHVWRIUHIHUHHV.XRVPDQHQDQG
.RUWHODLQHQ  XVHGWKHWHUPVWRFKDVWLF³QRQVPRRWK”HQYHORSPHQWDVWKHLUPRGHO
VSHFLILFDWLRQLQYROYHVSDUDPHWULFGLVWULEXWLRQDODVVXPSWLRQV,QWKLVFKDSWHUZHVKRZWKDWWKH
GLVWULEXWLRQDODVVXPSWLRQVFDQEHUHOD[HGVHH6HFWLRQVDQG




7HVWLQJ RI KHWHURVFHGDVWLFLW\ DQG PRGHOLQJ KHWHURVFHGDVWLFLW\ RI LQHIILFLHQF\
DQGQRLVHXVLQJDGRXEO\KHWHURVFHGDVWLFPRGHOGLVFXVVHGLQ6HFWLRQ)LQDOO\
6HFWLRQ  FRQFOXGHV ZLWK GLVFXVVLRQ RI VRPH SURPLVLQJ DYHQXHV RI IXWXUH
UHVHDUFK

2. Unified frontier model
7R PDLQWDLQ GLUHFW FRQWDFW ZLWK WKH 6)$ OLWHUDWXUH ZH LQWURGXFH WKH XQLILHG
PRGHORIIURQWLHUSURGXFWLRQIXQFWLRQLQWKHPXOWLSOHLQSXWVLQJOHRXWSXWFDVH
0XOWLSOH RXWSXWV FDQ EH PRGHOHG XVLQJ FRVW IXQFWLRQV VHH .RUWHODLQHQ DQG
.XRVPDQHQ6HFWLRQDQG.XRVPDQHQ DQGGLVWDQFHIXQFWLRQV
$JHQHUDOPXOWLLQSXWPXOWLRXWSXWGLUHFWLRQDOGLVWDQFHIXQFWLRQPRGHOZLOOEH
LQWURGXFHGLQ6HFWLRQ
3URGXFWLRQWHFKQRORJ\LVUHSUHVHQWHGE\DIURQWLHUproduction function
f x  ZKHUH x LV D mGLPHQVLRQDO LQSXW YHFWRU  )URQWLHU f x  LQGLFDWHV WKH
PD[LPXP RXWSXW WKDW FDQ EH SURGXFHG ZLWK LQSXWV x DQG KHQFH WKH IXQFWLRQ
f x  FKDUDFWHUL]HV WKH ERXQGDU\ RI WKH SURGXFWLRQ SRVVLELOLW\ VHW :H DVVXPH
WKDW IXQFWLRQ f EHORQJV WR WKH FODVV RI FRQWLQXRXV PRQRWRQLF LQFUHDVLQJ DQG
JOREDOO\FRQFDYHIXQFWLRQVWKDWFDQEHQRQGLIIHUHQWLDEOH ZHGHQRWHWKLVFODVV
DV F 7KLVLVHTXLYDOHQWWRVWDWLQJWKDWWKHSURGXFWLRQSRVVLELOLW\VHWVDWLVILHV
WKHFODVVLF'($DVVXPSWLRQVRIIUHHGLVSRVDELOLW\DQGFRQYH[LW\,QFRQWUDVWWR
6)$QRVSHFLILFIXQFWLRQDOIRUPIRUfLVDVVXPHG
7KH REVHUYHG RXWSXW yi RI ILUP i PD\ GLIIHU IURP f xi GXH WR
LQHIILFLHQF\DQGQRLVH:HIROORZWKH6)$OLWHUDWXUHDQGLQWURGXFHDFRPSRVLWH
HUURU WHUP H i vi  ui  ZKLFK FRQVLVWV RI WKH LQHIILFLHQF\ WHUP ui !  DQG WKH
VWRFKDVWLFQRLVHWHUP vi IRUPDOO\

yi

f xi  H i
f xi  ui  vi  i  n










9DULDEOHV ui DQG vi  i  n  DUH UDQGRP YDULDEOHV WKDW DUH DVVXPHG WR EH
VWDWLVWLFDOO\LQGHSHQGHQWRIHDFKRWKHUDVZHOODVRILQSXWV xi :HDVVXPHWKDW
WKHLQHIILFLHQF\WHUPKDVDSRVLWLYHPHDQDQGDFRQVWDQWILQLWHYDULDQFHWKDWLV
E ui
P !  DQG Var ui V u  f :HIXUWKHUDVVXPH]HURPHDQQRLVHZLWKD
FRQVWDQW ILQLWH YDULDQFH WKDW LV E vi

 DQG Var vi

V v  f  $VVXPLQJ V u 

DQG V v DUH FRQVWDQW DFURVV ILUPV LV UHIHUUHG WR DV KRPRVFHGDVWLFLW\ PRGHOV
ZLWKKHWHURVNHGDVWLFLQHIILFLHQF\DQGQRLVHZLOOEHGLVFXVVHGLQ6HFWLRQ)RU
WKHVDNHRIJHQHUDOLW\DQGWRPDLQWDLQWKHIXOO\QRQSDUDPHWULFRULHQWDWLRQZH
GR QRW LQWURGXFH DQ\ GLVWULEXWLRQDO DVVXPSWLRQV IRU ui RU vi DW WKLV SRLQW



)RUFODULW\ZHGHQRWHYHFWRUVE\EROGORZHUFDVHOHWWHUV HJx DQGPDWULFHVE\EROGFDSLWDO
OHWWHUV HJZ $OOYHFWRUVDUHFROXPQYHFWRUVXQOHVVRWKHUZLVHLQGLFDWHG1RWH xc GHQRWHV
WKHWUDQVSRVHRIYHFWRUx






+RZHYHU VRPH HVWLPDWLRQ WHFKQLTXHV WR EH LQWURGXFHG EHORZ UHTXLUH
DGGLWLRQDOSDUDPHWULFDVVXPSWLRQV
,Q PRGHO   WKH GHWHUPLQLVWLF SDUW LH SURGXFWLRQ IXQFWLRQ f  LV
GHILQHG DQDORJRXV WR WKH '($ OLWHUDWXUH ZKLOH WKH VWRFKDVWLF SDUW LH
FRPSRVLWH HUURU WHUP H i  LV GHILQHG VLPLODU WR 6)$ $V D UHVXOW PRGHO  
HQFRPSDVVHV WKH FODVVLF PRGHOV RI WKH 6)$ DQG '($ OLWHUDWXUH DV LWV
FRQVWUDLQHGVSHFLDOFDVHV1RWHWKDWLQWKLVFKDSWHUZHXVHWKHWHUP³PRGHO´LQ
WKH VHQVH RI WKH HFRQRPHWULF OLWHUDWXUH WR UHIHU WR WKH GHVFULSWLRQ RI WKH GDWD
JHQHUDWLQJSURFHVV '*3 '($DQG6)$DUHDOWHUQDWLYHHVWLPDWRUVRUPHWKRGV
IRUHVWLPDWLQJWKHSURGXFWLRQIXQFWLRQ fWKHH[SHFWHGLQHIILFLHQF\ P DQGWKH
ILUPVSHFLILF UHDOL]DWLRQV RI WKH UDQGRP LQHIILFLHQF\ WHUP ui :H QRWH WKDW LQ
WKH '($ OLWHUDWXUH LW LV FRPPRQ WR XVH WKH WHUP ³PRGHO´ IRU WKH OLQHDU
SURJUDPPLQJ SUREOHP HJ /3 PRGHO  RU RWKHU PDWKHPDWLFDO SURJUDPPLQJ
IRUPXODWLRQVIRUFRPSXWLQJWKHHVWLPDWRU7RDYRLGFRQIXVLRQZHZLOO IROORZ
WKH HFRQRPHWULF WHUPLQRORJ\ DQG UHIHU WR HTXDWLRQ   DQG WKH UHODWHG
DVVXPSWLRQV DV WKH PRGHO ZKHUHDV '($ 6)$ &1/6 DQG 6WR1(' DUH
UHIHUUHGWR DV HVWLPDWRUV ,QWKLV WHUPLQRORJ\ ³'($PRGHO´RU³6)$PRGHO´
UHIHUWRWKHVSHFLILFDVVXPSWLRQVUHJDUGLQJWKHYDULDEOHVRIPRGHO  
7KHOLWHUDWXUHRIHIILFLHQF\DQDO\VLVKDVFRQYHQWLRQDOO\IRFXVHGRQIXOO\
SDUDPHWULF RU QRQSDUDPHWULF YHUVLRQV RI PRGHO   3DUDPHWULF PRGHOV
SRVWXODWHDSULRULDVSHFLILFIXQFWLRQDOIRUPIRUf HJ&REE'RXJODVWUDQVORJ
HWF DQGVXEVHTXHQWO\HVWLPDWHLWVXQNQRZQSDUDPHWHUV,QFRQWUDVWD[LRPDWLF
QRQSDUDPHWULF PRGHOV DVVXPH WKDW f VDWLVILHV FHUWDLQ UHJXODULW\ D[LRPV HJ
PRQRWRQLFLW\DQGFRQFDYLW\ EXWQRSDUWLFXODUIXQFWLRQDOIRUPLVDVVXPHG$W
WKLVSRLQWZHPXVWHPSKDVL]HWKDWWKHWHUPQRQSDUDPHWULFGRHVQRWQHFHVVDULO\
LPSO\ WKDW WKHUH DUH QR UHVWULFWLYH DVVXPSWLRQV ,W LV QRW WUXH WKDW WKH
DVVXPSWLRQV RI D QRQSDUDPHWULF PRGHO DUH QHFHVVDULO\ OHVV UHVWULFWLYH WKDQ
WKRVH RI D SDUDPHWULF PRGHO )RU H[DPSOH WKH IXOO\ QRQSDUDPHWULF '($
HVWLPDWRURIPRGHO  LVEDVHGRQWKHDVVXPSWLRQRIQRQRLVH LHvi IRUDOO
ILUPV i  $VVXPLQJ DZD\ QRLVH GRHV QRW UHTXLUH DQ\ VSHFLILF SDUDPHWULF
VSHFLILFDWLRQ EXW LW LV QHYHUWKHOHVV D UHVWULFWLYH DVVXPSWLRQ ,Q IDFW LW LV OHVV
UHVWULFWLYH WR LPSRVH SDUDPHWULF VWUXFWXUH DQG DVVXPH vi DUH LGHQWLFDOO\ DQG
LQGHSHQGHQWO\ GLVWULEXWHG DFFRUGLQJ WR WKH QRUPDO GLVWULEXWLRQ N V v  1RWH
WKDW WKLV SDUDPHWULF VSHFLILFDWLRQ FRQWDLQV WKH IXOO\ QRQSDUDPHWULF
³GHWHUPLQLVWLF´ FDVH RI QR QRLVH DV LWV UHVWULFWHG VSHFLDO FDVH REWDLQHG E\
LPSRVLQJWKHSDUDPHWHUUHVWULFWLRQ V v  
,Q DGGLWLRQ WR WKH SXUH SDUDPHWULF DQG QRQSDUDPHWULF DOWHUQDWLYHV WKH
LQWHUPHGLDWH FDVHV RI VHPLSDUDPHWULF DQG VHPLQRQSDUDPHWULF PRGHOV KDYH
EHFRPH LQFUHDVLQJO\ SRSXODU LQ UHFHQW \HDUV +RZHYHU WKH H[DFW PHDQLQJ RI
WKLV WHUPLQRORJ\ LV RIWHQ FRQIXVHG &KHQ   SURYLGHV DQ LQWXLWLYH DQG
XVHIXOGHILQLWLRQWKDWZHILQGZRUWKTXRWLQJ
³$QHFRQRPHWULFPRGHOLVWHUPHG³parametric´LIDOORILWVSDUDPHWHUV
DUHLQILQLWHGLPHQVLRQDOSDUDPHWHUVSDFHVDPRGHOLV³nonparametric´
LI DOO RI LWV SDUDPHWHUV DUH LQ LQILQLWHGLPHQVLRQDO SDUDPHWHU VSDFHV D



PRGHO LV ³semiparametric´ LI LWV SDUDPHWHUV RI LQWHUHVWV DUH LQ ILQLWH
GLPHQVLRQDO VSDFHV EXW LWV QXLVDQFH SDUDPHWHUV DUH LQ LQILQLWH
GLPHQVLRQDO VSDFHV D PRGHO LV ³semi-nonparametric´ LI LW FRQWDLQV
ERWK ILQLWHGLPHQVLRQDO DQG LQILQLWHGLPHQVLRQDO XQNQRZQ SDUDPHWHUV
RILQWHUHVWV´&KHQ  SIRRWQRWH
1RWHWKDWDFFRUGLQJWRWKHDERYHGHILQLWLRQERWKWKHVHPLSDUDPHWULFDQGVHPL
QRQSDUDPHWULFPRGHOFRQWDLQDQRQSDUDPHWULFSDUWDQGDSDUDPHWULFSDUW7KH
GLVWLQFWLRQ EHWZHHQ WKH WHUPV VHPLSDUDPHWULF DQG VHPLQRQSDUDPHWULF LV
VXEMHFWLYHGHSHQGHQW RQZKHWKHUZH DUHLQWHUHVWHGLQ WKHHPSLULFDO HVWLPDWHV
RIWKHQRQSDUDPHWULFSDUWRUQRW7KHVDPHPRGHOFDQEHHLWKHUVHPLSDUDPHWULF
LIRXUPDLQLQWHUHVWLVLQWKHSDUDPHWHUHVWLPDWHVRIWKHSDUDPHWULFSDUWDQGWKH
QRQSDUDPHWULFSDUWLVRIQRSDUWLFXODULQWHUHVWRUVHPLQRQSDUDPHWULFLIZHDUH
LQWHUHVWHGLQWKHUHVXOWVRIWKHQRQSDUDPHWULFSDUW
0RGHO   FDQ EH LQWHUSUHWHG DV D QHRFODVVLFDO RU IURQWLHU PRGHO
GHSHQGLQJ RQ WKH LQWHUSUHWDWLRQ RI WKH GLVWXUEDQFH WHUP FI .XRVPDQHQ DQG
)RVJHUDX   7KH QHRFODVVLFDO PRGHO DVVXPHV WKDW DOO ILUPV DUH HIILFLHQW
DQG GLVWXUEDQFHV DUH UDQGRP XQFRUUHODWHG QRLVH WHUPV )URQWLHU PRGHOV
W\SLFDOO\ DVVXPH WKDW DOO RU VRPH SDUW RI WKH GHYLDWLRQV IURP WKH IURQWLHU DUH
DWWULEXWHGWRV\VWHPDWLFLQHIILFLHQF\
7DEOHFRPELQHVWKHFULWHULDGHVFULEHGDERYHWRLGHQWLI\VL[DOWHUQDWLYH
HVWLPDWLRQ PHWKRGV FRPPRQO\ XVHG IRU HVWLPDWLQJ WKH YDULDQWV RI WKH XQLILHG
PRGHO   WRJHWKHU ZLWK VRPH FDQRQLFDO UHIHUHQFHV 2Q WKH SDUDPHWULF VLGH
2/6 UHIHUV WR ordinary least squares 33 PHDQV parametric programming
&2/6 LV corrected ordinary least squares DQG 6)$ LV stochastic frontier
analysis VHH HJ .XPEKDNDU DQG /RYHOO  IRU DQ LQWURGXFWLRQ WR WKH
SDUDPHWULFDSSURDFKWRHIILFLHQF\DQDO\VLV 7KHIRFXVRIWKLVFKDSWHULVRQWKH
D[LRPDWLFQRQSDUDPHWULFDQGVHPLQRQSDUDPHWULFYDULDQWVRIPRGHO  &1/6
UHIHUV WR convex nonparametric least squares 6HFWLRQ   '($ LV data
envelopment analysis 6HFWLRQ   &1/6 LV corrected convex nonparametric least squares 6HFWLRQ   DQG 6WR1(' LV stochastic
nonparametric envelopment of data 6HFWLRQ 

Table 1. Classification of methods




Central tendency

Sign constraints
Deterministic
frontier
2-step estimation

Stochastic frontier




Parametric
OLS
&REEDQG'RXJODV  

PP
$LJQHUDQG&KX  
7LPPHU  

COLS
:LQVWHQ  
*UHHQH  

SFA
$LJQHUHWDO  
0HHXVHQDQG9DQGHQ%URHFN
 

Nonparametric
CNLS 6HFWLRQ 
+LOGUHWK  
+DQVRQDQG3OHGJHU
 

DEA 6HFWLRQ 
)DUUHOO  
&KDUQHVHWDO  
CNLS 6HFWLRQ
.XRVPDQHQDQG-RKQVRQ
 
StoNED 6HFWLRQ 
.XRVPDQHQDQG
.RUWHODLQHQ  









3. Convex nonparametric least squares
,QWKLVVHFWLRQZHFRQVLGHUWKHVSHFLDOFDVHRIPRGHO  ZKHUHWKHFRPSRVLWH
HUURUWHUPεFRQVLVWVH[FOXVLYHO\RIQRLVHvDQGWKHUHLVQRLQHIILFLHQF\ LHZH
DVVXPHu  7KLVVSHFLDOFDVHLVUHOHYDQWIRUPRGHOLQJILUPVWKDWRSHUDWHLQ
WKHFRPSHWLWLYHPDUNHWHQYLURQPHQWZKLFKPHHWV DWOHDVWE\DSSUR[LPDWLRQ 
WKHFRQGLWLRQVRISHUIHFWFRPSHWLWLRQFRQVLGHUHGLQPLFURHFRQRPLFWKHRU\:H
ZLOO UHOD[ WKLV QR LQHIILFLHQF\ DVVXPSWLRQ IURP 6HFWLRQ  RQZDUGV EXW WKH
LQVLJKWV JDLQHG LQ WKLV VHFWLRQ ZLOO EH FULWLFDO IRU XQGHUVWDQGLQJ WKH
GHYHORSPHQWVLQWKHIROORZLQJVHFWLRQV
,Q WKH FDVH RI D V\PPHWULF ]HURPHDQ HUURU WHUP WKDW VDWLVILHV E εi   
IRUDOOiWKHH[SHFWHGYDOXHRIRXWSXWFRQGLWLRQDORQLQSXWVHTXDOVWKHYDOXHRI
WKHSURGXFWLRQIXQFWLRQWKDWLV
E yi xi
E f xi  E H i
f xi 
7KHUHIRUH LQ WKLV VHWWLQJ WKH SURGXFWLRQ IXQFWLRQ f FDQ EH HVWLPDWHG E\
QRQSDUDPHWULFUHJUHVVLRQWHFKQLTXHV1RWHWKDWWKHWHUP³UHJUHVVLRQ´UHIHUVWR
WKHFRQGLWLRQDOPHDQ E yi xi 
+LOGUHWK   ZDV WKH ILUVW WR FRQVLGHU QRQSDUDPHWULF UHJUHVVLRQ
VXEMHFWWRPRQRWRQLFLW\DQGFRQFDYLW\FRQVWUDLQWVLQWKHFDVHRI DVLQJOHLQSXW
YDULDEOH x VHH DOVR +DQVRQ DQG 3OHGJHU   .XRVPDQHQ   H[WHQGHG
+LGUHWK¶V DSSURDFK WR WKH PXOWLYDULDWH VHWWLQJ ZLWK D YHFWRUYDOXHG x DQG
FRLQHGWKHWHUPconvex nonparametric least squares &1/6 IRUWKLVPHWKRG
&1/6 EXLOGV XSRQ WKH DVVXPSWLRQ WKDW WKH WUXH EXW XQNQRZQ SURGXFWLRQ
IXQFWLRQfEHORQJVWRWKHVHWRIFRQWLQXRXVPRQRWRQLFLQFUHDVLQJDQGJOREDOO\
FRQFDYH IXQFWLRQV F  LPSRVLQJ H[DFWO\ WKH VDPH SURGXFWLRQ D[LRPV DV
VWDQGDUG'($
7KH&1/6HVWLPDWRURIIXQFWLRQfLVREWDLQHGDVWKHRSWLPDOVROXWLRQWR
WKHLQILQLWHGLPHQVLRQDOOHDVWVTXDUHVSUREOHP

n

PLQ ¦ yi  f xi
f





i 

VXEMHFWWR
f  F










7KH IXQFWLRQDO IRUP RI f LV QRW VSHFLILHG EHIRUHKDQG 5DWKHU WKH RSWLPDO
VROXWLRQ ZLOO LGHQWLI\ WKH EHVWILW IXQFWLRQ f IURP WKH IDPLO\ F  1RWH WKDW VHW
F LQFOXGHV DQ LQILQLWH QXPEHU RI IXQFWLRQV ZKLFK PDNHV SUREOHP  

LPSRVVLEOH WR VROYH WKURXJK EUXWH IRUFH WULDO DQG HUURU )XUWKHU SUREOHP  
GRHVQRWJHQHUDOO\KDYHDXQLTXHVROXWLRQIRUDQ\DUELWUDU\LQSXWYHFWRUxEXWD
XQLTXH VROXWLRQ H[LVWV IRU HVWLPDWLQJ f IRU WKH REVHUYHG GDWD SRLQWV
xi  yi  i  n  7KHUHIRUH ZH ZLOO QH[W GLVFXVV WKH HVWLPDWLRQ RI f IRU WKH
REVHUYHGGDWDSRLQWVDQGH[WUDSRODWLRQWRXQREVHUYHGSRLQWVLQVXEVHFWLRQ




3.1 CNLS estimator for the observed data points
$ XQLTXH VROXWLRQ WR SUREOHP   IRU WKH REVHUYHG GDWD SRLQWV
xi  yi  i  n  FDQ EH IRXQG E\ VROYLQJ WKH IROORZLQJ ILQLWH GLPHQVLRQDO
quadratic programming 43 SUREOHP

n

PLQ ¦ H iCNLS
α β ε



i 

VXEMHFWWR

D i  βci xi  H iCNLS i 
D i  βci xi d D h  βch xi h i
yi







βi t i


ZKHUH D i DQG β i GHILQH WKH LQWHUFHSW DQG VORSH SDUDPHWHUV RI WDQJHQW
K\SHUSODQHVWKDWFKDUDFWHUL]HWKHHVWLPDWHGSLHFHZLVHOLQHDUIURQWLHU QRWHWKDW
βci xi Ei xi  Ei  xi     Eim xim  6\PERO H iCNLS GHQRWHV WKH &1/6 UHVLGXDO
ZKLFK LV DQ HVWLPDWRU RI WKH WUXH EXW XQREVHUYHG H i

vi  1RWH WKDW LQ   WKH

*UHHNOHWWHUVDUHYDULDEOHVDQGWKH/DWLQOHWWHUVDUHSDUDPHWHUV LH xiyi DUH
REVHUYHGGDWD 
.XRVPDQHQ   LQWURGXFHG WKH 43 IRUPXODWLRQ   DQG SURYHG LWV
HTXLYDOHQFH ZLWK WKH LQILQLWH GLPHQVLRQDO RSWLPL]DWLRQ SUREOHP  
6SHFLILFDOO\ LI ZH GHQRWH WKH YDOXH RI WKH REMHFWLYH IXQFWLRQ LQ WKH RSWLPDO
VROXWLRQ WR WKH LQILQLWH GLPHQVLRQDO &1/6 IRUPXODWLRQ   E\ SSECNLS  66( 
WKHVXPRIVTXDUHVRIHUURUV DQGWKDWRIWKHILQLWH43SUREOHP  E\ SSEQP 
WKHQWKHHTXLYDOHQFHFDQEHVWDWHGDVIROORZV
Theorem 1: SSECNLS

SSEQP 


3URRI6HH.XRVPDQHQ  7KHRUHP

7KH HTXLYDOHQFH UHVXOW GRHV QRW UHVWULFW WR WKH REMHFWLYH IXQFWLRQV WKH
RSWLPDOVROXWLRQWRSUREOHP  DOVRSURYLGHVXVXQLTXHHVWLPDWHVRIIXQFWLRQf
IRU WKHREVHUYHGGDWDSRLQWV 2QFHWKHRSWLPDOVROXWLRQ LVIRXQGZHZLOODGG
³KDWV´ RQ WRS RI DÖ i  βÖ i  DQG HÖiCNLS  DQG UHIHU WR WKHP DV HVWLPDWRUV,Q RWKHU
ZRUGV D i  β i DQG H iCNLS DUHYDULDEOHVRISUREOHP  ZKHUHDVHVWLPDWRUV DÖ i 
CNLS
SURYLGH WKH RSWLPDO VROXWLRQ WR SUREOHP   *LYHQ DÖ i DQG βÖ i 
βÖ i  DQG HÖi

IURP  ZHGHILQH

fÖ CNLS xi DÖi  βÖ ci xi

yi  HÖiCNLS 









,QDSSOLFDWLRQZKHQHVWLPDWRUVDUHFDOFXODWHGIRUDVSHFLILFGDWDVHWZHZLOOUHIHUWRWKHVHDV
HVWLPDWHGSDUDPHWHUV







7KLVHVWLPDWRURIIXQFWLRQfVDWLVILHVWKHIROORZLQJSURSHUWLHV

Theorem 2 In the case of the neoclassical model with no inefficiency,
fÖ CNLS x is a unique, unbiased and consistent estimator of f x for the
i

i

observed data points xi  yi  i  n 

3URRI 8QLTXHQHVV LV SURYHG E\ /LP DQG *O\QQ   3URSRVLWLRQ 
8QELDVHGQHVVIROORZVIURP6HLMRDQG6HQ   /HPPD&RQVLVWHQF\LV
SURYHGXQGHUVOLJKWO\GLIIHUHQWDVVXPSWLRQVLQ6HLMRDQG6HQ  7KHRUHPV
DQGDQG/LPDQG*O\QQ  7KHRUHPVDQG

7KH FRQVWUDLQWV RI WKH 43 SUREOHP   KDYH WKH IROORZLQJ FRPSHOOLQJ
LQWHUSUHWDWLRQV 7KH ILUVW FRQVWUDLQW RI WKH OHDVW VTXDUHV IRUPXODWLRQ   LV D
OLQHDU UHJUHVVLRQ HTXDWLRQ +RZHYHU WKH &1/6 UHJUHVVLRQ GRHV QRW DVVXPH
OLQHDU f QRWH WKDW FRHIILFLHQWV D i DQG β i DUH VSHFLILF WR HDFK REVHUYDWLRQ i
8VLQJ WKH WHUPLQRORJ\ RI '($ D i DQG β i DUH GLUHFWO\ DQDORJRXV WR WKH
PXOWLSOLHU FRHIILFLHQWV RI WKH GXDO IRUPXODWLRQ RI '($ 7KH LQHTXDOLW\
FRQVWUDLQWVLQ  FDQEHLQWHUSUHWHGDVDV\VWHPRIAfriat inequalities FRPSDUH
ZLWK$IULDWDQG9DULDQ $V.XRVPDQHQ  HPSKDVL]HV
WKH $IULDW LQHTXDOLWLHV DUH WKH NH\ WR PRGHOLQJ WKH FRQFDYLW\ D[LRP LQ WKH
JHQHUDOPXOWLSOHUHJUHVVLRQVHWWLQJ
&RHIILFLHQWV D i DQG β i VKRXOGQRWEHPLVLQWHUSUHWHGDVSDUDPHWHUVRIWKH
HVWLPDWHG IXQFWLRQ f EXW UDWKHU DV SDUDPHWHUV FKDUDFWHUL]LQJ WDQJHQW
K\SHUSODQHV WR DQ XQNQRZQ SURGXFWLRQ IXQFWLRQ f 7KHVH FRHIILFLHQWV
FKDUDFWHUL]HDFRQYH[SLHFHZLVHOLQHDUIXQFWLRQWREHH[DPLQHGLQPRUHGHWDLO
WKHQH[WVXEVHFWLRQ$WWKLVSRLQWZHPXVWHPSKDVL]HWKDWZHGLGQRWDVVXPH
RUUHVWULFWWKHGRPDLQ F WRRQO\LQFOXGHSLHFHZLVHOLQHDUIXQFWLRQ,QIDFWLW
WXUQVRXWWKDWWKH³RSWLPDO´IXQFWLRQDOIRUPWRVROYLQJWKHLQILQLWHGLPHQVLRQDO
OHDVW VTXDUHV SUREOHP   LV DOZD\V D FRQYH[ SLHFHZLVH OLQHDU IXQFWLRQ
FKDUDFWHUL]HG E\ FRHIILFLHQWV D i DQG β i  +RZHYHU WKLV RSWLPDO VROXWLRQ LV
XQLTXHRQO\IRUWKHREVHUYHGGDWDSRLQWV

3.2 Extrapolating to unobserved points
,Q PDQ\ DSSOLFDWLRQV ZH DUH LQWHUHVWHG LQ HVWLPDWLQJ WKH IURQWLHU QRW RQO\ IRU
WKHREVHUYHGGDWDSRLQWVEXWDOVRIRUXQREVHUYHGLQSXWYHFWRUVx$OWKRXJKWKH
&1/6HVWLPDWRULVXQLTXHIRUWKHREVHUYHGGDWDSRLQWVWKHUHLVQRXQLTXHZD\
RI H[WUDSRODWLQJ WKH &1/6 HVWLPDWRU WR XQREVHUYHG SRLQWV ,Q JHQHUDO WKH
RSWLPDO VROXWLRQ WR WKH LQILQLWH GLPHQVLRQDO OHDVW VTXDUHV SUREOHP   LV QRW
XQLTXHEXW WKHUH H[LVWV DVHW RI IXQFWLRQV f  F WKDWVROYHWKHRSWLPL]DWLRQ
SUREOHP  )RUPDOO\ZHGHQRWHWKHVHWRIDOWHUQDWHRSWLPDWR  DV



1RWHLVIRUPXODWLRQLVZULWWHQIRUHDVHRILQWHUSUHWDWLRQ2WKHUIRUPXODWLRQVPLJKWEH
SUHIHUUHGWRLPSURYHFRPSXWDWLRQDOSHUIRUPDQFH
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n

DUJ PLQ ¦ yi  f xi

f

f F

i 
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¾ 
¿


.XRVPDQHQ  FKDUDFWHUL]HVWKHPLQLPXPDQGPD[LPXPERXQGVIRU
WKH IXQFWLRQV f  F  ,W WXUQV RXW WKDW ERWK ERXQGV DUH SLHFHZLVH OLQHDU
IXQFWLRQV +RZHYHU RQO\ WKH PLQLPXP ERXQG VDWLVILHV WKH SRVWXODWHG
PRQRWRQLFLW\ DQG FRQFDYLW\ SURSHUWLHV 7R UHVROYH WKH QRQXQLTXHQHVV LVVXH
.XRVPDQHQ DQG .RUWHODLQHQ   DSSHDO WR WKH minimum extrapolation
principleDQGSURSRVHWRXVHWKHORZHUERXQG

fÖ CNLS x PLQ D  βcx D  βcx t fÖ CNLS x i  n 

PLQ

D β

^

i

`

i


CNLS
1RWH WKDW WKH ORZHU ERXQG fÖPLQ
LV VLPSO\ WKH '($ HVWLPDWRU VLQJOH RXWSXW

YDULDEOHUHWXUQVWRVFDOH DSSOLHGWRWKHREVHUYHGLQSXWVxiDQGWKHILWWHGRXWSXWV
fÖ CNLS x REWDLQHGIURPHTXDWLRQ  7KHORZHUERXQGIXQFWLRQVDWLVILHVWKH
i

SRVWXODWHG SURSHUWLHV RI PRQRWRQLFLW\ DQG FRQFDYLW\ :H FDQ PDNH WKH
IROORZLQJFRQQHFWLRQEHWZHHQWKHORZHUERXQG  DQGWKHLQILQLWHGLPHQVLRQDO
&1/6SUREOHP  

Theorem 3 Function fÖ CNLS stated in equation   is one of the optimal
PLQ

solutions to the infinite dimensional optimization problem  . It is the unique
lower bound for the functions that solve problem  , formally 
CNLS
fÖPLQ
x d f x IRUDOO x m DQG f  F 

3URRI6HH.XRVPDQHQ  7KHRUHP

1RWHWKDWZKLOH fÖ CNLS LVXQELDVHGDQGFRQVLVWHQWIRUWKHREVHUYHGSRLQWV
CNLS
ZLOO
xi 7KHRUHP WKHXVHRIWKHSLHFHZLVHOLQHDUPLQLPXPIXQFWLRQ fÖPLQ

FDXVHGRZQZDUGELDVLQILQLWHVDPSOHVDVZHDSSO\WKHPLQLPXPH[WUDSRODWLRQ
SULQFLSOHWR H[WUDSRODWH WRXQREVHUYHGSRLQWV x :LWKLQ WKH REVHUYHGUDQJHRI
GDWDWKHGRZQZDUGELDVZLOOGLPLQLVKDVWKHVDPSOHVL]HLQFUHDVHV
,W LV DOVR ZRUWK QRWLQJ WKDW WKH RSWLPDO VROXWLRQ WR WKH 43 SUREOHP  
GRHVQRWQHFHVVDULO\SURGXFHXQLTXHFRHIILFLHQWV DÖ DQG βÖ $OWKRXJK fÖ CNLS LV
i

i

PLQ

DXQLTXHORZHUERXQGFRQVLVWHQWZLWKWKHPLQLPXPH[WUDSRODWLRQSULQFLSOHWKH
FRHIILFLHQWV DÖ i DQG βÖ i REWDLQHG DV WKH RSWLPDO VROXWLRQ WR   QHHG QRW EH
XQLTXH HLWKHU ,W LV ZHOONQRZQ LQ WKH '($ OLWHUDWXUH WKDW WKHVH PXOWLSOLHU
FRHIILFLHQWVDUHQRWXQLTXHLQWKHYHUWLFHVRIWKHSLHFHZLVHOLQHDUIXQFWLRQ



,Q DGGLWLRQ WR WKH XVH RI '($ WR LGHQWLI\ WKH ORZHU ERXQG IXQFWLRQ WKHUH LV D PRUH
IXQGDPHQWDOFRQQHFWLRQEHWZHHQ&1/6DQG'($WREHH[SORUHGLQ6HFWLRQ







3.4 Computational issues
7KH &1/6 SUREOHP   KDV OLQHDU FRQVWUDLQWV DQG D TXDGUDWLF REMHFWLYH
IXQFWLRQKHQFHLWFDQEHVROYHGE\4&3VROYHUVVXFKDV&3/(;RU026(.
6WDQGDUG VROYHUV ZRUN ZHOO LQ UHODWLYHO\ VPDOO VDPSOH VL]HV  ±  ILUPV 
DYDLODEOH LQ WKH PDMRULW\ RI SXEOLVKHG DSSOLFDWLRQV RI HIILFLHQF\ DQDO\VLV
+RZHYHU VLQFH WKH QXPEHU RI $IULDW LQHTXDOLWLHV LQ   JURZV DW D TXDGUDWLF
UDWH DV D IXQFWLRQ RI WKH QXPEHU RI REVHUYDWLRQV WKH FRPSXWDWLRQDO EXUGHQ
EHFRPHVDVLJQLILFDQWLVVXHZKHQWKHVDPSOHVL]HLQFUHDVHVEH\RQGILUPV
1RWHWKDW DGGLQJDQHZ ILUP WR WKHVDPSOHLQFUHDVHV WKHQXPEHURIXQNQRZQ
SDUDPHWHUVE\ m DQGWKHQXPEHURI $IULDW LQHTXDOLW\ FRQVWUDLQWV LQFUHDVHV
E\ n ,QWURGXFLQJ DQ DGGLWLRQDO LQSXW YDULDEOH LQFUHDVHV WKH QXPEHU RI
XQNQRZQSDUDPHWHUVE\nEXWWKHUHLVQRLPSDFWRQWKHQXPEHURIFRQVWUDLQWV
)RU WKHVH UHDVRQV VWDQGDUG 43 DOJRULWKPV DUH LQDGHTXDWH IRU KDQGOLQJ ODUJH
VDPSOHVZLWKVHYHUDOKXQGUHGVRUWKRXVDQGVRIREVHUYDWLRQV
$V D ILUVW VWHS WRZDUGV LPSURYLQJ FRPSXWDWLRQDO SHUIRUPDQFH LQ VPDOO
VDPSOHV DQG WR DOORZ IRU ODUJHU SUREOHPV WR EH VROYHG /HH HW DO  
SURSRVH WR IROORZ WKH VWUDWHJ\ RI 'DQW]LJ et al.    WR LWHUDWLYHO\
LGHQWLI\ DQG DGG YLRODWHG FRQVWUDLQWV 7KH DOJRULWKP GHYHORSHG E\ /HH HW DO
ILUVW VROYHV D UHOD[HG &1/6 SUREOHP FRQWDLQLQJ DQ LQLWLDO VHW RI FRQVWUDLQWV
WKRVH WKDW DUH OLNHO\ WR EH ELQGLQJ DQG WKHQ LWHUDWLYHO\ DGGV D VXEVHW RI WKH
YLRODWHG FRQFDYLW\ FRQVWUDLQWV XQWLO D VROXWLRQ WKDW GRHV QRW YLRODWH DQ\
FRQVWUDLQW LV IRXQG ,Q FRPSXWDWLRQDO H[SHULPHQWV WKLV DOJRULWKP DOORZHG
SUREOHPV ZLWK XS WR  ILUPV WR EH VROYHG 7KHUHIRUH WKLV DOJRULWKP KDV
SUDFWLFDO YDOXH HVSHFLDOO\ LQ ODUJH VDPSOH DSSOLFDWLRQV DQG VLPXODWLRQEDVHG
PHWKRGVVXFKDVERRWVWUDSSLQJRU0RQWH&DUORVWXGLHV$QRWKHUUHFHQWVWXG\E\
+DQQDKDQG'XQVRQ  LPSOHPHQWV&1/6LQ0DWODEUHSRUWLQJSURPLVLQJ
UHVXOWV+RZHYHUIXUWKHUDOJRULWKPGHYHORSPHQWLVQHHGHGWRPDNHWKH&1/6
SUREOHPFRPSXWDEOHLQYHU\ODUJHVDPSOHVL]HVFRQWDLQLQJVHYHUDOWKRXVDQGVRU
PLOOLRQVRIREVHUYDWLRQV
4. Deterministic frontiers
,Q WKLV VHFWLRQ ZH FRQVLGHU DQRWKHU VSHFLDO FDVH RI PRGHO   ZKHUH WKH
FRPSRVLWH HUURU WHUP ε FRQVLVWV H[FOXVLYHO\ RI LQHIILFLHQF\ u DQG WKHUH LV QR
QRLVH LHv  ,QWKH6)$OLWHUDWXUHWKLVVSHFLDOFDVHLVFRPPRQO\UHIHUUHG
WRDVWKHdeterministic model7KLVGRHVQRWLPSO\KRZHYHUWKDWSUREDELOLVWLF
LQIHUHQFHVDUHLPSRVVLEOH
%DQNHU   ZDV WKH ILUVW WR VKRZ WKDW '($ FDQ EH XQGHUVWRRG DV D
PD[LPXP OLNHOLKRRG HVWLPDWRU RI WKH GHWHUPLQLVWLF PRGHO ZLWK D VWDWLVWLFDO
SUREDELOLVWLF  IRXQGDWLRQ +RZHYHU WKH NQRZQ VWDWLVWLFDO SURSHUWLHV DQG
LQIHUHQFHVLQWKH'($OLWHUDWXUHUHVWULFWWRWKHILQLWHVDPSOHHUURUWKDWJHQHUDOO\
GLPLQLVKHV DV WKH VDPSOH VL]H LQFUHDVHV 2U VWDWHG GLIIHUHQWO\ WKH PRGHO



([DPSOHV RI FRPSXWDWLRQDO FRGHV IRU *$06 DUH DYDLODEOH RQ WKH 6WR1(' ZHEVLWH
ZZZQRPHSUHQHWVWRQHG




VSHFLILFDWLRQDQGLQSXWDQGRXWSXWGDWDLQWKHGHWHUPLQLVWLFPRGHODUHDVVXPHG
WR EH H[DFW DQG FRUUHFW VR WKH RQO\ SUREDELOLVWLF FRPSRQHQW LV WKH UDQGRP
VDPSOH RI REVHUYDWLRQV GUDZQ IURP WKH SURGXFWLRQ SRVVLELOLW\ VHW 7KLV VDPH
GHWHUPLQLVWLF PRGHO DQG LWV DVVRFLDWHG VWDWLVWLFDO IRXQGDWLRQ DUH XVHG IRU
LQIHUHQFHLQWKHERRWVWUDSSLQJPHWKRGV HJ6LPDUDQG:LOVRQ  
7KXV VWDWLVWLFDO LQIHUHQFH DQG FRQILGHQFH LQWHUYDOV HVWLPDWHG XVLQJ
ERRWVWUDSSLQJ PHWKRGV RQO\ DFFRXQW IRU XQFHUWDLQW\ LQ VDPSOLQJ DQG GR QRW
DFFRXQW IRU RWKHU VRXUFHV RI UDQGRP YDULDWLRQ RU QRLVH 7KXV ERRWVWUDS
FRQILGHQFH LQWHUYDOV RI '($ DUH QRW GLUHFWO\ FRPSDUDEOH WR FRQILGHQFH
LQWHUYDOVRIRWKHUPRGHOVWKDWDUHJHQXLQHO\VWRFKDVWLFLQWKHLUQDWXUH HJWKH
6)$FRQILGHQFHLQWHUYDOV 
,WLVLPSRUWDQWWRUHFRJQL]HWKDWLIWKHQRQRLVHDVVXPSWLRQ v  RIWKH
GHWHUPLQLVWLFPRGHOGRHVQRWKROGWKHVWDWLVWLFDOIRXQGDWLRQVRI'($FROODSVH
7KH ERRWVWUDSSLQJ PHWKRGV WR DGMXVW IRU WKH VPDOO VDPSOH DUH QRW D UHPHG\
DJDLQVW QRLVH UDWKHU DGMXVWLQJ IRU WKH VDPSOLQJ ELDV FDQ PDNH WKH '($
HVWLPDWRUZRUVHLIGDWDDUHSHUWXUEHGE\QRLVH7KHVWRFKDVWLFFDVHWKDWLQFOXGHV
ERWKLQHIILFLHQF\DQGQRLVHVLPXOWDQHRXVO\ZLOOEHFRQVLGHUHGLQ6HFWLRQ7KH
SXUSRVH RI WKLV VHFWLRQ LV WR HVWDEOLVK VRPH XVHIXO FRQQHFWLRQV EHWZHHQ WKH
µQHRFODVVLFDO¶ &1/6 DQG WKH µGHWHUPLQLVWLF¶ '($ WR GHYHORS D XQLILHG
IUDPHZRUNDQGSDYHWKHZD\IRUDVWRFKDVWLFQRQSDUDPHWULF6WR1('HVWLPDWRU
4.1 DEA as sign-constrained CNLS
,QWKHVLQJOHRXWSXWFDVHWKHYDULDEOHUHWXUQVWRVFDOH 956 '($HVWLPDWRURI
SURGXFWLRQIXQFWLRQfFDQEHVWDWHGDV

PLQ ^D  βcx D  βcxi t yi i  n`
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1RWHWKHGLIIHUHQFHEHWZHHQIRUPXODWLRQV  DQG  WKHIRUPHURQHXVHVWKH
HVWLPDWHGRXWSXWYDOXHV fÖ CNLS x ZKHUHDVLQWKHODWWHURQHXVHVWKHREVHUYHG
i

RXWSXWV yi 2WKHUZLVH WKH IRUPXODWLRQV   DQG   DUH HTXLYDOHQW 7KH
PLQLPL]DWLRQ IRUPXODWLRQ LQ   FDQ EH LQWHUSUHWHG DV WKH '($ PXOWLSOLHU
IRUPXODWLRQ ZKHUHDV WKH PD[LPL]DWLRQ IRUPXODWLRQ RI   LV NQRZQ DV WKH
'($ HQYHORSPHQW IRUPXODWLRQ 7KH GXDOLW\ WKHRU\ RI OLQHDU SURJUDPPLQJ
LPSOLHVWKDWWKHWZRIRUPXODWLRQVDUHHTXLYDOHQW
&RQVLGHU QH[W D YHUVLRQ RI WKH &1/6 HVWLPDWRU ZLWK DQ DGGLWLRQDO VLJQ
FRQVWUDLQWRQWKHUHVLGXDOV







n

PLQ ¦ H iCNLS 
α β ε



i 

VXEMHFWWR

 yi D i  βci xi  H iCNLS  i 
D i  βci xi d D h  βch xi h i







βi t i

H iCNLS  d i


&RPSDULQJ  DQG  ZHVHHWKDWWKHRQO\GLIIHUHQFHLVWKHODVWFRQVWUDLQWRI
  ZKLFK LV QRW SUHVHQW LQ WKH RULJLQDO &1/6 IRUPXODWLRQ 'XH WR WKH VLJQ
FRQVWUDLQW .XRVPDQHQ DQG -RKQVRQ   LQWHUSUHW   DV DQ D[LRPDWLF
QRQSDUDPHWULFFRXQWHUSDUWWRWKHFODVVLFSDUDPHWULFSURJUDPPLQJDSSURDFKRI
$LJQHUDQG&KX  
:H QRZ HVWDEOLVK WKH IRUPDO FRQQHFWLRQ EHWZHHQ &1/6 DQG '($ DV
IROORZV /HW fÖ CNLS  x GHQRWH WKH SLHFHZLVH OLQHDU IXQFWLRQ REWDLQHG E\
PLQ

DSSO\LQJHTXDWLRQ  WRWKHREVHUYHGLQSXWV xi DQGWKHILWWHGYDOXHV yÖ i RIWKH
VLJQFRQVWUDLQHGIRUPXODWLRQ  

Theorem 4 The sign-constrained CNLS estimator is equivalent to the DEA
VRS estimator:

fÖ CNLS  x
fÖ DEA x 
PLQ


3URRI)ROORZVGLUHFWO\IURP7KHRUHPLQ.XRVPDQHQDQG-RKQVRQ  

$OWKRXJK 7KHRUHP  ZDV VWDWHG LQ WKH 956 FDVH WKH HTXLYDOHQFH RI
'($ DQG VLJQFRQVWUDLQHG &1/6 GRHV QRW UHVWULFW WR WKH 956 FDVH ,QGHHG
SDUDOOHOUHVXOWVDUHDYDLODEOHIRUWKHRWKHUVWDQGDUGVSHFLILFDWLRQVRIUHWXUQVWR
VFDOHE\LPSRVLQJDGGLWLRQDOFRQVWUDLQWVRQWKHFRHIILFLHQWV DÖi LQIRUPXODWLRQV
 RU  DVIROORZV


&RQVWDQWUHWXUQVWRVFDOH &56 LPSRVH DÖi

i 

1RQLQFUHDVLQJUHWXUQVWRVFDOH 1,56 LPSRVH DÖi t i 
1RQGHFUHDVLQJUHWXUQVWRVFDOH 1'56 LPSRVH DÖi d i 

6LPLODUO\ LI WKH FRQYH[LW\ DVVXPSWLRQ RI '($ LV UHOD[HG WKH IUHH GLVSRVDEOH
KXOO )'+  $IULDW   HVWLPDWRU SURYLGHV WKH PLQLPXP HQYHORSPHQW RI
GDWD VXEMHFW WR IUHH GLVSRVDELOLW\ .HVKYDUL DQG .XRVPDQHQ   VKRZ WKDW
WKH )'+ IRUPXODWLRQ LV D VLJQFRQVWUDLQHG VSHFLDO FDVH RI LVRWRQLF
QRQSDUDPHWULF OHDVW VTXDUHV ,1/6  ZKLFK LQ WXUQ LV WKH FRQFDYLW\ UHOD[HG
YHUVLRQRI&1/6



)URP D SUDFWLFDO SRLQW RI YLHZ WKH OHDVW VTXDUHV LQWHUSUHWDWLRQ RI '($
RSHQV XS QHZ DYHQXHV IRU DSSO\LQJ WRROV IURP HFRQRPHWULFV WR '($ )RU
H[DPSOH.XRVPDQHQDQG-RKQVRQ  SURSRVHWRPHDVXUHWKHJRRGQHVVRI
ILW RI '($ HVWLPDWRU E\ XVLQJ WKH VWDQGDUG coefficient of determination IURP
UHJUHVVLRQDQDO\VLVVSHFLILFDOO\
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¦

n
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n
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yÖi  y



yi  y









  


 n
¦ yi LV WKH DYHUDJH RXWSXW LQ WKH VDPSOH 7KH R VWDWLVWLF
ni
PHDVXUHV WKH SURSRUWLRQ RI RXWSXW YDULDWLRQ WKDW LV H[SODLQHG E\ WKH '($
IURQWLHU :KLOH WKLV YDULDQFH GHFRPSRVLWLRQ FDQ EH DSSOLHG WR DQ\ UHJUHVVLRQ
PRGHO LQFOXGLQJ'($ ZHQRWHWKDW'($GRHVQRWPD[LPL]HWKHYDOXHRIR
DQG KHQFH QHJDWLYH R YDOXHV DUH SRVVLEOH IRU '($ HVWLPDWRUV 7KLV YDULDQFH
GHFRPSRVLWLRQ DVVXPHV D VLQJOH RXWSXW KRZHYHU RQH FRXOG FRPSXWH DQG
UHSRUWVHSDUDWHRVWDWLVWLFVIRUHDFKRXWSXW

4.2 Corrected CNLS
'($ EXLOGV RQ WKH PLQLPXP H[WUDSRODWLRQ SULQFLSOH WR HVWLPDWH WKH VPDOOHVW
IXQFWLRQ WKDW HQYHORSV DOO GDWD SRLQWV )URP WKH VWDWLVWLFDO SRLQW RI YLHZ
LQVLVWLQJRQWKHPLQLPXPH[WUDSRODWLRQUHVXOWVLQDV\VWHPDWLFGRZQZDUGELDV
LHWKHVPDOOVDPSOHHUURURI'($ )RUWKHGHWHUPLQLVWLFPRGHO.XRVPDQHQ
DQG -RKQVRQ   VKRZ WKDW D FRQVLVWHQW DQG DV\PSWRWLFDOO\ XQELDVHG
HVWLPDWRULVREWDLQHGE\DSSO\LQJDQRQSDUDPHWULFYDULDQWRIWKHFODVVLF&2/6
HVWLPDWRU 7KH SURSRVHG corrected convex nonparametric least squares
&1/6  HVWLPDWRU KDV DOZD\V EHWWHU GLVFULPLQDWLQJ SRZHU WKDQ '($ WKH
&1/6IURQWLHUHQYHORSVWKH'($IURQWLHUHYHU\ZKHUHDQGWKHSUREDELOLW\RI
ILQGLQJPXOWLSOHHIILFLHQWXQLWVLQUDQGRPO\JHQHUDWHGGDWDDSSURDFKHV]HUR
7KH&1/6 PHWKRGFRPELQHVWKHQRQSDUDPHWULF &1/6UHJUHVVLRQZLWK
WKH VWHSZLVH &2/6 DSSURDFK ILUVW VXJJHVWHG E\ :LQVWHQ   DQG PRUH
IRUPDOO\GHYHORSHGE\*DEULHOVHQ  DQG*UHHQH  ,QWKLVDSSURDFK
WKHPRVWHIILFLHQWILUPLQWKHVDPSOHLVFRQVLGHUHGWREHIXOO\HIILFLHQWDQGWKH
UHPDLQLQJ LQHIILFLHQF\ WHUPV DUH QRUPDOL]HG DFFRUGLQJO\ UHODWLYH WR WKH PRVW
HIILFLHQW ILUP LQ WKH VDPSOH $ ZLGHO\ XVHG SDQHO GDWD DSSURDFK E\ 6FKPLGW
DQG 6LFNOHV   DSSOLHV D VLPLODU WZRVWHS DSSURDFK VHH 6HFWLRQ  IRU
GHWDLOV 
7KHHVVHQWLDOVWHSVRIWKH&1/6URXWLQHFDQEHGHVFULEHGDVIROORZV

Step 1$SSO\WKH&1/6HVWLPDWRU  WRHVWLPDWHWKHFRQGLWLRQDOPHDQRXWSXW
E yi xi 

:KHUH y








Step 2 ,GHQWLI\ WKH PRVW HIILFLHQW XQLW LQ WKH VDPSOH LH
C  NLS
PD[ HÖhCNLS  DV WKH EHQFKPDUN $GMXVW WKH &1/6 UHVLGXDOV
uÖbenchmark
h^ n`

PD[ HÖhCNLS  HÖiCNLS 

DFFRUGLQJWR uÖiC  NLS

h^ n`


CNLS
x $GMXVW
Step 3$SSO\HTXDWLRQ  WRHVWLPDWHWKHPLQLPXPIXQFWLRQ fÖPLQ

WKHPLQLPXPIXQFWLRQE\DGGLQJWKHUHVLGXDORIWKHEHQFKPDUNILUPWRHVWLPDWH
WKHIURQWLHUXVLQJ

fÖ C  NLS x fÖ CNLS x  uÖ C  NLS 
PLQ

benchmark


7KXV REWDLQHG uÖiC  NLS FDQ EH XVHG DV PHDVXUHV RI LQHIILFLHQF\ LQ WKH
GHWHUPLQLVWLF VHWWLQJ ZLWKRXW QRLVH 7KH PRVW DSSHDOLQJ SURSHUWLHV RI WKH
&1/6HVWLPDWRUFDQEHVXPPDUL]HGDVIROORZV

Theorem 5if V v  , then the C2NLS estimator is statistically consistent:

SOLP fÖ &1/6 xi
n of

f xi for all i = 1,…,n.

3URRI)ROORZVIURP7KHRUHPLQ.XRVPDQHQDQG-RKQVRQ  
Theorem 6the C2NLS frontier envelops the DEA frontier, that is,

fÖ C  NLS x t fÖ DEA x x m 



3URRI)ROORZVIURP7KHRUHPLQ.XRVPDQHQDQG-RKQVRQ  

1RWH WKDW WKH LQHIILFLHQF\ HVWLPDWHV uÖiC  NLS DUH QRQQHJDWLYH E\ FRQVWUXFWLRQ
ZLWKWKHYDOXHRI]HURLQGLFDWLQJIXOOHIILFLHQF\7KHLQHIILFLHQF\PHDVXUHVFDQ
C  NLS
>@  E\
EH FRQYHUWHG WR )DUUHOO   RXWSXW HIILFLHQF\ VFRUHV TÖi

XVLQJ

TÖiC  NLS

yi
Öf C  NLS x
i

yi

yi  uÖiC  NLS 






5. Stochastic Nonparametric Envelopment of Data (StoNED)
:HDUHQRZHTXLSSHGWRFRQVLGHUWKHJHQHUDOVWRFKDVWLFQRQSDUDPHWULFPRGHO
WKDW GRHV QRW UHVWULFW WR DQ\ SDUWLFXODU IXQFWLRQDO IRUP RI f DQG LQFOXGHV ERWK
LQHIILFLHQF\uDQGVWRFKDVWLFQRLVHv%HIRUHSURFHHGLQJWRHVWLPDWLRQZHPXVW
HPSKDVL]H WKDW WKH VKLIW IURP WKH GHWHUPLQLVWLF FDVH WR D VWRFKDVWLF PRGHO LV



UDWKHUGUDPDWLF)RUH[DPSOHPHDVXULQJWKHGLVWDQFHIURPDQREVHUYHGSRLQWWR
WKHIURQWLHUGRHVQRWSURYLGHDPHDVXUHRILQHIILFLHQF\LIWKHREVHUYHGSRLQWLV
SHUWXUEHGE\QRLVH:KLOHSUREDELOLVWLFLQIHUHQFHLQWKHGHWHUPLQLVWLFFDVHRQO\
LQYHVWLJDWHV ILQLWHVDPSOHHUURULQ WKHVWRFKDVWLFPRGHOWKHQRLVHWHUP LVVWLOO
UHOHYDQW HYHQ LI WKH VDPSOH VL]H DSSURDFKHV LQILQLW\ &OHDUO\ ZKHQ DOO GDWD
SRLQWVDUHVXEMHFWWRQRLVHHQYHORSLQJDOOREVHUYDWLRQVZRXOGRYHUHVWLPDWHWKH
WUXH IURQWLHU SURGXFWLRQ IXQFWLRQ 7KH &1/6 UHJUHVVLRQ WKDW ILWV D PRQRWRQLF
LQFUHDVLQJDQGFRQFDYHFXUYHWKURXJKWKHPLGGOHRIWKHFORXGRIGDWDSURYLGHV
D QDWXUDO VWDUWLQJ SRLQW IRU WKH QH[W JHQHUDWLRQ RI '($ WKDW FDQ GHDO ZLWK
QRLVH)ROORZLQJ.XRVPDQHQ  ZHUHIHUWRWKLVDSSURDFKDV stochastic
nonparametric envelopment of data 6WR1(' 
$QDORJRXV WR WKH SDUDPHWULF &2/6 DQG 02/6 modified OLS 
HVWLPDWRUV DQG WKH QRQSDUDPHWULF &1/6 WKH 6WR1(' HVWLPDWRU FRQVLVWV RI
PXOWLSOH VWHSV 7KH PDLQ VWHSV FDQ EH GHVFULEHG DV IROORZV D GHWDLOHG
GHVFULSWLRQRIHDFKVWHSIROORZVEHORZ 

Step 1$SSO\WKH&1/6HVWLPDWRU  WRHVWLPDWHWKHFRQGLWLRQDOPHDQRXWSXW
E yi xi 
Step 2 $SSO\ SDUDPHWULF PHWKRGV HJ WKH PHWKRG RI PRPHQWV RU TXDVL
OLNHOLKRRG HVWLPDWLRQ  RU QRQSDUDPHWULF PHWKRGV HJ NHUQHO GHFRQYROXWLRQ 
WRWKH&1/6UHVLGXDOV H iCNLS WRHVWLPDWHWKHH[SHFWHGYDOXHRILQHIILFLHQF\ P 
CNLS
Step 3$SSO\HTXDWLRQ  WRHVWLPDWHWKHPLQLPXPIXQFWLRQ gÖ PLQ
x $GMXVW

WKH PLQLPXP IXQFWLRQ E\ DGGLQJ WKH H[SHFWHG LQHIILFLHQF\ P WR HVWLPDWH WKH
IURQWLHUXVLQJ

fÖ StoNED x

CNLS
gÖ PLQ
x  PÖ 


Step 4 $SSO\ SDUDPHWULF PHWKRGV VHH HJ -RQGURZ /RYHOO 0DWHURY DQG
6FKPLGW -/06 KHUHDIWHU  RU QRQSDUDPHWULF GHFRQYROXWLRQ HJ NHUQHO
VPRRWKLQJ+RUUDFHDQG3DUPHWHU WRHVWLPDWHILUPVSHFLILFLQHIILFLHQF\
XVLQJWKHFRQGLWLRQDOPHDQ E ui H iCNLS 

:HZLOOQH[WGHVFULEHHDFKVWHSLQGHWDLOQRWLQJWKDWHDFKVWHSSURYLGHV
DOWHUQDWLYHPRGHOLQJFKRLFHV GHSHQGLQJRQWKHDVVXPSWLRQV RQHLV ZLOOLQJWR
LPSRVH DQGWKDWLWLVQRWQHFHVVDU\WRJRWKURXJKDOORIWKHVWHSV:HGLVFXVV
WKHLQIRUPDWLRQDYDLODEOHDWWKHHQGRIHDFKVWHSDQGWKHSRVVLEOHPRWLYDWLRQV
IRUSURFHHGLQJWRIXUWKHUVWHSV




%DQNHUDQG0DLQGLUDWWD  FRQVLGHUPD[LPXPOLNHOLKRRGHVWLPDWLRQRIWKHXQLILHG
IURQWLHUPRGHOVXEMHFWWRPRQRWRQLF\DQGFRQFDYLW\FRQVWUDLQWV+RZHYHUWKHLUPD[LPXP
OLNHOLKRRGSUREOHPDSSHDUVWREHFRPSXWDWLRQDOO\SURKLELWLYH:HDUHQRWDZDUHRIDQ\
DSSOLFDWLRQRIWKLVPHWKRG*VWDFK  SUHVHQWVDQRWKHUHDUO\DWWHPSWWRLQFRUSRUDWHQRLVHLQ
'($+RZHYHUKHQHHGVWRPDNHDUDWKHUUHVWULFWLYHDVVXPSWLRQRIWUXQFDWHGQRLVH VHH6LPDU
DQG:LOVRQIRUVKDUSFULWLTXHRIWKLVDVVXPSWLRQ 






5.1 Step 1: CNLS regression
7KH&1/6HVWLPDWRUZDVGHVFULEHGLQGHWDLOLQ6HFWLRQXQGHUWKHDVVXPSWLRQ
RI QR LQHIILFLHQF\ u    ,I WKH REVHUYHG RXWSXWV DUH VXEMHFW WR DV\PPHWULF
LQHIILFLHQF\ DV WKH JHQHUDO IURQWLHU PRGHO   DVVXPHV WKHQ WKH ]HURPHDQ
DVVXPSWLRQ E H i  RI UHJUHVVLRQ DQDO\VLV LV YLRODWHG ,QGHHG

E Hi

E vi  ui

E ui   GXH WR WKH DV\PPHWULF QRQQHJDWLYH
LQHIILFLHQF\ WHUP 7KHUHIRUH WKH &1/6 HVWLPDWRU LV QR ORQJHU D FRQVLVWHQW
HVWLPDWRURIWKHIURQWLHUSURGXFWLRQIXQFWLRQf
5HFDOOWKDW&1/6UHJUHVVLRQ HVWLPDWHVWKHFRQGLWLRQDOPHDQ7KHUHIRUH
GHILQHWKHFRQGLWLRQDOPHDQIXQFWLRQgDV


g xi

E yi xi

f xi  E ui 



 


,I WKH UDQGRP LQHIILFLHQF\ WHUP u LV LQGHSHQGHQW RI LQSXWV x WKHQ WKH &1/6
HVWLPDWRU gÖ CNLS xi LVDQXQELDVHGDQGFRQVLVWHQWHVWLPDWRURIIXQFWLRQg7KH
&1/6 HVWLPDWRU gÖ CNLS xi LV REWDLQHG E\ VROYLQJ WKH 43 SUREOHP   DQG
DSSO\LQJ HTXDWLRQ   DV DOUHDG\ GLVFXVVHG LQ 6HFWLRQ  VR ZH GR QRW
UHSURGXFH WKH &1/6 IRUPXODWLRQV DJDLQ KHUH 1RWH WKDW IXQFWLRQ g LV VLPSO\
WKH IURQWLHU SURGXFWLRQ IXQFWLRQ f OHVV WKH H[SHFWHG YDOXH RI WKH LQHIILFLHQF\
WHUPu,IWKHLQHIILFLHQF\WHUPuKDVDFRQVWDQWYDULDQFH LHLQHIILFLHQF\WHUP
u LV KRPRVFHGDVWLF  WKHQ WKH H[SHFWHG YDOXH RI WKH LQHIILFLHQF\ WHUP u LV D
FRQVWDQW GHQRWHG DV P  ,Q RWKHU ZRUGV WKH &1/6 SURYLGHV D FRQVLVWHQW
HVWLPDWRU RIWKHIURQWLHU fPLQXVDFRQVWDQW 7KHFRQVWDQW P FDQEHHVWLPDWHG
EDVHGRQWKH&1/6UHVLGXDOV HÖiCNLS DVGLVFXVVHGLQPRUHGHWDLOLQ6HFWLRQ
7KH FDVH RI KHWHURVFHGDVWLF LQHIILFLHQF\ ZKHUH E ui LV QR ORQJHU D FRQVWDQW
ZLOOEHH[DPLQHGLQ6HFWLRQ
(YHQLIWKHGDWDJHQHUDWLQJSURFHVV '*3 LQYROYHVERWKLQHIILFLHQF\DQG
QRLVH WKH &1/6 HVWLPDWRU PD\ EH VXIILFLHQW LQ VRPH DSSOLFDWLRQV ZLWKRXW D
QHHGWRSURFHHGWRWKHIXUWKHUVWDJHV)RUH[DPSOHLIRQHLVPDLQO\LQWHUHVWHG
LQ WKHUHODWLYH HIILFLHQF\UDQNLQJV WKHQRQHFRXOGUDQNWKH HYDOXDWHGXQLWV LQ
GHVFHQGLQJ RUGHU DFFRUGLQJ WR WKH &1/6 UHVLGXDOV HÖiCNLS  )XUWKHU LI RQH LV
PDLQO\LQWHUHVWHGLQWKHPDUJLQDOSURGXFWVRIWKHLQSXWIDFWRUVWKHFRHIILFLHQWV
βÖ i IURP  ZKLFKDUHDQDORJRXVWRWKHPXOWLSOLHUFRHIILFLHQWV VKDGRZSULFHV 
RI '($ WKHQ WKH &1/6 UHJUHVVLRQ SURYLGHV FRQVLVWHQW HVWLPDWHV 6HLMR DQG
6HQ 7KHIROORZLQJVWHSVGHVFULEHGEHORZGRQRWLQIOXHQFHWKHHVWLPDWHV
RI PDUJLQDO SURGXFWV RU WKH UHODWLYH HIILFLHQF\ UDQNLQJ RI XQLWV ,I RQH LV
LQWHUHVWHG LQ WKH IURQWLHU SURGXFWLRQ IXQFWLRQ DYHUDJH LQ HIILFLHQF\ LQ WKH
VDPSOHRUFDUGLQDOILUPVSHFLILF LQ HIILFLHQF\HVWLPDWHVWKHQLWLVQHFHVVDU\WR
SURFHHGIXUWKHU



1RWHWKDWZH XVHgWRGHQRWHWKHFRQGLWLRQDOPHDQIXQFWLRQZKHQWKHFRPSRVLWHHUURUWHUP
FRQWDLQVLQHIILFLHQF\7KLVGLVWLQFWLRQZDVXQQHFHVVDU\LQ6HFWLRQEHFDXVH g [  f [ ZKHQ
WKHUHLVQRLQHIILFLHQF\SUHVHQW




,QWKHILUVWVWHSRQHFDQLPSRVHVRPHDVVXPSWLRQVDERXWUHWXUQVWRVFDOH
DV GHVFULEHG LQ 6HFWLRQ  ,Q DGGLWLRQ DOWHUQDWLYH PRGHOLQJ SRVVLELOLWLHV
FRQFHUQ WKH PXOWLSOLFDWLYH FRPSRVLWH HUURU DQG FRQWH[WXDO YDULDEOHV DUH
GLVFXVVHGDVH[WHQVLRQVLQ6HFWLRQDQG

5.2 Step 2: Estimation of the expected inefficiency
*LYHQWKH&1/6UHVLGXDOV HÖiCNLS LWLVSRVVLEOHWRHVWLPDWHWKHH[SHFWHGYDOXH
RIWKHLQHIILFLHQF\WHUP P

E ui 1RWHWKDWLIWKHYDULDQFHRIWKHLQHIILFLHQF\

LV FRQVWDQW DFURVV ILUPV WKH KRPRVFHGDVWLFLW\ DVVXPSWLRQ  WKHQ WKH
H[SHFWDWLRQLVWDNHQXQFRQGLWLRQDODQGLVFRQVWDQWDFURVVILUPV
$OWHUQDWLYH DSSURDFKHV IRU HVWLPDWLQJ P DUH DYDLODEOH :H ZLOO QH[W
EULHIO\UHYLHZWKHFRPPRQO\XVHGSDUDPHWULFDSSURDFKHVEDVHGRQWKHPHWKRG
RI PRPHQWV $LJQHU HW DO   TXDVLOLNHOLKRRG HVWLPDWLRQ )DQ HW DO
 DQGWKHQRQSDUDPHWULFNHUQHOGHFRQYROXWLRQ +DOODQG6LPDU 

5.2.1 Method of moments
7KH PHWKRG RI PRPHQWV UHTXLUHV VRPH DGGLWLRQDO SDUDPHWULF GLVWULEXWLRQDO
DVVXPSWLRQV 7KH PRPHQW FRQGLWLRQV DUH NQRZQ DW OHDVW IRU WKH FRPPRQO\
XVHG KDOIQRUPDO DQG H[SRQHQWLDO LQHIILFLHQF\ GLVWULEXWLRQV EXW QRW IRU DOO
GLVWULEXWLRQVFRQVLGHUHGLQWKH6)$OLWHUDWXUH HJWKHJDPPDGLVWULEXWLRQ ,Q
WKH IROORZLQJ ZH ZLOO GLVFXVV WKH FRPPRQO\ DVVXPHG FDVH RI KDOIQRUPDO
LQHIILFLHQF\DQGQRUPDOQRLVH6WDWHGIRUPDOO\ZHDVVXPH

ui a N  V u 
DQG

vi a N V v 
n

7KH &1/6 UHVLGXDOV DUH NQRZQ WR VXP WR ]HUR ¦ HÖiCNLS

  6HLMR DQG

i 

6HQ +HQFHZHFDQFDOFXODWHWKHVHFRQGDQGWKHWKLUGFHQWUDOPRPHQWRI
WKHUHVLGXDOGLVWULEXWLRQDV

MÖ 

n

¦ HÖ

CNLS 
i

 n  





 

 n   





 

i 

MÖ 

n

¦ HÖ

CNLS 
i
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7KHVHFRQGFHQWUDOPRPHQW MÖ  LVVLPSO\WKHVDPSOHYDULDQFHRIWKHUHVLGXDOV
DQGWKHWKLUGFHQWUDOPRPHQW MÖ  LVDFRPSRQHQWRIWKHVNHZQHVVPHDVXUH7KH
KDWVRQWRSRIWKHVHVWDWLVWLFVLQGLFDWHWKHVHVWDWLVWLFVDUHHVWLPDWRUVRIWKHWUXH
EXWXQNQRZQYDOXHVRIWKHFHQWUDOPRPHQWV ,IWKHSDUDPHWULFDVVXPSWLRQVRI
KDOIQRUPDOLQHIILFLHQF\DQGQRUPDOQRLVHKROGWKHQWKH VHFRQGDQGWKHWKLUG
FHQWUDOPRPHQWVDUHHTXDOWR
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1RWH WKDW WKH WKLUG PRPHQW RQO\ GHSHQGV RQ WKH VWDQGDUG GHYLDWLRQ RI WKH
LQHIILFLHQF\ GLVWULEXWLRQ   V u  7KXV JLYHQ WKH HVWLPDWHG MÖ   ZKLFK VKRXOG
EHQHJDWLYH ZHFDQHVWLPDWH V u DV

VÖ u
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6XEVHTXHQWO\WKHVWDQGDUGGHYLDWLRQRIWKHHUURUWHUP V v LVHVWLPDWHGEDVHGRQ
 DV
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7KHUH KDV EHHQ FRQVLGHUDEOH GLVFXVVLRQ LQ WKH UHFHQW OLWHUDWXUH UHJDUGLQJ WKH
TXHVWLRQ RI KRZ WR SURFHHG LI MÖ  LV SRVLWLYH &DUUHH   $OPLQLGLV HW DO
  DQG $OPLQLGLV DQG 6LFNOHV   FRQVLGHU DOWHUQDWLYH LQHIILFLHQF\
GLVWULEXWLRQV WKDW DOORZ IRU SRVLWLYH VNHZQHVV 6LPDU DQG :LOVRQ  
PDLQWDLQWKHVWDQGDUGGLVWULEXWLRQDODVVXPSWLRQVEXWVXJJHVWLQVWHDGWKHXVHRI
ERRWVWUDSSLQJPHWKRG

5.2.2 Quasi-likelihood estimation
$QRWKHU ZD\ WR HVWLPDWH WKH VWDQGDUG GHYLDWLRQV V u V v LV WR DSSO\ WKH TXDVL
OLNHOLKRRG PHWKRG VXJJHVWHG E\ )DQ HW DO   ZKR UHIHU WR LW DV SVHXGR
OLNHOLKRRG ,QWKLVDSSURDFKZHDSSO\WKHVWDQGDUGPD[LPXPOLNHOLKRRG 0/ 
PHWKRGWRHVWLPDWHWKHSDUDPHWHUV V u V v WDNLQJWKHVKDSHRIWKH&1/6FXUYH
DVJLYHQ WKXVWKHWHUPTXDVLOLNHOLKRRGLQFRQWUDVWWRWKHIXOOLQIRUPDWLRQ0/
ZKLFKZRXOGDOVRSDUDPHWHUL]HWKHFRHIILFLHQWVRIWKHIURQWLHU 
2QHRIWKHPDLQFRQWULEXWLRQVRI)DQHWDO  ZDVWRVKRZWKDWWKH
TXDVLOLNHOLKRRGIXQFWLRQFDQEHVWDWHGDVDIXQFWLRQRIDVLQJOHSDUDPHWHU LH
WKHVLJQDOWRQRLVHUDWLR O V u  V v DV

OQ L O

n
 n
ª HÖ O º
n OQ VÖ  ¦ OQ ) « i »   ¦ HÖi 
¬ VÖ ¼ VÖ i 
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7KHVLJQDOWRQRLVHUDWLR O VKRXOGQRWEHFRQIXVHGZLWKWKHLQWHQVLW\ZHLJKWV Oi XVHGLQWKH
HQYHORSPHQWIRUPXODWLRQRI'($
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6\PERO ) GHQRWHVWKHFXPXODWLYHGLVWULEXWLRQIXQFWLRQRIWKHVWDQGDUGQRUPDO
GLVWULEXWLRQ1  :HILUVWXVH  DQG  WRVXEVWLWXWHRXW HÖi DQG VÖ IURP
  :H WKHQ PD[LPL]H WKH TXDVLOLNHOLKRRG IXQFWLRQ   E\ HQXPHUDWLQJ
RYHU O YDOXHV XVLQJ D VLPSOH JULG VHDUFK RU PRUH VRSKLVWLFDWHG VHDUFK
DOJRULWKPV :KHQ WKH TXDVLOLNHOLKRRG HVWLPDWH OÖ WKDW PD[LPL]HV   LV
IRXQGZHLQVHUW OÖ WRHTXDWLRQV  DQG  WRREWDLQHVWLPDWHVRI H i DQG V 
Ö Ö    OÖ DQG VÖ v
6XEVHTXHQWO\ZHFDQFDOFXODWHHVWLPDWHVRI VÖ u VO

VÖ    OÖ 

$VLPSOHSUDFWLFDO WULFNWR FRQGXFW TXDVLOLNHOLKRRGHVWLPDWLRQ LVWR XVH
0/ DOJRULWKPV DYDLODEOH IRU 6)$ LQ VWDQGDUG VRIWZDUH SDFNDJHV HJ 6WDWD
/LPGHS RU 5  %\ VSHFLI\LQJ WKH &1/6 UHVLGXDOV HÖiCNLS DV WKH GHSHQGHQW
YDULDEOH LHWKHRXWSXW DQGDFRQVWDQWWHUPDVDQH[SODQDWRU\YDULDEOH LQSXW 
ZHFDQWULFNWKH0/DOJRULWKPWRSHUIRUPWKHTXDVLOLNHOLKRRGHVWLPDWLRQ7KLV
WULFNFDQDOVREHXVHGIRUHVWLPDWLQJPRGHOVLQYROYLQJFRQWH[WXDOYDULDEOHV RU
KHWHURVFHGDVWLFLW\ WR EH H[SORUHG LQ 6HFWLRQV  DQG   E\ DSSO\LQJ VWDQGDUG
0/WHFKQLTXHVDVDVHFRQGVWHS

5.2.3 Nonparametric kernel density estimation for the convoluted residual
:KLOH ERWK PHWKRG RI PRPHQWV DQG TXDVLOLNHOLKRRG WHFKQLTXHV UHTXLUH
SDUDPHWULF DVVXPSWLRQV D IXOO\ QRQSDUDPHWULF DOWHUQDWLYH LV DYDLODEOH IRU
HVWLPDWLQJWKHVLJQDOWRQRLVHUDWLR O DVSURSRVHGE\+DOODQG6LPDU  
7KHLUVWUDWHJ\LVWRVHDUFKIRUDGLVFRQWLQXLW\LQWKHUHVLGXDOGHQVLW\7KHORJLF
LV WKDW LI DQ LQHIILFLHQF\ WHUP LV OHIW WUXQFDWHG WR UHSUHVHQW HIILFLHQW
SHUIRUPDQFHWKHUHPXVWEHDGLVFRQWLQXLW\LQGLVWULEXWLRQ:KHQLQHIILFLHQF\LV
FRQYROXWHGZLWKQRLVHFKDUDFWHUL]HGE\DFRQWLQXRXVDQGVPRRWKIXQFWLRQWKH
GLVFRQWLQXLW\ZLOOVWLOOH[LVWLQWKHFRQYROXWHGYDULDEOH¶VGHQVLW\WKHHVWLPDWHG
UHVLGXDOV GHQVLW\ 7KXV +DOO DQG 6LPDU VXJJHVW HVWLPDWLQJ WKH GHQVLW\ RI WKH
UHVLGXDO XVLQJ NHUQHO PHWKRGV DQG XVH WKHVH HVWLPDWHV WR LGHQWLI\ WKH ODUJHVW
FKDQJH LQ WKH GHULYDWLYH RQ WKH ULJKWVLGH RI WKH GLVWULEXWLRQ LQWKH FDVH RI D
SURGXFWLRQIXQFWLRQDQGOHIWVLGHLQWKHFDVHRIWKHFRVWIXQFWLRQ 7KHQXQGHU
WKH DVVXPSWLRQ RI KRPRVFHGDVWLF QRLVH DQG LQHIILFLHQF\ WKH ORFDWLRQ RI WKH
ODUJHVWFKDQJHLQWKHGHULYDWLYHFDQEHXVHGWRHVWLPDWHWKHPHDQLQHIILFLHQF\
LQWKHVDPSOH

0RUH IRUPDOO\ QRWH WKDW UHVLGXDOV HÖiCNLS DUH FRQVLVWHQW HVWLPDWRUV RI

H i



H i  P 7KXVZHFDQDSSO\WKHNHUQHOGHQVLW\HVWLPDWRUIRUHVWLPDWLQJWKH



GHQVLW\ IXQFWLRQ RI H i  'HQRWH WKH NHUQHO GHQVLW\ HVWLPDWRU E\ fH   +DOO DQG
6LPDU   VKRZ WKDW WKH ILUVW GHULYDWLYH RI WKH GHQVLW\ IXQFWLRQ RI WKH
FRPSRVLWHHUURUWHUP fHc LVSURSRUWLRQDOWRWKDWRIWKHLQHIILFLHQF\WHUP f uc 
LQ WKH QHLJKERUKRRG RI P  7KLV LV GXH WR WKH DVVXPSWLRQ WKDW f u KDV D MXPS
GLVFRQWLQXLW\DW]HUR7KHUHIRUHDUREXVWQRQSDUDPHWULFHVWLPDWRURIH[SHFWHG
LQHIILFLHQF\ P LVREWDLQHGDV



PÖ DUJ PD[ fÖHc z 


z


ZKHUH  LVDFORVHGLQWHUYDOLQWKHULJKWWDLORI fH  

5.3 Step 3: Estimating the frontier production function
,QWKHSUHVHQFHRIDV\PPHWULFLQHIILFLHQF\WKH&1/6HVWLPDWRUHVWLPDWHVWKH
f xi  P  +DYLQJ HVWLPDWHG WKH H[SHFWHG
FRQGLWLRQDO PHDQ IXQFWLRQ g xi
LQHIILFLHQF\ P LQ6WHSZHFDQHDVLO\DGMXVWWKH&1/6HVWLPDWRUWRREWDLQDQ
HVWLPDWRU RI WKH IURQWLHU f +RZHYHU UHFDOO IURP 6HFWLRQ  WKDW WKH &1/6
HVWLPDWRU RI g LV XQLTXH DW WKH REVHUYHG SRLQWV xi i «n  EXW QRW LQ
XQREVHUYHG x 7KHUHIRUH .XRVPDQHQ DQG .RUWHODLQHQ   UHFRPPHQG
DSSO\LQJWKHORZHUERXQGRIg DQDORJRXVWRHTXDWLRQ  GHILQHGDV

CNLS
gÖ PLQ
x

PLQ ^D  βcx D  βcxi t gÖ CNLS xi i  n` 
D β

 

:HFDQVXEVHTXHQWO\ DGGWKHH[SHFWHGLQHIILFLHQF\ P WRHVWLPDWHWKHIURQWLHU
XVLQJ


fÖ StoNED x

CNLS
gÖ PLQ
x  PÖ 


7KLV HTXDWLRQ VXPPDUL]HV WKH UHODWLRQ EHWZHHQ WKH 6WR1(' IURQWLHU DQG WKH
&1/6HVWLPDWRUDVZHOODVWKHUHODWLRQEHWZHHQWKHIURQWLHUIXQFWLRQfDQGWKH
FRQGLWLRQDOPHDQIXQFWLRQg7KHKHWHURVFHGDVWLFFDVHZKHUHWKHVKDSHVRIWKH
IURQWLHUfDQGWKHUHJUHVVLRQ E yi xi DUHGLIIHUHQWZLOOEHGLVFXVVHGLQ6HFWLRQ
EHORZ
5.4 Step 4: Estimating firm-specific inefficiencies
0HDVXULQJ WKH GLVWDQFH IURP DQ REVHUYDWLRQ WR IURQWLHU LV QRW HQRXJK IRU
HVWLPDWLQJ HIILFLHQF\ LQ WKH VWRFKDVWLF VHWWLQJ EHFDXVH DOO REVHUYDWLRQV DUH
VXEMHFW WR QRLVH +HQFH WKH PHDVXUHG GLVWDQFH WR IURQWLHU FRQVLVWV RI ERWK
LQHIILFLHQF\DQGQRLVH SOXVDQ\HUURULQRXUIURQWLHUHVWLPDWH 
:HPXVWHPSKDVL]HWKDWHYHQWKRXJKWKHUH H[LVW VWDWLVWLFDOO\XQELDVHG
DQGFRQVLVWHQWPHWKRGVIRUWKHHVWLPDWLRQRIWKHIURQWLHUfWKHUHLVQRFRQVLVWHQW
PHWKRGIRUHVWLPDWLQJILUPVSHFLILFHIILFLHQFLHVuLQWKHFURVVVHFWLRQDOVHWWLQJ
VXEMHFW WR QRLVH ,Q D FURVVVHFWLRQ HVWLPDWLQJ ILUPVSHFLILF UHDOL]DWLRQV RI D



UDQGRPYDULDEOHuiLVLPSRVVLEOHEHFDXVHZHKDYHRQO\DVLQJOHREVHUYDWLRQRI
HDFKILUPDQGDOOREVHUYDWLRQVDUHSHUWXUEHGE\QRLVH7KLVLVQRWDIDXOWRIWKH
PHWKRGV OHWDORQHWKHLUGHYHORSHUV LWLVMXVWLPSRVVLEOHWRSUHGLFWDUHDOL]DWLRQ
RIUDQGRPYDULDEOHEDVHGRQDVLQJOHREVHUYDWLRQWKDWLVVXEMHFWWRQRLVH
,Q WKH QRUPDO ± KDOIQRUPDO FDVH -RQGURZ /RYHOO 0DWHURY DQG
6FKPLGW   -/06  GHYHORS D IRUPXOD IRU WKH FRQGLWLRQDO GLVWULEXWLRQ RI
LQHIILFLHQF\uiJLYHQ H i 7KHFRPPRQO\XVHG-/06HVWLPDWRUIRULQHIILFLHQF\
LV WKH FRQGLWLRQDO PHDQ E ui H i  *LYHQ WKH SDUDPHWHU HVWLPDWHV VÖ u DQG VÖ v 
WKHFRQGLWLRQDOH[SHFWHGYDOXHRILQHIILFLHQF\FDQEHFDOFXODWHGDV
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ZKHUH I LVWKHGHQVLW\IXQFWLRQRIWKHVWDQGDUGQRUPDOGLVWULEXWLRQ N   ) 
LVWKHFRUUHVSRQGLQJFXPXODWLYHGLVWULEXWLRQIXQFWLRQDQG

HÖi HÖiCNLS  VÖu   S 

LVWKHHVWLPDWRURIWKHFRPSRVLWHHUURUWHUP FRPSDUHZLWK  ,WLVZRUWKWR
QRWHWKDWWKHUHLVQRWKLQJ³VWRFKDVWLF´LQWKHHTXDWLRQ  WKH-/06IRUPXOD
LVDVLPSO\DGHWHUPLQLVWLFWUDQVIRUPDWLRQRIWKH&1/6UHVLGXDOV HÖiCNLS WRDQHZ
PHWULFWKDWUHSUHVHQWVWKHFRQGLWLRQDOH[SHFWHGYDOXHRIWKHLQHIILFLHQF\WHUP
,QGHHG WKH UDQN FRUUHODWLRQ RI WKH &1/6 UHVLGXDOV HÖiCNLS DQG WKH -/06
LQHIILFLHQF\ HVWLPDWHV LV HTXDO WR RQH VHH 2QGULFK DQG 5XJJLHUR   )RU
WKH SXUSRVHV RI UHODWLYH HIILFLHQF\ UDQNLQJV WKH &1/6 UHVLGXDOV HÖiCNLS DUH
VXIILFLHQW
+RUUDFHDQG3DUPHWHU  VKRZWKDWWKHSDUDPHWULFDVVXPSWLRQRIWKH
LQHIILFLHQF\ GLVWULEXWLRQ FDQ EH UHOD[HG 7KHLU DSSURDFK VWLOO UHTXLUHV WKH
SDUDPHWULF DVVXPSWLRQ RI QRUPDOO\ GLVWULEXWHG QRLVH 5DWKHU WKDQ DVVXPLQJ D
VSHFLILF SDUDPHWULF GLVWULEXWLRQ IRU WKH LQHIILFLHQF\ WHUP WKH DXWKRUV DVVXPH
WKHGHQVLW\RIuEHORQJVWRWKHRUGLQDU\VPRRWKIDPLO\RIGLVWULEXWLRQVZKLFK
LQFOXGHVH[SRQHQWLDOJDPPDRU/DSODFH VHHDOVR)DQ 7KH\DSSO\+DOO
DQG 6LPDU¶V   PHWKRG WR HVWLPDWH WKH MXPS GLVFRQWLQXLW\ DQG WKXV WKH
VLJQDO WR QRLVH UDWLR *LYHQ WKH PHDQ LQHIILFLHQF\ OHYHO WKH DXWKRUV DUH WKHQ
DEOH WR FRQVWUXFW WKH IXOO GHQVLW\ GLVWULEXWLRQ RI WKH LQHIILFLHQF\ WHUP XVLQJ
NHUQHOVPRRWKLQJDQGWKHUHVLGXDOVIURPDFRQGLWLRQDOPHDQHVWLPDWLRQ




1RWH WKDW HTXDWLRQ   LV VOLJKWO\ GLIIHUHQW IURP WKH IRUPXOD VWDWHG E\ .XRVPDQHQ DQG
.RUWHODLQHQ  (TXDWLRQ  LVWKHFRUUHFWHGYHUVLRQVWDWHGE\.HVKYDULDQG.XRVPDQHQ
 






5.5 Statistical specification tests of the frontier model
$V GLVFXVVHG DERYH WKH 6WR1(' HVWLPDWRU FRQVLVWV RI IRXU VWHSV ,I DOO ILUPV
DUH HIILFLHQW DQG GHYLDWLRQV IURP WKH IURQWLHU DUH GXH WR QRLVH WKH VWHS  RI
HVWLPDWLQJWKHFRQGLWLRQDOPHDQIXQFWLRQLVVXIILFLHQWDQGWKHUHLVQRUHDVRQWR
SURFHHGIXUWKHUWRVWHSRIHVWLPDWLQJWKHPHDQLQHIILFLHQF\WRVWHSVKLIWLQJ
WKHFRQGLWLRQDOPHDQIXQFWLRQRUVWHSHVWLPDWLQJILUPVSHFLILFLQHIILFLHQFLHV
7R GHWHUPLQH ZKHWKHU RQH VKRXOG SURFHHG IURP VWHS  IXUWKHU WR VWHS  WKH
HIILFLHQF\DQDO\VWPD\ZDQWWRWHVWWKHGDWDIRUHYLGHQFHRILQHIILFLHQF\,IWKH
UHVXOWV RI D VWDWLVWLFDO VSHFLILFDWLRQ WHVW LQGLFDWH WKDW WKHUH LV VLJQLILFDQW
LQHIILFLHQF\SUHVHQWWKLVFDQEHDFRQYLQFLQJDUJXPHQWHYHQIRUVNHSWLFVZKR
EHOLHYHWKDWPDUNHWVIXQFWLRQHIILFLHQWO\
7KH UHVLGXDO HÖiCNLS FRQVLVWV RI WZR FRPSRQHQWV D QRUPDOO\ GLVWULEXWHG
QRLVH WHUP DQG D OHIWWUXQFDWHG LQHIILFLHQF\ WHUP 6FKPLGW DQG /LQ  
SURSRVH D WHVW RI WKH VNHZQHVV RI WKH UHVLGXDOV DV D PHWKRG WR LQYHVWLJDWH LI
LQHIILFLHQF\LVSUHVHQW%\RQO\ORRNLQJDWWKHVNHZQHVV WKHPHWKRGLVUREXVW
WR WKH FRPPRQ DOWHUQDWLYH VSHFLILFDWLRQV RI WKH LQHIILFLHQF\ WHUP LQ WKH
VWRFKDVWLF IURQWLHU PRGHO 7KXV WKH QXOO K\SRWKHVLV LV WKH UHVLGXDOV DUH
QRUPDOO\GLVWULEXWHGDQGD b WHVWFDOFXODWHGDV

b

m

m  

 

:KHUH m DQG m DUH WKH VHFRQG DQG WKLUG PRPHQWV RI WKH UHVLGXDOV
UHVSHFWLYHO\ 7KH GLVWULEXWLRQ RI WKH VNHZQHVV WHVW VWDWLVWLF ඥܾଵ FDQ EH
FRQVWUXFWHG E\ D VLPSOH 0RQWH &DUOR VLPXODWLRQ DV GHVFULEHG LQ '¶$JRVWLQR
DQG3HDUVRQ  7KHDXWKRUVDOVRSURYLGHWDEOHVZLWKFULWLFDOYDOXHVRIWKH
SURSRVHGWHVWVWDWLVWLFIRUGLIIHUHQWVDPSOHVL]HV
.XRVPDQHQ DQG )RVJHUDX   FRQVLGHU D IXOO\ QRQSDUDPHWULF
VSHFLILFDWLRQWHVWWKDWUHOD[HVWKHQRUPDOLW\DVVXPSWLRQRIWKHQRLVHWHUP7KH\
VKRZ WKDW WKH VDPH WHVW VWDWLVWLF b FRQVLGHUHG E\ 6FKPLGW DQG /LQ  
FDQ EH XVHG IRU WHVWLQJ WKH QXOO K\SRWKHVLV RI D V\PPHWULF v DJDLQVW WKH
DOWHUQDWLYH K\SRWKHVLV RI VNHZQHVV 7KH\ DOVR UHFRJQL]H WKHඥܾଵ FDQ ZURQJO\
UHMHFWWKHQXOOK\SRWKHVLVLIWKHGLVWULEXWLRQLVV\PPHWULFEXWKDVIDWWDLOV7KXV
WKH\SURSRVHWKHDGGLWLRQDO b WHVWRIWKHIRXUWKPRPHQW
b

m

m 

 

:KHUH m DQG m DUH WKH VHFRQG DQG IRXUWK PRPHQWV RI WKH UHVLGXDOV
UHVSHFWLYHO\7KHQXOOK\SRWKHVLVLVWKDWWKHGLVWULEXWLRQLVQRUPDOO\GLVWULEXWHG
7KH DOWHUQDWLYH K\SRWKHVLV LV WKDW WKHUH LV QRQQRUPDO NXUWRVLV 7KH UHVXOWV RI
WKH b DQG b WHVWVFDQEHJLYHQWKHIROORZLQJLQWHUSUHWDWLRQ


,I WKH QXOO K\SRWKHVLV RI QRUPDOLW\ LV UHMHFWHG LQ WKH b WHVW EXW
PDLQWDLQHGLQWKH b WHVWWKHUHLVVWURQJHYLGHQFHLQIDYRURIDIURQWLHU
PRGHO






,IWKHQXOOK\SRWKHVLVRIQRUPDOLW\LVPDLQWDLQHGERWKLQWKH b DQG b 

WHVWV WKLV VXSSRUWV WKH K\SRWKHVLV RI D FRPSHWLWLYH PDUNHW ZLWK QR
LQHIILFLHQF\SUHVHQW
 ,I WKH QXOO K\SRWKHVLV LV UHMHFWHG LQ WKH b WHVW WKHUH PD\ EH GDWD
SUREOHPVRUPRGHOPLVVSHFLILFDWLRQ7KHUHLVQRFRQFOXVLYHHYLGHQFHLQ
IDYRURUDJDLQVWWKHIURQWLHUPRGHO
,WLVZRUWKQRWLQJWKDWWKHSRZHURIWKHWHVWGHSHQGVRQKRZVSHFLILFDOO\
WKHQXOOK\SRWKHVLVDQGWKHDOWHUQDWLYHK\SRWKHVLVDUHVWDWHG)RUH[DPSOHWKH
b WHVW RI QRUPDOLW\ LV PRUH SRZHUIXO WKDQ WKH IXOO\ QRQSDUDPHWULF WHVW RI
V\PPHWU\,IZHDUHZLOOLQJWRLPSRVHVRPHGLVWULEXWLRQDODVVXPSWLRQVIRUWKH
LQHIILFLHQF\ WHUP WKHQ PRUH SRZHUIXO VSHFLILFDWLRQ WHVWV DUH DYDLODEOH )RU
H[DPSOH &RHOOL   SURSRVHG D YDULDQW RI WKH :DOG WHVW WR WHVW WKH QXOO
K\SRWKHVLV WKDW WKHUH LV QR LQHIILFLHQF\ LH V u   DJDLQVW WKH DOWHUQDWLYH

V u !   :KLOH LPSRVLQJ GLVWULEXWLRQDO DVVXPSWLRQV FDQ LQFUHDVH WKH SRZHU RI
WKHWHVWLWZLOODOVRLQFUHDVHWKHULVNRIPLVVSHFLILFDWLRQZKLFKZRXOGPDNHWKH
VWDWLVWLFDOWHVWLQFRQVLVWHQW

6. Extensions
6.1 Multiplicative composite error term
0RVW 6)$ VWXGLHV XVH &REE'RXJODV RU WUDQVORJ IXQFWLRQDO IRUPV ZKHUH
LQHIILFLHQF\ DQG QRLVH DIIHFW SURGXFWLRQ LQ D PXOWLSOLFDWLYH IDVKLRQ ,Q WKH
SUHVHQW FRQWH[W LW LV ZRUWK QRWLQJ WKDW WKH DVVXPSWLRQ RI FRQVWDQW UHWXUQV WR
VFDOH &56  ZRXOG DOVR UHTXLUH PXOWLSOLFDWLYH HUURU VWUXFWXUH DV ZLOO EH
GLVFXVVHG LQ PRUH GHWDLO EHORZ )XUWKHU D PXOWLSOLFDWLYH HUURU VSHFLILFDWLRQ
LPSOLHV D VSHFLILF PRGHO RI KHWHURVFHGDVWLFLW\ LQ ZKLFK WKH YDULDQFH RI WKH
FRPSRVLWHHUURUWHUPLQFUHDVHVZLWKILUPVL]H
0XOWLSOLFDWLYHFRPSRVLWHHUURUVWUXFWXUHLVREWDLQHGE\UHSKUDVLQJPRGHO
 DV

yi f xi  H[S H i
f xi  H[S vi  ui 

 

$SSO\LQJWKHORJWUDQVIRUPDWLRQWRHTXDWLRQ  ZHREWDLQ

OQ yi OQ f xi  H i 


 

1RWHWKDWWKHORJWUDQVIRUPDWLRQFDQQRWEHDSSOLHGGLUHFWO\WRLQSXWVx±LWPXVW
EHDSSOLHGWRWKHSURGXFWLRQIXQFWLRQf
,QWKHPXOWLSOLFDWLYHFDVHWKH&1/6IRUPXODWLRQ  FDQEHUHSKUDVHGDV
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ZKHUH Ii   LVWKH&1/6HVWLPDWRURI E yi xi 7KHYDOXHRIRQHLVDGGHGKHUH
WRPDNHVXUHWKDWWKHFRPSXWDWLRQDODOJRULWKPVGRQRWWU\WRWDNHORJDULWKPRI
]HUR 7KH ILUVW HTXDOLW\ FDQ EH LQWHUSUHWHG DV WKH ORJ WUDQVIRUPHG UHJUHVVLRQ
HTXDWLRQ XVLQJWKHQDWXUDOORJDULWKPIXQFWLRQOQ  7KHVHFRQGWKURXJKILIWK
FRQVWUDLQWV DUH VLPLODU WR   ZLWK WKH H[FHSWLRQ REVHUYHG RXWSXW LQ   LV
UHSODFHG ZLWK Ii    7KH XVH RI Ii DOORZV WKH HVWLPDWLRQ RI D PXOWLSOLFDWLYH
UHODWLRQVKLS EHWZHHQ RXWSXW DQG LQSXW ZKLOH DVVXULQJ FRQYH[LW\ RI WKH
SURGXFWLRQSRVVLELOLW\VHWLQRULJLQDOLQSXWRXWSXWVSDFH
1RWH WKDW WKH ORJWUDQVIRUPDWLRQ RI D PRGHO YDULDEOH UHQGHUV WKH
RSWLPL]DWLRQ IRUPXODWLRQ DV D QRQOLQHDU SURJUDPPLQJ 1/3  SUREOHP 7KHVH
FRQVWUDLQWV DUH VKRZQ VHSDUDWHO\ WR LOOXVWUDWH WKH FRQQHFWLRQ WR SUHYLRXV
IRUPXODWLRQV EXW WKH ILUVW HTXDOLW\ FRQVWUDLQW FDQ EH PRYHG WR WKH REMHFWLYH
IXQFWLRQE\VROYLQJDQGVXEVWLWXWLQJIRU HÖiCNLS 7KXVZHKDYHDFRQYH[VROXWLRQ
VSDFH DQG D QRQOLQHDU REMHFWLYH IXQFWLRQ 7KLV IRUPXODWLRQ FDQ EH VROYHG E\
VWDQGDUG QRQOLQHDU SURJUDPPLQJ DOJRULWKPV DQG VROYHUV 1/3 VROYHUV DUH
DYDLODEOHIRUH[DPSOHLQVXFKPDWKHPDWLFDOSURJUDPPLQJSDFNDJHVDV*$06
$,0060DWODEDQG/LQGRDPRQJRWKHUV
,QWKHPXOWLSOLFDWLYHFDVHWKH&1/6HVWLPDWRU  FDQEHDSSOLHGRUDV
WKHILUVWVWHSRIWKH&1/6RU6WR1('HVWLPDWLRQURXWLQH7KHVWDQGDUGPHWKRG
RI PRPHQW TXDVLOLNHOLKRRG DQG NHUQHO GHFRQYROXWLRQ WHFKQLTXHV DSSO\ DV
GHVFULEHG LQ 6HFWLRQ  +RZHYHU QRWH WKDW LQ VWHS  WKH IURQWLHU SURGXFWLRQ
CNLS
CNLS
gÖ PLQ
x  H[S PÖ  ZKHUH gÖ PLQ
x LV WKH
IXQFWLRQ LV REWDLQHG DV fÖ StoNED xi
PLQLPXPIXQFWLRQFRPSXWHGXVLQJHTXDWLRQ  DQG

H[S PÖ LVWKHHVWLPDWHG

DYHUDJH HIILFLHQF\ $ FRQYHQLHQW IHDWXUH RI WKH PXOWLSOLFDWLYH PRGHO LV WKDW
H[S ui FDQEHLQWHUSUHWHGDVWKH)DUUHOORXWSXWHIILFLHQF\PHDVXUH
6.2 Panel data
,Q SDQHO GDWD WKH VDPSOH RI ILUPV LV REVHUYHG UHSHDWHGO\ RYHU PXOWLSOH WLPH
SHULRGV 3DQHO GDWD DSSOLFDWLRQV DUH FRPPRQ LQ WKH 6)$ OLWHUDWXUH DQG D
QXPEHU RI DOWHUQDWLYH 6)$ PRGHOV LQYROYLQJ WLPH LQYDULDQW DQG WLPH YDU\LQJ
LQHIILFLHQF\ DUH DYDLODEOH VHH HJ *UHHQH  6HFWLRQ   ,Q FRQWUDVW



,I ZH DSSO\ WKH ORJ WUDQVIRUPDWLRQ GLUHFWO\ WR LQSXW GDWD WKH UHVXOWLQJ IURQWLHU ZRXOG EH D
SLHFHZLVHORJOLQHDUIURQWLHUZKLFKKDVEHHQFRQVLGHUHGLQWKH'($OLWHUDWXUHE\ &KDUQHVHW
DO  DQG%DQNHUDQG0DLQGLUDWWD  8QIRUWXQDWHO\WKHSLHFHZLVHORJOLQHDUIURQWLHU
GRHVQRWJHQHUDOO\VDWLVI\WKHFRQFDYLW\RIf




'($ VWXGLHV LJQRUH WKH WLPH GLPHQVLRQ RI WKH SDQHO GDWD DQG HLWKHU SRRO WKH
SDQHO WRJHWKHU DV D VLQJOH FURVV VHFWLRQ RU WUHDW HDFK WLPH SHULRG DV DQ
LQGHSHQGHQWFURVVVHFWLRQ
7KHUHJUHVVLRQLQWHUSUHWDWLRQRI'($H[DPLQHGLQ6HFWLRQDOORZVXV
WRFRPELQH'($VW\OHD[LRPDWLFIURQWLHUZLWKWKHPRGHUQSDQHOGDWDPHWKRGV
IURPHFRQRPHWULFV.XRVPDQHQDQG.RUWHODLQHQ 6HFWLRQ  ZHUHWKH
ILUVW FRQVLGHU D IL[HG HIIHFWV DSSURDFK WR HVWLPDWLQJ D WLPH LQYDULDQW
LQHIILFLHQF\ PRGHO 7KHLU IXOO\ QRQSDUDPHWULF SDQHO GDWD 6WR1(' HVWLPDWRU
FDQ EH VHHQ DV D QRQSDUDPHWULF FRXQWHUSDUW WR WKH FODVVLF 6)$ DSSURDFK E\
6FKPLGW DQG6LFNOHV   ,QWKH IROORZLQJ ZHFRQVLGHUWKH UDQGRP HIIHFWV
DSSURDFKEXLOGLQJXSRQ(VNHOLQHQDQG.XRVPDQHQ  
&RQVLGHU D GDWD VHW ZKHUH HDFK ILUP LV REVHUYHG RYHU WLPH SHULRGV
t  T DQGGHILQHDWLPHLQYDULDQWIURQWLHUPRGHO


 
yit f xit  ui  vit i  n t  T 

ZKHUH yit LV WKH REVHUYHG RXWSXW RI ILUP i LQ WLPH SHULRG t x it LV D YHFWRU RI
LQSXWV FRQVXPHG E\ ILUP i LQ WLPH SHULRG t DQG f LV D IURQWLHU SURGXFWLRQ
IXQFWLRQWKDWLVWLPHLQYDULDQWDQGFRPPRQWRDOOILUPV$VEHIRUH ui LVDILUP
VSHFLILFLQHIILFLHQF\WHUPWKDWGRHVQRWFKDQJHRYHUWLPHDQG vit LVDUDQGRP
GLVWXUEDQFHWHUPRIILUPiLQSHULRGt6LPLODUWRWKHFURVVVHFWLRQDOPRGHOZH
DVVXPHWKDW ui DQG vit DUHLQGHSHQGHQWRILQSXWV xit DQGRIHDFKRWKHU
7RHVWLPDWHWKHPRGHO  ZHFDQDGDSWWKHVWDQGDUG&1/6HVWLPDWRUDV

T

n

PLQ ¦¦ H itCNLS
α,β ε



t  i 

VXEMHFWWR


D it  βcit xit  H itCNLS i  n t  T

D it  βcit xit d D it  βcit x hs h i  n s t  T
yit

 

βit t 0 i  n t  T

ZKHUH HÖitCNLS LVWKH&1/6UHVLGXDORIILUPiLQSHULRGt1RWHWKHSDUDPHWHUV D it 
DQG β it WKDW GHILQH WKH WDQJHQW K\SHUSODQHV RI WKH HVWLPDWHG SURGXFWLRQ
IXQFWLRQDUHVSHFLILFWRHDFKILUPLQHDFKWLPHSHULRG7KXVDSLHFHZLVHOLQHDU
IURQWLHULVHVWLPDWHGZLWKDVPDQ\DVnTK\SHUSODQHV




2QHQRWDEOHH[FHSWLRQLV5XJJLHUR  
7KH UDQGRP HIIHFWV DSSURDFK WR SDQHO GDWD UHTXLUHV WKDW WKH WLPH LQYDULDQW LQHIILFLHQF\ LV
XQFRUUHODWHG ZLWK LQSXWV 7KLV LV D VWURQJ DVVXPSWLRQ 0DUVFKDN DQG $QGUHZV   ZHUH
DPRQJWKHILUVWWRQRWHWKDWUDWLRQDOILUPPDQDJHUZLOODGMXVWWKHLQSXWVWRWDNHLQWRDFFRXQWWKH
WHFKQLFDO LQHIILFLHQF\ DQG KHQFHWKH REVHUYHG LQSXWV DUH FRUUHODWHG ZLWK LQHIILFLHQF\ ,Q WKDW
FDVH WKH UDQGRP HIIHFWV HVWLPDWRU LV ELDVHG DQG LQFRQVLVWHQW 7KH IL[HG HIIHFWV HVWLPDWRU
FRQVLGHUHGE\.XRVPDQHQDQG.RUWHODLQHQ  GRHVQRWGHSHQGRQWKLVDVVXPSWLRQ








*LYHQWKHRSWLPDOVROXWLRQWR  ZHFRPSXWHWKHILUPVSHFLILFHIIHFWV
DV

H iCNLS

 T CNLS
¦ HÖit 
T t

 


)ROORZLQJ6FKPLGWDQG6LFNOHV  ZHPHDVXUHHIILFLHQF\UHODWLYHWRWKH
PRVWHIILFLHQWILUPLQWKHVDPSOH DQDORJRXVWRWKH&1/6DSSURDFKFRQVLGHUHG
LQ6HFWLRQ DQGGHILQH


 
PD[ H hCNLS  H iCNLS  
uÖiStoNED
h^ n`


7RHVWLPDWHWKHFRQGLWLRQDOPHDQIXQFWLRQZHFDQDGDSWHTXDWLRQ  WRSDQHO
GDWDDV

CNLS
gÖ PLQ
x PLQ ^D  βcx D  βcxit t gÖ CNLS xit i  n t  T ` 
D β




7KH6WR1('IURQWLHUHVWLPDWRULVWKHQREWDLQHGDV

fÖ StoNED x gÖ CNLS x  PD[ H CNLS 
PLQ

h^ n`

h


%RWK WKH IURQWLHU DQG LQHIILFLHQF\ HVWLPDWRUV FDQ EH VKRZQ WR EH VWDWLVWLFDOO\
FRQVLVWHQWXQGHUWKHDVVXPSWLRQVVWDWHGDERYH
1RWH WKDW WKH SDQHO GDWD 6WR1(' HVWLPDWRU GHVFULEHG DERYH LV IXOO\
QRQSDUDPHWULFLQWKHVHQVHWKDWQRSDUDPHWULFIXQFWLRQDOIRUPRUGLVWULEXWLRQDO
DVVXPSWLRQVDUHUHTXLUHG6WLOOWKHPRGHOGHVFULEHGLQHTXDWLRQ  UHOLHVRQ
WZRVWURQJDVVXPSWLRQVL WKHUHLVQRWHFKQLFDOSURJUHVVDQGLL LQHIILFLHQF\LV
FRQVWDQW RYHU WLPH ,W LV SRVVLEOH WR UHOD[ WKHVH DVVXPSWLRQV EXW WKLV ZLOO
UHTXLUH VRPH DGGLWLRQDO DVVXPSWLRQV W\SLFDOO\ LPSRVLQJ VRPH SDUDPHWULF
VWUXFWXUH  1RWH WKDW UDQGRP HIIHFWV HVWLPDWRU FRQVLGHUHG DERYH PD\ VWLOO EH
XVHIXO HYHQ LI LQHIILFLHQF\ FKDQJHV RYHU WLPH ,Q WKDW FDVH WKH LQHIILFLHQF\
HVWLPDWRU FDQ EH LQWHUSUHWHG DV WKH DYHUDJH HIILFLHQF\ GXULQJ WKH WLPH SHULRG
XQGHU VWXG\ (VNHOLQHQ DQG .XRVPDQHQ   SURSRVH WR H[DPLQH WKH
GHYHORSPHQW WUDMHFWRULHV RI WKH QRUPDOL]HG &1/6 UHVLGXDOV
HÖitCNLS  PD[ H hCNLS WRJDLQDEHWWHUXQGHUVWDQGLQJKRZWKHILUPSHUIRUPDQFH
h^ n`

KDVGHYHORSHGGXULQJWKHVWXG\SHULRG :KLOHWKHQRUPDOL]HG&1/6UHVLGXDOV
FRQWDLQ UDQGRP QRLVH D JURZWK WUHQG RU GHFOLQH  SURYLGHV D FOHDU LQGLFDWLRQ
WKDW WKH SHUIRUPDQFH RI WKH ILUP KDV LPSURYHG RU GHWHULRUDWHG  GXULQJ WKH
VWXG\SHULRG
%DVHGRQWKHSUHYLRXVGLVFXVVLRQWZRLQVLJKWVDUHZRUWKQRWLQJ





  3DQHO GDWD LV QRW D SDQDFHD ZKLOH ZH UHFRJQL]H WKDW SDQHO GDWD
SURYLGHV D ULFKHU VHW RI LQIRUPDWLRQ ZH PXVW DOVR DFNQRZOHGJH WKDW WKH
LQWHUWHPSRUDO VHWWLQJ LQYROYHV FRPSOH[ G\QDPLFV VXFK DV WHFKQRORJLFDO
SURJUHVVDQGFKDQJHVLQHIILFLHQF\RYHUWLPH7KHUDQGRPHIIHFWVDSSURDFKWR
SDQHO GDWD FRQVLGHUHG DERYH ZRXOG EH LGHDO IRU PRGHOLQJ H[SHULPHQWDO GDWD
ZKHUH WKH UHVHDUFKHU FDQ FRQWURO WKH LQSXW OHYHOV DQG NHHS WKH SURGXFWLRQ
WHFKQRORJ\ WKH VDPH DFURVV UHSHDWHG H[SHULPHQWV +RZHYHU PRVW SDQHO GDWD
DSSOLFDWLRQV RI VWRFKDVWLF IURQWLHUV XVH REVHUYDWLRQDO GDWD ZKHUH ERWK WKH
SURGXFWLRQIXQFWLRQDQGWKHOHYHORIHIILFLHQF\ZLOOOLNHO\FKDQJHRYHUWLPH
  5HVRUWLQJWR DIXOO\QRQSDUDPHWULFDSSURDFKGRHV QRW LPSO\IUHHGRP
IURP UHVWULFWLYH DVVXPSWLRQV ,Q IDFW DYRLGDQFH RI SDUDPHWULF DVVXPSWLRQV
RIWHQFRPHVDWWKHFRVWRIYHU\UHVWULFWLYHDVVXPSWLRQVRIQRQRLVHQRWHFKQLFDO
SURJUHVV RU WLPH LQYDULDQW LQHIILFLHQF\ ,QGHHG LQVLVWLQJ RQ D IXOO\
QRQSDUDPHWULF DSSURDFK FDQ EH PRUH UHVWULFWLYH WKDQ UHVRUWLQJ WR VRPH
SDUDPHWULF DVVXPSWLRQV WKDW DOORZ IRU H[SOLFLW PRGHOLQJ RI QRLVH WHFKQLFDO
SURJUHVVRUWLPHYDU\LQJLQHIILFLHQF\

6.3 Multiple outputs (DDF formulation)
7KHDELOLW\WRPRGHOPXOWLSOHLQSXWVDQGPXOWLSOHRXWSXWVKDVORQJEHHQWRXWHG
DVDQDGYDQWDJHRI'($RYHU6)$VHYHUDO'($SDSHUVHUURQHRXVO\VWDWHWKDW
6)$ FDQQRW GHDO ZLWK PXOWLSOH RXWSXWV /RYHOO HW DO   DQG &RHOOL DQG
3HUHOPDQ  ZHUHWKHILUVWWRFRQVLGHUDVWRFKDVWLFGLVWDQFHIXQFWLRQ
PRGHO WKDW FKDUDFWHUL]HV D JHQHUDO PXOWLSOH LQSXWV DQG PXOWLSOH RXWSXWV
WHFKQRORJ\ XVLQJ WKH UDGLDO LQSXW DQG RXWSXW GLVWDQFH IXQFWLRQV 7KH UHFHQW
SDSHUE\.XRVPDQHQ-RKQVRQDQG3DUPHWHU   KHQFHIRUWK.-3 H[DPLQHV
WKH DVVXPSWLRQV RI WKH GDWD JHQHUDWLRQ SURFHVV WKDW QHHG WR EH VDWLVILHG IRU
HFRQRPHWULFLGHQWLILFDWLRQRIWKHGLVWDQFHIXQFWLRQZKHQWKHGDWDDUHVXEMHFWWR
UDQGRP QRLVH $OWKRXJK WKH HFRQRPHWULF HVWLPDWLRQ RI GLVWDQFH IXQFWLRQV LV
IHDVLEOHWKHZHOOHVWDEOLVKHGGUDZEDFNVRI6)$ VWLOODSSO\DIXQFWLRQDOIRUP
QHHGVWREHVSHFLILHGIRUWKHGLVWDQFHIXQFWLRQDQGSDUDPHWULFDVVXPSWLRQVDUH
W\SLFDOO\PDGHWRGHFRPSRVHWKHUHVLGXDOLQWRLQHIILFLHQF\DQGQRLVH)XUWKHU
WKH FRPPRQO\ XVHG SDUDPHWULF IXQFWLRQDO IRUPV KDYH WKH ZURQJ FXUYDWXUH LQ
RXWSXW VSDFH ZKLFK LV D VHULRXV SUREOHP IRU PRGHOLQJ MRLQW SURGXFWLRQ RI
PXOWLSOHRXWSXWV
8SWR WKLVSRLQW WKH&1/66WR1('IUDPHZRUN KDV EHHQSUHVHQWHGLQ
WKHVLQJOHRXWSXWPXOWLSOHLQSXWVHWWLQJ,QWKLVVHFWLRQZHGHVFULEHWKH&1/6
HVWLPDWRUZLWKLQWKHGLUHFWLRQDOGLVWDQFHIXQFWLRQ '') IUDPHZRUN&KDPEHUV

7KH ZURQJ FXUYDWXUH YLRODWHV VRPH RI WKH PRVW HOHPHQWDU\ SURSHUWLHV RI SURGXFWLRQ



WHFKQRORJLHV )RU H[DPSOH WKH &REE'RXJODV RU WUDQVORJ VSHFLILFDWLRQV RI WKH GLVWDQFH
IXQFWLRQZLOOYLRODWHVWKHEDVLFSURSHUWLHVRIQXOOMRLQWQHVVDQGXQERXQGHGQHVV VHHHJ)lUH
HW DO   $QRWKHU SUREOHP FRQFHUQV WKH HFRQRPLHV RI VFRSH HJ 3DQ]DU DQG :LOOLJ
  )RU H[DPSOH WKH &REE'RXJODV GLVWDQFH IXQFWLRQ FDQQRW FDSWXUH WKH HFRQRPLHV RI
VFRSHDWDQ\SDUDPHWHU YDOXHV6LQFHWKH HFRQRPLFUDWLRQDOHIRUMRLQWSURGXFWLRQLVURRWHGWR
HFRQRPLHV RI VFRSH LW LV FRQWUDGLFWRU\ WR DSSO\ D WHFKQRORJ\ WKDW H[KLELWV HFRQRPLHV RI
VSHFLDOL]DWLRQIRUPRGHOLQJMRLQWSURGXFWLRQ







HWDO  7KH&1/6IRUPXODWLRQVDWLVILHVWKHD[LRPDWLFSURSHUWLHVRI
WKH '') E\ FRQVWUXFWLRQ PRGHOV PXOWLSOH LQSXWV DQG PXOWLSOH RXWSXWV DQG
DFFRXQWVIRUVWRFKDVWLFQRLVHH[SOLFLWO\DGGUHVVLQJWKHNH\OLPLWDWLRQVRIERWK
'($DQGWKHSDUDPHWULFDSSURDFKHV,QWKHIROORZLQJZHZLOOEULHIO\GHVFULEH
WKHVWRFKDVWLFGDWDJHQHUDWLQJSURFHVV '*3 DQGWKHHVWLPDWLRQRIWKH'')E\
&1/66HH.-3IRUDPRUHGHWDLOHGGLVFXVVLRQ
7KH'') LQGLFDWHVWKHGLVWDQFHIURPDJLYHQLQSXWRXWSXWYHFWRUWRWKH
ERXQGDU\ RI WKH SURGXFWLRQ SRVVLELOLW\ VHW T LQ VRPH SUHDVVLJQHG GLUHFWLRQ
g x  g y m  s IRUPDOO\



DT x y g x  g y
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`

VXS T x  T g x  y  T g y  T 
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'HQRWHWKHUHIHUHQFHLQSXWRXWSXWYHFWRURIILUP iLQWKHGLUHFWLRQ g x  g y E\
xi  y i ,QWKLVVHFWLRQZHGRQRWLPSRVHDQ\SDUWLFXODUEHKDYLRUDOK\SRWKHVLV

EXWLWPD\EHLOOXVWUDWLYHWRLQWHUSUHW xi  y i DVWKHRSWLPDOVROXWLRQWRILUPi¶V
SURILWPD[LPL]DWLRQSUREOHP5HJDUGOHVV RIWKH ILUP PDQDJHU¶V REMHFWLYHZH
DVVXPH xi  y i OLHV RQ WKH ERXQGDU\ RI WKH SURGXFWLRQ SRVVLELOLW\ VHW T DQG
KHQFHWKHYDOXHVRIWKH'')VDWLVI\

DT xi  y i  g x  g y

i } n 



 


7KH REVHUYHG LQSXWRXWSXW YHFWRUV xi  y i  i  n  DUH SHUWXUEHG LQ
GLUHFWLRQ g x  g y m  s E\ UDQGRP LQHIILFLHQF\ ui DQG QRLVH vi ZKLFK IRUP
WKHFRPSRVLWHHUURUWHUP H i

ui  vi  QRWHWKHSRVLWLYHVLJQRIWKHLQHIILFLHQF\

WHUP ui 6SHFLILFDOO\WKHREVHUYHGGDWDDUHSHUWXUEHGYHUVLRQVRIWKHRSWLPDO
LQSXWRXWSXWYHFWRUVDVIROORZV

xi  yi
xi  H i g x  yi  H i g y i } n 



 


:HDVVXPHWKHLQHIILFLHQF\DQGQRLVHWHUPVVDWLVI\WKHDVVXPSWLRQVGLVFXVVHG
LQ 6HFWLRQ  1RWH WKDW WKH HOHPHQWV RI WKH GLUHFWLRQ YHFWRU g x  g y UHSUHVHQW
WKHLPSDFWVRILQHIILFLHQF\DQGQRLVHRQVSHFLILFLQSXWDQGRXWSXWYDULDEOHV,I
DQHOHPHQWRI g x  g y LVHTXDOWR]HURLWPHDQVWKDWWKHFRUUHVSRQGLQJLQSXWRU
RXWSXW YDULDEOH LV LPPXQH WR ERWK LQHIILFLHQF\ DQG QRLVH LQ WKH '*3 7KH
ODUJHUWKHYDOXHRIDQHOHPHQWRI g x  g y LQWKH'*3WKHODUJHUWKHLPSDFWRI
LQHIILFLHQF\ DQG QRLVH RQ WKH FRUUHVSRQGLQJ LQSXW RU RXWSXW YDULDEOH LV
,QWHUHVWLQJO\3URSRVLWLRQLQ.-3VKRZVWKDWLQWKH'*3GHVFULEHGDERYHWKH
YDOXHRIWKH'')HTXDOVWKHFRPSRVLWHHUURUWHUP




DT xi  y i  g x  g y

H i i 


7KLV UHVXOW SURYLGHV LPSOLFLWO\ D UHJUHVVLRQ HTXDWLRQ IRU HVWLPDWLQJ WKH '')
:HFDQUHVRUWWRDVLPLODUVWHSZLVHSURFHGXUHDVGHVFULEHGLQ6HFWLRQ
7KHILUVWVWHSLVWRHVWLPDWHWKHFRQGLWLRQDOPHDQGLVWDQFH GHILQHGDV


D xi  y i  g x  g y  P 

d xi  yi  g x  g y



 


/HW ' GHQRWHWKH VHW RI IXQFWLRQV WKDWVDWLVI\WKHD[LRPV RIIUHHGLVSRVDELOLW\
FRQYH[LW\DQGWKHWUDQVODWLRQSURSHUW\:HFDQDGDSWWKH&1/6HVWLPDWRUWR
WKH'')VHWWLQJE\SRVWXODWLQJWKHIROORZLQJLQILQLWHGLPHQVLRQDOOHDVWVTXDUHV
SUREOHP

n

PLQ ¦ d xi  y i  g x  g y
d



i 

VXEMHFWWR



 

d '
)RUPXODWLRQ  LVDFRPSOH[LQILQLWHGLPHQVLRQDORSWLPL]DWLRQSUREOHPWKDW
FDQQRWEHVROYHGE\EUXWHIRUFHQXPHULFDOPHWKRGV7KHPDLQFKDOOHQJHLVWR
ILQGDZD\WRSDUDPHWHUL]HWKHLQILQLWHO\ODUJHVHWRIIXQFWLRQVWKDWVDWLVI\WKH
VWDWHG UHJXODULW\ FRQGLWLRQV +HUH DJDLQ ZH DSSO\ LQVLJKWV IURP .XRVPDQHQ
  DQG VKRZ DQ HTXLYDOHQW ILQLWH GLPHQVLRQDO UHSUHVHQWDWLRQ LQ WHUPV RI
TXDGUDWLFSURJUDPPLQJ&RQVLGHUWKHIROORZLQJ43SUREOHP

n

PLQ ¦ H iCNLS

α β  γ ε
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VXEMHFWWR

D i  βci xi  H iCNLS i  n
D i  βci xi  γci y d D h  βci xi  γch y i h i  n 
γ ci y i
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y

x

 

 i  n

βi t 0 i  n
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7KHWUDQVODWLRQSURSHUW\&KDPEHUVHWDO  VWDWHVWKDWLIZHPRYHIURPWKHLQLWLDOSRLQW

xy LQWKHGLUHFWLRQ g x  g y E\IDFWRU D LHWRWKHSRLQW x  D g x  y  D g y WKHQWKH
GLVWDQFHWRWKHIURQWLHUGHFUHDVHVE\ D 7KLVSURSHUW\LVFUXFLDOIRUWKHLQWHUQDOFRQVLVWHQF\RI
WKH'')DQGFDQEHVHHQDVDQDGGLWLYHDQDORJXHRIWKHOLQHDUKRPRJHQHLW\SURSHUW\RIWKH
LQSXWGLVWDQFHIXQFWLRQ







1RWH WKD
WKDW WKH UHVLGXDO HÖiCNLS KHUH UHSUHVHQWV WKH HVWLPDWHG YDOXH RI d i LH

D xi  y i  g x  g y  ui :HDOVRLQWURGXFHQHZILUPVSHFLILFFRHIILFLHQWV γ i WKDW
UHSUHVHQW PDUJLQDO HIIHFWV RI RXWSXWV WR WKH '') 7KH ILUVW FRQVWUDLQW GHILQHV
WKHGLVWDQFHWRWKHIURQWLHUDVDOLQHDUIXQFWLRQRILQSXWVDQGRXWSXWV7KHOLQHDU
DSSUR[LPDWLRQRIWKHIURQWLHULVEDVHGRQWKHWDQJHQWK\SHUSODQHVDQDORJRXVWR
WKHRULJLQDO&1/6IRUPXODWLRQ7KHVHFRQGVHWRIFRQVWUDLQWVLVWKHV\VWHPRI
$IULDW LQHTXDOLWLHV WKDW LPSRVH JOREDO FRQFDYLW\ 7KH WKLUG FRQVWUDLQW LV D
QRUPDOL]DWLRQ FRQVWUDLQW WKDW HQVXUHV WKH WUDQVODWLRQ SURSHUW\ 7KH ODVW WZR
FRQVWUDLQWVLPSRVHPRQRWRQLFLW\LQDOOLQSXWVDQGRXWSXWV,WLVVWUDLJKWIRUZDUG
WR VKRZ WKDW WKH &1/6 HVWLPDWRU RI IXQFWLRQ d VDWLVILHV WKH D[LRPV RI IUHH
GLVSRVDELOLW\FRQYH[LW\DQGWKHWUDQVODWLRQSURSHUW\ VHH7KHRUHPLQ.-3 

$IWHU VROYLQJ WKH &1/6 SUREOHP RQH FDQ SURFHHG WR HVWLPDWH WKH
GHWHUPLQLVWLF IURQWLHU E\ &RUUHFWHG &1/6 DV GHVFULEHG LQ 6HFWLRQ  RU WKH
VWRFKDVWLFIURQWLHUE\6WR1('DVGHVFULEHGLQ6HFWLRQ1RWHWKDWWKH&1/6
HVWLPDWRU GHVFULEHG DERYH GRHV QRW HVWLPDWH WKH '') GLUHFWO\ EXW UDWKHU

D xi  y i  g x  g y  E ui  ,I WKH LQHIILFLHQF\ WHUP LV KRPRVFHGDVWLF WKHQ WKH
WHFKQLTXHVGHVFULEHGLQ6HFWLRQDSSO\IRUWKHHVWLPDWLRQRI E ui

P 7KH

FDVH RI KHWHURVNHGDVWLF LQHIILFLHQF\ WHUP LV GLVFXVVHG LQ 6HFWLRQV  DQG 
EHORZ6XEVHTXHQWO\WKHHVWLPDWHRIWKH'')LVREWDLQHGE\VKLIWLQJWKH&1/6
HVWLPDWH RI IXQFWLRQ d LQ GLUHFWLRQ g x  g y E\ WKH HVWLPDWHG H[SHFWHG
LQHIILFLHQF\
7R FRQQHFW WKH PXOWLRXWSXW '') WR WKH VLQJOH RXWSXW FDVH LW LV ZRUWK
QRWLQJ LQ WKH VLQJOH RXWSXW FDVH VSHFLI\LQJ WKH GLUHFWLRQ YHFWRU DV gy  DQG
gx 0WKH&1/6SUREOHP  UHGXFHVWR

n

PLQ ¦ H iCNLS
α β ε



i 

VXEMHFWWR


D i  βci xi  H iCNLS i  n 
D i  βci xi d D h  βch xi h i  n
yi

 

βi t 0 i  n

7KLV IRUPXODWLRQ LV HTXLYDOHQW WR WKH &1/6 IRUPXODWLRQ   GHYHORSHG LQ
.XRVPDQHQ   H[FHSW IRU WKH VLJQ RI WKH UHVLGXDO HÖiCNLS LQ WKH ILUVW
FRQVWUDLQW 1RWH WKDW WKH '') KDV SRVLWLYH YDOXHV EHORZ WKH IURQWLHU DQG
QHJDWLYHYDOXHVDERYHWKHIURQWLHUZKLFKH[SODLQVWKHQHJDWLYHVLJQ
6.4 Convex nonparametric quantile regression and percentile regression
:KLOH &1/6 HVWLPDWHV WKH FRQGLWLRQDO PHDQ E yi xi  TXDQWLOH UHJUHVVLRQ
DLPV DW HVWLPDWLQJ WKH FRQGLWLRQDO PHGLDQ RU RWKHU TXDQWLOHV RI WKH UHVSRQVH




YDULDEOH .RHQNHU DQG %DVVHWW  .RHQNHU    'HQRWLQJ WKH SUH
DVVLJQHG TXDQWLOH E\ SDUDPHWHU q    ZH FDQ PRGLI\ WKH &1/6 SUREOHP
 WRHVWLPDWHFRQYH[QRQSDUDPHWULFTXDQWLOHUHJUHVVLRQ &145  :DQJHWDO
 DVIROORZV
n

PLQ
q ¦ H i    q
 

α β ε ε

i 

n

¦H


i
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VXEMHFWWR

D i  βci xi  H i  H i i
D i  βci xi d D h  βch xi h i 
yi

βi t i





 

H i t i
H i t i

7KH&145SUREOHPGLIIHUVIURP&1/6LQWKDWWKHFRPSRVLWHHUURUWHUPLVQRZ
EURNHQ GRZQ WR WZR QRQQHJDWLYH FRPSRQHQWV H i  H i t   7KH REMHFWLYH
IXQFWLRQ PLQLPL]HV WKH DV\PPHWULF DEVROXWH GHYLDWLRQV IURP WKH IURQWLHU
LQVWHDG RI V\PPHWULF TXDGUDWLF GHYLDWLRQV 7KH SUHDVVLJQHG ZHLJKW q GHILQHV
WKHTXDQWLOHWREHHVWLPDWHG)RUH[DPSOHE\VHWWLQJ q WKHSLHFHZLVH
OLQHDU&145IXQFWLRQZLOODOORZDWPRVWSHUFHQWRIREVHUYDWLRQVWROLHDERYH
WKHILWWHGIXQFWLRQDQGHQYHORSHDWPRVWSHUFHQWRIWKHREVHUYHGGDWDSRLQWV
$V WKH VDPSOH VL]H DSSURDFKHV WR LQILQLW\ WKH qRUGHU IURQWLHU ZLOO HQYHORS
H[DFWO\qSHUFHQWRIWKHREVHUYHGGDWDSRLQWV :DQJHWDO7KHRUHP 
7ZR LPSRUWDQW VSHFLDO FDVHV DUH ZRUWK QRWLQJ )LUVW LI ZH VHW q   WKHQ
&145 HVWLPDWHV WKH FRQGLWLRQDO PHGLDQ ZKHUHDV &1/6 HVWLPDWHV WKH
FRQGLWLRQDOPHDQ 6HFRQGO\DVqDSSURDFKHVWR]HURWKHQHJDWLYHGHYLDWLRQV
H i JHWDODUJHUZHLJKWDQGWKH&145DSSURDFKHVWRWKH'($IURQWLHU
$Q DSSHDOLQJ IHDWXUH RI WKH &145 IRUPXODWLRQ LV WKDW LWV REMHFWLYH
IXQFWLRQ DQG DOO FRQVWUDLQWV DUH OLQHDU IXQFWLRQV RI XQNQRZQ SDUDPHWHUV DQG
KHQFHWKH&145SUREOHPFDQEHVROYHGE\VWDQGDUGOLQHDUSURJUDPPLQJ /3 
DOJRULWKPV+RZHYHUDPDMRUGUDZEDFNFRPSDUHGWR&1/6LVWKDWWKHRSWLPDO
VROXWLRQ WR WKH &145 SUREOHP LV QRW QHFHVVDULO\ XQLTXH QRW HYHQ IRU WKH
REVHUYHG GDWD SRLQWV xi  yi  i  n  ,Q HFRQRPHWULFV QRQXQLTXHQHVV RI
TXDQWLOHUHJUHVVLRQLVXVXDOO\DVVXPHGDZD\E\DVVXPLQJWKHUHJUHVVRUV xDUH
UDQGRPO\ GUDZQ IURP D FRQWLQXRXV GLVWULEXWLRQ ,Q SUDFWLFH KRZHYHU LQSXW
YHFWRUV x DUH QRW UDQGRPO\ GUDZQ DQG WKHUH PD\ EH WZR RU PRUH ILUPV XVH
H[DFWO\ WKH VDPH DPRXQWV RI LQSXWV LH xi x j IRU ILUPV i DQG j  ,Q RXU
H[SHULHQFH QRQXQLTXHQHVV RI &145 VHHPV WR EH SDUWLFXODUO\ D SUREOHP LQ



,QWKH'($OLWHUDWXUHWKHTXDQWLOHIURQWLHUVDUHFRPPRQO\UHIHUUHGWRDVUREXVWRUGHUmDQG
RUGHUαIURQWLHUV HJ$UDJRQHWDO'DRXLDDQG6LPDU +RZHYHUZKLOHTXDQWLOH
IURQWLHUV DUH PRUH UREXVW WR RXWOLHUV WKDQ WKH FRQYHQWLRQDO '($ IURQWLHUV WKH TXDQWLOH '($
DSSURDFKHVW\SLFDOO\DVVXPHDZD\QRLVH

6LPLODUTXDQWLOHIRUPXODWLRQZDVILUVWFRQVLGHUHGE\%DQNHUHWDO  ZKRUHIHUWRLWDV
´VWRFKDVWLF'($´






VDPSOHV ZKHUH LQSXWV x DUH GLVFUHWH YDULDEOHV :DQJ HW DO   UHFRJQL]H
QRQXQLTXHQHVV RI WKH &145 HVWLPDWRU LOOXVWUDWLQJ WKH SUREOHP ZLWK D
QXPHULFDOH[DPSOH
2QHSRVVLEOHZD\WRUHVROYHWKHQRQXQLTXHQHVVSUREOHPLVWRDSSO\WKH
DV\PPHWULFOHDVWVTXDUHVFULWHULRQVXJJHVWHGE\1HZH\DQG3RZHOO  DQG
UHIRUPXODWHWKH&145SUREOHPDV
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7R RXU NQRZOHGJH WKLV DV\PPHWULF OHDVW VTXDUHV IRUPXODWLRQ KDV QRW EHHQ
FRQVLGHUHG EHIRUH ZH ZLOO KHQFHIRUWK UHIHU WR LW DV FRQYH[ DV\PPHWULFDOO\
ZHLJKWHG OHDVW VTXDUHV &$:/6  7KH &$:/6 SUREOHP GLIIHUV IURP &145
RQO\LQWHUPVRIWKHREMHFWLYHIXQFWLRQZKLFKQRZPLQLPL]HVWKHDV\PPHWULF
VTXDUHG GHYLDWLRQ LQVWHDG RI WKH DEVROXWH GHYLDWLRQV ,Q WKH FDVH RI WKH OLQHDU
UHJUHVVLRQ 1HZH\ DQG 3RZHOO   VKRZ WKDW WKH SURSHUWLHV RI WKH
DV\PPHWULF OHDVW VTXDUHV HVWLPDWRU DUH DQDORJRXV WR WKRVH RI WKH TXDQWLOH
UHJUHVVLRQ EXW WKH DV\PPHWULF OHDVW VTXDUHV FDQ EH PRUH FRQYHQLHQW IRU
VWDWLVWLFDOLQIHUHQFHV,QWKHSUHVHQWFRQWH[WZHK\SRWKHVL]HWKDWWKHXVHRIWKH
TXDGUDWLFORVVIXQFWLRQVLPLODUWR&1/6HQVXUHVWKDWWKHRSWLPDOVROXWLRQWRWKH
&$:/6 SUREOHP LV DOZD\V XQLTXH IRU WKH REVHUYHG GDWD SRLQWV
xi  yi  i  n :HOHDYHFRQILUPLQJRUUHMHFWLQJWKLVK\SRWKHVLVDVDQRSHQ
TXHVWLRQIRUIXWXUHUHVHDUFK%HVLGHVWKHTXHVWLRQRIXQLTXHQHVVWKHVWDWLVWLFDO
SURSHUWLHVRIERWK&145DQG&$:/6ZRXOGUHTXLUHIXUWKHUUHVHDUFK
&145DQG&$:/6IRUPXODWLRQVDOORZRQHWRHVWLPDWHWKHqTXDQWLOHRU
qH[SHFWLOH IURQWLHUV GLUHFWO\ ZLWKRXW D QHHG WR LPSRVH SDUDPHWULF
GLVWULEXWLRQDO DVVXPSWLRQV IRU WKH LQHIILFLHQF\ DQG QRLVH WHUPV RU UHVRUW WR
VWHSZLVH HVWLPDWLRQ DORQJ WKH OLQHV GHVFULEHG LQ 6HFWLRQ  7KLV LV RQH RI WKH
DWWUDFWLYH SURSHUWLHV RI &145 DQG &$:/6 )RU WKH SXUSRVHV RI HIILFLHQF\
DQDO\VLVKRZHYHUWKHXVHRITXDQWLOHVRUDV\PPHWULFZHLJKWHGOHDVWVTXDUHVLV
QRW D SDQDFHD ,W LV LPSRUWDQW WR VWUHVV WKDW WKH GLVWDQFH IURP WKH IURQWLHU
PHDVXUHGDV HÖiCNQR HÖi  HÖi RU HÖiCAWLS HÖi  HÖi  QRWHLQERWKFDVHVWKHUHVLGXDOV
VDWLVI\ HÖiHÖi i VKRXOGQRWEHLQWHUSUHWHGDVDPHDVXUHRILQHIILFLHQF\DV
WKH GLVWDQFH WR IURQWLHU DOVR LQFOXGHV QRLVH 7R HVWLPDWH FRQGLWLRQDO H[SHFWHG
YDOXH RI LQHIILFLHQF\ DORQJ WKH OLQHV RI -/06 ZH VWLOO QHHG WR UHVRUW WR
VWHSZLVHHVWLPDWLRQ2QHSRVVLELOLW\LVWRUHSODFH&1/6E\&145RU&$:/6
DV WKH ILUVW VWHS RI WKH 6WR1(' SURFHGXUH RXWOLQHG LQ 6HFWLRQ  2I FRXUVH
UHVLGXDOV HÖiCNQR RU HÖiCAWLS FDQ EH XVHG DV VXFK IRU UHODWLYH SHUIRUPDQFH



UDQNLQJV EXW VXFK SHUIRUPDQFH UDQNLQJV REYLRXVO\ GHSHQG RQ WKH FKRVHQ
SDUDPHWHU YDOXH RI q :DQJ HW DO   H[DPLQH WKH VSHFLILFDWLRQ RI q IRU
IURQWLHU HVWLPDWLRQ VKRZLQJ WKDW WKH RSWLPDO YDOXH RI q LV D PRQRWRQLFDOO\
GHFUHDVLQJ IXQFWLRQ RI WKH VLJQDO WR QRLVH UDWLR O V u  V v  2QH PD\ VHW WKH
YDOXH RI q EDVHG RQ VXEMHFWLYH MXGJPHQW EXW LQ UHDO ZRUOG DSSOLFDWLRQV
FRQVLGHUHJUHJXODWLRQRIHOHFWULFLW\GLVWULEXWLRQQHWZRUNVVHH.XRVPDQHQ
.XRVPDQHQ6DDVWDPRLQHQDQG6LSLOlLQHQ VRPHREMHFWLYHFULWHULD
IRUVSHFLI\LQJqZRXOGEHLPSRUWDQW
2QH DSSHDOLQJ IHDWXUH RI WKH qTXDQWLOH DQG qH[SHFWLOH IURQWLHUV LV WKDW
WKH\ DUH UREXVW WR KHWHURVFHGDVWLFLW\ 7KHUHIRUH WHVWLQJ RI DQG GHDOLQJ ZLWK
KHWHURVFHGDVWLFLW\ SURYLGH RQH SURPLVLQJ DSSOLFDWLRQ DUHD IRU WKH &145 DQG
&$:/6 WHFKQLTXHV ,I WKH FRPSRVLWH HUURU WHUP LV KRPRVFHGDVWLF WKHQ WKH
TXDQWLOHDQGH[SHFWLOHIURQWLHUVVKRXOGKDYHVLPLODUVKDSHV DWGLIIHUHQW YDOXHV
RI q 1HZH\ DQG 3RZHOO   DSSO\ WKLV LGHD IRU WHVWLQJ KHWHURVFHGDVWLFLW\
:HUHWXUQWRWKLVLVVXHLQPRUHGHWDLOLQ6HFWLRQ
7. Contextual variables
$ILUP¶VDELOLW\WRRSHUDWHHIILFLHQWO\RIWHQGHSHQGVRQRSHUDWLRQDOFRQGLWLRQV
DQG SUDFWLFHV VXFK DV WKH SURGXFWLRQ HQYLURQPHQW DQG WKH ILUP VSHFLILF
FKDUDFWHULVWLFV IRU H[DPSOH WHFKQRORJ\ VHOHFWLRQ RU PDQDJHULDO SUDFWLFHV
%DQNHU DQG 1DWDUDMDQ   UHIHU WR ERWK YDULDEOHV WKDW FKDUDFWHUL]H
RSHUDWLRQDO FRQGLWLRQV DQG SUDFWLFHV DV contextual variables &XUUHQWO\ WZR
VWDJH '($ '($  LV ZLGHO\ DSSOLHG WR LQYHVWLJDWH WKH LPSRUWDQFH RI
FRQWH[WXDO YDULDEOHV DV VXPPDUL]HG E\ WKH FLWDWLRQV LQFOXGHG LQ 6LPDU DQG
:LOVRQ   +RZHYHU LWV VWDWLVWLFDO IRXQGDWLRQ KDV EHHQ VXEMHFW WR VKDUS
GHEDWH EHWZHHQ 6LPDU DQG :LOVRQ    DQG %DQNHU DQG 1DWDUDMDQ
  VHHDOVR +RII0F'RQDOG   ,QWKLV VHFWLRQ ZHVKHG VRPH
QHZOLJKWRQWKLVGHEDWHIROORZLQJ-RKQVRQDQG.XRVPDQHQ  
,W LV LPSRUWDQW WR QRWH WKDW 6LPDU DQG :LOVRQ    GR QRW
FRQVLGHU VWRFKDVWLF QRLVH LQ WKHLU '*3 ,Q FRQWUDVW %DQNHU DQG 1DWDUDMDQ
  LQWURGXFH D QRLVH WHUP WKDW KDV D GRXEO\WUXQFDWHG GLVWULEXWLRQ
IROORZLQJWKH'($DSSURDFKE\ *VWDFK   ,QWKLV VHWWLQJ -RKQVRQ DQG
.XRVPDQHQ   VKRZ WKDW WKH '($ HVWLPDWRU RI FRQWH[WXDO YDULDEOHV LV
FRQVLVWHQW XQGHU PRUH JHQHUDO DVVXPSWLRQ WKDW WKRVH VWDWHG E\ %DQNHU DQG
1DWDUDMDQ  DQGFULWLFL]HGE\6LPDUDQG:LOVRQ  )XUWKHU-RKQVRQ
DQG .XRVPDQHQ   HPSOR\ WKH OHDVW VTXDUHV IRUPXODWLRQ RI '($ WR
GHYHORS D RQHVWDJH '($ PHWKRG '($  IRU HVWLPDWLQJ WKH HIIHFWV RI WKH
FRQWH[WXDO YDULDEOHV 5HOD[LQJ WKH SHFXOLDU DVVXPSWLRQ RI WUXQFDWHG QRLVH 



:HODEHOWKLVDVVXPSWLRQDVSHFXOLDUEHFDXVHLWFRQWUDGLFWVVWDQGDUGVWDWLVWLFDODVVXPSWLRQV
QDPHO\WKHUHVLGXDOWHUPLVRIWHQPRGHODVQRUPDOO\GLVWULEXWHGEHFDXVHDPL[WXUHRIDODUJH
QXPEHURIXQNQRZQGLVWULEXWLRQVLVDSSUR[LPDWHO\QRUPDOLQILQLWHVDPSOHVDQG
DV\PSWRWLFDOO\QRUPDO7KHODUJHQXPEHURIXQNQRZQGLVWULEXWLRQVLVDUHVXOWRIPHDVXUHPHQW
HUURUVPRGHOLQJVLPSOLILFDWLRQVDQGRWKHUVRXUFHVRIQRLVH7KXVWKHPRWLYDWLRQIRUWUXQFDWHG
QRUPDOGLVWULEXWLRQXVHGLQ*VWDFK  DQG%DQNHUDQG1DWDUDMDQ  LVODFNLQJDQG
SHFXOLDUDVDOVRQRWHGE\6LPDUDQG:LOVRQ  -RKQVRQDQG.XRVPDQHQ  DUJXHWKLV






-RKQVRQ DQG .XRVPDQHQ   GHYHORS stochastic (semi-) nonparametric
envelopment of z-variables data 6WR1(=' 
7DNLQJWKHPXOWLSOLFDWLYHPRGHOGHVFULEHGLQ 6HFWLRQDV RXUVWDUWLQJ
SRLQW ZH LQWURGXFH WKH FRQWH[WXDO YDULDEOHV UHSUHVHQWHG E\ rGLPHQVLRQDO
YHFWRUV z i WKDW UHSUHVHQW WKH PHDVXUHG YDOXHV RI RSHUDWLRQDO FRQGLWLRQV DQG
SUDFWLFHV WR REWDLQ WKH IROORZLQJ VHPLQRQSDUDPHWULF SDUWLDO ORJOLQHDU
HTXDWLRQ

OQ yi OQ f xi  δczi  vi  ui 
 

,QWKLVHTXDWLRQSDUDPHWHUYHFWRU δ

G r c UHSUHVHQWVWKHPDUJLQDOHIIHFWV
RI FRQWH[WXDO YDULDEOHV RQ RXWSXW $OO RWKHU YDULDEOHV PDLQWDLQ WKHLU SUHYLRXV
GHILQLWLRQV
,Q WKH IROORZLQJ VXEVHFWLRQV ZH ZLOO SUHVHQW WZRVWDJH '($ '($ 
RQHVWDJH '($ DQG 6WR1(=' HVWLPDWRUV )LUVW WKH '($ HVWLPDWRU LV
GHVFULEHG DQG WKH VWDWLVWLFDO SURSHUWLHV RI LW DUH GLVFXVVHG *LYHQ WKH
DVVXPSWLRQVQHFHVVDU\IRUWKHFRQVLVWHQF\RIWZRVWDJH'($PHWKRGZHWKHQ
SUHVHQW WKH RQHVWDJH DOWHUQDWLYH 7KH MRLQW HVWLPDWLRQ DYRLGV WKH ELDV LQ WKH
'($ IURQWLHU EHLQJ WUDQVPLWWHG WR WKH SDUDPHWHU HVWLPDWHV RI WKH FRHIILFLHQWV
RQ WKH FRQWH[WXDO YDULDEOHV KRZHYHU WKH IURQWLHU HVWLPDWHG LV VWLOO WKH
PLQLPXP HQYHORSPHQWRIWKHGDWDDQGWKXV GRHV QRW DFFRXQW IRUQRLVHLQWKH
SURGXFWLRQ PRGHO RU LQSXWRXWSXW GDWD 7R DFFRXQW IRU VWRFKDVWLF QRLVH
6WR1(='LVLQWURGXFHGLQ

7.1 Two-stage DEA
7KH OLWHUDWXUH RQ '($ LQFOXGHV D QXPEHU RI YDULDQWV 7KLV VXEVHFWLRQ
IROORZVWKHDSSURDFKE\%DQNHUDQG1DWDUDMDQ  7KHWZRVWDJHVRIWKHLU
'($ PHWKRG DUH WKH IROORZLQJ ,Q WKH ILUVW VWDJH WKH IURQWLHU SURGXFWLRQ
IXQFWLRQ f LV HVWLPDWHG XVLQJ WKH QRQSDUDPHWULF '($ HVWLPDWRU IRUPDOO\
VWDWHG DV   7KH '($ RXWSXW HIILFLHQF\ HVWLPDWRU RI ILUP i LV VWDWHG DV
TÖ'($ y  fÖ DEA x DQGFRPSXWHGDV
i
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,Q WKH VHFRQG VWDJH WKH IROORZLQJ OLQHDU HTXDWLRQ LV HVWLPDWHG XVLQJ 2/6 RU
0/


OQ TÖi'($ D  δczi  H i DEA  i  n 

 



WUXQFDWLRQPD\FRPHIURPDQRXWOLHUGHWHFWLRQSURFHGXUHWKDWZRXOGUHPRYHH[WUHPH
REVHUYDWLRQVIURPWKHDQDO\VLV+RZHYHULQWKLVFDVH'($ LQWURGXFHGEHORZ ZRXOGVWLOO
EHSUHIHUUHGWR'($EHFDXVHWKHELDVLQWURGXFHGLQWZRVWDJHHVWLPDWLRQ




ZKHUHWKHLQWHUFHSW D FDSWXUHVWKHH[SHFWHGLQHIILFLHQF\DQGWKHILQLWHVDPSOH
ELDVRIWKH'($HVWLPDWRUDQGWKHFRPSRVLWHGLVWXUEDQFHWHUP H i DEA FDSWXUHV

WKHQRLVHWHUPviDQGWKHGHYLDWLRQVRIuiIURPWKHH[SHFWHGLQHIILFLHQF\μ1RWH
WKDWWKHGHSHQGHQWYDULDEOHKDVWKH³KDW´EHFDXVHWKH'($HIILFLHQF\HVWLPDWH
LVFRPSXWHGEHIRUHKDQGXVLQJ  ZKHUHDVWKHSDUDPHWHUVRQWKHULJKW KDQG
VLGHRI  DUHHVWLPDWHGXVLQJ2/6RU0/LQDVHFRQGVWDJH
-RKQVRQ DQG .XRVPDQHQ   VWDWH WKDW WKH '($ HVWLPDWRU LV
VWDWLVWLFDOO\ FRQVLVWHQWLQ WKHFDVHRIWUXQFDWHGQRLVH DV VKRZQE\%DQNHUDQG
1DWDUDMDQ  KRZHYHUWKHDVVXPSWLRQVUHTXLUHGIRUFRQVLVWHQF\LQ%DQNHU
DQG1DWDUDMDQDUHXQQHFHVVDULO\UHVWULFWLYH
/HW Z GHQRWHD n u r PDWUL[RIFRQWH[WXDOYDULDEOHV$VVXPHWKHQRLVH
M
WHUPVDUHWUXQFDWHGDV vi d V DQGGHQRWH v

v  vn c 'HQRWHWKHGRPDLQV

RI YHFWRUV x DQG z E\ Dx DQG Dz  UHVSHFWLYHO\ 7KHQ WKH VWDWLVWLFDO
FRQVLVWHQF\RIWKH'($HVWLPDWRUFDQEHHVWDEOLVKHGXQGHUWKHUHOD[HGVHWRI
DVVXPSWLRQVDVIROORZV

Theorem 7If the following five assumptions are satisfied
L
sequence ^ yi  xi  zi , i=,…,n` is a random sample of independent
LL

observations,
OLP ZcZ  n is a positive definite matrix,

LLL

M
noise term v has a truncated distribution: v d V 1 , f v V M !  ,

LY

elements of domain Dz are bounded from above or below such that
δcz has a finite maximum ] PD[ δcz at a point z[  DUJ PD[ δcz ,

n of

zDz

zDz

[

Y

the joint density f is continuous and satisfies f x z V

M

!  for

all x  Dx ,

then the 2-DEA estimators are statistically consistent in the following sense

SOLP fÖ '($ xi

f xi  H[S V M  ] for all i = 1,…,n,

n of

SOLP δÖ '($

δ

nof

3URRI6HH-RKQVRQDQG.XRVPDQHQ  7KHRUHP

7KLV WKHRUHP E\ -RKQVRQ DQG .XRVPDQHQ   JHQHUDOL]HV WKH
FRQVLVWHQF\ UHVXOW E\ %DQNHU DQG 1DWDUDMDQ   UHVXOW E\ UHOD[LQJ WKH
IROORZLQJWZRDVVXPSWLRQV

 LQSXWVDQGFRQWH[WXDOYDULDEOHVDUHVWDWLVWLFDOO\LQGHSHQGHQW
 WKHHIIHFWRIFRQWH[WXDOYDULDEOHVLVRQHVLGHG Z t 0 δ d 0 






1RWH WKDW WKH '($ IURQWLHU GRHV QRW FRQYHUJH WR WKH WUXH IURQWLHU f  LW
FRQYHUJHV WR f x  H[S V M  ]  LH WKH IURQWLHU DXJPHQWHG E\ WKH PD[LPXP
QRLVHVMXQGHUWKHLGHDOFRQGLWLRQVUHSUHVHQWHGE\ z] WKXVHVWLPDWLRQRIWKH
IURQWLHUUHTXLUHVREVHUYLQJILUPVWKDWDUHRSHUDWLQJHIILFLHQWO\DQGDUHRSHUDWLQJ
LQ WKH EHVW HQYLURQPHQW DQG KDSSHQ WR JHW D QRLVH GUDZQ FORVH WR WKH XSSHU
ERXQGVM
&RQVLVWHQF\LVDUHODWLYHO\ZHDNSURSHUW\,QSUDFWLFHDGDWDVHWZLOOEH
ILQLWH LQ VL]H DQG SUREDEO\ QRW DV ODUJH DV ZH ZRXOG OLNH +RZHYHU -RKQVRQ
DQG.XRVPDQHQ  DUHDEOHWRSURYLGHWKHH[SOLFLWIRUPRIWKHELDVLQWKH
'($ HVWLPDWRU 6SHFLILFDOO\ LW GHSHQGV RQ WKH ELDV RI WKH '($ IURQWLHU
fÖ '($ DVIROORZV
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7KXVWKHELDVRIWKHILUVWVWDJH'($HVWLPDWRUFDUULHVRYHUWRWKHVHFRQGVWDJH
2/6UHJUHVVLRQ,PSRUWDQWO\WKHELDVRIWKHVHFRQGVWDJH2/6HVWLPDWRULVGXH
WRWKHFRUUHODWLRQRIZ DQGELDVRIWKHILUVWVWDJH'($HVWLPDWRU,QVXPPDU\
ZHZRXOGOLNHWRHPSKDVL]HWZRFULWLFDOSRLQWVDERXW'($

 FRUUHODWLRQRILQSXWVDQGFRQWH[WXDOYDULDEOHVGRHVQRWLQIOXHQFHWKH
VWDWLVWLFDOFRQVLVWHQF\RI'($HVWLPDWRUDVORQJDVWKHFROXPQVRIX
DQGZPDWULFHVDUHQRWOLQHDUO\GHSHQGHQW
  WKH ELDV RI WKH '($ IURQWLHU LQ WKH ILUVWVWDJH FDUULHV RYHU WR WKH
VHFRQGVWDJH2/6HVWLPDWRUWKURXJKWKHFRUUHODWLRQRIWKH'($IURQWLHU
ZLWKWKHFRQWH[WXDOYDULDEOHV

:H QRWH WKDW VWDWLVWLFDO LQGHSHQGHQFH RI LQSXWV DQG FRQWH[WXDO YDULDEOHV GRHV
QRWQHFHVVDULO\JXDUDQWHHWKDW %LDV fÖ '($ X LVXQFRUUHODWHGZLWKZ7KXV
'($ GRHV QRW VXIIHU IURP VRPH RI WKH SUREOHPV QRWHG E\ 6LPDU DQG :LOVRQ
 DQGLQIDFWUHTXLUHVVLJQLILFDQWO\ZHDNHUDVVXPSWLRQVWKDQ%DQNHUDQG
1DWDUDMDQ   VXJJHVW +RZHYHU WKH '($ IURQWLHU LV DOZD\V ELDVHG
GRZQZDUG LQ D ILQLWH VDPSOH DQG WKXV WKLV ELDV PD\ EH WUDQVIHUUHG WR WKH
HVWLPDWLRQ RI WKH HIIHFW RI WKH FRQWH[WXDO YDULDEOHV 7KH IROORZLQJ WZR VXE
VHFWLRQVSURSRVHDOWHUQDWLYHVEXLOGLQJRQWKHUHJUHVVLRQLQWHUSUHWDWLRQRI'($
ZKLFKGRQRWVXIIHUIURPWKLVELDV





7.2 One-stage DEA
7KH IXQGDPHQWDO SUREOHP RI WKH '($ SURFHGXUH LV WKDW WKH LPSDFW RI WKH
FRQWH[WXDO YDULDEOHV Z LV QRW WDNHQ LQWR DFFRXQW LQ WKH ILUVW VWDJH '($ 7KLV
SUREOHP KDV EHHQ UHFRJQL]HG LQ WKH 6)$ OLWHUDWXUH ZKHUH WKH VWDQGDUG
DSSURDFK LV WR MRLQWO\ HVWLPDWH WKH IURQWLHU DQG WKH LPSDFWV RI WKH FRQWH[WXDO
YDULDEOHV HJ:DQJDQG6FKPLGW ,QWKHVLPLODUYHLQWKHOHDVWVTXDUHV
UHJUHVVLRQLQWHUSUHWDWLRQRI'($GHVFULEHGLQ6HFWLRQDOORZVXVWRHVWLPDWH
WKH'($IURQWLHUDQGWKHFRHIILFLHQWV δ MRLQWO\6SHFLILFDOO\ZHFDQLQWURGXFH
WKHFRQWH[WXDOYDULDEOHVWRWKHOHDVWVTXDUHVIRUPXODWLRQRI'($VWDWHGDVWKH
43SUREOHP  WRREWDLQ
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βi t i

H i DEA d V M i

1RWDEOH GLIIHUHQFHV FRPSDUHG WR WKH SUREOHP   FRQFHUQ WKH XVH RI WKH ORJ
WUDQVIRUPDWLRQ WR HQIRUFH WKH PXOWLSOLFDWLYH IRUPXODWLRQ RI WKH LQHIILFLHQF\
WHUP FRPSDUH ZLWK 6HFWLRQ   DQG WKH WUXQFDWLRQ RI WKH UHVLGXDO H i DEA DW
SRLQW V M 1RWHWKDWE\VHWWLQJ V M

 UHVWULFWVWKHQRLVHWHUPWR]HURDQGWKH

'($ IRUPXODWLRQ UHGXFHV WR WKH MRLQW HVWLPDWLRQ RI WKH HIIHFW RI WKH
FRQWH[WXDO YDULDEOHV DQG WKH FODVVLF GHWHUPLQLVWLF '($ IURQWLHU ZKHUH DOO
LQSXWRXWSXWGDWDLVREVHUYHGH[DFWO\DQGUHVLGXDOVDUHQRQSRVLWLYH
1RWHIXUWKHUWKDWWKHSDUDPHWHUYHFWRU δ LVFRPPRQWRDOOREVHUYDWLRQV
DQGKHQFHLWFDQEHKDUPOHVVO\RPLWWHGIURPWKH$IULDWLQHTXDOLWLHVWKDWLPSRVH
FRQYH[LW\ ,Q IDFW WKH FRQWH[WXDO YDULDEOHV FDQ EH LQWHUSUHWHG DV LQSXWV WKDW
KDYHFRQVWDQWPDUJLQDOSURGXFWVDFURVVDOOILUPV LHZHFDQWKLQNRIPDWUL[
ZDVDVXEVHWRIXIRUZKLFK βi β j i j 
7KHVWDWLVWLFDOSURSHUWLHVRIWKH'($HVWLPDWRUJHQHUDOO\GHSHQGRQWKH
VSHFLILFDWLRQRIWKHWUXQFDWLRQSRLQW V M 3HUIRUPDQFHRIWKH'($HVWLPDWRU
KDVEHHQLQYHVWLJDWHGYLD0RQWH&DUORVLPXODWLRQVLQ-RKQVRQDQG.XRVPDQHQ
  ZKHUH WKH DXWKRUV ILQG WKDW '($ SHUIRUPV ZHOO HYHQ ZKHQ WKH
WUXQFDWLRQ SRLQW LV PLVVSHFLILHG +RZHYHU WKH DVVXPSWLRQ RI WUXQFDWHG QRLVH
M
LH vi d V  LV QRQVWDQGDUG DQG GHEDWDEOH VHH HJ 6LPDU DQG :LOVRQ

 :KLOHWKHFRQVLVWHQF\RI'($FULWLFDOO\GHSHQGVRQWKLVDVVXPSWLRQ
WKH &1/6 HVWLPDWRU DOORZV XV WR KDUPOHVVO\ UHOD[ LW 7KH QH[W VXEVHFWLRQ



7KLVLQWHUSUHWDWLRQZRXOGYDU\VOLJKWO\LIWKHɁ୧ LVQHJDWLYH7KHQWKHFRQWH[WXDOYDULDEOH
ZRXOGEHDQRXWSXWZKLFKZRXOGUHGXFHWKHILUP¶VDELOLW\WRSURGXFHy






GLVFXVVHV WKH 6WR1(' HVWLPDWRU ZLWK ]YDULDEOHV WKDW GRHV QRW UHO\ RQ WKH
WUXQFDWHGQRLVHDVVXPSWLRQ
7.3 StoNED with z-variables (StoNEZD)
5HOD[LQJ WKH DVVXPSWLRQ RI WUXQFDWHG QRLVH ZH FDQ DSSO\ &1/6 WR MRLQWO\
HVWLPDWH WKH H[SHFWHG RXWSXW FRQGLWLRQDO RQ LQSXWV DQG WKH HIIHFWV RI WKH
FRQWH[WXDOYDULDEOHV-RKQVRQDQG.XRVPDQHQ  ZHUHWKHILUVWWRH[SORUH
WKLV DSSURDFK UHIHUULQJ WR LW DV 6WR1(' ZLWK ]YDULDEOHV 6WR1(=' 
6WR1(=' LQFRUSRUDWHV WKH FRQWH[WXDO YDULDEOHV WR WKH VWHSZLVH SURFHGXUH
VHVFULEHGLQ6HFWLRQ,QWKHIROORZLQJZHZLOOIRFXVRQWKH&1/6HVWLPDWRU
DSSOLHGLQWKHILUVWVWHS VWHSV ±IROORZDVGHVFULEHGLQ6HFWLRQDQGDUH
KHQFHRPLWWHGKHUH
7R LQFRUSRUDWH WKH FRQWH[WXDO YDULDEOHV LQ VWHS  RI WKH 6WR1('
HVWLPDWLRQURXWLQHZHFDQUHILQHWKHPXOWLSOLFDWLYH&1/6SUREOHPDVIROORZV
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βi t i

1RWHWKDWSUREOHP  LVLGHQWLFDOWR  H[FHSWWKDWWKHWUXQFDWLRQFRQVWUDLQW
H i d V M i KDV EHHQ UHPRYHG 7KHUHIRUH WKH OHDVW VTXDUHV UHVLGXDOV DUH
XQUHVWULFWHGDQGKHQFHSUREOHP  LVDJHQXLQHFRQGLWLRQDOPHDQUHJUHVVLRQ
HVWLPDWRU
'HQRWH E\ δÖ StoNEZD WKH FRHIILFLHQWV RI WKH FRQWH[WXDO YDULDEOHV REWDLQHG
DV WKH RSWLPDO VROXWLRQ WR   -RKQVRQ DQG .XRVPDQHQ   H[DPLQH WKH
VWDWLVWLFDO SURSHUWLHV RI WKLV HVWLPDWRU LQ GHWDLO VKRZLQJ LWV XQELDVHGQHVV
FRQVLVWHQF\ DQG DV\PSWRWLF HIILFLHQF\0RVW LPSRUWDQWO\ WKH DXWKRUV VKRZ
WKDW WKH FRQYHQWLRQDO PHWKRGV RI VWDWLVWLFDO LQIHUHQFH IURP OLQHDU UHJUHVVLRQ
DQDO\VLV HJ WWHVWV FRQILGHQFH LQWHUYDOV  FDQ EH DSSOLHG IRU DV\PSWRWLF
LQIHUHQFHV UHJDUGLQJ FRHIILFLHQWV δ  7KHLU PDLQ UHVXOW FDQ EH VXPPDUL]HG DV
IROORZV




-RKQVRQ DQG .XRVPDQHQ   UHSRUW VRPH 0RQWH &DUOR HYLGHQFH RI WKH ILQLWH VDPSOH
SHUIRUPDQFHRIWKH6WR1(='HVWLPDWRU




Theorem 8
If the following conditions are satisfied
L

sequence

^

yi  xi  zi , i=,…,n` is a random sample of independent

observations,
LL  OLP ZcZ  n is a positive definite matrix,
n of

LLL the inefficiency terms u and the noise terms v are identically and
independently distributed (i.i.d.) random variables with Var u V u I and
Var v

V v I ,

then the StoNEZD estimator for the coefficients of the contextual variables

δÖ StoNEZD  is statistically consistent and asymptotically normally distributed
according to:

δÖ StoNEZD aa N δ V v  V u ZcZ








3URRI6HH-RKQVRQDQG.XRVPDQHQ  7KHRUHP


7KLVWKHRUHPH[WHQGVWKHVWDQGDUGUHVXOWRI DV\PSWRWLFQRUPDOLW\RIWKH
2/6 FRHIILFLHQWV WR WKH 6WR1(=' HVWLPDWRU RI WKH FRQWH[WXDO YDULDEOHV ,Q
RWKHU ZRUGV HYHQ WKRXJK PRGHO   LQFOXGHV D QRQSDUDPHWULF IXQFWLRQ LQ
DGGLWLRQ WR D OLQHDU UHJUHVVLRQ IXQFWLRQ WKH SUHVHQFH RI WKH QRQSDUDPHWULF
IXQFWLRQGRHVQRWDIIHFWWKHOLPLWLQJGLVWULEXWLRQRIWKHSDUDPHWHUHVWLPDWRULQ
WKH OLQHDU SDUW ,Q DGGLWLRQ -RKQVRQ DQG .XRVPDQHQ   VKRZ WKDW WKH
StoNEZD
FRQYHUJHV DW WKH VWDQGDUG SDUDPHWULF UDWH GHVSLWH WKH
HVWLPDWRU δÖ

SUHVHQFH RI WKH QRQSDUDPHWULF SDUW LQ WKH UHJUHVVLRQ HTXDWLRQ 7KHUHIRUH ZH
FDQDSSO\WKHVWDQGDUGWHFKQLTXHVIURPUHJUHVVLRQDQDO\VLVVXFKDVtWHVWVDQG
FRQILGHQFHLQWHUYDOVIRUDV\PSWRWLFLQIHUHQFHV
$ VLPSOH WULFN WR FRPSXWH VWDQGDUG HUURUV IRU δÖ

StoNEZD

LV WR UXQ 2/6

UHJUHVVLRQ ZKHUH WKH FRQWH[WXDO YDULDEOHV Z DUH UHJUHVVRUV DQG WKH GHSHQGHQW
YDULDEOH LV WKH GLIIHUHQFH EHWZHHQ WKH QDWXUDO ORJ RI REVHUYHG RXWSXW
VXEWUDFWLQJ WKH QDWXDO ORJ RI WKH LQSXW DJJUHJDWLRQ SOXV  VSHFLILFDOO\
OQ yi  OQ IÖi   δÖ czi  HÖiCNLS  7KLV 2/6 UHJUHVVLRQ ZLOO \LHOG WKH VDPH
FRHIILFLHQWV δÖ

StoNEZD

WKDW ZHUH REWDLQHG DV WKH RSWLPDO VROXWLRQ WR SUREOHP



  EXW DOVR UHWXUQ WKH VWDQGDUG HUURUV DQG RWKHU VWDQGDUG GLDJQRVWLF
VWDWLVWLFVVXFKDVWUDWLRVSYDOXHVDQGFRQILGHQFHLQWHUYDOV





1RWH WKDW WKLV WZRVWDJH UHJUHVVLRQ SURFHGXUH LV QRW VXEMHFW WR WKH SUREOHPV RI WKH '($
SURFHGXUH EHFDXVH ZH GR FRQWURO IRU WKH HIIHFWV RI WKH FRQWH[WXDO YDULDEOHV LQ WKH ILUVW VWDJH
&1/6UHJUHVVLRQ,WLVMXVWDFRPSXWDWLRQDOWULFNWRFDOFXODWHWKHVWDQGDUGHUURUVEXWLWFDQDOVR
VHUYH DV D VLPSOH GLDJQRVWLF FKHFN WKDW WKH VROXWLRQ WR SUREOHP   LV LQGHHG RSWLPDO ZLWK
UHVSHFWWRWKHFRQWH[WXDOYDULDEOHV






8. Heteroscedasticity
8S WR WKLV SRLQW ZH KDYH DVVXPHG WKDW WKH FRPSRVLWH HUURU WHUP LV
KRPRVFHGDVWLF LPSO\LQJ WKH YDULDQFH SDUDPHWHUV V u DQG V v DUH FRQVWDQW
DFURVVDOOILUPV7KLVLVDVWDQGDUGDVVXPSWLRQERWKLQUHJUHVVLRQDQDO\VLVDQG
LQ WKH SDUDPHWULF OLWHUDWXUH RI IURQWLHU HVWLPDWLRQ HJ $LJQHU HW DO  
+RZHYHUWKLVDVVXPSWLRQLVQRWDOZD\VUHDOLVWLFLQDSSOLFDWLRQV
:H FDQ UHOD[ WKH DVVXPSWLRQ RI FRQVWDQW V u DQG V v  DQG DOORZ WKHVH
SDUDPHWHUV WR EH ILUP VSHFLILF LH V ui DQG V vi   DQG SRWHQWLDOO\ GHSHQGHQW
RQ LQSXWV x DQG FRQWH[WXDO YDULDEOHV z :H VWUHVV WKDW WKH OHDVW VTXDUHV
DSSURDFK FRQVLGHUHG LQ WKLV SDSHU HQDEOHV XV WR DSSO\ VWDQGDUG HFRQRPHWULF
WHFKQLTXHV RI WHVWLQJ DQG PRGHOLQJ KHWHURVFHGDVWLFLW\ FRQVLGHUHG LQ WKH 6)$
OLWHUDWXUH VHHHJ.XPENDKDUHWDO&DXGLOODQG)RUG&DXGLOOHW
DO%DWWHVHDQG&RHOOL+DGULDQG.XPEKDNDUDQG /RYHOO
 7KHSXUSRVHRIWKLVVHFWLRQLVWRSURYLGHDEULHIUHYLHZRIKRZVRPHRI
WKRVHWHFKQLTXHVFRXOGEHDGDSWHGIRUWKHSXUSRVHVRI&1/6DQG6WR1('
7KHILUVWTXHVWLRQWRFRQVLGHULVKRZZRXOGKHWHURVFHGDVWLFLW\DIIHFWWKH
&1/6DQG6WR1('HVWLPDWRUVLIZHVLPSO\LJQRUHLW"/LNHVWDQGDUG2/6WKH
&1/6HVWLPDWRUUHPDLQVXQELDVHGDQGFRQVLVWHQWGHVSLWHKHWHURVFHGDVWLFLW\$
ZHLJKWHG &1/6 HVWLPDWRU WR EH FRQVLGHUHG EHORZ  PLJKW EH PRUH HIILFLHQW
SURYLGHGWKDWWKHKHWHURVFHGDVWLFYDULDQFHSDUDPHWHUVFDQEHHVWLPDWHGZLWKD
VXIILFLHQW SUHFLVLRQ +RZHYHU KHWHURVFHGDVWLFLW\ LV QRW D PDMRU SUREOHP IRU
&1/6 DQG WU\LQJ WR LPSURYH LWV SHUIRUPDQFH WKURXJK H[SOLFLW PRGHOLQJ DQG
HVWLPDWLRQ RIKHWHURVFHGDVWLFLW\PD\QRW EHZRUWKWKHHIIRUW )XUWKHUUHVHDUFK
ZRXOGEHQHHGHGWRLQYHVWLJDWHWKLVLVVXH
7KHVWHSZLVH6WR1('SURFHGXUHLVPRUHVHQVLWLYHWRKHWHURVFHGDVWLFLW\
DVGLVFXVVHGE\.XRVPDQHQDQG.RUWHODLQHQ  $WWKLVSRLQWZHQHHGWR
GLVWLQJXLVK EHWZHHQ L  KHWHURVFHGDVWLF LQHIILFLHQF\ WHUP DQG LL 
KHWHURVFHGDVWLFLW\ QRLVH WHUP ,JQRULQJ W\SH LL  KHWHURVFHGDVWLFLW\ LV OHVV
KDUPIXOLQWKH6WR1('HVWLPDWLRQEHFDXVHWKHVNHZQHVVRIWKH&1/6UHVLGXDOV
LV VWLOO GULYHQ E\ WKH KRPRVFHGDVWLF LQHIILFLHQF\ WHUP WKH H[SHFWHG YDOXH RI
LQHIILFLHQF\LVFRQVWDQWDQGKHQFHWKHVKDSHRIWKHUHJUHVVLRQIXQFWLRQ LHWKH
FRQGLWLRQDO PHDQ E yi xi

 LV LGHQWLFDO WR WKDW RI WKH IURQWLHU SURGXFWLRQ

IXQFWLRQ f 7\SH L  KHWHURVFHGDVWLFLW\ ZLOO FDXVH ELJJHU SUREOHPV DV
.XRVPDQHQ DQG .RUWHODLQHQ   UHFRJQL]H ,I WKH LQHIILFLHQF\ WHUP LV
KHWHURVFHGDVWLFWKHQWKHH[SHFWHGYDOXHRILQHIILFLHQF\LV QRORQJHUFRQVWDQW
DQGWKHVKDSHVRIWKHUHJUHVVLRQIXQFWLRQDQGWKHIURQWLHUSURGXFWLRQIXQFWLRQ
ZLOOGLYHUJH7RWDNHERWKW\SHVRIKHWHURVFHGDVWLFLW\H[SOLFLWO\LQWRDFFRXQWLQ
6HFWLRQ  ZH ZLOO FRQVLGHU D GRXEO\KHWHURVFHGDVWLF PRGHO ZKHUH ERWK
LQHIILFLHQF\DQGQRLVHWHUPVDUHKHWHURVFHGDVWLF%XWEHIRUHSURFHHGLQJWRWKH
H[SOLFLW PRGHOLQJ RI KHWHURVFHGDVWLFLW\ ZH GHVFULEH D GLDJQRVWLF WHVW RI WKH
KRPRVFHGDVWLFLW\DVVXPSWLRQ





8.1 White test of heteroscedasticity applied to CNLS
$OWKRXJK WKH KHWHURVFHGDVWLF LQHIILFLHQF\ WHUP ZRXOG ELDV WKH 6WR1('
HVWLPDWRU LW LV LPSRUWDQW WR HPSKDVL]H WKDW ZH GR QRW QHHG WR WDNH WKH
KRPRVFHGDVWLFLW\ DVVXPSWLRQ E\ IDLWK 6WDQGDUG HFRQRPHWULF WHVWV RI
KHWHURVFHGDVWLFLW\ VXFK DV WKH :KLWH RU WKH %UHXVFK3DJDQ WHVWV DUH GLUHFWO\
DSSOLFDEOHWR&1/6UHVLGXDOV,QWKLVVXEVHFWLRQZHEULHIO\GHVFULEHKRZWKH
:KLWH  WHVWFDQEHDSSOLHGIROORZLQJ.XRVPDQHQ  
7KH QXOO K\SRWKHVLV RI WKH :KLWH WHVW LV WKDW FRPSRVLWH HUURU WHUP LV
KRPRVFHGDVWLF WKDW LV + V H i V H  j i j  7KH DOWHUQDWLYH K\SRWKHVLV VWDWHV
WKHUH LV KHWHURVFHGDVWLFLW\ WKDW LV + V H i z V H  j IRU VRPH i,j 1RWH WKDW WKH
DOWHUQDWLYH K\SRWKHVLV GRHV QRW DVVXPH DQ\ SDUWLFXODU PRGHO RI
KHWHURVFHGDVWLFLW\ ZKLFK PDNHV WKH :KLWH WHVW FRPSDWLEOH ZLWK WKH
QRQSDUDPHWULFDSSURDFK3RVWXODWLQJDPRUHVSHFLILFDOWHUQDWLYHK\SRWKHVLVFDQ
LQFUHDVH WKH SRZHU RI WKH WHVW +RZHYHU WKH :KLWH WHVW SURYLGHV D XVHIXO
VWDUWLQJSRLQWIRUPRUHH[SOLFLWPRGHOLQJRIKHWHURVFHGDVWLFLW\
7KH :KLWH WHVW FDQ EH EXLOW XSRQ WKH 2/6 UHJUHVVLRQ RI WKH IROORZLQJ
HTXDWLRQ

HÖiCNLS
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,Q ZRUGV ZH H[SODLQ WKH VTXDUHG &1/6 UHVLGXDO E\ D FRQVWDQW DOO m LQSXW
YDULDEOHV DQG WKHLU VTXDUHG YDOXHV DQG FURVVSURGXFWV XVLQJ D IOH[LEOH
TXDGUDWLF IXQFWLRQDO IRUP DV DQ DSSUR[LPDWLRQ RI WKH WUXH EXW XQNQRZQ
KHWHURVFHGDVWLFLW\HIIHFWV7KHWHVWVWDWLVWLFLV

W nR  

ZKHUH R  LVWKHFRHIILFLHQWRIGHWHUPLQDWLRQRIWKH2/6UHJUHVVLRQRIHTXDWLRQ
 8QGHUWKHQXOOK\SRWKHVLVRIKRPRVFHGDVWLFLW\WKHWHVWVWDWLVWLFWIROORZV
WKH F  J GLVWULEXWLRQZLWKJGHJUHHVRIIUHHGRPZKHUH J   m  m m     
LVWKHQXPEHURI D  E  J SDUDPHWHUVRQWKHULJKWKDQGVLGHRIHTXDWLRQ  ,I
WKHYDOXHRIWHVWVWDWLVWLFWIDOOVEHORZWKHFULWLFDOYDOXHRI F  J DWWKHJLYHQ
OHYHORIVLJQLILFDQFH QRWHWKHXVXDOVLJQLILFDQFHOHYHOVFRQVLGHUHGDUHDQG
 WKHQWKHQXOOK\SRWKHVLVRIKRPRVFHGDVWLFLW\LVPDLQWDLQHG ,QWKDWFDVH
WKHWHVW UHVXOWSURYLGHVVRPHDGGLWLRQDOUHDVVXUDQFHWKDWWKHRULJLQDOPRGHOLV
ZHOO VSHFLILHG 2Q WKH RWKHU KDQG LI WKH YDOXH RI WHVW VWDWLVWLF W H[FHHGV WKH
FULWLFDO YDOXH RI F  J DW WKH JLYHQ OHYHO RI VLJQLILFDQFH WKHQ WKH QXOO




,QHFRQRPHWULFVKHWHURVFHGDVWLFLW\LVXVXDOO\PRGHOHGDVDIXQFWLRQRIH[SODQDWRU\YDULDEOHV
LHLQSXWVx ,QFRQWUDVWWKH6)$OLWHUDWXUHXVXDOO\PRGHOVKHWHURVFHGDVWLFLW\DVDIXQFWLRQRI
zYDULDEOHVWKDWPD\FRQWDLQVRPH RUDOO RIWKHLQSXWVx)RUFODULW\LQWKLVVHFWLRQZHIROORZ
WKH HFRQRPHWULF FRQYHQWLRQ DQG IRFXV RQ KHWHURVFHGDVWLFLW\ ZLWK UHVSHFW WR LQSXWV x DQG
GLVFXVVWKHDGGLWLRQDOzYDULDEOHVEHORZ






K\SRWKHVLV LV UHMHFWHG DQG KHQFH H[SOLFLW PRGHOLQJ RI KHWHURVFHGDVWLFLW\ LV
QHHGHG
7KH :KLWH WHVW LV XVXDOO\ SUHVHQWHG LQ WHUPV RI WKH UHJUHVVRUV RI WKH
RULJLQDO UHJUHVVLRQ PRGHO LH LQ WHUPV RI LQSXWV x LQ WKH SUHVHQW FRQWH[W 
1RWH WKDW ZH DUH PDLQO\ FRQFHUQHG DERXW SRVVLEOH KHWHURVFHGDVWLFLW\ ZLWK
UHVSHFW WR LQSXWV ZKLFK ZRXOG FDXVH ELDV LQ 6WR1(' HVWLPDWLRQ ,I ZH DUH
LQWHUHVWHG LQ KHWHURVFHGDVWLFLW\ ZLWK UHVSHFW WR FRQWH[WXDO YDULDEOHV z ZH FDQ
DOVRLQWURGXFHWKH]YDULDEOHVWRWKHUHJUHVVLRQHTXDWLRQ  :HRQO\QHHGWR
DGMXVWWKHGHJUHHVRIIUHHGRPJWRLQFOXGHWKHQXPEHURIDGGLWLRQDOSDUDPHWHUV
IRU WKH ]YDULDEOHV RWKHUZLVH WKH WHVW SURFHGXUH LV FRQGXFWHG DV GHVFULEHG
DERYH
,IVLJQLILFDQWKHWHURVFHGDVWLFLW\LVIRXQGWKH:KLWHWHVWGRHVQRWLQGLFDWH
ZKHWKHU KHWHURVFHGDVWLFLW\ LV LQ WKH LQHIILFLHQF\ WHUP RU WKH QRLVH WHUP RU
SRVVLEO\ ERWK 7R RXU NQRZOHGJH JHQHUDO GLDJQRVWLF WHVWLQJ RI ZKHWKHU
KHWHURVFHGDVWLFLW\ LV LQ WKH LQHIILFLHQF\ RU QRLVH WHUP KDV DWWUDFWHG OLWWOH
DWWHQWLRQ LQ WKH 6)$ OLWHUDWXUH 7KH GRXEO\KHWHURVFHGDVWLF PRGHO IROORZLQJ
+DGULDQG:DQJ WREHH[DPLQHGLQGHWDLOLQWKHQH[WVXEVHFWLRQ
GRHV DOORZ XV PRGHO KHWHURVFHGDVWLFLW\ LQ ERWK LQHIILFLHQF\ DQG QRLVH WHUPV
DQG DOVR WHVW IRU VLJQLILFDQFH RI WKH SDUDPHWHU HVWLPDWHV +RZHYHU VXFK
VSHFLILFDWLRQWHVWVDUHFRQGLWLRQDORQWKHDVVXPHGPRGHORIKHWHURVFHGDVWLFLW\
LQFOXGLQJWKHSDUDPHWULFGLVWULEXWLRQDODVVXPSWLRQVUHJDUGLQJLQHIILFLHQF\DQG
QRLVH$QDSSHDOLQJIHDWXUHRIWKH:KLWHWHVWLVLWGRHVQRWDVVXPHDQ\VSHFLILF
PRGHO RI KHWHURVFHGDVWLFLW\ DQG LW GRHV QRW GHSHQG RQ WKH GLVWULEXWLRQDO
DVVXPSWLRQV )XUWKHU WKHSDUDPHWHUHVWLPDWHV RIWKHDX[LOLDU\UHJUHVVLRQ  
DQGWKHDVVRFLDWHGGLDJQRVWLFWRROVFDQSURYLGHVRPHLQVLJKWVRQZKLFKVSHFLILF
LQSXWV RU FRQWH[WXDO YDULDEOHV  DUH PRVW OLNHO\ FDXVHV RI KHWHURVFHGDVWLFLW\
DQG ZKHWKHU KHWHURVFHGDVWLFLW\ HIIHFW DSSHDUV WR EH OLQHDU RU QRQOLQHDU DQG
ZKHWKHU WKH LQWHUDFWLRQ WHUPV FURVVSURGXFWV  DUH VLJQLILFDQW 7KHVH LQVLJKWV
FDQ EH XVHIXO IRU VSHFLI\LQJ SDUDPHWULF PRGHOV RI KHWHURVFHGDVWLFLW\ WR EH
FRQVLGHUHGLQWKHQH[WVXEVHFWLRQ
%HIRUHSURFHHGLQJQRWHWKDWTXDQWLOHHVWLPDWLRQ VHH6HFWLRQ  FRXOG
SURYLGH D SURPLVLQJ QRQSDUDPHWULF URXWH IRU WHVWLQJ KHWHURVFHGDVWLFLW\ ,I WKH
FRPSRVLWH HUURU WHUP LV KRPRVFHGDVWLF WKHQ WKH qTXDQWLOHV VKRXOG KDYH
DSSUR[LPDWHO\ VDPH VKDSH IRU GLIIHUHQW YDOXHV RI SDUDPHWHU q 3URYLGHG WKDW
WKH QXPEHU RI LQSXW DQG RXWSXW  YDULDEOHV LV VXIILFLHQWO\ VPDOO SORWWLQJ WKH
HVWLPDWHG qTXDQWLOHV DW GLIIHUHQW YDOXHV RI q DOORZ RQH WR YLVXDOO\ LQVSHFW
ZKHWKHU KRPRVFHGDVWLFLW\ KROGV E\ D UHDVRQDEOH DSSUR[LPDWLRQ ,I
KRPRVFHGDVWLFLW\ LV YLRODWHG WKH qTXDQWLOH SORWV FDQ KHOS RQH WR LGHQWLI\ LQ
ZKLFKSDUWRIWKHIURQWLHUKHWHURVFHGDVWLFLW\RFFXUVDQGZKLFKLQSXWVDUHOLNHO\
VRXUFHV RI KHWHURVFHGDVWLFLW\ ,Q WKH FRQWH[W RI OLQHDU TXDQWLOH UHJUHVVLRQ
.RHQNHUDQG%DVVHWW  SURSRVHIRUPDOWHVWVRIKHWHURVFHGDVWLFLW\EDVHGRQ
WKHFRPSDULVRQRIWKHHVWLPDWHGqTXDQWLOHVDWGLIIHUHQWYDOXHVRIq1HZH\DQG
3RZHOO   DSSO\ D VLPLODU LGHD IRU WKH qH[SHFWLOHV QRWLQJ WKDW WKH q
H[SHFWLOHVFRXOGDOVREHXVHGIRUWHVWLQJV\PPHWU\RIWKHFRPSRVLWHHUURUWHUP
LHZKHWKHUWKH DV\PPHWULFLQHIILFLHQF\WHUP u LV VLJQLILFDQWFRPSDUH ZLWK



6HFWLRQ   $GDSWLQJ WKHVH WHVWV WR WKH QRQSDUDPHWULF &145 PHWKRG IRU
HVWLPDWLQJ qTXDQWLOHV DQG WKH &$:/6 PHWKRG IRU HVWLPDWLQJ qH[SHFWLOHV
LQWURGXFHGLQ6HFWLRQSURYLGHVDQLQWHUHVWLQJFKDOOHQJHIRUIXWXUHUHVHDUFK
IXUWKHUGLVFXVVHGLQVHFWLRQ

8.2 Doubly-heteroscedastic model
,IWKH:KLWHWHVWLQGLFDWHVVLJQLILFDQWKHWHURVFHGDVWLFLW\LWLVGLIILFXOWWRWHOO a
prioriZKHWKHUKHWHURVFHGDVWLFLW\LVGXHWRWKHLQHIILFLHQF\WHUPWKHQRLVHWHUP
RU SRVVLEO\ ERWK 7KHUHIRUH ZH ZLOO FRQVLGHU WKH JHQHUDO GRXEO\
KHWHURVFHGDVWLF PRGHO ZKHUH ERWK WKH LQHIILFLHQF\ DQG QRLVH WHUP FDQ EH
KHWHURVFHGDVWLF 7KH GRXEO\KHWHURVFHGDVWLF PRGHO ZDV ILUVW FRQVLGHUHG E\
+DGUL   2XU IRUPXODWLRQ EHORZ LV PDLQO\ EDVHG RQ :DQJ   DQG
.XPEKDNDUDQG6XQ  
&RQVLGHU WKH XQLILHG PRGHO GHVFULEHG LQ 6HFWLRQ  ,Q WKLV VHFWLRQ ZH
DVVXPHWKHLQHIILFLHQF\WHUPKDVDWUXQFDWHGQRUPDOGLVWULEXWLRQDQGWKHQRLVH
WHUPLVQRUPDOO\GLVWULEXWHGDFFRUGLQJWR


ui a N  Pi V ui 

vi a N V vi 

7KH SUHWUXQFDWLRQ PHDQ RI WKH LQHIILFLHQF\ WHUP LV DVVXPHG WR EH D OLQHDU
IXQFWLRQRILQSXWV

Pi D  βcxi 



7KHSUHWUXQFDWLRQVWDQGDUGGHYLDWLRQRIWKHLQHIILFLHQF\WHUPDQGWKHVWDQGDUG
GHYLDWLRQRIWKHQRLVHWHUPDUHVSHFLILHGDV


V u i H[S D  γcxi 

V v i

H[S D   ρcxi 


1RWH WKDW WKH H[SRQHQW IXQFWLRQV DUH FRPPRQO\ XVHG LQ WKLV FRQWH[W WR
JXDUDQWHHWKDWWKHVWDQGDUGGHYLDWLRQVDUHSRVLWLYHDWDOOLQSXWOHYHOV:KLOHWKH
VSHFLILFSDUDPHWULFDVVXPSWLRQPD\DSSHDUDUELWUDU\WKLVPRGHOLVRQHRIWKH
PRVWIOH[LEOHDQGJHQHUDOSDUDPHWULFVSHFLILFDWLRQVRIKHWHURVFHGDVWLFLW\1RWH
WKDWWKHWUXQFDWHGQRUPDOGLVWULEXWLRQZKHUHERWKWKHSUHWUXQFDWLRQPHDQDQG
YDULDQFH GHSHQG RQ WKH LQSXW OHYHO DOORZV WKDW WKH ORFDWLRQ PHDQ  DQG WKH
VKDSH YDULDQFH RI WKH LQHIILFLHQF\ GLVWULEXWLRQ FDQ FKDQJH DV D IXQFWLRQ RI
LQSXWV
7KLV IRUPXODWLRQ RI KHWHURVFHGDVWLF LQHIILFLHQF\ WHUP LPSOLHV WKDW WKH
H[SHFWHGYDOXHRILQHIILFLHQF\ FDQEHVWDWHGDV VHH :DQJ .XPEKDNDU
DQG6XQ 
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DQG I DQG ) DUHWKHGHQVLW\IXQFWLRQDQGWKHFXPXODWLYHGLVWULEXWLRQIXQFWLRQ
RI WKH VWDQGDUG QRUPDO N   GLVWULEXWLRQ UHVSHFWLYHO\ 7KH H[SHFWHG
LQHIILFLHQF\LVQRORQJHUDFRQVWDQWEXWLWVGHSHQGHQFHRQLQSXWVxKDVDZHOO
GHILQHG IXQFWLRQDO IRUP FRQGLWLRQDO RQ WKH SDUDPHWULF DVVXPSWLRQV VWDWHG
DERYH 7KLV DOORZV XV WR ERWK HVWLPDWH WKH KHWHURVFHGDVWLFLW\ HIIHFWV
HPSLULFDOO\DQGWDNHKHWHURVFHGDVWLFLW\H[SOLFLWO\LQWRDFFRXQWLQWKH6WR1('
SURFHGXUH

8.3 Stepwise StoNED estimation under heteroscedasticity
7R HVWLPDWH WKH GRXEO\KHWHURVNHGDVWLF PRGHO ZH FDQ DGMXVW WKH VWHSZLVH
6WR1('URXWLQHSUHVHQWHGLQ6HFWLRQDVIROORZV DPRUHGHWDLOHGHODERUDWLRQ
RIHDFKVWHSIROORZVEHORZ 

Step 1$SSO\WKH&1/6HVWLPDWRU  WRHVWLPDWHWKHFRQGLWLRQDOPHDQRXWSXW
gÖ CNLS xi
E yi xi 
Step 2 $SSO\ TXDVLOLNHOLKRRG HVWLPDWLRQ WR WKH &1/6 UHVLGXDOV H iCNLS WR
HVWLPDWHWKHSDUDPHWHUVRI Pi  V u i DQG V v i 
Step 3 $GMXVW WKH FRQGLWLRQDO PHDQ IXQFWLRQ E\ DGGLQJ WKH H[SHFWHG
LQHIILFLHQF\ E ui xi  PÖi VÖu i WRHVWLPDWHWKHIURQWLHUIRUWKHREVHUYHGGDWDSRLQWV
XVLQJ


fÖ StoNED xi

gÖ CNLS xi  E ui xi  PÖi  VÖu i 


StoNED
x IRU XQREVHUYHG
7KHQ DSSO\ HTXDWLRQ   WR HVWLPDWH WKH IURQWLHU fÖPLQ

SRLQWV
Step 4 $SSO\ -/06 PHWKRG WR HVWLPDWH ILUPVSHFLILF LQHIILFLHQF\ XVLQJ WKH
FRQGLWLRQDOPHDQ E ui HÖiCNLS 

,Q VWHS  ZH HVWLPDWH WKH FRQGLWLRQDO PHDQ IXQFWLRQ g x  7KH &1/6
HVWLPDWRUUHPDLQVXQELDVHGDQGFRQVLVWHQWHVWLPDWRURIWKHFRQGLWLRQDOPHDQg
GHVSLWH KHWHURVFHGDVWLF FRPSRVLWH HUURU WHUP VLPLODU WR 2/6  +RZHYHU QRWH
WKDWLQWKHFDVHRIWKHGRXEO\KHWHURVFHGDVWLFPRGHO


g xi

E yi xi

f xi  E ui xi 





1RWH WKDW WKH VKDSH RI IXQFWLRQ g FDQ GLIIHU IURP WKDW RI IURQWLHU f EHFDXVH
E ui xi LVDIXQFWLRQRILQSXWVx:HZLOOWDNHWKLVLQWRDFFRXQWLQVWHSZKHUH
ZHVKLIW IXQFWLRQgXSZDUGQRWE\DFRQVWDQW P EXWUDWKHUE\WKHHVWLPDWHG


E ui xi  ,WLVDOVRZRUWKQRWLQJWKDWIXQFWLRQgLVQRWQHFHVVDULO\PRQRWRQLF

LQFUHDVLQJDQGFRQFDYHHYHQLIWKHSURGXFWLRQIXQFWLRQfVDWLVILHVWKHVHD[LRPV
EHFDXVH  E ui xi FDQEHDQRQPRQRWRQLFDQGQRQFRQFDYHIXQFWLRQRILQSXWV
QRWH WKHUH GRHV H[LVW SDUDPHWHU YDOXHV IRU ZKLFK  E ui xi LV LQGHHG
PRQRWRQLFDQGFRQFDYHLQWKHGRPDLQRIQRQQHJDWLYHx 7RDSSO\&1/6LQ
VWHS  ZH QHHG WR DVVXPH WKDW WKH FXUYDWXUH RI WKH SURGXFWLRQ IXQFWLRQ f
GRPLQDWHVDQGWKDWIXQFWLRQgLVPRQRWRQLFLQFUHDVLQJDQGFRQFDYH DWOHDVWE\
DSSUR[LPDWLRQ (YHQLIRQHDVVXPHVWKDWfH[KLELWV&56LWLVUHFRPPHQGHGWR
DSSO\ WKH 956 VSHFLILFDWLRQ LQ VWHS  WR DOORZ IRU WKH QRQOLQHDU HIIHFWV RI
E ui xi DQGLPSRVH&56ODWHULQVWHS
+DYLQJHVWLPDWHGWKHSDUDPHWHUVRIWKHLQHIILFLHQF\DQGQRLVHWHUPVLWLV
SRVVLEOHWRWHVWLIPRQRWRQLFLW\DQGFRQFDYLW\DVVXPSWLRQVRIgKROG,Ig GRHV
QRWVDWLVI\PRQRWRQLFLW\DQGFRQFDYLW\ZHFDQVXEVWLWXWH&1/6E\WHFKQLTXHV
GHSHQGLQJ RQ ZKLFK D[LRP GRHV QRW KROG 6SHFLILFDOO\ LI WKH FRQFDYLW\
DVVXPSWLRQ LV YLRODWHG LW LV SRVVLEOH WR DSSO\ LVRWRQLF QRQSDUDPHWULF OHDVW
VTXDUHV ,1/6  VXJJHVWHG E\ .HVKYDUL DQG .XRVPDQHQ   $QRWKHU
SRVVLELOLW\ LV WR HVWLPDWH RUGHUq TXDQWLOH IURQWLHU XVLQJ HLWKHU &145 RU
&$:/6WHFKQLTXHVLQWURGXFHGLQ6HFWLRQ6SHFLI\LQJWKHFRUUHFWYDOXHIRU
qZLOOHQVXUHWKDWWKHTXDQWLOHIURQWLHULQKHULWVWKHPRQRWRQLFLW\DQGFRQFDYLW\
SURSHUWLHV RI IURQWLHU f HYHQ LI WKH KHWHURVFHGDVWLF LQHIILFLHQF\ WHUP LV D QRQ
PRQRWRQLF RU QRQFRQYH[ IXQFWLRQ RI LQSXWV ,QGHHG ZH GR QRW LQVLVW RQ
HVWLPDWLQJ WKH FRQGLWLRQDO PHDQ LQ VWHS  WKH FRQGLWLRQDO TXDQWLOH LV HTXDOO\
VXLWDEOH
,QVWHSLWLVQDWXUDOWRUHVRUWWRWKHSVHXGROLNHOLKRRGPHWKRGVLQFHZH
XWLOL]H D UDWKHU KHDYLO\ SDUDPHWUL]HG PRGHO RI KHWHURVFHGDVWLFLW\ $V DOUHDG\
QRWHG LQ 6HFWLRQ  D VLPSOH SUDFWLFDO WULFN WR FRQGXFW TXDVLOLNHOLKRRG
HVWLPDWLRQLVWRXVHWKHVWDQGDUG0/DOJRULWKPVDYDLODEOHIRU6)$LQVWDQGDUG
VRIWZDUH SDFNDJHV HJ 6WDWD /LPGHS RU 5  ,Q WKLV FDVH ZH VSHFLI\ WKH
&1/6UHVLGXDOV HÖiCNLS DVWKHGHSHQGHQWYDULDEOH LHWKHRXWSXW DQGDFRQVWDQW
WHUP DV DQ H[SODQDWRU\ YDULDEOH LQSXW  DQG WKH 0/ DOJRULWKP SHUIRUPV WKH
TXDVLOLNHOLKRRG HVWLPDWLRQ )RU H[DPSOH WKH IURQWLHU PRGHOLQJ WRROV RI 6WDWD
DOORZVRQHWRLQFOXGH³H[SODQDWRU\YDULDEOHVIRUWHFKQLFDOLQHIILFLHQF\YDULDQFH
IXQFWLRQ XKHW ´ DQG ³H[SODQDWRU\ YDULDEOHV IRU LGLRV\QFUDWLF HUURU YDULDQFH
IXQFWLRQ YKHW ´ LI WKH GLVWULEXWLRQ RI LQHIILFLHQF\ WHUP LV VSHFLILHG DV KDOI



,QWKHFRQWH[WRI6)$.XPEKDNDUDQG/RYHOO  VWDWHVWURQJO\WKDWWKHVWHSZLVH02/6
SURFHGXUHFDQQRWEHXVHGLQWKHFDVHRIKHWHURVFHGDVWLFLQHIILFLHQF\7KH\FRUUHFWO\QRWHWKDW
WKH 2/6 HVWLPDWRU XVHG LQ WKH ILUVW VWHS \LHOGV ELDVHG HVWLPDWHV RI QRW RQO\ WKH LQWHUFHSW EXW
DOVRWKHVORSHFRHIILFLHQWVRIWKHIURQWLHU+RZHYHU.XPEKDNDUDQG/RYHOOVHHPWRRYHUORRN
WKH SRVVLELOLW\ RI HOLPLQDWLQJ WKH ELDV E\ VKLIWLQJ IXQFWLRQ g XSZDUG E\ D FRQGLWLRQDO
H[SHFWDWLRQRILQHIILFLHQF\WKDWGHSHQGVRQLQSXWVx






QRUPDORUH[SRQHQWLDO,WLVDOVRSRVVLEOHWRLQFOXGHFRYDULDWHVWRWKHWUXQFDWHG
QRUPDOVSHFLILFDWLRQRIWKHLQHIILFLHQF\WHUPEXWLQWKLVVSHFLILFDWLRQWKHQRLVH
WHUP LV DVVXPHG WR EH KRPRVFHGDVWLF +XQJ-HQ :DQJ KDV GHYHORSHG D 6WDWD
SDFNDJH IRU WKH PRGHO GHVFULEHG LQ :DQJ   ZKLFK FDQ EH XVHG IRU
HVWLPDWLQJ WKH PRGHO HVWLPDWLQJ WKH KHWHURVFHGDVWLFLW\ PRGHO GHVFULEHG
DERYH
+DYLQJ HVWLPDWHG WKH XQGHUO\LQJ SDUDPHWHUV RI Pi V u i V vi  LW LV
UHFRPPHQGHG WR DSSO\ VWDQGDUG VSHFLILFDWLRQ WHVWV DYDLODEOH IRU 0/ LH
OLNHOLKRRGUDWLR /DJUDQJH PXOWLSOLHU RU :DOG WHVW  WR WHVW UHVWULFWLRQV β 0 
γ 0  DQG ρ 0  )RU H[DPSOH LI WKH QXOO K\SRWKHVLV RI ρ 0 LV QRW UHMHFWHG
WKHQWKHDVVXPSWLRQRIKRPRVFHGDVWLFQRLVHWHUPFDQEHPDLQWDLQHG6LPLODUO\
LI D    β 0 DQG γ 0 WKHQWKHPRGHORIKHWHURVFHGDVWLFWUXQFDWHGQRUPDO

LQHIILFLHQF\WHUPUHGXFHVWRDKRPRVFHGDVWLFKDOIQRUPDOLQHIILFLHQF\WHUP,I
WKH VSHFLILFDWLRQ WHVWV SURYLGH HYLGHQFH WKDW VRPH RI WKH KHWHURVFHGDVWLFLW\
HIIHFWVDUHQRWVLJQLILFDQWZHZRXOGUHFRPPHQGH[FOXGLQJWKRVHHIIHFWVIURP
WKHKHWHURVFHGDVWLFLW\PRGHODQGHVWLPDWLQJVWHSDJDLQ
2QHDGGLWLRQDOLVVXHLV LQWKHFRQWH[W RIOLQHDU UHJUHVVLRQWKDW HIILFLHQF\
RI WKH OHDVW VTXDUHV HVWLPDWRU FDQ EH LPSURYHG E\ DSSO\LQJ ZHLJKWHG OHDVW
VTXDUHVRUJHQHUDOL]HGOHDVWVTXDUHV+DYLQJHVWLPDWHGWKHILUPVSHFLILF V u i V vi
 LW LV SRVVLEOH WR UHWXUQ EDFN WR VWHS  DQG DSSO\ D ZHLJKWHG YHUVLRQ RI WKH
&1/6 HVWLPDWRU 'HILQLQJ VÖHi VÖ ui  VÖ vi  ZH FDQ PRGLI\ WKH REMHFWLYH
IXQFWLRQRIWKH&1/6SUREOHPDV

n
H CNLS 

PLQ ¦ i 
VÖ H i
i 

PDLQWDLQLQJ WKH RULJLQDO FRQVWUDLQWV RI   ,QWHUSUHWLQJ WKH JLYHQ   VÖHi DV
ILUPVSHFLILF ZHLJKWV WKLV ZHLJKWHG OHDVW VTXDUHV IRUPXODWLRQ RI &1/6 LV
GLUHFWO\ DQDORJRXV WR WKH JHQHUDOL]HG OHDVW VTXDUHV */6  HVWLPDWRU RI WKH
OLQHDUUHJUHVVLRQPRGHO+RZHYHUDV\HWWKHUHLVQRHYLGHQFHWKDWWKHXVHRI
ZHLJKWHG OHDVW VTXDUHV FDQ LPSURYH HIILFLHQF\ RI WKH &1/6 HVWLPDWRU
,QWXLWLYHO\ WKH GLUHFW DQDORJXH ZLWK */6 ZRXOG VXJJHVW WKDW ZHLJKWHG OHDVW
VTXDUHV FDQ EH PRUH HIILFLHQW WKDQ WKH XQZHLJKWHG &1/6 XQGHU
KHWHURVFHGDVWLFLW\ 2Q WKH RWKHU KDQG UHFDOO WKDW &1/6 DSSUR[LPDWHV WKH
XQGHUO\LQJ IXQFWLRQ g E\ D SLHFHZLVH OLQHDU FXUYH 6LQFH WKH K\SHUSODQH
VHJPHQWV RI WKH XQZHLJKWHG &1/6 IRUPXODWLRQ SURYLGH ORFDO DSSUR[LPDWLRQ
DVVLJQLQJ ODUJHU RU VPDOOHU ZHLJKWV WR FHUWDLQ UHJLRQV RI WKH IURQWLHU PD\ QRW
KDYH PXFK HIIHFW RQ WKH SLHFHZLVH OLQHDU DSSUR[LPDWLRQ ,Q RXU OLPLWHG
H[SHULHQFH LQWURGXFLQJ WKH ZHLJKWV   VÖHi GRHV QRW QHFHVVDULO\ KDYH DQ\



7KH
6WDWD
SDFNDJH
LV
DYDLODEOH
IURP
:DQJ¶V
KRPHSDJH
KWWSKRPHSDJHQWXHGXWZaZDQJK

1RWH WKDW LQ WKH &1/6 FRQWH[W ZH SUHIHU WR LQWURGXFH ZHLJKWV WR WKH REMHFWLYH IXQFWLRQ
LQVWHDG RI DSSO\LQJ YDULDEOH WUDQVIRUPDWLRQV DV LQ */6  EHFDXVH WKH PRQRWRQLFLW\ DQG
FRQFDYLW\FRQVWUDLQWVPXVWKROGIRUWKHRULJLQDOLQSXWYDULDEOHVx




QRWDEOHLPSDFWRQWKHUHVXOWV)XUWKHUZHQHHGWREHDEOHWRHVWLPDWH V Hi ZLWK
DVXIILFLHQWSUHFLVLRQ2YHUDOOZHDUHVRPHZKDWVNHSWLFDOZKHWKHUWKHSRVVLEOH
EHQHILW LQ WHUPV RI LPSURYHG HIILFLHQF\ RI WKH &1/6 HVWLPDWRU FDQ RXWZHLJK
WKH FRVW RI DGGLWLRQDO HIIRUW RI FRQGXFWLQJ WKH ZHLJKWHG OHDVW VTXDUHV
HVWLPDWLRQ7KLVIRUPVDQLQWHUHVWLQJRSHQTXHVWLRQIRUIXWXUHUHVHDUFK
,QVWHSZH DGMXVWWKH FRQGLWLRQDOPHDQIXQFWLRQ g HVWLPDWHGLQ VWHS
RU DOWHUQDWLYHO\ WKH FRQGLWLRQDO qTXDQWLOH  IRU WKH HVWLPDWHG H[SHFWHG
LQHIILFLHQF\WRHVWLPDWHWKHIURQWLHUf1RWHWKDWWKHFRQGLWLRQDOPHDQ E ui xi 
LVQRORQJHUDFRQVWDQWEXWDIXQFWLRQWKDWGHSHQGVRQLQSXWVx8VLQJHTXDWLRQ
 ZHFDQZULWHWKHHVWLPDWHGH[SHFWHGLQHIILFLHQF\DVWKHIXQFWLRQRILQSXWV
DQGSDUDPHWHUHVWLPDWHVDV
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7KLVH[SUHVVLRQUHYHDOVWKDWLQWKHGRXEO\KHWHURVFHGDVWLFPRGHOWKHH[SHFWHG
YDOXHRILQHIILFLHQF\KDVDOLQHDUSDUWRULJLQDWLQJIURPWKHPHDQ Pi D  βcxi 
DQG D QRQOLQHDU SDUW GULYHQ E\ V u i

H[S D  γcxi  +DYLQJ HVWLPDWHG WKH

SDUDPHWHUVRIWKHLQHIILFLHQF\WHUPLWLVXVHIXOWRHYDOXDWHZKHWKHU  E uÖi xi 
LV PRQRWRQLFDOO\ LQFUHDVLQJ DQG FRQFDYH ZLWKLQ WKH REVHUYHG UDQJH RI LQSXWV
HJ SORW WKH YDOXHV RI  E uÖ x DW GLIIHUHQW OHYHOV RI x WR YLVXDOO\ LQVSHFW
SRVVLEOH YLRODWLRQV RI PRQRWRQLFLW\ DQG FRQFDYLW\  7R HQVXUH WKDW WKH
HVWLPDWHG IURQWLHU IXQFWLRQ VDWLVILHV WKH SRVWXODWHG D[LRPV GHVSLWH PLQRU
YLRODWLRQV RI PRQRWRQLFLW\ DQG FRQFDYLW\ ZKLFK PD\ EH MXVW DUWLIDFWV RI WKH
DUELWUDU\ SDUDPHWULF VSHFLILFDWLRQ RI WKH KHWHURVFHGDVWLFLW\ PRGHO  ZH DSSO\
WKH PLQLPXP H[WUDSRODWLRQ SULQFLSOH DQG XWLOL]H WKH '($ PHWKRG VWDWHG LQ
HTXDWLRQ   WR REWDLQ WKH FRQYH[ PRQRWRQLF KXOO RI WKH ILWWHG YDOXHV
fÖ StoNED x RI REVHUYDWLRQV i «n ZKLFK \LHOGV WKH IURQWLHU HVWLPDWRU
i

StoNED
fÖPLQ
x 

,QVWHSZHFDQFRPSXWHILUPVSHFLILFLQHIILFLHQF\HVWLPDWHVXVLQJWKH
-/06 FRQGLWLRQDO PHDQ E ui HÖiCNLS XVLQJ WKH ILUP VSHFLILF SDUDPHWHU
HVWLPDWHV PÖi VÖ u i VÖ vi  1RWH WKDW WKH H[SHFWHG LQHIILFLHQF\ E ui xi  PÖi VÖu i 
DSSOLHGIRUVKLIWLQJWKHFRQGLWLRQDOPHDQIXQFWLRQgWRHVWLPDWHIURQWLHUfGRHV
QRW GHSHQG RQ WKH KHWHURVFHGDVWLFLW\ RI WKH QRLVH WHUP +RZHYHU WKH -/06
HIILFLHQF\ GRHV DOVR GHSHQG RQ WKH KHWHURVFHGDVWLFLW\ RI WKH QRLVH WHUP VÖ v i 
.XPEKDNDUDQG6XQ  GLVFXVVWKLVLVVXHLQPRUHGHWDLOVKRZLQJWKDWWKH





PDUJLQDO HIIHFW RI LQSXWV RQ WKH FRQGLWLRQDO -/06 HIILFLHQF\ DOVR GHSHQG RQ
WKHKHWHURVFHGDVWLFLW\RIWKHQRLVHWHUP
9. Directions for future research
7KLVFKDSWHUKDVSURYLGHGDQXSGDWHGDQGHODERUDWHGSUHVHQWDWLRQRIWKH&1/6
DQG6WR1('PHWKRGV%ULGJLQJWKHJDSEHWZHHQWKHHVWDEOLVKHG'($DQG6)$
SDUDGLJPV WKHVH PHWKRGV UHSUHVHQW D PDMRU SDUDGLJP VKLIW WRZDUGV D XQLILHG
DQGLQWHJUDWHGPHWKRGRORJ\RIIURQWLHUHVWLPDWLRQDQGHIILFLHQF\DQDO\VLVWKDW
KDV D FRQVLGHUDEO\ EURDGHU VFRSH WKDQ WKH FRQYHQWLRQDO '($ DQG 6)$ WRROV
7KLV FKDSWHU GLG QRW RQO\ UHYLHZ SUHYLRXVO\ SXEOLVKHG PHWKRG GHYHORSPHQWV
DQG WKHLU H[WHQVLRQV EXW DOVR SUHVHQWHG VRPH QHZ LQQRYDWLRQV LQFOXGLQJ WKH
ILUVWH[WHQVLRQRIWKH6WR1('PHWKRGWRWKHJHQHUDOFDVHRIPXOWLSOHLQSXWVDQG
PXOWLSOH RXWSXWV DQG WKH ILUVW GHWDLOHG H[DPLQDWLRQ RI KRZ KHWHURVFHGDVWLF
LQHIILFLHQF\ DQG QRLVH WHUPV FDQ EH PRGHOHG ZLWKLQ WKH &1/6 DQG 6WR1('
HVWLPDWLRQIUDPHZRUNV
:HVHH&1/6DQG6WR1(' QRWRQO\DVWKHVWDWHRIWKHDUWLQD[LRPDWLF
QRQSDUDPHWULF IURQWLHU HVWLPDWLRQ DQG HIILFLHQF\ DQDO\VLV XQGHU VWRFKDVWLF
QRLVHEXWDOVR DSURPLVLQJZD\IRUZDUG.XRVPDQHQ DQG .RUWHODLQHQ  
VWDWHG H[SOLFLWO\  SURPLVLQJ DYHQXHV RI IXWXUH UHVHDUFK RQ WKH 6WR1('
PHWKRGRORJ\,QWKHIROORZLQJZHZLOOSURYLGHDQXSGDWHGYHUVLRQRIDSRLQW
UHVHDUFK SURJUDP LQGLFDWLQJ WKH ZRUN WKDW KDV DOUHDG\ EHHQ GRQH DV ZHOO DV
ZRUNWKDWUHPDLQVWREHGRQH

´ Adapting the known econometric and statistical methods for dealing with
heteroskedasticity, endogeneity, sample selection, and other potential sources
of bias, to the context of CNLS and StoNED estimators´
,QWKLVFKDSWHUZHSUHVHQWHGWKHILUVWGHWDLOHGH[DPLQDWLRQDERXWWKHPRGHOLQJ
RIKHWHURVFHGDVWLFLW\LQWKHLQHIILFLHQF\DQGQRLVHWHUPV.XRVPDQHQ-RKQVRQ
DQG 3DUPHWHU   H[DPLQH WKH HQGRJHQHLW\ SUREOHP IURP D QRYHO
SHUVSHFWLYH HPSOR\LQJ GLUHFWLRQDO GLVWDQFH IXQFWLRQV 2EYLRXVO\ D ORW RI
IXUWKHUZRUNLVQHHGHGLQWKLVDUHD$OWHUQDWLYHPRGHOVRIKHWHURVFHGDVWLFLW\DV
ZHOO DV HVWLPDWLRQ WHFKQLTXHV GHVHUYH FDUHIXO DWWHQWLRQ 7KH FRQYH[
QRQSDUDPHWULF TXDQWLOH UHJUHVVLRQ DQG WKH FRQYH[ DV\PPHWULFDOO\ ZHLJKWHG
OHDVW VTXDUHV PHWKRGV GLVFXVVHG LQ 6HFWLRQ  DQG WKH JHQHUDOL]HG OHDVW
VTXDUHV HVWLPDWRU GLVFXVVHG LQ 6HFWLRQ  SURYLGH SRWHQWLDO PHWKRGV IRU
PRGHOLQJ DQG WHVWLQJ KHWHURVNHGDVWLFLW\ 7KH XVH RI LQVWUXPHQWDO YDULDEOHV LQ
&1/6IRUPRGHOLQJPHDVXUHPHQWHUURUVVDPSOHVHOHFWLRQDQGRWKHUW\SHVRI
HQGRJHQHLW\ELDVVKRXOGEHLQYHVWLJDWHG

³Extending the proposed approach to a multiple output setting.´
,QWKLVFKDSWHUZHDOVRSUHVHQWHGWKHILUVWH[WHQVLRQRIWKH6WR1('PHWKRGWR
WKH JHQHUDO FDVH RI PXOWLSOH LQSXWV DQG PXOWLSOH RXWSXWV XVLQJ WKH GLUHFWLRQDO
GLVWDQFHIXQFWLRQ VHHDOVR.XRVPDQHQ-RKQVRQDQG3DUPHWHU )XUWKHU
ZRUN LV DOVR QHHGHG LQ WKLV DUHD $OWHUQDWLYH UHSUHVHQWDWLRQV RI WKH MRLQW



SURGXFWLRQWHFKQRORJ\LQFOXGLQJWKHUDGLDOLQSXWDQGRXWSXWGLVWDQFHIXQFWLRQV
VKRXOGEHLQYHVWLJDWHG7KHPDLQFKDOOHQJHLQPRGHOLQJMRLQWSURGXFWLRQLVQRW
WKH IRUPXODWLRQ RI WKH PDWKHPDWLFDO SURJUDPPLQJ SUREOHP IRU WKH &1/6
HVWLPDWRU WKHXVXDO'($SUREOHP RUGHFRQYROXWLQJWKHFRPSRVLWHHUURUWHUP
WKHXVXDO6)$SUREOHP 7KHPDLQFKDOOHQJHLVWKHSUREDELOLVWLFPRGHOLQJRI
WKHGDWDJHQHUDWLQJSURFHVVLQWKHFDVHRIMRLQWSURGXFWLRQLQYROYLQJ PXOWLSOH
HQGRJHQRXV LQSXWV DQG RXWSXWV .XRVPDQHQ -RKQVRQ DQG 3DUPHWHU  
SURYLGHVDXVHIXOVWDUWLQJSRLQWLQWKLVUHVSHFW

³ Extending the proposed approach to account for relaxed concavity
assumptions (e.g., quasiconcavity)´
.HVKYDULDQG.XRVPDQHQ  SUHVHQWHGWKHILUVWH[WHQVLRQLQWKLVGLUHFWLRQ
DSSO\LQJ LVRWRQLF UHJUHVVLRQ WKDW UHOD[HV WKH FRQFDYLW\ DVVXPSWLRQ RI &1/6
7KLV DSSURDFK HVWLPDWHV D VWHS IXQFWLRQ DQDORJRXV WR IUHH GLVSRVDEOH KXOO
)'+  LQ WKH PLGGOH RI WKH GDWD FORXG 7KH LQVLJKWV RI .HVKYDUL DQG
.XRVPDQHQFRXOGEHXVHIXOIRUH[DPLQLQJWKHLQWHUPHGLDWHFDVHVEHWZHHQWKH
QRQFRQYH[ VWHS IXQFWLRQ DQG WKH IXOO\ FRQYH[ &1/6 DOORZLQJ RQH WR
SRVWXODWH TXDVLFRQFDYLW\ RU TXDVLFRQYH[LW\ LQ WHUPV RI VRPH YDULDEOHV HJ
LQSXWV RU LQSXW SULFHV LQ WKH HVWLPDWLRQ RI WKH FRVW IXQFWLRQ  0DQ\
RSSRUWXQLWLHVIRUIXWXUHUHVHDUFKH[LVWLQWKLVGLUHFWLRQ

³ Developing more efficient computational algorithms or heuristics for
solving the CNLS problem´
/HH HW DO   LV WKH ILUVW FRQWULEXWLRQ LQ WKLV GLUHFWLRQ 7KH DOJRULWKP
GHYHORSHG LQ WKDW SDSHU ILUVW VROYHV D UHOD[HG &1/6 SUREOHP FRQWDLQLQJ DQ
LQLWLDOVHWRIFRQVWUDLQWVWKRVHWKDWDUHOLNHO\WREHELQGLQJDQGWKHQLWHUDWLYHO\
DGGVDVXEVHWRIWKHYLRODWHGFRQFDYLW\FRQVWUDLQWVXQWLODVROXWLRQWKDWGRHVQRW
YLRODWHDQ\FRQVWUDLQWLVIRXQG:HEHOLHYHWKHFRPSXWDWLRQDOHIILFLHQF\FDQEH
LPSURYHG FRQVLGHUDEO\ E\ FOHYHU DOJRULWKPV DQG KHXULVWLFV VHH HJ +DQQDK
DQG'XQVRQ 7KLVLVDQLPSRUWDQWDYHQXHIRUIXWXUHUHVHDUFKLQWKHHUD
RI³ELJGDWD´

³ Examining the statistical properties of the CNLS estimator, especially in
the multivariate case´
6HLMRDQG6HQ  DQG/LPDQG*O\QQ  ZHUHWKHILUVWWRDGGUHVVWKLV
FKDOOHQJHSURYLQJVWDWLVWLFDOFRQVLVWHQF\RIWKH&1/6HVWLPDWRULQWKHJHQHUDO
PXOWLYDULDWHFDVHXQGHUVOLJKWO\GLIIHUHQWDVVXPSWLRQVDERXWWKHGDWDJHQHUDWLQJ
SURFHVV )XUWKHU UHVHDUFK RQ ERWK WKH ILQLWH VDPSOH SURSHUWLHV HJ
XQELDVHGQHVV RU ELDV HIILFLHQF\ PHDQ VTXDUHG HUURU  DQG WKH DV\PSWRWLF
SURSHUWLHV HJ UDWHV RI FRQYHUJHQFH OLPLWLQJ GLVWULEXWLRQV  XQGHU GLIIHUHQW
DVVXPSWLRQ RI WKH GDWD JHQHUDWLQJ SURFHVV ZRXOG EH QHHGHG ,Q WKLV UHVSHFW
*URHQHERRPHWDO DE SURYLGHDQH[FHOOHQWVWDUWLQJSRLQW7KHVWDWLVWLFDO
SURSHUWLHV RI WKH FRQYH[ QRQSDUDPHWULF TXDQWLOH UHJUHVVLRQ &145  DQG WKH
FRQYH[ DV\PPHWULFDOO\ ZHLJKWHG OHDVW VTXDUHV &$:/6  PHWKRGV LQWURGXFHG
LQ6HFWLRQDOVRGHVHUYHIXUWKHUUHVHDUFK






³ Investigating the axiomatic foundation of the CNLS and StoNED
estimators´
&1/6 UHJUHVVLRQ EXLOGV XSRQ WKH VDPH D[LRPV DV '($ DQG 6WR1('
HVWLPDWLRQ DSSOLHV WKH PLQLPXP H[WUDSRODWLRQ SULQFLSOH WR REWDLQ D XQLTXH
IURQWLHU IXQFWLRQ WKDW VDWLVILHV WKH SRVWXODWHG D[LRPV +RZHYHU LW ZRXOG EH
FRPSHOOLQJLIWKHWHFKQRORJ\FKDUDFWHUL]HGE\&1/6DQGRU6WR1('FRXOGEH
VWDWHGULJRURXVO\IURPWKHD[LRPDWLFSRLQWRIYLHZDVWKHLQWHUVHFWLRQRIDOOVHWV
WKDWVDWLVI\WKHVWDWHGD[LRPVDQGVDWLVI\D[LRP;,WUHPDLQVXQNQRZQZKHWKHU
D[LRP;H[LVWVDQGKRZLWFRXOGEHIRUPXODWHGH[SOLFLWO\

³ Implementing alternative distributional assumptions and estimating the
distribution of the inefficiency term by semi- or nonparametric methods in the
cross-sectional setting´
,Q WKLV FKDSWHU 6HFWLRQ   ZH KDYH SURYLGHG DQ H[WHQVLYH UHYLHZ RI
SRVVLELOLWLHV LQFOXGLQJ SDUDPHWULF DQG VHPLSDUDPHWULF DOWHUQDWLYHV ,Q
SULQFLSOH WKH TXDVLOLNHOLKRRG PHWKRG LV DSSOLFDEOH WR DQ\ SDUDPHWULF
VSHFLILFDWLRQ RI LQHIILFLHQF\ GLVWULEXWLRQ 7KH PRVW SURPLVLQJ ZD\ IRUZDUG
VHHPV WR EH WKH QRQSDUDPHWULF NHUQHO GHFRQYROXWLRQ RI WKH &1/6 UHVLGXDOV
IROORZLQJ WKH ZRUNV E\ +DOO DQG 6LPDU   DQG +RUUDFH DQG 3DUPHWHU
  2QH FKDOOHQJH WKDW UHPDLQV LV WR DGDSW WKH -/06 FRQGLWLRQDO PHDQ
LQHIILFLHQF\WRWKHVHPLSDUDPHWULFVHWWLQJZKHUHQRSDUDPHWULFGLVWULEXWLRQLV
VSHFLILHGIRUWKHLQHIILFLHQF\WHUP

³Distinguishing time-invariant inefficiency from heterogeneity across firms,
and identifying inter-temporal frontier shifts and catching up in panel data
models´
.XRVPDQHQDQG.RUWHODLQHQ  SUHVHQWDVLPSOHIL[HGHIIHFWVDSSURDFKWR
PRGHOLQJSDQHO GDWDDVVXPLQJWLPHLQYDULDQW LQHIILFLHQF\ ,QWKLV FKDSWHUZH
FRQVLGHUHG WKH SDUDOOHO UDQGRP HIIHFWV DSSURDFK IROORZLQJ (VNHOLQHQ DQG
.XRVPDQHQ  $PSOHRSSRUWXQLWLHVIRUH[WHQGLQJWKHVHEDVLFWHFKQLTXHV
WR PRUHVRSKLVWLFDWHGVHPLSDUDPHWULFPRGHOV DOORZLQJIRUWHFKQLFDO SURJUHVV
DQG WLPHYDU\LQJ LQHIILFLHQF\ DUH DYDLODEOH ,QGHHG SDQHO GDWD PRGHOV KDYH
EHHQ H[WHQVLYHO\ VWXGLHG ERWK LQ JHQHUDO HFRQRPHWULFV DQG LQ WKH 6)$
OLWHUDWXUH %RWK WKH LQVLJKWV DQG SUDFWLFDO VROXWLRQV IURP SDQHO GDWD
HFRQRPHWULFVFDQEHLPSRUWHGWRWKH&1/6DQG6WR1('IUDPHZRUN

³ Extending the proposed approach to the estimation of cost, revenue, and
profit functions as well as to distance functions´
.XRVPDQHQDQG.RUWHODLQHQ  FRQVLGHUWKHHVWLPDWLRQRIFRVWIXQFWLRQLQ
WKH VLQJOH RXWSXW FDVH XQGHU &56 7KH\ PDGH WKHVH UHVWULFWLYH DVVXPSWLRQV
EHFDXVHWKHFRVWIXQFWLRQPXVWEHDFRQFDYHIXQFWLRQRILQSXWSULFHV+RZHYHU
LIWKHVWDQGDUGFRQYH[LW\D[LRPRIWKHSURGXFWLRQSRVVLELOLW\VHWKROGVWKHQWKH
FRVW IXQFWLRQ LV D FRQYH[ IXQFWLRQ RI RXWSXWV $ FKDOOHQJH WKDW UHPDLQV LV WR
IRUPXODWH WKH &1/6 SUREOHP VXFK WKDW ZH FDQ HVWLPDWH D IXQFWLRQ WKDW LV



FRQYH[LQRQHVXEVHWRIYDULDEOHV LHRXWSXWV EXWFRQFDYHLQDQRWKHUVXEVHW
RI YDULDEOHV LH LQSXW SULFHV  .XRVPDQHQ   HVWLPDWHV D PXOWLRXWSXW
FRVW IXQFWLRQXVLQJ6WR1('EXW WKHLQSXWSULFHV ZHUHH[FOXGHGE\DVVXPLQJ
WKDWDOOILUPVWDNHWKHVDPHLQSXWSULFHVDVJLYHQ

³ Developing a consistent bootstrap algorithm and/or other statistical
inference methods´
$QHDUOLHUYHUVLRQRI.XRVPDQHQDQG.RUWHODLQHQ  SURSRVHGWRDGDSWWKH
SDUDPHWULF ERRWVWUDS PHWKRG SURSRVHG E\ 6LPDU DQG :LOVRQ   IRU
GUDZLQJVWDWLVWLFDOLQIHUHQFHVLQWKH6WR1('VHWWLQJ+RZHYHUWKHDQRQ\PRXV
UHYLHZHUVZHUHQRWFRQYLQFHGWKDWWKHSURSRVHGERRVWUDSPHWKRGLVQHFHVVDULO\
FRQVLVWHQWZKHQDSSOLHGWRWKH&1/6UHVLGXDOV,QGHHGRQHVKRXOGEHZDU\RI
QDwYHERRWVWUDSDQGUHVDPSOLQJDSSURDFKHVWKDWSURGXFHLQYDOLGDQGPLVOHDGLQJ
UHVXOWV6LQFH.XRVPDQHQDQG.RUWHODLQHQZHUHQRWDEOHWRSURYHFRQVLVWHQF\
RI6LPDUDQG:LOVRQ¶VERRWVWUDSSURFHGXUHLQ WKH&1/6 FDVHWKHVXJJHVWLRQ
ZDV H[FOXGHG IURP WKH SXEOLVKHG YHUVLRQ :H VWUHVV WKDW DGDSWLQJ RQH RI WKH
NQRZQYDULDQWVRIWKHERRWVWUDSPHWKRGWRWKHFRQWH[WRI&1/6DQG6WR1('
ZRXOGEHVWUDLJKWIRUZDUG7KHFKDOOHQJHLVWRSURYHWKDWWKHFKRVHQYHUVLRQRI
ERRWVWUDS PHWKRG LV FRQVLVWHQW XQGHU WKH VWDWHG DVVXPSWLRQV DERXW WKH GDWD
JHQHUDWLQJ SURFHVV $QRWKHU SURPLVLQJ DSSURDFK LV WR WHVW LI &1/6 HVWLPDWHV
GLIIHUVLJQLILFDQWO\IURPWKHFRUUHVSRQGLQJHVWLPDWHVREWDLQHGXVLQJSDUDPHWULF
PHWKRGV VHH6HQDQG0H\HU $VIRUWKHFRQWH[WXDOYDULDEOHV-RKQVRQ
DQG .XRVPDQHQ   SURYH WKDW FRQYHQWLRQDO LQIHUHQFH WHFKQLTXHV IURP
OLQHDU UHJUHVVLRQ DQDO\VLV HJ WWHVWV SYDOXHV FRQILGHQFH LQWHUYDOV  FDQ EH
DSSOLHG IRU WKH SDUDPHWULF SDUW LH WKH FRHIILFLHQWV RI WKH FRQWH[WXDO
YDULDEOHV 

³Conducting further Monte Carlo simulations to examine the performance
of the proposed estimators under a wider range of conditions, and comparing
the performance with other semi- and nonparametric frontier estimators´
6HYHUDO SXEOLVKHG VWXGLHV SURYLGH 0RQWH &DUOR HYLGHQFH RQ WKH ILQLWH VDPSOH
SHUIRUPDQFH RI &1/6 DQG 6WR1(' HVWLPDWRUV .XRVPDQHQ   DQG
.XRVPDQHQ DQG .RUWHODLQHQ   SURYLGH WKH ILUVW VLPXODWLRQ UHVXOWV IRU
&1/6 DQG 6WR1(' UHVSHFWLYHO\ IRFXVLQJ RQ WKH SUHFLVLRQ LQ HVWLPDWLQJ WKH
IURQWLHU SURGXFWLRQ IXQFWLRQ f -RKQVRQ DQG .XRVPDQHQ   SUHVHQW 0&
VLPXODWLRQVUHJDUGLQJWKHHVWLPDWLRQRIWKHSDUDPHWULFδUHSUHVHQWLQJWKHHIIHFW
RIDVLQJOHFRQWH[WXDOYDULDEOHzWKDWPD\EHFRUUHODWHGZLWKLQSXWx$QGRUDQG
+HVVH LQSUHVV SURYLGHDQH[WHQVLYHFRPSDULVRQRIWKHSHUIRUPDQFHVRI'($
6)$ DQG 6WR1(' PDLQO\ IRFXVLQJ RQ WKH HVWLPDWLRQ RI WKH ILUP VSHFLILF
LQHIILFLHQF\ui+RZHYHUQRWHWKDWDOOHVWLPDWRUVFRQVLGHUHGDUHLQFRQVLVWHQWLQ
WKHQRLV\VHWWLQJFRQVLGHUHGEHFDXVHuiLVMXVWDVLQJOHUHDOL]DWLRQRIDUDQGRP
YDULDEOH .XRVPDQHQ 6DDVWDPRLQHQ DQG 6LSLOlLQHQ   FRPSDUH
SHUIRUPDQFHVRI'($6)$DQG6WR1('LQWHUPVRIHVWLPDWLQJDIURQWLHUFRVW
IXQFWLRQ7KH\FDOLEUDWHWKHLUVLPXODWLRQVWRPDWFKWKHHPSLULFDOFKDUDFWHULVWLFV
RIWKH)LQQLVKHOHFWULFLW\GLVWULEXWLRQILUPV7KHLUVLPXODWLRQVGHPRQVWUDWHWKDW





LIWKHSUHPLVHV VWDWHGE\WKH )LQQLVK HQHUJ\ UHJXODWRUKROG WKHQWKH6WR1('
HVWLPDWRU KDV VXSHULRU SHUIRUPDQFH FRPSDUHG WR LWV UHVWULFWHG VSHFLDO FDVHV
'($ DQG 6)$ $V IRU IXUWKHU UHVHDUFK LW ZRXOG EH LQWHUHVWLQJ WR FRPSDUH
SHUIRUPDQFH RI &1/6 DQG 6WR1(' ZLWK WKRVH RI RWKHU VHPL DQG
QRQSDUDPHWULF IURQWLHU HVWLPDWLRQ WHFKQLTXHV VXFK DV NHUQHO UHJUHVVLRQ DQG
ORFDOPD[LPXPOLNHOLKRRG

³Applying the proposed method to empirical data, and adapting the method
to better serve the needs of specific empirical applications´
7KH ILUVW SXEOLVKHG DSSOLFDWLRQ RI WKH 6WR1(' PHWKRG ZDV .XRVPDQHQ DQG
.XRVPDQHQ   ZKR HVWLPDWHG WKH SURGXFWLRQ IXQFWLRQ IURP WKH GDWD RI
)LQQLVKGDLU\IDUPVLQRUGHUWRDVVHVVVXVWDLQDELOLW\SHUIRUPDQFHRIIDUPV
6XEVHTXHQWO\WKHUHKDYHEHHQVHYHUDODSSOLFDWLRQVLQWKHHQHUJ\VHFWRUERWKLQ
SURGXFWLRQDQGGLVWULEXWLRQRIHOHFWULFLW\0HNDURRQUHXQJDQG-RKQVRQ  
DSSOLHG6WR1('WRHVWLPDWHWKHVKDGRZSULFHVRI62DQG12[IURPWKHGDWD
RI 86 FRDOILUHG SRZHU SODQWV 7KXV IDU WKH PRVW VLJQLILFDQW UHDOZRUOG
DSSOLFDWLRQ RI 6WR1(' KDV EHHQ WKH VWXG\ E\ .XRVPDQHQ   >VHH DOVR
.XRVPDQHQ 6DDVWDPRLQHQ DQG 6LSLOlLQHQ   DQG 'DL DQG .XRVPDQHQ
 @%DVHGRQWKHUHVXOWVRIWKLVVWXG\WKH)LQQLVKHQHUJ\PDUNHWUHJXODWRU
DGRSWHGWKH6WR1('PHWKRGLQV\VWHPDWLFXVHLQWKHUHJXODWLRQRIWKH)LQQLVK
HOHFWULFLW\GLVWULEXWLRQLQGXVWU\ZLWKWKHWRWDODQQXDOWXUQRYHURIPRUHWKDQ¼
%LOOLRQ $QRWKHU UHDOZRUOG DSSOLFDWLRQ RI 6WR1(' LV (VNHOLQHQ DQG
.XRVPDQHQ   ZKR DVVHVVHG LQWHUWHPSRUDO SHUIRUPDQFH RI VDOHV WHDPV
XVLQJ PRQWKO\ GDWD RI +HOVLQNL 233RKMROD %DQN LQ FORVH FROODERUDWLRQ ZLWK
WKH FHQWUDO PDQDJHPHQW RI WKH EDQN 7KH UHVXOWV DQG LQVLJKWV JDLQHG LQ WKLV
VWXG\ZHUHFRPPXQLFDWHGWR WKHWHDP PDQDJHUV DQGZHUHXWLOL]HGIRUVHWWLQJ
SHUIRUPDQFHWDUJHWVIRUVDOHVWHDPV7KHVHHPSLULFDODSSOLFDWLRQVLOOXVWUDWHWKH
IOH[LELOLW\ DQG DGDSWDELOLW\ RI WKH 6WR1(' PHWKRGRORJ\ WR VXLW WKH VSHFLILF
QHHGV RI WKH DSSOLFDWLRQ 7KH DSSOLFDWLRQV DOVR SURYLGH PRWLYDWLRQ IRU
GHYHORSLQJ IXUWKHU PHWKRGRORJLFDO H[WHQVLRQV WR PHHW WKH UHTXLUHPHQWV RI
IXWXUHDSSOLFDWLRQV

,Q FRQFOXVLRQ ZH KRSH WKH SRLQW SURJUDP GLVFXVVHG DERYH PLJKW
LQVSLUHIXWXUHPHWKRGRORJLFDOUHVHDUFKDORQJWKHOLQHVGHVFULEHGRUDORQJQHZ
DYHQXHVWKDWKDYHHVFDSHGRXUDWWHQWLRQ:HDOVRKRSHWKDWWKHPHWKRGRORJLFDO
WRROV FXUUHQWO\ DYDLODEOH ZRXOG ILQG LQURDGV WR HPSLULFDO DSSOLFDWLRQV ,Q RXU
H[SHULHQFHIURPERWK0RQWH&DUORVLPXODWLRQVDQGUHDOHPSLULFDODSSOLFDWLRQV
&1/6DQG6WR1('KDVSURYHGGHSHQGDEOHUHOLDEOHDQGUREXVWZLWKDQDELOLW\
WRSURGXFHUHVXOWVDQGLQVLJKWVWKDWFRXOGQRWEHIRXQGXVLQJWKHFRQYHQWLRQDO
PHWKRGV
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We compare DEA, SFA and StoNED methods in the context of regulation of electricity distribution.
Both empirical comparisons and Monte Carlo simulations are presented.
Choice of benchmarking method has a signiﬁcant economic impact on the regulatory outcomes.
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Electricity distribution is a natural local monopoly. In many countries, the regulators of this sector apply
frontier methods such as data envelopment analysis (DEA) or stochastic frontier analysis (SFA) to
estimate the efﬁcient cost of operation. In Finland, a new StoNED method was adopted in 2012. This
paper compares DEA, SFA and StoNED in the context of regulating electricity distribution. Using data
from Finland, we compare the impacts of methodological choices on cost efﬁciency estimates and
acceptable cost. While the efﬁciency estimates are highly correlated, the cost targets reveal major
differences. In addition, we examine performance of the methods by Monte Carlo simulations.
We calibrate the data generation process (DGP) to closely match the empirical data and the model
speciﬁcation of the regulator. We ﬁnd that the StoNED estimator yields a root mean squared error (RMSE)
of 4% with the sample size 100. Precision improves as the sample size increases. The DEA estimator yields
an RMSE of approximately 10%, but performance deteriorates as the sample size increases. The SFA
estimator has an RMSE of 144%. The poor performance of SFA is due to the wrong functional form and
multicollinearity.
& 2013 Published by Elsevier Ltd.

Keywords:
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Nonparametric production analysis
Productive efﬁciency

1. Introduction
Electricity distribution ﬁrms typically enjoy a natural local
monopoly. This creates a need to regulate the distribution sector.
In the theory of regulation, it is well known that the ‘cost-ofservice’ type of pricing does not provide incentives for the
electricity distribution ﬁrms to minimize the cost (Laffont and
Tirole, 1993). To determine a more objective yardstick for the
acceptable cost level, Shleifer (1985) suggested comparing the
observed cost of a ﬁrm with that of its competitors. However, as
Pollit (2005) points out, it is often difﬁcult to ﬁnd exactly identical
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or even sufﬁciently similar competitors that could serve as an
appropriate yardstick. Instead of using a discrete set of benchmark
ﬁrms, one could apply frontier estimation methods to estimate
a continuous frontier cost function that represents the best
practice benchmark. Benchmark regulation has been applied as
an integral part of the regulatory framework in many countries
(Jamasb and Pollit, 2001; Jamasb et al., 2003, 2004). According to
the recent study by Bogetoft and Otto (2011, Ch. 10), at least nine
European regulators currently apply the axiomatic DEA (data
envelopment analysis; Charnes et al., 1978; Farrell, 1957) and the
econometric SFA (stochastic frontier analysis; Aigner et al., 1977), or
some combination thereof.
Ever since the DEA and SFA approaches have been introduced
to regulation, there has been lively debate about the suitability of
these methods for the purposes of regulation (Dassler et al., 2006;
Irastorza, 2003). There is large and growing academic literature on
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the application of DEA and SFA in the electricity distribution
industry (Agrell et al., 2005; Cullmann, 2009, 2012; Forsund and
Kittelsen, 1998; Hjalmarsson and Veiderpass, 1992; Iglesias et al.
2010; Jamasb and Pollit, 2003; Kopsakangas-Savolainen and
Svento, 2008; Korhonen and Syrjänen, 2003; Weyman-Jones,
1991). As yet, however, there is no clear conclusion on which
method is superior. The inconclusive results have raised concerns
about the suitability of any single method for the purposes of
benchmark regulation. Thus, many regulators have recently opted
to use a combination of both DEA and SFA (see also Azadeh et al.
(2009)). In Germany, for example, the regulator estimates efﬁciency of each ﬁrm using both DEA and SFA, and then chooses the
larger of the two estimates (Agrell and Bogetoft, 2007). According
to Bogetoft and Otto (2011; Ch. 10), at least four European
regulators apply some combination of both DEA and SFA.
The Finnish Energy Market Authority (Energiamarkkinavirasto,
EMV) is one of the pioneers in the practical implementation of
benchmark regulation. EMV has used frontier methods as an
integral part of the regulatory model since 2005, starting with
DEA (Korhonen and Syrjänen, 2003), adopting SFA in 2008
(Syrjänen et al., 2006). In 2010, EMV commissioned several studies
to address the critique of DEA and SFA presented by the distribution ﬁrms and the energy industry. After a rigorous evaluation
process, EMV considered the report by Kuosmanen et al. (2010, in
Finnish) as the most promising attempt to overcome the pitfalls of
DEA and SFA. Following the recommendation of that report, in
2012 EMV replaced DEA and SFA by the new StoNED method
(stochastic semi-nonparametric envelopment of data) introduced by
Kuosmanen and Kortelainen (2012).
The purpose of this paper is to present a systematic comparison
of the DEA, SFA, and a recently proposed StoNED method in the
context of energy regulation. Focusing on the model speciﬁcations
actually employed by EMV during the third regulation period in
2012–2015, we compare the efﬁciency estimates produced by
these three different methods. We also include the average of
DEA and SFA efﬁciency scores to our comparison. This approach
was applied by EMV during the second regulation period, 2008–
2011. We label it here as naïve model averaging (NMA). Our focus
is to examine the observed differences between the methods and
discuss the feasibility of the models in regulatory context. More
importantly, we also compare the implications of the methodological choices on the monetary cost targets. While the efﬁciency
scores obtained with different methods are usually highly correlated, the economic implications in terms of the cost targets are
substantial.
The empirical comparisons show that the choice of the benchmarking method matters in practice. However, empirical comparisons do not allow us to conclude that one method is better than
another. Therefore, we also compare the precision of the estimators in the controlled environment of Monte Carlo simulations.
A novel feature of our simulations is that we calibrate the data
generation process of the simulations to match the essential
characteristics of the EMV data as closely as possible to ensure
the relevance of the simulation evidence for the real-world
regulation. The customized data generation process of the simulations enables us to measure performance of the alternative
estimators in the speciﬁc context of the EMV's regulatory framework. Our simulation evidence shows that the StoNED method
outperforms the conventional DEA, SFA, and their average at all
sample sizes considered.
The rest of the paper is organized as follows. Section 2 brieﬂy
describes the regulation of Finnish electricity distribution ﬁrms
and the empirical data used in this study. Section 3 brieﬂy
introduces the benchmarking methods considered in this study
(more detailed presentation of the methods is available in the
online Supplement), and compares the empirical cost frontiers
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that the methods produce using the data and model speciﬁcations
of EMV. Section 4 presents an empirical comparison of the
efﬁciency estimates produced by the alternative methods. In
Section 5 we brieﬂy comment the implementation of the methods
in the EMV regulatory model. Section 6 presents a systematic
comparison of the methods in the controlled environment of
Monte Carlo simulations. Section 7 summarizes the lessons
learned from this study. Additional materials, including a technical
appendix that provides a more detailed description of the methods considered, and the computer program used in the simulations, are available online as supplementary materials to this
article (see http://www.sciencedirect.com).

2. Benchmark regulation of electricity distribution in Finland
In the regulation of the Finnish electricity distribution ﬁrms,
EMV applies a combination of the traditional revenue cap and the
benchmarking regimes. In the EMV model, all distribution ﬁrms
are systematically assessed every year. The annual revenue ﬁgures
of each ﬁrm are compared with the acceptable level of revenue to
calculate the annual surplus or deﬁcit. The acceptable revenue
ﬁgure includes the acceptable total costs plus the acceptable rate
of return for the invested capital, which is calculated based on the
capital asset pricing model. As a part of determining the acceptable total cost, EMV applies the cost frontier model as a benchmark, as will be discussed in more detail below. At the end of the
four-year regulation period, EMV calculates the total surplus or
deﬁcit accumulated over the regulation period, which needs to be
balanced during the next 4-year period. A ﬁrm can return the
surplus to the customers by charging lower tariffs in the next
regulation period, whereas the deﬁcit allows a ﬁrm to increase its
tariffs in the next regulation periods. Kinnunen (2006) provides
a more detailed review of the EMV model from the perspective of
investment incentives. Kuosmanen (2012) discusses the recent
reforms in the benchmark regulation and the incentives for
improving productivity and efﬁciency. Further information about
the Finnish regulatory model can be found on the EMV website:
http://www.emvi.ﬁ.
In the current regulation period, in years 2012–2015, the
regulation of the acceptable total cost is based on the following
generic cost frontier:
ln x ¼ ln Cðy1 ; y2 ; y3 Þ þ δz þ u þ v

ð1Þ

where
x is the observed total cost (TOTEX) (€1000),
C is the frontier cost function,
y1 is the energy transmission (GWh),
y2 is the total length of the network (km),
y3 is the number of customers,
z is the proportion of underground cables,
δ is the coefﬁcient of the z variable,
u is the random variable representing inefﬁciency, and
v is the random variable representing stochastic noise.
In this study the cost variable x refers to the total expenditure
(TOTEX), which consists of three components: controllable operational costs (OPEX), capital expenditures (CAPEX) and the external
supply interruption costs for customers (INT).1 The last component
1
Our empirical comparison is based on the original data and the model
speciﬁcation recommended in Kuosmanen et al. (2010) and Kuosmanen (2012).
EMV has made some subsequent modiﬁcations to the model and the data. In the
model implemented by EMV, the observed annual capital expenditures (CAPEX) are
included in the acceptable total cost as such, and the benchmark regulation is only
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Table 1
Descriptive statistics of variables.
Variable

Mean

St. dev.

Min.

Max.

x ¼Total cost (€1000)
y1 ¼Energy transmission (GWh)
y2 ¼Length of network (km)
y3 ¼No. of customers
z ¼ Proportion of underground cables

8418.91
480.39
4135.27
35,448.68
0.33

18,047.78
971.51
10,223.27
71,870.65
0.26

267.81
14.81
50.80
24.25
0.01

117,554.10
6599.71
67,611.05
420,473.00
1.00

can also be viewed as a quality component, as the lack of supply
interventions can be interpreted as an indicator of good service.
Since the outputs are almost time-invariant throughout the
period, all variables are deﬁned as the yearly averages over the
period 2005–2008 (see Kuosmanen (2012), for a discussion).
Before averaging, the total costs are deﬂated to the prices of
2005. In this speciﬁcation, inefﬁciency u represents the average
inefﬁciency over the evaluation period. Averaging of data also
reduces the variance of the noise term v.
The output variables are the weighted amount of energy
transmitted through the network (y1, GWh, of 0.4 kV equivalents),
the total length of the network (y2, km), and the total number of
customers connected to the network (y3, number). In y1, the
transmission of electricity at different voltage levels is weighted
according to the average cost of transmission such that the highvoltage transmission gets a lower weight than the low-voltage
transmission. Note that y1 depends on the observed demand for
electricity, whereas outputs y2 and y3 capture the potential or
latent demand and are thus deﬁned as outputs in the regulatory
model (see Kuosmanen (2012) for further details). In essence,
outputs y2 and y3 capture the ﬁxed cost of maintaining a sufﬁcient
capacity to provide service for the given network area irrespective
of the actual consumption of electricity.
In addition to the three outputs, the latest EMV speciﬁcation
introduced a contextual variable z, deﬁned here as the proportion
of underground cables in the total length of the network. The
z-variable is not an input or output as such; it controls the
heterogeneity of the ﬁrms and their operating environments. Note
that the contextual variable enters Model (1) in a parametric form,
analogous to the standard regression analysis, while the output
variables can be modeled using either a parametric or nonparametric speciﬁcation of the cost function C. If nonparametric
speciﬁcation of C is assumed, it is then appropriate to characterize
Model (1) as a semi-nonparametric, partially linear model of cost
frontier. Modeling contextual variables in this way allows us to
capture the average effect of underground cabling on cost (represented by the coefﬁcient δ), without increasing the number of
explanatory variables included in the nonparametric part which is
subject to the curse of dimensionality (Simar and Wilson, 2008).
Our data consists of 89 Finnish electricity distribution companies, whose networks cover practically all regions of Finland.
Table 1 presents the descriptive statistics for total costs, three
outputs, and the underground cabling variable, which describes
the operational conditions of a company (see Section 3.1 for
details). Recall that our data are four year averages of years
2005–2008.
Table 1 reveals that the industry consists of a very heterogeneous set of ﬁrms. For example, the size of companies measured
by the amount of transmitted energy varies from 15 to 6600 GWh
per year. There are also considerable differences in the operating

(footnote continued)
applied to the controllable operational expenditures (OPEX) plus a half (i.e., 50%) of
the interruption costs (INT).

environments of the ﬁrms. On average, the proportion of underground cabling is 33% but the range is almost from 1% to 100%. The
proportion of underground cabling is highest in the dense urban
areas. Note that the data also includes some industrial network
operators, which transmit a large amount of energy to a small
number of industrial customers.

3. Comparison of empirical cost frontiers
This section introduces the benchmarking methods considered
in this study by comparing the empirical estimates of the cost
frontiers obtained by each method. We believe the empirical
frontier estimates aptly illustrate the information content and
the comparative advantages of the methods considered. Readers
interested in the technical details of the methods can consult the
technical appendix provided as an online Supplement, or the
references provided below. The StoNED method is presented in
detail in Kuosmanen and Kortelainen (2012) and Kuosmanen
(2012). Detailed presentations of the conventional DEA and SFA
are available in numerous articles and books (Fried et al., 2008).
3.1. StoNED frontier
We start the empirical comparison with the StoNED method,
which EMV adopted for the current regulation period in years
2012–2015. The main appeal of StoNED is its ability to accommodate the main advantages of both DEA and SFA: it combines the
non-parametric, piece-wise linear DEA-style frontier with the
stochastic SFA-style treatment of inefﬁciency and noise. This
makes StoNED more robust to both model misspeciﬁcation and
noise.2 A detailed presentation of the model speciﬁcation applied
by EMV can be found in Kuosmanen (2012). Therefore, we will
here discuss only some general properties of the method.
StoNED does not require any a priori assumptions about the
functional form of the cost frontier. Similar to DEA, StoNED
imposes general axioms concerning the benchmark technology,
such as monotonicity, convexity, and returns-to scale.3 Throughout
this study we assume constant returns to scale to hold for
distribution companies (see Kuosmanen (2012), for details). On
the other hand, StoNED model incorporates the core aspects of SFA
by including both inefﬁciency and noise as possible sources of
deviation from a benchmark technology. Kuosmanen and
Kortelainen (2012) operationalize the StoNED model by formulating it as a convex nonparametric least squares (CNLS) problem.
2
Previous published applications of the StoNED method are in the areas of
agriculture (Kuosmanen and Kuosmanen, 2009), electricity generation
(Mekaroonreung and Johnson, 2012), electricity distribution (Kuosmanen, 2012),
and banking (Eskelinen and Kuosmanen, in press).
3
The term benchmark technology refers to the frontier used as a point of
reference in productivity and efﬁciency assessment. The axioms of the benchmark
technology represent our ex ante requirements for efﬁcient performance (e.g.,
monotonicity stems from the deﬁnition of technical efﬁciency by Koopmans, 1951).
The underlying production technology does not necessarily need to satisfy all these
axioms.

T. Kuosmanen et al. / Energy Policy 61 (2013) 740–750

Table 2
StoNED marginal costs and average efﬁciencies by ﬁrm groups (CRS).
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Table 3
DEA marginal costs by ﬁrm groups (CRS).

Group

No. of Energy
ﬁrms transmission
(€ cents/kWh)

Network
length
(€/km)

No. of
customers
(€/customer)

Average
efﬁciency
(%)

Group Number
of ﬁrms

Energy
transmission
(€ cents/kWh)

Network
length
(€/km)

No. of
customers
(€/customer)

Average
efﬁciency
(%)

1
2
3
4
5
6
8
9
7
Others

11
36
10
3
3
4
7
6
3
6

0.6043
0.5597
0.4566
0.4434
0.4200
0.3662
0.3493
0.3324
0.2929

876.74
984.94
1038.81
908.77
970.69
964.71
930.93
983.05
232.21

0.87
1.23
1.86
22.25
21.00
27.86
33.43
29.61
60.11

92
92
93
94
92
95
91
90
92
96

0.4773

930.09

12.94

92

1
2
3
4
5
6
7
8
9
10
11
12
13

0.5972
0.5910
0.5866
0.5857
0.5494
0.3604
0.3504
0.1491
0
0
0
0
0

0
489.33
846.33
930.62
958.45
494.77
863.33
1142.03
0
182.59
606.91
820.00
1069.20

54.46
41.28
15.42
0
0
71.72
45.77
0
133.71
128.49
111.63
95.85
34.67

100
79
77
65
80
85
84
80
84
85
76
83
85

0.3526

762.47

46.20

80

Average

2
8
23
3
12
2
7
3
3
2
5
16
3

Average

Contextual variables z were introduced by Johnson and
Kuosmanen (2011, 2012). Note that while the frontier itself is
speciﬁed in a fully nonparametric fashion, in the second stage the
inefﬁciency and noise terms are distinguished by means of some
distributional assumption. Thus, it is appropriate to classify the
method as semi-nonparametric.
The piecewise linear of frontier that StoNED produces allows
the marginal costs differ between the ﬁrms. In other words, the
reference unit for the ﬁrms may be located at different segments
of the frontier. The linear segments that constitute the frontier
have different slopes. This offers more ﬂexibility in terms of
technology and in addition of the z-variable it partly accounts
for the heterogeneity of the ﬁrms.
Table 2 presents the ﬁrm-speciﬁc estimates of the average
marginal costs for 10 groups of ﬁrms, grouped according to the
estimated beta coefﬁcients.4 As in DEA, the standard errors for these
coefﬁcient estimates are not readily available. The groups have been
sorted in a descending order according to the marginal cost on
energy transmission. These marginal costs are the most favorable
ones for each company: no company could increase its efﬁciency by
deviating from the marginal costs implied by StoNED even if the
regulator allowed ﬁrms to freely choose their marginal costs.
The average marginal costs are reported in the bottom row of
Table 2. The estimated marginal costs (0.48 c/kWh for electricity
transmission, 930 €/km for network length, and 13 €/user) appear
reasonable based on our experience of this sector (cf., Tables 3 and 4).
Firm-speciﬁc coefﬁcients can differ substantially from these average
values. For example, the marginal cost per user is lowest in Group 1,
which consists of ﬁrms operating in rural areas, whereas the
marginal cost per user is highest in Group 7, consisting of city ﬁrms.
The last column of Table 2 reports the average cost efﬁciency (CE) of
ﬁrms within each group. While there are differences in marginal
costs, the differences in the average cost efﬁciency levels are
relatively small. This suggests that the method does not systematically favor some ﬁrms over others due to their operational
environment.
3.2. DEA frontier
EMV applied DEA in the ﬁrst two regulation periods in 2005–
2007 and 2008–2011 (see Korhonen and Syrjänen (2003), for
further discussion). Similar to StoNED, DEA is an axiomatic,
nonparametric approach to estimate the frontier. In fact,
Kuosmanen and Johnson (2010) have shown that DEA can be
4
See Kuosmanen (2012) for a 3-dimensional graphical illustration of the
estimated StoNED frontier.

Table 4
Marginal costs of outputs estimated by SFA; in Model A the total network length is
used; in Model B the urban network (y2A) and other network (y2B) are treated as
separate outputs.
Model A

Model B

y1: Energy trans. (€ cents/kWh)

0.61**
(0.000)

0.60**
(0.000)

y2: Network length (€/km)

896.74**
(0.000)

–

y2A: Urban network (€/km)

–

1115.94**
(0.001)

y2B: Other network (€/km)

–

904.06**
(0.000)

y3: No. of customers (€/customer)

25.32
(0.114)

20.12
(0.264)

p-Values in parenthesis.
Statistical signiﬁcance indicated as follows: * refers to 5% signiﬁcance, ** refers to
1% signiﬁcance.

obtained as a restricted special case of CNLS formulation of the
StoNED model. Both the methods are based on the same set of
axioms. The only notable difference between the methods is their
assumption about the deviations from the frontier. Whereas
StoNED assumes the deviations to consist from two elements,
inefﬁciency and noise, DEA assumes only inefﬁciency. This is
generally seen as the main shortcoming of DEA. DEA is also
sensitive to outlier observations as it fully envelops the data based
on the outermost observation in each dimension. In other words,
often only few observations determine the frontier.
The marginal costs (shadow prices) of outputs estimated by DEA
are presented in Table 3. Analogous to Table 2, ﬁrms have been
classiﬁed to 13 groups in a descending order with respect to the
marginal cost on energy transmission. The ﬁgures are the average
marginal cost in each of the groups. Note that for many groups the
marginal cost equals zero. In particular, the estimated marginal cost
of energy transmission is zero for ﬁve groups (29 ﬁrms). This can
partly explain why the average of the DEA estimates for the marginal
cost of energy transmission (0.35 c/kWh) is lower than the corresponding StoNED estimate (0.48 c/kWh).
Recall that the DEA frontier envelops all observations, attributing all deviations from frontier to inefﬁciency, whereas the StoNED
frontier takes the noise explicitly into account. Therefore, we can
expect that the DEA estimates of ﬁrm-speciﬁc marginal costs are
generally lower than the corresponding StoNED estimates since
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DEA envelops all data whereas noise is included in StoNED. The
average DEA shadow price is indeed lower than the StoNED
estimate for the network length (DEA: 762 €/km; StoNED: 930
€/km). As for the marginal cost per user, the DEA estimate is
notably higher than the StoNED estimate (DEA: 46 €/user; StoNED:
13 €/user). This implies that the shapes of the estimated DEA and
StoNED cost frontiers differ considerably, particularly for the
output proﬁle of the urban networks that assign a high shadow
price for the number of customers (Groups 9–12 in Table 3).
The rightmost column of Table 3 reports the average efﬁciency
of ﬁrms projected to each facet of the DEA frontier. We note that
the differences in average efﬁciencies across facets are notably
larger in DEA than in StoNED (compare with Table 2).
3.3. SFA frontier
EMV applied SFA and DEA in parallel during the second regulation
period in 2008–2011. In practice, EMV applied the unweighted
average of the DEA and SFA efﬁciency scores to set cost reduction
targets for each ﬁrm (referred to as NMA in this paper).
The econometric SFA approach requires some parametric
assumptions concerning the functional form of the cost frontier.
The Cobb–Douglas and translog are the most commonly used
functional forms applied in the SFA literature. The SFA model can
be obtained as a special case of the generic cost frontier Model (1),
obtained by imposing some speciﬁc functional form for the cost
function C. In fact, SFA results as a restricted as a special case of
StoNED if the functional form is restricted to be linear and it is
assumed that marginal costs are equal for all ﬁrms.5
The main shortcoming of SFA is that the functional form assumptions are somewhat arbitrary and difﬁcult to justify. In the present
context, most commonly used functional forms fail to capture the
economies of scope in joint production (Syrjänen et al., 2006). For
example, the standard Cobb–Douglas function is quasi-concave at all
parameter values. This implies the Cobb–Douglas cost function
exhibits economies of specialization rather than economies of scope
which again could give wrong incentives to specialize in provision of
just one output instead of a balanced portfolio of outputs. The
ﬂexible functional forms such as translog are subject to the same
problem, and the larger number of parameters would likely cause
additional problems with multicollinearity. This is why EMV used the
linear functional form for SFA in the previous regulation period.
Linear functional form however assumes that outputs are perfect
substitutes. and thus it tends to favor the “average ﬁrm” over the
ﬁrms operating with an atypical output proﬁle.
As was apparent from the general regulatory model presented
in Eq. (1), the heterogeneity of the ﬁrms must also be taking
account. As a partial adjustment to the heterogeneity of ﬁrms and
their operating environments, the total network length y2 was
divided in two parts in the SFA model EMV applied in the previous
regulation period 2008–2011), speciﬁcally,
y2 ¼ y2A þ y2B ;

ð2Þ

where
y2A ¼length of underground cabled urban network (km), and
y2B ¼length of other network (km).
Treating y2A and y2B as separate outputs in the SFA model, the
marginal cost of the underground cabled urban network is allowed
to be higher than that of the other network. This however is
slightly problematic from the point of view EMV averaging
5
The random parameters SFA models (Tsionas, 2002; Greene, 2005) allow for
heterogeneity across ﬁrms by introducing ﬁrm-speciﬁc coefﬁcients.

approach as now the components of the average are based on
different model speciﬁcation (see details in the technical appendix
provided in the Supplement).
The SFA estimates of the marginal costs of outputs are presented
in Table 4. For completeness, we report the estimates for the threeoutput model where the total network length (y2, Model A) is used
as an output and for the four-output model where the network
length is separated in two components (y2A and y2B, Model B). The
SFA model is estimated by maximum likelihood assuming CRS (i.e.
the intercept term has been set to zero). In case of SFA, here and in
Section 4, we assume the truncated normal distribution for the
inefﬁciency distribution, as this is the speciﬁcation that EMV used
in the previous regulation period, following Syrjänen et al. (2006).
Comparing the results of Table 4 with the marginal costs
reported in Tables 2 and 3, we ﬁnd that the marginal costs
suggested by SFA differ from the average marginal costs estimated
by DEA or StoNED. For energy transmission, for example, the
marginal cost estimates obtained by SFA are notably larger than
the average of the StoNED estimates (only for Group 1 in Table 2,
the marginal cost is close to the SFA estimates), and almost twice
as large as the average of DEA estimates (Groups 1–4 in Table 3
yield marginal costs nearly as high as the SFA estimates).
In Model B, the estimated marginal cost of underground cabled
urban network is higher than that of the other network, as
expected. Note that the marginal cost of the total network length
in Model A is lower than the marginal cost of the other network in
Model B. Division of the network length on two parts has little
effect on the marginal cost of the energy transmission, but does
have a notable impact on the marginal cost per user. Clearly, taking
the heterogeneity of ﬁrms into account inﬂuences the marginal
cost estimates. Recall that the nonparametric DEA and StoNED
methods allow for ﬁrm-speciﬁc marginal costs, which provides
greater ﬂexibility in terms of the heterogeneity of ﬁrms and their
operating environments, as discussed at the end of Section 3.1.
The SFA estimate for the marginal cost per user is relatively
small and insigniﬁcant at the conventional signiﬁcance levels. The
StoNED estimates for the marginal cost per user are larger for
some groups (particularly ﬁrms operating in large cities), but the
average of StoNED estimates falls below the SFA estimate. The DEA
estimates are notably larger, for three groups the marginal cost
estimate exceeds €100 per user. For ﬁrms operating in rural areas,
the number of customers is not the main cost driver; majority of
Finnish distribution networks operate in rural areas. This explains
why the SFA estimate and the averages of DEA and StoNED
estimates of the marginal cost per user are rather low.
The SFA results reported in Table 4 have been estimated using
the heteroskedasticity correction following Syrjänen et al. (2006),
who assume that the variances of the inefﬁciency and noise terms
are proportional to the amount of transmitted energy (y1). It is
likely that the deviations from the cost frontier are dependent
from the company size. In econometrics, the textbook treatment of
such heteroskedasticity is to normalize all variables by y1. The
assumed form of heteroskedasticity however appears completely
arbitrary: one could equally well assume that heteroskedasticity is
driven by any other output of combination of them. To examine
the effect of heteroskedasticity correction in more detail, we have
estimated the SFA model again using each output variable as the
normalizing criterion, and without any normalization. The SFA
models are estimated with modiﬁed OLS (MOLS) and the parameter estimates of the models with alternative normalizations are
reported in Table 5, both under CRS (the top part) and variable
returns to scale (VRS, the bottom part).6

6
The maximum likelihood estimator of the SFA model fails due to wrong
skewness of residuals in six out of the eight speciﬁcations considered. Thus, for this
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Table 5
Impact of normalization on SFA (MOLS estimates).

Table 6
Correlation analysis of efﬁciency scores.

Normalization
None
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Pearson correlation

By
energy

By other
network

By
customers

CRS model
Energy (€ cents/kWh)
Urban network (€/km)
Other network (€/km)
Users (€/user)
Expected efﬁciency (%)
R2

0.09
−462.17
1044.65nn
113.03nn
#
0.998

1.00
1464.38nn
916.59nn
−0.67
72
0.876

0.49
−2445.20nn
1367.96nn
56.00nn
§
0.949

0.57
16,340.92nn
248.66
−62.62
#
0.997

VRS model
Constant (t€)
Energy (€ cents/kWh)
Urban network (€/km)
Other network (€/km)
Users (€/user)
Expected efﬁciency (%)
R2

108.85
0.08
−534.79
1053.56nn
113.82nn
#
0.997

111.82nn
0.90nn
1067.59nn
854.50nn
10.50
81
0.899

−183.51nn
0.56nn
−994.90
1412.23nn
50.39nn
§
0.961

713.27nn
0.44nn
−279.20
578.94nn
40.49
#
1.000

nn

nn

nn

Statistical signiﬁcance indicated as follows: n refers to 5% signiﬁcance,
1% signiﬁcance.
# Indicates negative skewness (negative s^ u ).
§ Indicates too large a skewness (negative s^ v ).

nn

refers to

Table 5 shows that the choice of the normalization has a major
impact on the marginal costs of outputs and some results do not
seem to be very meaningful. Many marginal costs are negative;
only in the VRS model normalized by energy transmission all
coefﬁcients are positive as expected. The normalization also
inﬂuences the skewness of the residuals. If no normalization is
applied, or the normalization is based on the number of customers,
then the skewness of the OLS residuals has a wrong sign, and hence
the stochastic frontier reduces to the OLS curve (Kumbhakar and
Lovell, 2000). In Table 5, these cases are indicated by # on the row
“Expected efﬁciency”. On the other hand, if the normalization is
based on the network length, the skewness is so large that the
estimate of s^ v becomes negative. These cases are indicated by §.
Thus, we ﬁnd that the normalization by energy transmission is not
only important for heteroskedasticity correction: it is the only
speciﬁcation in Table 5 that yields meaningful efﬁciency estimates
as well as positive marginal costs in the VRS case. We suspect the
parameter estimates are sensitive to the choice of normalization
due to multicollinearity of output variables.

4. Comparison of efﬁciency estimates
The previous section presented some selected empirical evidence of the cost frontier obtained with different methods. In this
section we compare the empirical estimates of cost efﬁciency
(CE).7 Our focus on the CE scores is motivated by the fact that the
Finnish legislation mandates the use the efﬁciency improvement
targets as the regulatory instrument of EMV. We also include the
efﬁciency scores obtained through naïve model averaging (NMA) to
our comparison. These ﬁgures are simply the averages of the DEA
and SFA estimates. The practical justiﬁcation of NMA was to
(footnote continued)
comparison, we report the Modiﬁed OLS (Aigner et al., 1977; Olson et al., 1980)
estimates throughout all eight speciﬁcations considered in Table 5.
7
For all methods, we follow the model speciﬁcations applied by EMV. For
comparability, CRS is imposed throughout all estimation methods considered.

StoNED DEA
StoNED 1
DEA
SFA
NMA

SFA

Spearman rank-correlation
NMA

StoNED DEA

0.9089 0.8956 0.9367 1
1
0.8568 0.9726
1
0.9523
1

SFA

NMA

0.9338 0.8788 0.9498
1
0.8456 0.9732
1
0.9329
1

Table 7
Descriptive statistic of efﬁciency scores.

StoNED
DEA
SFA
NMA

Mean

St. Dev.

Median

Min.

Max.

0.924
0.802
0.862
0.832

0.069
0.119
0.092
0.102

0.940
0.807
0.892
0.848

0.764
0.466
0.545
0.505

1.000
1.000
0.981
0.990

alleviate the possible modeling misspeciﬁcation of SFA and DEA
by taking an average of the two efﬁciency estimates.8
Consider ﬁrst the correlations between the CE scores estimated
by the four methods. Table 6 reports the correlation matrices of
the Pearson product moment correlation coefﬁcients (the left
side), and the Spearman rank correlation coefﬁcients (the right
side). There is a high positive correlation in every pair of CE
estimates. Based on the correlation analysis alone, one might be
tempted to conclude the choice of the estimation method has little
effect on the efﬁciency estimates. However, this conclusion proves
wrong in a closer inspection of the levels of CE estimates.
Table 7 reports descriptive statistics of the CE scores obtained
by different methods. There are notable differences in the levels of
efﬁciency scores. In particular, we ﬁnd that StoNED yields considerably higher efﬁciency scores than any other method, both in
terms of the mean and the minimum: recall that StoNED takes the
noise term explicitly into account and captures heterogeneity of
ﬁrms and their operating environments through the use of the
contextual variable z, which is omitted in other methods. 9
The summary statistics of Table 7 facilitate the comparisons of
an average or a median ﬁrm. To shed further light on efﬁciency of
individual ﬁrms, we have plotted the StoNED efﬁciency scores
against the NMA estimates in Fig. 1. Points in this diagram
represent the pair of efﬁciency estimates obtained by the average
of DEA and SFA (NMA, the horizontal axis) and StoNED (the
vertical axis). The broken line in the middle of diagram indicates
the 451 line: for points above this line the StoNED efﬁciency
estimate is greater than that of NMA.
Fig. 1 illustrates that the StoNED estimator is more favorable for
each individual ﬁrm than the average value of DEA and SFA; the
StoNED efﬁciency scores are higher than the corresponding NMA
values. For some companies the use of NMA value would yield
efﬁciency improvement targets around 35–50% (efﬁciency of
50–65%). Improvements of this magnitude seem highly unrealistic.
Note that there are many ﬁrms that lie relatively close to the

8
Similar practice of combining DEA and SFA estimators has been used or
considered for use in other countries as well, see, e.g., Pollit (2005), Azadeh et al.
(2009), and Bogetoft and Otto (2011, Ch. 10).
9
Note that in StoNED the probability mass at u¼ 0 is equal to zero, and hence
none of the ﬁrms are 100% efﬁcient. Still, the maximum value is rounded to 1.000 at
the accuracy of three decimal digits.
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100%

of the EMV model falls beyond the scope of the present paper, in
the next section we do discuss two important insights gained
during the reform of the EMV model.

StoNED-efficiency %

90%
80%

5. Implementation of efﬁciency benchmarks in regulation
70%
60%
50%
40%
40%

50%

60%

70%

80%

90%

100%

Average of DEA & SFA efficiency (NMA) %
Fig. 1. Comparison of StoNED and NMA efﬁciency scores.

Table 8
Monetary cost reduction targets (thousand € in prices of 2008).

StoNED
DEA
SFA
NMA

Industry

Mean

St. Dev.

Min.

Max.

47,508
141,382
93,023
117,205

534
1589
1045
1317

1326
3888
2185
2947

0.000
0.000
0.024
0.017

11,113
27,654
13,599
20,627

efﬁcient StoNED frontier. This is in contrast especially with DEA,
where only a few observations deﬁne the efﬁcient frontier.
The main objective of the efﬁciency estimates is to provide cost
targets that EMV imposes to the distribution ﬁrms. To examine the
impacts of the methodological choice on the bottom line, we have
converted the ﬁrm-speciﬁc efﬁciency estimates to monetary cost
reduction targets, calculated as xi ð1−CEi Þ, where CEi is the ﬁrmspeciﬁc estimate of inefﬁciency and xi is the observed total cost in
year 2008. For the stochastic SFA and StoNED methods, the CE is
based on the formulation of the conditional expected value of the
inefﬁciency term u, developed by Jondrow et al. (1982) (henceforth referred to as the JLMS method). The total cost reduction
target for the whole industry is reported in the ﬁrst column of
Table 8 (all ﬁgures in €1000 at prices of the year 2008). The
remaining columns provide summary statistics of the ﬁrm-speciﬁc
cost reduction targets.
Comparison of the cost reduction targets reveals substantial
differences between the methods considered. The calculated total
cost reduction target of the industry based on the StoNED
estimates is somewhat lower than €50 million. The SFA estimate
is approximately €50 million larger than the corresponding
StoNED ﬁgure. Further, the DEA estimate is approximately €50
million larger than the SFA estimate. Although the efﬁciency
scores obtained with the different methods are highly correlated,
the monetary ﬁgures presented in Table 8 illustrate that the choice
of the estimation method does have a signiﬁcant economic impact
within the regulatory framework.
Based on Table 8, one might conclude that StoNED is most
favorable to the regulated ﬁrms, whereas DEA is the best method
from the perspective of consumers. However, the practical implementation of the cost reduction targets in the regulatory framework will also matter. In the previous regulation period, EMV
made several adjustments to the cost reduction targets to make
them more favorable to the regulated industry. In the current
regulation period EMV enforces the StoNED targets more vigorously. While a detailed discussion of the practical implementation

Estimation of ﬁrm speciﬁc efﬁciency scores is often the main
objective of frontier estimation. Consequently, the benchmark
regulation typically starts from the efﬁciency scores. In Finland,
EMV is required to provide ﬁrm speciﬁc efﬁciency scores as the
basis of regulation by the law. In this section we argue that the
frontier cost function provides more appropriate benchmarks for
the acceptable cost level or cost reduction targets.
In the deterministic models such as DEA, the production
technology can be fully characterized by the distance to frontier
(i.e., the distance function). In this case, the efﬁciency scores can
be harmlessly used for setting cost reduction targets. However, the
situation is different in the stochastic models such as SFA and
StoNED because the distance to frontier is subject to random noise.
Even though SFA is currently used in regulation in some countries,
the impact of noise has not been recognized. Two important
lessons from the recent reform of the Finnish regulatory model
by EMV are worth noting.
First, we emphasize that the estimation of the stochastic cost
frontier function rests on a much sounder statistical foundation
than the estimation of ﬁrm speciﬁc efﬁciency scores. Provided that
the model assumptions hold, the cost frontier can be consistently
estimated even in a cross-sectional setting subject to noise. In
contrast, it is well known in SFA literature that the ﬁrm speciﬁc
inefﬁciency estimates obtained by using the JLMS method are
inconsistent. The rationale of this argument can be stated as
follows. The frontier cost function is common to all ﬁrms, and
hence the noise contained in individual observations can be
averaged out. In contrast, ﬁrm speciﬁc efﬁciency estimates are
based on the distance from an individual observation to the
frontier. Even if the sample size increases, the distance is measured from a single data point to the frontier. The increase in
sample size generally improves the precision of the frontier
estimator, but the efﬁciency estimator is still based on the distance
of a single data point to the frontier, and hence the noise contained
in the single data point cannot be averaged out.10
Second, the cost reduction targets based on the JLMS method
are dynamically inconsistent, as ﬁrst noted by Kuosmanen et al.
(2010). The argument can be brieﬂy stated as follows. The JLMS
method transforms the distance to the frontier to conditional
expected value of inefﬁciency. As a result, it attributes some
proportion of the measured distance to the frontier to the noise
term. The larger the distance to frontier, the larger the assumed
impact of noise. In another context, Wang and Schmidt (2002)
refer to this as the shrinkage effect of the JLMS method. In the
present context, the dynamic inconsistency arises from the fact
that the regulated ﬁrm does not necessarily reach the frontier even
if it improves its efﬁciency by the amount suggested by the JLMS
method. Even if all ﬁrms in the regulated industry improve their
efﬁciency according to the JLMS method, there is no guarantee
10
In the case of panel data where n ﬁrms are observed over T time periods, it is
possible to estimate time invariant inefﬁciency by averaging out noise over the T
observations of the same ﬁrm. To estimate the cost frontier we can average out
noise over the full sample of nT observations, which will likely result as a more
precise estimator. Further, the consistent estimation of the inefﬁciency term in the
panel data setting requires some additional assumptions, which may be considered
restrictive. For example, one could assume a time invariant inefﬁciency term or a
speciﬁc functional form for the efﬁciency change over time. For a freely time
varying inefﬁciency estimator that does not impose any additional assumptions,
consistent estimation is not possible even in the panel data setting.
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that all the ﬁrms reach the frontier at the end of the regulation
period.
To address both problems noted above, in the current regulation period EMV deﬁnes cost efﬁciency as the ratio of the frontier
cost function and the observed cost of the ﬁrm. Speciﬁcally,
CE′ ¼ Cðy1 ; y2 ; y3 Þ  expðδzÞ=x

ð3Þ

In this measure, the nominator can be consistently estimated,
avoiding the inconsistency of the JLMS estimator. Note that the
denominator x contains both inefﬁciency and noise. However,
the presence of noise in the denominator is not a problem as
our objective is to specify efﬁciency improvement targets such that
the ﬁrms would reach the efﬁcient cost level Cðy1 ; y2 ; y3 Þ  expðδzÞ.
Indeed, the acceptable cost level deﬁned using Eq. (3) is dynamically consistent: if a ﬁrm reduces its current cost level by factor CE’
during the regulation period, it will reach the efﬁcient cost frontier
at the end of the regulation period.

6. Monte Carlo simulations
The empirical comparison presented in the previous section
shows that the choice of the frontier estimation method does
matter in the regulation. We next examine performance of alternative methods in a simulated setting where the true cost frontier
and the ﬁrm-speciﬁc inefﬁciencies are known beforehand.
The advantage of the Monte Carlo (MC) comparison is that it
allows us to quantify the performance of each method in terms of
standard criteria such as the bias and root mean squared error (to
be deﬁned below).
A critical step in the MC analysis is the speciﬁcation of the data
generating process (DGP) that produces the simulated data.
For the empirical relevance of the MC analysis, it is desirable to
specify the DGP to imitate both the characteristics of the regulatory model the observed patterns of empirical data. In this study,
we calibrate the DGP to reﬂect both these aspects.
6.1. Data generating process (DGP)
The generic cost frontier Model (1) forms the basis of our DGP.
To ensure comparability, in the MC comparisons we apply exactly
the same model speciﬁcation across all methods. Thus, we assume
a three output case and omit the contextual variable z, as its
proper inclusion in DEA would be somewhat more complicated
than in SFA or StoNED.
We ﬁrst generate random data for the three output variables
using the formulas presented in Table 9. The DGP for output
variables has been speciﬁed to mimic the observed data as closely
as possible. The empirical distribution of the logarithms of outputs
is approximately uniformly distributed within the range [3, 11].
First, we generate the data for transmitted energy. The other two
outputs are generated conditional on the ﬁrst output. A weighted
average of a random draw from uniform distribution and the
previously generated energy output is applied to generate these
variables such that the weights are based on the empirical correlation between the observed variables. For example, the empirical
correlation between the network length and the transmitted energy
Table 9
DGP for the output variables.
Output
Energy
Network length
Customers

DGP
y1;i ¼ expðUni½3; 11Þ
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ð1−0:872 Þ  expðUni½3; 11Þ þ 0:87  y1;i
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
y3;i ¼ ð1−0:982 Þ  expðUni½3; 11Þ þ 0:98  y1;i

y2;i ¼

747

is 0.87. Thus, the simulated output data exhibit similar correlations
as the observed output variables in our empirical data.
Given the simulated output data, the next step is to generate
the total cost. This requires a speciﬁcation of the cost function.
Recall that the commonly used functional forms such as the Cobb–
Douglas and translog are inappropriate in the present context. To
calibrate our DGP to the current regulatory practice of EMV as
closely as possible, we apply the piece-wise linear cost frontier
applied by EMV in the regulation period 2012–2015. Given the
output vector (y1;i ; y2;i ; y3;i ), the value of the cost frontier is
calculated as
C i ¼ maxðβ1h y1i þ β2h y2i þ β3h y3i Þ
h

ð4Þ

where ðβ1h ; β2h ; β3h Þ, h¼1 ,…, H are the slope coefﬁcients (marginal
costs) of the H different hyperplane segments of the piece-wise
linear cost frontier implemented by EMV (compare with the
shadow prices reported in Table 2 and problem (2) in the technical
appendix provided in the Supplement). Note that the max operator in Eq. (4) selects the most favorable output prices for each
simulated data point.
Having calculated the values of the frontier cost function
(which represents the efﬁcient cost level) for each simulated
point, the observed total cost are generated using
xi ¼ C i  expðui þ vi Þ;

ð5Þ

where the inefﬁciency u for the noise v are distributed as:
ui  jNð0; 0:172 Þj and vi  Nð0; 0:092 Þ. The parameter values of the
standard deviations of the inefﬁciency and noise terms are
calibrated based on the empirical estimates obtained by applying
the method of moments estimator to the CNLS residuals in the
StoNED procedure.
Before proceeding to the results, it is worth to discuss whether
and to what extent the DGP provides an unfair advantage to any of
the methods considered. First, the DGP does not violate any of the
assumptions of the StoNED method. The piece-wise linear functional form of the true cost function used in the simulations is
compatible with the form of the StoNED frontier, but the same is
true for DEA. The fact that the coefﬁcients ðβ1h ; β2h ; β3h Þ and the
parameters ðsu ; sv Þ have been ex ante estimated by the StoNED
method does not give any particular advantage to this or that
method: the purpose of the ex ante estimation is to match the DGP
with the current regulatory practice of EMV. As for DEA, the
presence of the noise term v violates the deterministic nature of
this method. However, empirical data are always subject to some
noise, and some authors explicitly suggest that DEA is robust
enough to tolerate some noise (Gstach, 1998; Banker and
Natarajan, 2008). In fact, the noise term can help to alleviate the
small sample bias of the DEA estimator, as we note below.
Regarding SFA, the piece-wise linear functional form violates the
maintained assumption of the linear cost function. In all other
respects, the SFA estimator is correctly speciﬁed: we assume the
half-normal distribution of the inefﬁciency term (in contrast to the
EMV speciﬁcation of truncated normal inefﬁciency used in the
previous sections). For comparability of SFA and StoNED, we apply
the MOLS estimation strategy for SFA and the method of moments
estimator in StoNED.
The DGP used in the present simulations may seem to favor
StoNED, as it is the only method with the assumptions consistent
with those of the DGP. However, the rigid functional form of SFA
and the deterministic orientation of DEA are the well-known
characteristics of these methods. We must also stress that the
NMA approach is supposed to remedy these issues. Hence, we ﬁnd
it meaningful to compare the performances of the methods using
the DGP described above. For further Monte Carlo comparisons of
DEA, SFA and StoNED under alternative data generation processes
(including smooth frontiers and scenarios without noise), a reader
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is referred to Kuosmanen and Kortelainen (2012), Johnson and
Kuosmanen (2012), and Andor and Hesse (in press).
6.2. Performance measures
Recall from Section 3 that the SFA and StoNED estimators of the
cost frontier C are consistent, whereas the JLMS estimator of ﬁrmspeciﬁc inefﬁciency is inconsistent. Since no consistent estimator
of ﬁrm-speciﬁc inefﬁciency is available in the stochastic setting
involving noise, we compare performance of the methods in terms
of their precision in estimating the cost frontier C. Given the
simulated values C i (calculated using Eq. (4)) and the corresponding estimates C^ i (obtained with StoNED, DEA, SFA, and NMA), the
performance of the method is measured using the root mean
squared error (RMSE) and bias, deﬁned as
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
!2ﬃ
u
M u
n
C^ i −C i
t
1
1
ð6Þ
RMSE ¼ M ∑
n ∑
Ci
m¼1
i¼1
M

1 1
BIAS ¼ M
n ∑

n

∑

m¼1i¼1

C^ i −C i
Ci

ð7Þ

where M denotes the number of replications in the simulation.
Note that the RMSE is always greater than or equal to zero, with
zero indicating perfect precision. In contrast, the bias can be
positive or negative, the positive values indicating overestimation
and the negative values underestimation of the cost function. For
both performance statistics, values close to zero are desirable. Both
RMSE and bias have been normalized such that the performance
statistics have an interpretation as an average dispersion or bias.
For example, RMSE ¼0.05 indicates that the estimates C^ i deviate
from the true C i value by 5% on average.
6.3. Simulation results
The MC simulations were conducted using the GAMS software
and the MINOS solver run on a standard desktop PC (the GAMS
code for the simulations is available as online annex). We consider
four different scenarios with sample sizes n ¼25, 50, 100, and 200.
The sample sizes are chosen to be relatively small to reﬂect the
usual number of ﬁrms in this kind of sector (in the EMV data,
n ¼89). Each scenario has been replicated M¼ 1000 times. The
results of the MC analysis are reported in Table 10.
Consider ﬁrst the RMSE statistics reported on the left panel of
Table 10. The StoNED estimator has a lower RMSE than other
methods at all sample sizes. The average dispersion of approximately 5% from the true value is a very good result in the
stochastic setting involving noise. Note that the precision of the
StoNED estimator improves (RMSE decreases) as the sample size
increases, as expected. The DEA estimator yields a relatively good
precision of RMSE less than 10% at small sample sizes. However,
the RMSE increases together with the sample size. This is due to
the fact that DEA ignores the noise term. In small samples, the
noise term and the small sample bias offset each other, but as the
sample size increases, the bias due to the noise term starts to
Table 10
Simulation results.
RMSE

StoNED
DEA
SFA
NMA

BIAS

n ¼25

n¼ 50

n¼ 100

n¼ 200

n¼ 25

n¼50

n¼100

n ¼200

0.072
0.088
0.469
0.254

0.057
0.091
0.886
0.464

0.044
0.107
1.439
0.750

0.027
0.129
1.923
1.003

0.030
−0.025
−0.253
−0.139

0.022
−0.060
−0.666
−0.363

0.014
−0.091
−1.192
−0.641

0.009
−0.118
−1.661
−0.890

dominate. The SFA estimator yields catastrophic results in this
comparison, with average deviations of the magnitude of 50–200%.
Recall that the linear functional form is severely wrongly speciﬁed
in these simulations; most reported MC simulations assume the
correct (or almost correct) functional form for SFA. It is not
surprising to ﬁnd that the linear functional form fails to capture
the piece-wise linear cost function, Eq. (4), used in our simulations.
Further, the high correlation between the output variables makes
SFA vulnerable to multicollinearity. Moreover, note that the RMSE of
SFA increases alarmingly as the sample size increases. Finally, the
MC simulations illustrate the weakness of the NMA approach: the
poor performance of SFA carries over to the NMA estimator. In this
case, the use of DEA alone is clearly superior to NMA.
The bias statistics are reported on the right panel of Table 10.
The bias of the StoNED estimator is small, and decreases as the
sample size increases. In contrast to DEA and SFA, the bias of the
StoNED estimator is positive, which means that StoNED tends to
overestimate the true cost level in this setting. In the context of
regulation, modest overestimation is generally preferred to underestimation. The conventional wisdom of DEA suggests that the
DEA estimator is systematically biased towards overestimation of
cost. However, this idea stems from the deterministic setting,
whereas in the present MC simulations the DGP contains noise.
The results of Table 10 aptly illustrate that the DEA estimator is
downward biased under noise. In very small samples, the noise
term can offset the small sample bias, as we noted above.
Finally, we must emphasize that the previous MC comparison
has been calibrated to mimic the regulatory model of EMV and the
empirical data of the Finnish electricity distribution ﬁrms as
closely as possible. The purpose of such tailored simulations is to
ensure the relevance of the MC evidence in the speciﬁc context of
the Finnish regulatory model. We stress that the results of this
section do not necessarily apply to other sectors or in other
countries. As MC simulations are nowadays relatively inexpensive,
we suggest that investigating the internal consistency the benchmarking methods through MC simulations calibrated to the
speciﬁc regulatory context should be routinely conducted.

7. Conclusions
In this paper we have compared the frontier estimation
techniques applied in the benchmark regulation of electricity
distribution ﬁrms. The comparison was conducted both in terms
of the empirical data from Finland and in the controlled environment of Monte Carlo simulations. Our empirical comparison
demonstrated that the choice of benchmarking method has signiﬁcant economic effects on the regulatory outcomes, even when
the efﬁciency estimates from different methods are highly correlated. Although the frontier estimation methods are often used for
assessing relative efﬁciency and ranking of ﬁrms, in the context of
regulation, also the level of efﬁciency matters.
A unique feature of our Monte Carlo simulations concerns the
speciﬁcation of the data generating process. We calibrated the
simulation model and its parameters to capture as closely as
possible the key characteristics of the distribution sector and the
regulatory system in Finland. This allows us to estimate the
potential bias and dispersion of the frontier estimates obtained
with different frontier estimation methods in the setting that
mimics the empirical reality of this sector.
We have learned at least ﬁve important lessons from this
study:
(1) Heterogeneity: a large proportion of the observed dispersion in
cost per kilowatt hours across ﬁrms can be explained and
attributed to the heterogeneity of ﬁrms and their operating
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(2)

(3)

(4)

(5)

environments. The benchmarking model should be ﬂexible
enough to take into account the different circumstances of
small ﬁrms and large corporations, ﬁrms operating in rural
area or in a large city, and ﬁrms that supply power to households or heavy industry. The current regulatory model of EMV
attempts to take the heterogeneity into account through the
application of a non-parametric piece-wise linear cost frontier
that allows the marginal costs of outputs differ across ﬁrms,
and by applying the proportion of underground cables as an
additional contextual variable.
Noise: the cost data are subject to random variation from various
sources. For example, the capital expenditures depend on somewhat arbitrary accounting rules and depreciation rates. Random
weather events such as storms cause interruptions, which
inﬂuence the operational costs. In these circumstances, stochastic
frontier models that explicitly recognize a random noise term are
preferable to deterministic benchmarks that attribute all deviations from the frontier to inefﬁciency. The current regulatory
model of EMV takes a random noise term explicitly and systematically into account in the frontier estimation.
Frontier as the benchmark: it is important to recognize that the
estimation of the frontier cost function (or production function) rests on a much sounder statistical foundation than the
estimation of ﬁrm-speciﬁc efﬁciency scores. Therefore, it is
generally recommended to set the efﬁciency improvement
targets based on the frontier cost or production function,
rather than the ﬁrm-speciﬁc efﬁciency estimates, as noted in
Section 5. In the current regulatory model of EMV, efﬁciency is
deﬁned as the ratio of the cost frontier and the observed cost,
which effectively imposes the cost frontier as the target.
Implementation: development of a benchmarking model should
not be viewed as an isolated exercise, but rather as an integral
part of designing the regulatory framework as a whole.
The systematic use of the StoNED cost frontier as a benchmark
has enabled EMV to eliminate some redundant components in
the regulatory model, making the regulation more transparent.
Although the efﬁciency estimates according to the StoNED
method are on average higher than those of DEA and SFA,
EMV has implemented the efﬁciency improvement targets
more vigorously than in the previous regulation periods.
Tailored simulations: in this paper we have shown that it is
possible to calibrate the simulation model to mimic the
characteristics of the regulated industry as well as the regulatory model. Conducting tailored simulations is an inexpensive
way to compare the performance of alternative benchmarking
tools in the speciﬁc context of application. We would recommend the use of calibrated Monte Carlo simulations as a test for
the internal consistency of the chosen benchmarking model.

Appendix A. Supporting information
Supplementary data associated with this article can be found in
the online version at http://dx.doi.org/10.1016/j.enpol.2013.05.091.
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Technical Appendix

This technical supplement introduces the basic characteristics and discusses the properties of the three
frontier estimators examined in the abovementioned paper. The purpose of this technical supplement is to
preserve space for the comparison of estimated empirical frontiers instead of their theoretical properties.
For simplicity of the presentation, we first state the general cost frontier model and then discuss each
model in turn. We also deal with the naïve model averaging (NMA) approach here in more detail and
discuss the problems of this approach on a technical level.
The general cost frontier model
Here we briefly state the general cost frontier model. The cost regulation of EMV is based on the
following generic model of cost frontier (see Kuosmanen, 2012, for a more detailed discussion).

ln x

ln C ( y1 , y 2 , y 3 )  G z  u  v

(1)

where
x is the observed total cost (TOTEX) (1,000 €)
C is the frontier cost function
y1 is the energy transmission (GWh)
y2 is the total length of the network (km)
y3 is the number of customers
z is the proportion of underground cables
δ is the coefficient of the z variable
u is the random variable representing inefficiency
v is the random variable representing stochastic noise

In this study the cost variable x refers to the total expenditure (TOTEX), which consists of three
components: controllable operational costs (OPEX), capital expenditures (CAPEX) and the external
supply interruption costs for customers (INT). The last component can also be viewed as a quality
component, as the lack of supply interventions can be interpreted as an indicator of good service.
StoNED estimator
The StoNED estimator is based on some general axioms (or regularity conditions) concerning the
benchmark technology (see details of the method in Kuosmanen and Kortelainen, 2012). The set of
axioms imposed in the EMV regulatory model are the following (see Kuosmanen, 2012):
1)

C is monotonic increasing in all outputs

2)

C is globally convex in outputs

3)

C exhibits constant returns to scale (CRS)

The first two conditions are standard properties in DEA. The third axiom defines the nature of returns to
scale and it could be relaxed. However, the CRS axiom could not be rejected in the empirical specification
test reported by Kuosmanen (2012). More importantly, the CRS axiom is preferable from the regulatory
point of view, as the benchmark technology exhibits the same level of total factor productivity irrespective
of the firm size. For example, suppose firms enjoy economies of scale in reality. The CRS axiom of the
regulatory model then provides an incentive for firms to seek productivity improvement through mergers.
Such an incentive would be lost if the CRS axiom were relaxed and variable returns to scale (VRS) were
imposed. Indeed, the use of the VRS benchmark may give wrong incentives for firms to split or merge for
strategic reasons to game the regulator (see e.g. Jamasb et al., 2003, 2004).
The StoNED estimation proceeds in two stages. First, the cost frontier model (1) is estimated
with convex nonparametric least squares (CNLS: Johnson and Kuosmanen, 2011, 2012; Kuosmanen,
2008). Denoting the composite error term by H i
n

¦H
I EG H
min
, , ,

ui  v i , the CNLS problem can be stated as

2
i

i 1

subject to

(2)

ln Ii  G z i  H i i
Ii E1i y1i +E 2 i y 2 i  E 3i y 3i i
Ii t E1h y1i +E 2h y 2 i  E 3h y 3i h , i
ln x i

Eki t 0 k 1, 2,3; i
The firm specific beta coefficients represent the marginal costs of outputs (shadow prices). Alternatively,
these coefficients can be interpreted as the slopes of the tangent hyperplanes to the piece-wise linear cost
frontier. The firm specific coefficients allow for greater heterogeneity of distribution networks than the
usual parametric approaches (cf., e.g., Cullmann, 2012). The contextual variable z also partly captures
heterogeneity of firms.

In the second stage we impose distributional assumptions on inefficiency and noise and follow
the method of moments approach (see Kuosmanen and Kortelainen, 2012; Kuosmanen, 2012) to estimate
the firm specific inefficiencies, utilizing the estimated CNLS residuals Hˆi . The usual assumptions of the
SFA literature are that u i has a half-normal distribution such that ui t 0 , and v i has a normal distribution
with zero-mean and a finite constant variance, and these assumptions are assumed here also.
The optimal Ii from problem (2) is a consistent estimator of the total cost xi, conditional on
outputs ( y1i , y 2 i , y3i ) , that is,
E( x i y 1i , y 2 i , y 3i ) C ( y1i , y 2i , y 3i ) u exp( P ) ,

(3)

where P is the expected inefficiency estimated with methods of moments, given the distributional
assumption of inefficiency. This approach is similar to the Modified OLS (MOLS) approach commonly
applied in SFA literature (Aigner et al., 1977; Olson et al., 1980).1 Indeed, StoNED can be seen as an
axiomatic, nonparametric variant of the classic MOLS; the conditional expected value E( x i y1i , y 2 i , y 3i ) is
estimated by CNLS instead of OLS, but otherwise the StoNED estimator follows the standard MOLS
procedure.
To estimate the frontier cost function, we must adjust the estimated Ii with P . Thus, the StoNED
cost frontier is obtained by adjusting the estimated Ii downward according to
Cˆ StoNED ( y1i , y 2i , y 3i ) Ii u exp( Vˆ u 2 / S ) .

(4)

Finally, we can utilize the Jondrow et al. (1982) decomposition to obtain firm-specific inefficiency estimates
uˆ i . For comparability with the DEA efficiency scores, we convert the inefficiency estimates as cost

efficiency measures as follows
CE i

100% u exp( uˆi )

(5)


Sometimes MOLS is referred to as corrected OLS (COLS) (see, e.g., Azadeh et al., 2009). We prefer to use MOLS for the
probabilistic estimator that takes into account noise, and reserve the term COLS for the deterministic estimator that envelopes
all observations.

1

In practice, the CNLS problem (2) can be solved by mathematical programming solvers for convex
problems. In this study we use GAMS (General Algebraic Modeling System) and its MINOS solver as this
solver is suitable for solving nonlinear programming problems. Problem (2) is nonlinear due the
logarithmic transformations applied to the observed costs and the estimable frontier costs. Since there is a
large number of constraints and parameters, problem (2) is computationally more burdensome than for
example the OLS. With the present hardware and software capacity, however, problem (2) is solvable in
tolerable time by standard PC, provided that the sample size is not too large (see Lee et al., 2013, for
discussion).

DEA estimator
The DEA estimator can be obtained as restricted special case of Problem (2). If we restrict the residuals Hˆi
to take only positive values and exclude the contextual variable z, the CNLS problem (2) is equivalent to
the input-oriented DEA under CRS (see Kuosmanen and Johnson, 2010, for details). Thus, DEA
maintains the same assumptions concerning the shape of the frontier as StoNED.
If we assume away noise, the DEA estimator is consistent, but biased in the small samples (Banker,
1993). In the case of the cost frontier, DEA overestimates the true unobserved cost function in the small
samples but it converges to the true frontier as the sample size tends towards infinity. Statistical inference
on DEA can be conducted by using the bootstrap methods (e.g., Simar and Wilson, 2008). However, if the
stochastic noise term is included in the model, the DEA estimator can be biased in both directions. In this
case the bootstrap inferences are invalid. Indeed, it seems a common misunderstanding to assume that the
bootstrap method (or robust frontiers) would make DEA more robust to noise. We must emphasize that
the probabilistic treatment of sampling error does not address stochastic noise at all.
The EMV specification of the DEA model applied in the previous regulation period 2008 – 2011
did not include any contextual variables z. The conventional approach to modeling z-variables in DEA is

to resort to a two-stage approach, where efficiency is first estimated using DEA, and then the DEA
efficiency scores are regressed on z-variables, using OLS, probit, tobit, or truncated regression. Simar and
Wilson (2007) present heavy critique of this approach. Recently, Johnson and Kuosmanen (2012) have
shown that one-stage estimation of z-variables is possible in DEA. However, we follow the EMV
specification and omit the z-variable from DEA altogether.
SFA estimator
Within this context, the SFA estimator of the frontier can be obtained as special case of StoNED estimator
if cost frontier C is assumed to be linear (as in Syrjänen et al., 2006, specification implemented by EMV in
2008 – 2011) and we restrict the marginal costs to be same for every firm (i.e., Eki

Ekh i , h , k ). The

estimation of inefficiency in SFA is analogous to the procedure presented above for StoNED as StoNED
lends its approach from SFA.
The Finnish Energy Market Authority attempted to take the heterogeneity of firms into account in
SFA by dividing the network variable into two separate variables. The use of different sets of output
variables in the DEA and SFA models is however problematic for the parallel use of both methods as a
part of the regulatory model. This issue is discussed in next section of this appendix when we deal the
NMA approach. It is also good to note that this is not the only way to take account heterogeneity in SFA.
The SFA literature offers abundant number of ways for modeling contextual variables z (e.g., Kumbhakar
and Lovell, 2000, Ch. 7, and references therein). However, again we restrict ourselves to the EMV
specification with divided network variable.
Naïve model averaging (NMA)
Given the relative strengths and limitations of DEA and SFA, it might be tempting to try to alleviate the
risk of model misspecification by taking the average of the two estimators. In Finland, EMV applied the
average of DEA and SFA estimators in the previous regulation period 2008 – 2011. Consequently, we refer

this simplistic approach as naïve model averaging (NMA). This section provides a brief but critical
examination of the shortcomings of NMA.
Let us first consider the statistical properties of NMA based on the known properties of SFA and
DEA. If the parametric assumptions of the SFA estimator hold, both the MOLS and the maximum
likelihood estimators of the cost frontier C are unbiased and consistent (Greene, 2008). The firm specific
inefficiency term ui can be estimated by using the conditional expected value of Jondrow et al. (1982). This
estimator is unbiased, but inconsistent. In the cross-sectional setting, the inconsistency of the firm-specific
inefficiency estimator is due to the fact that inefficiency is estimated based on the residuals and there is
only one observation available for each firm. While an increase in the sample size improves the fit of the
cost frontier, it does not improve precision of the firm-specific efficiency estimates. Thus, if we are
interested in firm-specific efficiency scores, then inconsistency of the SFA estimator directly implies the
NMA estimator is inconsistent even if the assumptions of the SFA model hold.
To obtain a consistent estimator of firm-specific efficiency, we must assume away noise. In this
case, the DEA estimator is consistent under the stated axioms. The SFA estimator remains inconsistent
even if the functional form is correctly specified, so there is little benefit to introduce SFA: the DEA
estimator is consistent, whereas NMA is not. But by assuming away the noise, we lose the most desirable
property of SFA.
As for the estimation of the cost frontier C, the statistical consistency of the NMA estimator
requires that the assumptions of both DEA and SFA hold simultaneously. That is, the NMA estimator is
consistent only if the frontier is linear with respect to outputs, inefficiency u has a truncated normal
distribution, and there is no noise v. In this situation SFA estimator is unbiased and consistent. The DEA
estimator is consistent but biased. Thus, the NMA estimator is consistent but biased. We conclude that
under the assumptions required for the statistical consistency of the NMA cost frontier estimator, the SFA

estimator is both unbiased and more efficient than the NMA estimator: introducing the DEA estimator
does not provide any real benefit in this situation.
The problems of NMA are further intensified by the fact that EMV applied different sets of output
variables in DEA and SFA. In DEA the total network length was used as an output, whereas in SFA the
network length was divided in two output variables, the urban underground cabled network and other
network. This creates a profound misspecification problem. If the two models are differently specified with
respect to the output variables, then one of the models (if not both) has to be misspecified. If one of the
models is misspecified, then so is the NMA estimator. There is no reason to expect that averaging wrongly
specified estimators would be beneficial.
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Abstract. Two veins of literature, namely, production risk literature and stochastic frontier analysis,
are examined. Both ﬁelds are concerned of output variation; the former due to exogenous shocks,
the latter due inefﬁciency. By covering the literature from both the ﬁelds, this review suggests that
the concept of heteroscedasticity can be utilized to build a synthesis between these mainly separate
branches of literature. However, the synthetic approach brings a challenge how to differentiate between
different sources of output variation. This challenge is identiﬁed as the main obstacle to meaningfully
combine the two approaches.
Keywords. Heteroscedasticity; Just and Pope model; Production risk; Stochastic frontier

1. Introduction
In economics, the standard deﬁnition of production function deﬁnes it as the function that gives maximal
output as a function of the given inputs (e.g. Varian, 1992). This deﬁnition implies that a producer
is operating efﬁciently and is not facing any exogenous shocks to its input–output correspondence.
Obviously, this situation rarely occurs in reality. The standard approach in the econometric estimation
of production function has been to augment the otherwise deterministic input–output relation with a
stochastic random error. Thus, the estimated production function does not need to correspond exactly
to the observed production. Usually the random error is included purely for statistical reasons and the
interest is in estimating the production function itself. However, two strands of production economics,
namely, the production risk ﬁeld (see, e.g. Moschini and Hennessy, 2001, pp. 110–112) and the frontier
ﬁeld (see surveys by Murillo-Zamorano, 2004; Fried et al., 2008), have positioned themselves to study
the variation of production in terms of this error.1
The study of production risk has been prevalent in agricultural economics since uncertainty over output
is especially present in agriculture, which is characterized by uncertain production environment due to,
for example, weather, pests and pollution (Just and Pope, 2001, pp. 643–647; Moschini and Hennessy,
2001).2 Such risk/uncertainty is often labelled as production or output risk.3 Obviously, production risks
also occur in other ﬁelds of production. However, for example, in manufacturing the consistent factory-like
production environment signiﬁcantly decreases the occurrence of such risks. In some sense, the production
risk in agriculture resembles the well-known deﬁnition of risk in traditional ﬁnance literature where risk
can be seen as the volatility (variance) of return associated with a given investment portfolio. In a similar
manner we could assume that a farmer faces a certain degree of risk given the input factor portfolio.
The frontier ﬁeld however assigns variations in output between producers mainly to the inefﬁciency
of the producers. Inefﬁciency is measured against an ideal best-practice frontier. Moreover inefﬁciency
is generally considered to be due to actions that are under the control of producer. Thus, the view of the
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Table 1. The Positioning of the Review within the Literature.

Regression

Frontier

Heteroscedasticity

Harvey (1976)
Amemiya (1977)

Caudill et al. (1995)
Hadri (1999)

Production risk

Just and Pope (1978, 1979)

Kumbhakar (1993)
Battese et al. (1997)
Kumbhakar (2002a)

frontier ﬁeld seems distinctively different to that of the production risk ﬁeld, which considers exogenous
output shocks. However, varying operating conditions make efﬁciency measurement challenging as
comparing the efﬁciency of producers makes sense only if the producers can be assumed to be operating
in a relatively similar environment. Otherwise, it could be the case that some producers are seen as
being more efﬁcient only because they operate in a more favourable environment. This problem has
long been acknowledged within the frontier ﬁeld and consequently solutions have emerged to account
for production environment. The core idea of more well known solutions has been to assume that
the expected inefﬁciency or variance of inefﬁciency is producer- or environment-speciﬁc. In terms of
econometric jargon, inefﬁciency is heteroscedastic in the latter case. The following example illustrates
this point.
Consider producers in regions A and B. In region A, the variability of performance is higher than in
region B. Assume also that the conditions of production environment in region A are more volatile than in
region B. Now consider why the variation of performance might be higher in region A. We can assume that
producers in either region differ in their capabilities to adapt themselves to the changes in their production
environment. Thus, initially signiﬁcant variation in performance can be present in region B also. But it is
likely that in the long run, the more stable operation conditions lead to similar and predictable responses
in this region. In region A on the other hand, the performance variations can persist simply due to a
more risky environment. In this context, the risks of production manifest themselves as performance or
inefﬁciency variations. Using again an analogy drawn from ﬁnance; both returns and losses are likely to be
higher under high volatility. Evidently the riskiness of environment affects the production performance.
Thus, it is surprising to notice that the concept of production risk is rarely mentioned in the frontier
literature although heteroscedasticity is often discussed. This is despite that the production risk and the
frontier ﬁelds share a substantial common ground in empirical applications in agriculture (see surveys by
Battese, 1992; Bravo-Ureta et al., 2007).
Probably due to the profound conceptual differences between the two ﬁelds, historically neither ﬁeld
has been very aware of the other. Thus, a systematic and simultaneous exploration of the two ﬁelds would
be warranted to see whether the ﬁelds have more in common than what the historical retrospective might
suggests. Unfortunately, to our knowledge no such examination has been conducted. This review aims to
ﬁll this gap. We explore how ideas from both the ﬁelds have contributed to a synthesis in knowledge. This
idea of synthesis we base on the concept of heteroscedasticity. Conceptually this review is positioned
as in Table 1. There we have roughly identiﬁed four branches of literature. The literature in the upper
left-hand cell refers to the traditional literature on heteroscedasticity in regression analysis. It serves as
reference point for the three other branches that we deal in this review. The synthetic literature, which
seeks to combine ideas from the two ﬁelds discussed, is located at the lower right-hand cell.
Our focus is on the empirical literature as the estimation of heteroscedastic econometric models
has been a most fruitful area of convergence between the ﬁelds. The review adopts a microminded
approach instead of a meta-analysis. We do not provide a full coverage of the literature in production
risk, frontiers, heteroscedasticity or in agricultural economics – these goals have already been achieved
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elsewhere. Agricultural production is however an integral part of the discussion because of the common
ground of applications. Besides an expositional coverage of the subject, some critical insights regarding
the possible challenges in combining the two ﬁelds are presented. This discussion also reaches beyond
the core topic of heteroscedasticity. The synthetic view of the two ﬁelds constructed in this review should
beneﬁt the future research in bridging the gap between the ﬁelds. The examination in this study proceeds
such that Sections 2 and 3 cover the production risk literature and frontier literature separately. Section 4
examines the studies, which aim to synthesize the ideas from these ﬁelds. Section 5 discusses the potential
challenges, such as production dynamics and heterogeneity, of synthesis. Finally Section 6 concludes.

2. A Brief Introduction to Production Risk
Risk is not a new concept in agricultural production economics. However for our purposes, the appropriate
origin of the literature dates back to the 1960s. Then the emphasis was on studying the distributional
characteristics of crop yields by examining the moments of yield distribution. This also provided
information about how input use might affect these moments. In his inﬂuential article, Day (1965)
proposed that crop yield distributions ought to be positively skewed instead of being symmetrically
normal. Risky weather conditions should imply less than mean yields as being the most likely. Only under
ideal weather conditions, could extraordinary yields be obtained. For Day, the skewed distribution was a
sign of risk. He also considered how different levels of fertilizer (nitrogen) use would affect the skewness
of a crop yield. Day concluded that generally, a higher level of nitrogen use ‘ . . . places him [farmer] in
a more favorable risk environment’. implying that the risk is reduced by the use of nitrogen. This was
in contrast with Fuller (1965) who found that the variability of yields increased along with nitrogen use
(see also Just and Pope, 1979). Fuller, however, targeted his attention to variance instead of skewness
as a measure of risk (see also Anderson, 1973).4 These early analyses of risk in agriculture were much
grounded on the distributional analysis of crop yields. From the perspective of production economics, the
more production function-minded work of Just and Pope (1978, 1979) is generally considered to be the
starting point of production risk literature in its current form.
Even today, the work of Just and Pope (1978, 1979) is often regarded as one of the hallmark models of
production risk. Just and Pope (1978) criticized the traditional stochastic input–output responses such as
Cobb–Douglas production function, since they impose strict constraints on how inputs affect the observed
output variance, that is, the production risk. All traditional production functions applied held inputs to
have only a risk-increasing effect on the output variance. Instead, Just and Pope suggested formulating
the production function as shown in equation (1):5
y = f (X ) + h(X )ε

(1)

The Just–Pope model (JP-model hereafter) in equation (1) combines the deterministic production
function f(.), which is a function of inputs X, with the additive stochastic error term ε with zero mean and
constant variance. However, the term ε is scaled by a risk function h(.). Just and Pope (1978) show that this
formulation does not restrict the sign of the marginal risk effects of inputs on the variance of output. They
also present a consistent and asymptotically efﬁcient maximum likelihood (ML) estimation procedure to
estimate the parameters in functions f(X) and h(X). The follow-up study by Just and Pope (1979) presented
a three-step feasible generalized least squares (FGLS) estimator for obtaining the parameter estimates
of the risk function. This latter estimator has subsequently been the tool mostly applied in empirical
work (see Saha et al., 1997). Both estimation approaches take much from the traditional estimation
of heteroscedastic regression models such as Harvey (1976) and Amemiya (1977) as the JP-model
is in fact a model with heteroscedastic errors due to function h(.). It is also important to note that the
JP-model considers producers operating efﬁciently. Consequently, it assigns all variation from the optimal
production levels only to exogenous shocks.
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The JP-model framework has been fairly popular in empirical applications (e.g. Traxler et al., 1995;
Kumbhakar and Tveterås 2003). Asche and Tveterås (1999) employ the JP-framework to estimate the risk
effects in the Norwegian salmon farming industry. Departing from the FGLS procedure presented by Just
and Pope, they estimate the production function and the risk function with ordinary least squares (OLS)
in two separate steps, exploiting the fact that production uncertainty can be treated as heteroscedasticity.
The approach by Asche and Tveterås avoids using non-linear least squares needed in FGLS approach
but they lose some of its estimation efﬁciency. They also discuss the role of heteroscedasticity in risk
considerations. They see heteroscedasticity as a phenomenon with some economic content instead of
purely econometric misspeciﬁcation problem. This review concurs with this interpretation. Consequently
they propose that typical heteroscedasticity tests can be applied to detect production risk. Of course, these
tests may also pick up misspeciﬁcation that is not production uncertainty. Another novel application of the
JP-framework by Koundouri and Nauges (2005) augments the JP-model with a Heckman-type selection
model. According to them, the parameters of the risk function can be biased if crop selection is not taken
into account. It is reasonable to expect that risk parameters can be affected by crop selection as selection
is often determined by the same variables (e.g. weather) that constitute the variability in output.
Relatively quickly after its introduction, the JP-model was noted by Antle (1983b) as still rather
restrictive. According to Antle, the JP-model imposed similar restrictions on higher order moments
(above the second moment) than the models criticized by Just and Pope (1978) imposed on the second
moment. Antle showed that the elasticity with respect to input(s) of any higher order moment is directly
proportional to the elasticity of the second moment.6 For Just and Pope, this was not a problem as they
considered only variance as the relevant measure of output risk. Thus, the research line initiated by Antle
revived the discussion seen already between Day and Fuller about the proper measures of risk. Antle also
proposes a ﬂexible moment-based estimation approach where the effects of inputs on each moment are
allowed to differ.
Antle and Goodger (1984) applied Antle’s earlier framework in a milk production application. They
found that after accounting for the third moment, the input use of the risk-averse decision maker may
change when compared to the traditional mean-variance set up. Antle (1983b) and Antle and Goodger
(1984) also contemplated the relevant number of moments. Following Kendall and Stuart (1977), Antle
(1983b) viewed moments up to the fourth moment as being sufﬁcient to describe the yield distribution.
Of course, the number of relevant moments is ultimately an empirical matter. Recently, Antle (2010a)
suggests that partial moments instead of full moments provide a more detailed description of inputs’
effects on moments since inputs are allowed to have different effects on the moments in the different
parts of the output distribution. Further discussion can be found, for example, from Du et al. (2012) who
extend the JP-model to include also skewness.
With a slight digression, we note that we have not yet touched upon the issue of risk preferences
of the producers. For example, Love and Buccola (1991) call for a joint estimation of technology and
risk preferences since technology parameters are inconsistent if these preferences are not accounted
for. Lence (2009) and Just and Just (2011) have, however, pointed out some challenges in estimating
risk preferences from the production data. Preferences are also signiﬁcant when comparing alternative
technologies. Tveterås (1999) notes that in a deterministic setting, technical efﬁciency is a sufﬁcient
condition to rank two alternate technologies. But as the setting becomes risky (stochastic), efﬁciency is
no longer an objective measure, as the ranking of technologies depends on the risk preferences of the
producer. In other words, the ranking of technologies depends on how the producer prefers the expected
output over its variance. Since the review of risk preference literature would practically merit a review
study of its own, we do not diverge further on this topic.7
It seems that production risk literature has been divided between the variance-based and the skewnessbased measurement of risk. The core question is whether the ﬁrst two moments are an adequate
representation of output distribution and its riskiness.8 Just and Weninger (1999) suggest that crop yields
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can be adequately represented with a normal distribution. Antle (2010b) argues that it is an empirical and
testable question as to whether, for example, any two parameter location-scale distribution is adequate.
He points out that location-scale assumption is at the heart of the JP-model with heteroscedastic errors.
But considering the next section on heteroscedastic frontier models, we view that the relevant comparison
point for these models is the JP-model due to its direct grounding on heteroscedastic regression models.
It is, however, important to be aware of the basic higher order moment-based approaches of estimating
production risk, since skewness of the error term is one of the central issues of the frontier ﬁeld also (see,
e.g. Kuosmanen and Fosgerau, 2009 and the next section). It is especially interesting that skewness is
given different meanings in these ﬁelds; a point that will become evident in our future discussion.

3. Frontier Literature on Heteroscedasticity
We start with a very brief overview of the frontier ﬁeld for those not familiar of it. The ﬁeld targets an
estimation of a frontier, which usually deﬁnes maximal production. Different from typical production
function estimation, the producers are not assumed to operate efﬁciently. Inefﬁciency is then a one-sided
deviation from this frontier. This also suggests a different error structure for estimation than in a typical
production function with random symmetric noise. The general deﬁnition of technical efﬁciency by
Koopmans (1951) states that the ﬁrm is technically efﬁcient if any increase in one output would imply
a reduction in at least one other output or increase at least one input, The origins of efﬁciency measures
are by Debreu (1951) and especially by Farrell (1957), whose deﬁnitions of the measures are based on
the radial expansion of outputs or the radial contraction of inputs. The development of current efﬁciency
estimation methods however dates back to end of 1970s, interestingly coinciding with the development
of the JP-model.
The frontier ﬁeld has been characterized by two efﬁciency estimation paradigms. The non-parametric
data envelopment analysis (DEA) concept was originally suggested by Farrell (1957) but popularized by
Charnes et al. (1978). Since, it has been the predominant approach within the operation research and
management science community. DEA has gained its popularity mainly due to its axiomatic approach in
deﬁning the efﬁcient production frontier. This approach relies on a minimal set of regularity conditions
for production technology such as monotonicity, concavity and certain returns-to-scale. Given these
assumptions, the technology is estimated with a mathematical linear programming optimization. The
main limitation of DEA is that it assumes all deviation to the frontier being due to inefﬁciency. The
inability of DEA to account for statistical noise and measurement errors gave rise to another strand of
frontier estimation with a strong econometric background. Stochastic frontier analysis (SFA) (Aigner
et al., 1977; Meeusen and van den Broeck, 1977) incorporates statistical noise into its estimation
framework. It however imposes a functional form for the production technology. Typically it also requires
assumptions regarding the distribution of inefﬁciency and noise. Due to the econometric groundings
of SFA, it has achieved a more fruitful treatment of heteroscedasticity. Thus, we limit our interest on
SFA literature and leave an exploration of DEA and other semi- or non-parametric methods under
heteroscedasticity as a topic of further research. Many semi- and non-parametric methods are anyhow
more robust with respect to heteroscedasticity than SFA as they attempt to relax some of the assumptions
of the parametric models (see, e.g. Kumbhakar et al., 2007). These approaches however pay little attention
to model heteroscedasticity as an economic phenomenon.
The original SFA model that Aigner et al. (1977) proposed for the estimation of production function
in the presence of noise and inefﬁciency is in equation (2):
yi = f (xi ; β) + εi

(2)

where εi = vi − u i .
In equation (2), the deterministic part of the production frontier f (xi ; β) speciﬁes the maximum
production given inputs xi for ﬁrm i. The parameter vector β represents the parameters of the production
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function. Some parametric functional form (e.g. Cobb–Douglas, translog) is assumed for f(.). The
composed error term, εi represents the overall deviations from the frontier. The term, vi is a typical
two-sided symmetric noise term. Consequently f (xi ; β) + vi forms the stochastic frontier. Aigner et
al. (1977) characterize vi being the result of external events outside the control of a ﬁrm such as
luck, weather and topology. Another source for vi is in speciﬁcation and measurement errors. The
term, u i is the one-sided inefﬁciency component. For production function, it is always assumed as
positive. The parameters β are typically estimated with ML although OLS-based approaches are also
available. Using ML necessitates some distributional assumptions for the error components. The usual
assumptions are vi ∼ N (0, σv2 ) and u i that follows some one-sided distribution such as half-normal,
u i ∼ |N (0, σu2 )| or exponential. It is also assumed that u i and vi are independent of each other and of
inputs xi .
One complication in the early stages of SFA literature was that in a cross-sectional case, only industrywide average inefﬁciency could be obtained. Jondrow et al. (1982) derived the point estimator for
ﬁrm-speciﬁc inefﬁciency as E(u i |εi ) and this estimator still frequently applied despite being inconsistent
in a cross-sectional case. Since the distribution of inefﬁciency is one-sided, the composite error εi should
be negatively skewed in the case of a production frontier. Thus, a test on the skewness of ε̂i serves as
a speciﬁcation test, as to whether the frontier formulation is appropriate in contrast to a neoclassical
production function (Kuosmanen and Fosgerau, 2009).9
It is also reasonable to ask whether distributional assumptions on inefﬁciency have any major effect
on the SFA estimation. The choice of the distribution for the inefﬁciency term is relatively arbitrary
as long as the chosen distribution is one-sided. Generally, the choice does not signiﬁcantly affect the
estimated efﬁciency scores or their rankings (e.g. Greene, 2008, pp. 180–184). Certain distributional
assumptions however may have some interesting conceptual implications as we later note. Relaxation of
these assumptions is possible by using panel data or generalized method of moments (GMM) estimation
(Schmidt and Sickles, 1984; Kopp and Mullahy, 1990).
Heteroscedasticity is introduced by allowing the variances of the error components to be observation2
2
speciﬁc, that is, σv,i
and/or σu,i
. Within frontier literature, the discussion of heteroscedasticity is necessarily
preceded by a more general discussion of the modelling of exogenous inefﬁciency effects with so-called zvariables (see survey in Kumbhakar and Lovell, 2000, Chapter 7). The z-variables are usually considered
to be variables which are not part of the production technology as such but which can still affect the
efﬁciency of the production process. These variables thus affect the relative location of the frontier but
not the shape of it. These may include variables describing, for example, the operating environment or
producer-speciﬁc characteristics. The early and rather intuitive approach to assess the effects of z-variables
was to ﬁrst obtain a measure of efﬁciency and then run a regression of the obtained efﬁciency scores on
z-variables. This approach has since been proven to be unsatisfactory due the complications concerning
the two separate steps of estimation (see, e.g. Schmidt, 2010). Thus, usually the z-variables parametrize
the distribution of inefﬁciency and the effects of them and the production function are jointly estimated
in a single stage.
Kumbhakar et al. (1991) (KGM hereafter) parametrizes the mean of inefﬁciency distribution such
that u i ∼ |N (zi γ , σu2 )|. The parameter vector γ gives the effects of z-variables on mean inefﬁciency.
This approach however confounds the effects of z-variables on the expected level of inefﬁciency and
the variance of inefﬁciency. Shifting the underlying mean of the untruncated u necessarily shapes the
variance of the truncated u. Extensions of the KGM model are Huang and Liu (1994) and Battese and
Coelli (1995). Huang and Liu’s model (1994) includes the interactions of inputs and z-variables in the
vector z. Thus, the inefﬁciency effects may vary according the input level. Battese and Coelli (1995)
extend the model to panel data. By parametrizing the expected inefﬁciency, these models shift the relative
location of the frontier. The location of the frontier can also be shifted by other means. Nothing in our
earlier deﬁnition of z-variables prevents them being entered into the model as in equation (3), as suggested
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by Reifschneider and Stevenson (1991):
yi = f (xi ; β) + g(zi ; δ) + εi

(3)

In equation (3) the z-variables act as direct production function shifters. The practical effects of KGM
(1991) and Reifschneider and Stevenson (1991) speciﬁcations are quite similar. As a consequence, it is
difﬁcult to differentiate between these two positioning (see discussion in Fried et al., 2008, pp. 156–157).
Conceptually the interpretations, however, will differ. In the latter case, the production function is shifted
with respect to the observations, whereas in the former case the observations are effectively adjusted by
their environment/characteristics with respect to the frontier.
None of the above studies explicitly model heteroscedasticity with z-variables. Reifschneider and
Stevenson (1991) noted that the standard deviation of inefﬁciency could be modelled as a non-negative
function of the z-variables but did not implement this approach. With simulation experiments, Caudill and
Ford (1993) and Caudill et al. (1995) (CFG hereafter) showed that unaccounted heteroscedasticity biases
the parameter estimates of frontier function and the obtained efﬁciencies. To account for heteroscedasticity,
CFG (1995) suggested the parametrization shown in equation (4) for the standard deviation of inefﬁciency.
In the equation, Z is a vector of variables mainly related to ﬁrm size (their deﬁnition) and γ is again a
vector of the unknown coefﬁcients to be estimated. The exponential form for parametrization guarantees
that the standard deviation is non-negative:
σui = exp(Zi γ )

(4)

σvi = exp(Wi θ)

(5)

Subsequently, Hadri (1999) proposed an obvious extension to the CFG (1995) model with his doubly
heteroscedastic model, by parametrizing also the standard deviation of the two-side noise component
within the same model. Thus, Hadri’s model encompasses the CFG (1995) model as a special case if the
standard deviation of noise is constant. Notice that parametrizing only the standard deviations or variances
of the distributions does not necessarily offer much more clarity compared to the above models, which
parametrize the mean only. If the underlying variance is parametrized, keeping the pre-truncated mean
constant, then the after truncation mean is again necessarily changed. It also serves to brieﬂy discuss the
variable choice at this point. Hadri viewed the Z-variables in equation (4) to be variables related to ﬁrm
management, whereas the W-variables in equation (5), he viewed as size related variables. In the context
of this review, it is however more relevant to ask whether a variable is under or beyond the control of
ﬁrm management. It would be tempting to say that Z-variables are more in the control of management
than W-variables as unlike noise, inefﬁciency should be controllable. However, while noise itself is not
controllable, the effects of it may be, at least considering from a production risk perspective. Thus, is not
directly obvious that all W-variables are uncontrollable as in the spirit of JP-model it could include inputs,
for example.
Concluding this section, the most pressing issue in modelling exogenous efﬁciency effects is well
characterized by Greene (2008, p. 154) when he asks ‘Where do we put the z’s’? The problem is,
that regardless of the placement of the z-variables their practical effect is often much the same and
thus hard to explicitly identify. For modelling risk, however, the more important issue is whether the
standard deviations given in equations (4) and (5) can be interpreted as production risk or uncertainty. The
discussion in the following section will endeavour to show that indeed they can be given such meaning.

4. Convergence of the Two Fields: The Synthesis
In this section, we examine how the ideas from the production risk and frontier ﬁelds have been
synthesized. We begin with a statement from Gallagher (1987): ‘Capacity is deﬁned here as the yield that
would occur with efﬁcient use of the given technology for controllable inputs and ideal weather’. This
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statement well captures the importance of the operating environment in frontier models. More speciﬁcally
it says that the maximum capacity is achieved only under ideal conditions. With capacity Gallagher
referred to a frontier and according to him the deviations from this frontier are due to one-sided random
ﬂuctuations, that is, production risks. Thus, Gallagher does not have any inefﬁciency considerations in
his study. That is why we do not consider the model by Gallagher as a synthetic approach in the sense
what is meant in this review as it does not discuss inefﬁciency and production risk together.
Somewhat closer to such synthesis is the work by Antle and Crissman (1990) who derive a measure
of technical efﬁciency within an expected utility framework. Their efﬁciency measurement concerns the
differences in efﬁciency between traditional and modern crop varieties. The relative efﬁciency between
the producers of these varieties is the ratio between their expected utilities, which again depend upon the
producer surplus. The moments of producer surplus are functions of inputs. Thus, the uncertainty over
output is taken into account in the producer problem by deﬁning the objective as an expected utility of the
producer surplus instead of surplus itself. Since their efﬁciency comparisons are only pairwise, they do
not estimate any frontiers and thus again their work cannot be considered as synthesis quite in the sense of
this review. Their work, however, raises an important issue of production dynamics and its implications
on efﬁciency measurement (see Section 5).
Closer to the typical SFA framework, Kumbhakar (1993) stated the need for a joint estimation of
technology, production risk and inefﬁciency. He views that incorporating risk into to the basic SFA
framework makes SFA model heteroscedastic. Indeed, from equation (6), we see that his model is an
extension of the JP-model. The actual estimation much follows the panel data model of Grifﬁths and
Anderson (1982). Grifﬁths and Anderson present a framework for estimating ﬁrm-speciﬁc effects under
the Just and Pope risk speciﬁcation without considering these individual effects as inefﬁciency. Kumbhakar
gives them such an interpretation. Unfortunately, also the main challenges of Kumbhakar’s model relates
to these ﬁrm-speciﬁc effects. First they are assumed to be ﬁxed over time. It may not be reasonable to
assume this in longer panels. The model nevertheless allows these ﬁrm-speciﬁc effects on output to vary
along with the input use in Just–Pope fashion, but the underlying inefﬁciency is ﬁxed. Secondly, as we will
later discuss, the ﬁxed effects component faces problems when we attempt to identify it as inefﬁciency,
as it easily picks also other heterogeneity that is not related to inefﬁciency:
ln y = ln f (x; α) + g(x; β)[τi + λt + vit ]

(6)

where
τi is the time-invariant ﬁrm effect/inefﬁciency
λt is the time-speciﬁc effect,
vit is the ﬁrm- and time-speciﬁc random noise and
α, β are the parameters associated with the production and risk functions.
Strictly in SFA context, Battese et al. (1997) (BRW) introduced a cross-sectional stochastic frontier
model with a composed error term and ﬂexible risk properties as shown in equation (7). All terms in
equation (7) are similarly deﬁned as before apart from the non-negative ui which is now distributed as
the truncation of the N (μ, σu2 ) distribution. We see that the standard SFA and JP models result as special
cases of the model in equation (7) if we omit the function g(.) or inefﬁciency correspondingly. In their
application the risk ﬂexible model or the traditional JP-model did not yield noticeably different marginal
products of inputs, compared to the typical SFA model. Moreover, inefﬁciency effects were tested being
absent in stochastic ﬂexible risk model, suggesting that it does not differ signiﬁcantly from a typical
JP-model. Finally, the parameter estimates of the risk function did not differ between the JP-model and
the risk ﬂexible SFA speciﬁcation. The last ﬁnding is quite expected as BRW do not identify which error
component is the source of risk since the function g(.) is the same for both v and u:
Yi = f (xi ; α) + g(xi ; β)[vi − u i ]
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The natural extension of the BRW (1997) model was presented by Kumbhakar (2002a). This model
is shown in equation (8). Kumbhakar aims to augment the SFA model with production risk and on the
other hand to account for the possibility of inefﬁciency in the JP-model. Most importantly, however,
Kumbhakar also includes the estimation of risk preferences in this model. Thus, the model allows
us to elicit information as to how both technical inefﬁciency and production risk contribute to the input
decisions given the risk preferences. Neither the traditional JP-framework nor the SFA-framework account
for preferences, so preferences are not assumed to affect the input use. In reality a risk-averse producer
could prefer risk-reducing inputs over other inputs.
y = f (x, z) + g(x, z)v − q(x, z)u

(8)

Note that, Kumbhakar deﬁnes the vector z as quasi-ﬁxed inputs, not as the usual z-variables we
have discussed earlier. It is straightforward to see that the BRW-model results as a special case if
g(x, z) = q(x, z) and the standard JP-form is obtained if no inefﬁciency is present. Functional form for all
the functions f(.), g(.) and q(.) has to be speciﬁed. It is often argued in favour of semi- or non-parametric
frontier models that any pre-determined functional form is hard to justify for the production function.
Just and Weninger (1999) pointed out that functional form misspeciﬁcation is often a major source of
complication in the estimation of crop yield distributions. Thus, it might be hard to justify any speciﬁc
form for the functions g(.) and q(.) also. Kumbhakar and Tsionas (2010) partly relax these parametric
restrictions and consider non-parametric kernel estimation of the production and risk functions. They
however remain within the standard JP-model and do not consider inefﬁciency to be present. Relaxing
these parametric assumptions further in this context might provide a potential avenue for further research.
Kumbhakar applies his model to data on Norwegian salmon farmers. He ﬁnds that for risk-averse
farmers, the output risk impacts more on their input decisions than technical inefﬁciency. This implies
that the risk-averse producer is more concerned in reducing the output risk at the expense of the efﬁcient
use of inputs. Already Ramaswami (1992) pointed out that the marginal risk premium is negative for
risk averters if and only if the input is risk decreasing. In contrast, a risk-averse producer should be
compensated (positive risk premium) for the use of risk-increasing input. Thus, in sectors where risk
considerations are of concern but where ﬁrms are risk neutral, the ﬁrms may not have sufﬁcient incentives
to reduce risk. Consider, for example, the regulation of public utilities and their service provision. Often
incentive schemes in regulation emphasize efﬁciency over quality factors (see, e.g. Giannakis et al.,
2005). Furthermore, the minimization of inefﬁciency and risk are often contradictory objectives as the
high use of risk-reducing input can appear as technical inefﬁciency (see Kumbhakar, 2002a). Therefore,
the regulated utilities may be more concerned with being technically efﬁcient, rather than improving the
quality (riskiness) of their services.
The models by Kumbhakar (1993, 2002a) and BRW (1997) are JP-augmentations of the standard SFA
model. Nevertheless, the concept of production uncertainty has been introduced in SFA literature without
any reference to the JP-framework. Instead of the parameters of risk function, Bera and Sharma (1999)
targeted their analysis towards the variability of inefﬁciency. Following the Jondrow et al. (1982) estimate
of inefﬁciency E(u i |εi ), they introduce the conditional variance of inefﬁciency Var(u i |εi ) as a measure
of production uncertainty, where εi is the composed error term from a typical SFA model.
Bera and Sharma show that both E(u i |εi ) and Var(u i |εi ) are monotonically decreasing in εi for
production function. This implies that given a ﬁxed vi , the closer the production is to the frontier, the
less production uncertainty it faces. They also note that the possibility for efﬁciency improvement is
larger under a high uncertainty. That is, the largest scope for efﬁciency improvement is where the largest
variability of efﬁciency occurs. However, we must take some care in interpreting Var(u i |εi ) as a measure
of production uncertainty. If we compare the result of Bera and Sharma to Kumbhakar (2002a), they seem
somewhat contradictory. In Kumbhakar’s approach, the objectives of technical efﬁciency and production
uncertainty can be in contradiction due to risk aversion. In Bera and Sharma’s approach, these measures
go to the same direction. Bera and Sharma acknowledge that production uncertainty can be due to factors
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other than inefﬁciency (e.g. environment). There is no need to assume that these factors are less volatile
near the frontier. In fact, the producer may need to be more efﬁcient in order to successfully operate in a
riskier environment. Thus, the most efﬁcient units may face the highest production uncertainty. Finally,
note that, due to conditioning on εi , the noise component is ﬁxed in their approach. Thus, factors in v
cannot be considered to be contributing to production risk. For future research they propose to investigate
the conditional skewness and kurtosis measures (see also Asche and Tveterås, 1999, and the reference
therein).
Wang (2002) also considers the variance of inefﬁciency as the measure of production uncertainty. For
analytical simplicity, Wang uses the unconditional variance of inefﬁciency Var(u i ) instead of Var(u i |εi ).
Wang however places more interest on how z-variables affect his measure of production uncertainty.
We have previously discussed some developments of modelling the exogenous efﬁciency effects in SFA
models. Those models were mainly concerned with parametrizing either the mean or the variance of
inefﬁciency distribution. Wang (2002) proposes a model where the z-variables affect both the mean
and the variance such that u it ∼ N + (μit , σit2 ). The detailed parametrizations are shown in equations (9)
and (10).
(9)
μit = zit δ
σit2 = exp(zit γ )

(10)

This model seems to be a direct extension of the models by KGM (1991) and CFG (1995). The model
allows the z-variables to have non-monotonic marginal effects on inefﬁciency within the sample. This
means that the effect of z-variables on E(u i ) and Var(u i ) can differ in magnitude and even in sign with
different values of z-variables. Wang notes that in KGM framework, a certain z-variable is either efﬁciency
enhancing or efﬁciency impeding. To illustrate his model, Wang uses farmer’s age as an example. For
younger farmers, ageing affects positively on productivity through gaining more experience. Above a
certain age the effect turns to be negative as older farmers are physically less capable to perform well.
The effects on variance are generally the same. Wang however notes that in his model, the effects on
mean and variance can also differ. Nonetheless, it is not directly observable whether the Wang model
suffers from the same problem of confounding effects as the KGM (1991) model. Moreover, it is not
obvious either from the work of Bera and Sharma or the one by Wang, whether their use of the term
‘production uncertainty’ holds signiﬁcantly different connotations to what is meant by production risk in
the sense of Just and Pope. But since variations in inefﬁciency arguably translate to variations in output,
these concepts can be seen to coincide at some level.
In a parallel study to Wang (2002), Wang and Schmidt (2002) propose a model shown in equation
(11) with a so-called scaling property for inefﬁciency (see also Simar et al., 1994). In equation (11), the
distribution u ∗ is independent of z-variables. This so-called base inefﬁciency is however scaled with a
scaling function h(.) where δ is a parameter vector associated with the z-variables. Following Alvarez
et al. (2006), the scaling property can be interpreted such that the basic distribution of u ∗ reﬂects,
for example, the natural managerial abilities of the manager which are not affected by any contextual
factors:
u(z, δ) = h(z, δ)u ∗

(11)

The scaling function, which can be a function of the operating environment, then effectively scales
up or down the mean and the spread of these managerial capabilities. In other words, the extent that the
natural skills of the manager are used effectively depends, for example, on the manager’s schooling and
operating environment. Interestingly, the scaling function could also be interpreted as a risk function.
Since the scaling function determines the scale of the distribution for inefﬁciency, a larger scale can be
considered as a riskier environment. In the JP-model also the effects of random shocks are in some sense
scaled up or down by the risk function.
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The main contributions for the synthesis between the stochastic frontier models and production risk
models can be considered to be those listed above. However, few other studies warrant a mention. Jaenicke
et al. (2003) compare different SFA models and the JP-model in a cotton cropping system application.
They found that the ordering of different cropping systems with respect to their riskiness was much
affected by the chosen method. However, they do not combine the JP- and SFA-model in the same fashion
that has been done above by BRW (1997), for example. Their ﬁnal ‘new’ model is in fact a variant of the
Wang (2002) model with the exception that Jaenicke et al. parametrize the variance of noise instead of
the variance of inefﬁciency. Thus, they interpret the variance of noise to represent production risk. Huang
and Kao (2006) extend the inefﬁciency/risk estimation to a multi-output setting as according to them any
single output model is unable to identify risk from technical efﬁciency. They argue that since observable
output is affected by the production risk, these factors become undistinguishable from output inefﬁciency.
Instead they propose to associate risk to only one of the outputs and regard the other outputs as riskless.
It is uncertain as to what constitutes the rules in determining risky output. In the Huang and Kao (2006)
banking example, their approach may seem plausible, but in agriculture the multi-output farmer is likely
to face risks relating to each of the outputs. Their notion of identiﬁcation however merits its place.
This section outlines two distinctive approaches to synthesis. The JP-augmentation of SFA models
(Kumbhakar, 1993, 2002a; BRW, 1997) can be considered as the more direct approach, whereas ‘the
variance approach’ (Bera and Sharma, 1999; Wang, 2002; Jaenicke et al., 2003) examines the production
risk indirectly from the variance of inefﬁciency or noise. The former approach allows us to infer the
effects of input use on production risk with the cost of more complex estimation. The latter approach
could in principle be extended to examine the risk effects of inputs by obtaining a measure of production
risk and regressing that on the inputs. However, this type of approach might yield similar statistical issues
to those known in the two-step approach of z-variable modelling in frontier literature (Schmidt, 2010).
It is often argued that the validity of a two-step approach relies upon z-variables being separable from
the input–output space (see, e.g. Daraio and Simar, 2005). Similarly, it can be argued that risk cannot
be separated from technology estimation, especially if we study inputs’ effects on risk. Thus, it may be
preferable to jointly estimate the technology and risk parameters. This goal is partly achieved with the
JP-augmented SFA-models. However, complications arise, as often such models are unable to adequately
separate between inefﬁciency, production risk or any other form of heterogeneity.

5. Discussion and Further Extensions
As we have seen, the concept of heteroscedasticity appears to be the linking channel between the
production risk and SFA models. Our treatment so far has largely been expositional. We have tangentially
discussed some of the challenges of a synthetic approach but the implications of these challenges are yet
to be studied in detail. In this section, we deal the challenges of a synthetic approach in a wider context
and extend the discussion also beyond the concept of heteroscedasticity. There are two issues that we
especially examine in this section. First, our previous discussion has not yet identiﬁed as to what stage of
production process inefﬁciency and risk should be considered. But clearly production dynamics affects
our perceptions of inefﬁciency and risk, as production decisions often are long-term decisions. Secondly,
identiﬁcation between inefﬁciency and production risk can be problematic since producer or environment
heterogeneity may perturb our attempts to separate them.
The full exploration of production dynamics falls beyond the scope of this review. Dynamics, however,
has some relatively intuitive implications for risk and inefﬁciency. So far, a relatively static view of risk
has been presented. Up to this point, we have mainly considered risk to manifest itself in the uncertain
output given the decision on inputs. But of course the riskiness of production may already affect the
input decisions. Already Just (1974) found that past experiences of risk signiﬁcantly affect the future
decisions of a farmer. Implicitly the later Just and Pope (1978) model also aims to learn something about
this feedback process as it aims to see how risk could be controlled with the input use. Jolly (1983) has
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categorized the risk management of a farm to be compiled from two types of actions, namely, those actions
against risk exposure and those in controlling risk impacts. The producer probably seeks to minimize both
the exposure to risk and the impacts of a realized risk. In practice, the former may be impossible to control
for but the latter seems more controllable through the use of risk-reducing inputs. Regardless of how
controllable exposure and impacts are, the decisions concerning them are anyhow made with incomplete
information. The farmer has only subjective ex ante evaluation regarding risk or uncertainty at hand at the
time of the decision. Therefore, some degree of inefﬁciency may result from this informational deﬁciency.
The risk-efﬁciency hypothesis by Antle (1983a) well summarizes the farmer’s problem: ‘ . . . previously
optimal decisions based on old information become suboptimal with new information. These facts lead
me to hypothesize that risk affects both, productivity (technical efﬁciency) and optimal resource use
(allocative efﬁciency) . . . ’. Simply put, previously technically (or allocatively) efﬁcient decisions may
not be efﬁcient when subject to new information. Clearly, efﬁciency after resolved uncertainty is different
from the efﬁciency before unresolved uncertainty. The problem for the analyst is that production analysis
is often ex post analysis of the observed behaviour. Pope and Chavas (1994) and Pope and Just (1998)
show that a so called ex post cost function conditioned on the observed output is not compatible with the
expected utility maximization when the output is in fact stochastic. As a consequence, biased parameter
estimates of the cost function are obtained if ex post function is applied instead of ex ante function.
Production dynamics also matter for technology adoption, which inherently is a dynamic process. As
discussed by Antle and Crissman (1990), technology adoption has implications for efﬁciency measurement
also. Consider that in a certain period, a farmer experiments with new technology to obtain possible future
gains. The farmer may appear relatively more inefﬁcient in this adoption period than in a previous period
as the farmer is yet to fully master the new technology. Is it then correct to interpret this as inefﬁciency?
Especially if the learning process results in signiﬁcantly better outcomes in the future, a snapshot view
on efﬁciency can be severely misleading. Thus, the long-term optimization problem might signiﬁcantly
differ from the short-term one as noted by Antle and Crissman (1990). Indeed they ﬁnd that during the
early periods following the introduction of a new technology, the adopters suffered efﬁciency loss relative
to the users of old technology. This relationship is however reversed due to learning in later periods.
Thus, in the present context we see that technology adoption can imply period-speciﬁc heteroscedasticity.
Experimenters have higher variation in their output during experimental periods compared to the nonexperimenters. Ghosh et al. (1994) also examine the role of technical inefﬁciency and risk attitudes in
the technology adoption process and found that technically more efﬁcient producers were more willing
to adopt the new technology. They view the new technology as risky and as a result, the technically
inefﬁcient risk-averse producers are not willing to adopt the new technology. This is because in principle
they can increase their expected proﬁts with old technology by increasing their efﬁciency.10 These results
in together may explain why we may observe rather large efﬁciency variations of a producer between
different periods.
The second complication of the synthetic treatment of risk and inefﬁciency comes from the identiﬁcation
between them. Identifying is challenging, as both are deviations from a production frontier. Here, we
consider both deviations to be output reducing. Of course, we could have a positive shock, but in a case
of risk it is maybe more natural to speak of negative shocks. More speciﬁcally, the problem is how to
properly decompose the overall residual into these two (or even more) subcomponents. Before that, it is
informative to ask a more general question about how we obtain this residual at ﬁrst place. The residual
is always a result of unaccounted factors of our model (or misspeciﬁcation). Thus, the key is how much
conditioning we can and want to do in our model. In practice we are forced to put some limit to our
conditioning. By imposing this limit, something is necessarily left unexplained. From here, it is only a
matter of labelling as to whether we call the remaining residual as inefﬁciency, production risk or noise.
Abramovitz (1956) famously stated that the residual can be seen ‘as the measure of our ignorance’.
Unfortunately, whether the residuals represent the ignorance of the ﬁrm under study or the analyst is
often unclear. We can only hope that the analysts have the competence to include all the relevant factors
Journal of Economic Surveys (2013) Vol. 00, No. 0, pp. 1–20

C 2013 John Wiley & Sons Ltd

HETEROSCEDASTICITY OR PRODUCTION RISK?

13

to minimize their ignorance. According to Stigler (1976), observed inefﬁciency might be a result of the
failure of the model itself. 11 However, even after a correctly speciﬁed model it is not certain what does
the obtained residual stand for. As said, this deviation can be manifested as inefﬁciency, production risk or
noise. Thus, the next step would be to decompose the residual. The problem of decomposing the overall
error to its parts (inefﬁciency and noise term) is known as the deconvolution problem in frontier literature
(see, e.g. Amsler et al., 2009). The signal (inefﬁciency) that we are looking to extract is convoluted with
the relatively uninteresting part (noise). Similarly, inefﬁciency can be convoluted with production risk
(O’Donnell and Grifﬁths, 2006). Thus, what often is labelled as inefﬁciency might simply be a realized
output risk. The deconvolution is further complicated as the convolution with production risk in fact
involves three parts: inefﬁciency, production risk and also noise. O’Donnell and Grifﬁths (2006) propose
to achieve this type of deconvolution in a Bayesian estimation framework.
If we are interested in both inefﬁciency and production risk within the standard SFA framework, the
easy way out would be to assume that the noise term is production risk. Nevertheless noise has not
usually been labelled as risk since the motivation to include the noise has been mostly statistical. Of
course placing risk to the noise term raises the problem of how to differentiate risk from measurement
errors and other statistical noise. By no means probably, but following the JP-framework analogy, there is
where the risk component naturally falls. But the way we generally see statistical noise in an econometric
model has an interesting consequence on how we assume risk being distributed if we consider noise
as risk. Since the noise term is usually always assumed to follow a symmetric distribution, we would
consequentially assume that production risk is symmetric. But already in Section 2, we noted that risk
might have a skewed distribution. For example, small- and mediocre-sized risks are often more likely
than high risks, thus leading to a positively skewed risk distribution. This however would complicate
identiﬁcation, as now both inefﬁciency and noise would be skewed similarly. Analogously, as Amsler et
al. (2009) point out, nothing in principle rules out ‘nearly normal’ distributions for inefﬁciency. Again
identiﬁcation would be practically impossible. It may be because of these challenges that risk has more
often been incorporated to the variance of the inefﬁciency term in frontier literature and the noise term is
subsequently left without further interest.
Even more general problem is how to untangle inefﬁciency from producer and environment
heterogeneity. Some authors in the efﬁciency literature are concerned that the variations in environment
and/or the characteristics of producers are often misinterpreted as observed inefﬁciency. For example,
O’Donnell et al. (2010) (OCQ hereafter) suggest that efﬁciency considerations with traditional frontier
models may be misleading due their inability to take into account the uncertain production environment
and the producers’ views about this environment. OCQ suggest that information asymmetry between the
producers can cause productivity differences even without any technical or allocative inefﬁciency. In other
words, the productivity differences are not due to any inefﬁcient use of resources, as we would normally
understand inefﬁciency, but only due to differences in perceptions. Obviously the better informed producer
is more capable to adapt himself to the uncertain possibilities of the future. OCQ (2010) illustrate their
point in simulations where the expectations of risk among producers are heterogeneous.12 They assume
that producers are fully rational and optimize their production such that no inefﬁciency in its traditional
sense is present. This assumption illustrates their main point that even among fully efﬁcient producers,
productivity varies due to the different states of nature. More speciﬁcally, they show that the traditional
efﬁciency estimators, such as SFA and DEA, identify inefﬁciency being present although all producers
are efﬁcient. Thus, the unaccounted informational asymmetries are portrayed as inefﬁciency. They also
assume that producers face the same set of possible states of nature. This rarely is the reality but this
assumption highlights that producers differ only in their beliefs of future states, not in their possible states
of nature.
The work by OCQ (2010) recognizes more or less the same message as the study by Greene (2004).
Greene studied the differences in the efﬁciency of national healthcare systems using a large WHO data
set. He points out that a substantial proportion of the country heterogeneity has been misinterpreted
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as inefﬁciency in earlier studies on the subject. Greene notes that in typical panel data frontier models
such as Kumbhakar (1993), the time-invariant unit-speciﬁc component practically ‘masquerades’ all
heterogeneity as inefﬁciency. Instead Greene (see also Greene, 2005) suggests more general true ﬁxed
and random effects models, which add a further heterogeneity component to the typical panel data models.
However, the true ﬁxed effects model is often practically infeasible with a large cross-sectional dimension
as the number of estimable parameters increases rapidly.
The above true ﬁxed/random effect models do not consider heterogeneity in production function
parameters. Greene (2005) actually shows that the above true random effects model is a special case
of a more general random parameter model where variation in technology parameters accounts for
heterogeneity (see, e.g. Kalirajan and Obwona, 1994; Tsionas, 2002; Huang, 2004). Often these random
parameter models are formulated within the Bayesian framework with certain prior distributions for the
parameters. Greene also discusses so-called latent class models or alternatively named ‘ﬁnite mixture
models’ (see, e.g. Beard et al., 1991; Gropper et al., 1999; Caudill, 2003). These models assume that
producers belong to different groups/classes for which different production functions with different
technology parameters are estimated. Often the probability of class membership parametrized as a function
of some ﬁrm-/environment-speciﬁc variables. Greene aptly points out that these latent class models can
be seen as discrete versions of the random parameter models above. The main limitation of these models
is that the number of classes has to be known beforehand. On the DEA side, group-speciﬁc frontiers are
estimated in frontier separation (Charnes et al., 1981) and meta-frontier approaches (Battese et al., 2004;
O’Donnell et al., 2008). These models however require that we beforehand know to which group each
producer belongs. In the latent class models, the class membership is unknown a priori.
Instead of estimating separate technologies based on some categorization on environment or producer
characteristics, we can consider that production technology differs at different levels of efﬁciency. It
might be reasonable to expect that technology closer to the frontier differs from technology far from it.
Quantile regression has been utilized for this purpose (Bernini et al., 2004; Liu et al., 2008; for a general
treatment of quantile regression see Koenker and Hallock, 2001). Different quantiles are estimated
such that one of the upper quantiles represents the efﬁcient frontier. The problem is that the choice of
appropriate quantile to represent the frontier is relatively arbitrary. Finally, the approach by Li et al. (2002)
models technology heterogeneity by deﬁning the production function parameters as functions of some
environmental variables. This is yet another placement possibility for the z-variables.
In general, the aim of including technology heterogeneity in a stochastic frontier context can be
summarized by the statement of Tsionas (2002): ‘ . . . free the frontier model from the restrictive assumption
that all ﬁrms must share exactly the same technological possibilities’. This would leave us to study the
‘true’ inefﬁciency that is remaining after accounting for technological differences. Moreover, since
technological differences are arguably mainly due to differences in operating environment, it seems that
the random parameter models could provide information on how technological choices respond to the
changes in environment. However, if the aim is only to allow ﬂexibility in the production function, we
may want to resort to DEA style non-parametric methods, which inherently are very ﬂexible in terms of
the production technology.
The issue of heterogeneity is of course not new. Already Hall and Winsten (1959) considered possible
problems in efﬁciency estimation when producers operating in different environments were compared.
According to them, difﬁculties arise since each environment sets a different range of choices for managers.
Interestingly, the current deﬁnition of z-variables can be dated back to their paper as they point out the
difference between production and environment variables as: ‘The lines between different classes of
comparisons are drawn by those changes which do not count as changes of technique, but which do
inﬂuence output’. They also suggest that some ‘allowances’ should be made according to how difﬁcult
a certain task is to achieve in certain operating environment. This is basically the core reason why zvariables are used. For example, in comparing the cost efﬁciency of electricity distribution ﬁrms, it is
important to take into account the operating environment. Companies in urban areas have to utilize more
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expensive underground cabling instead of cheaper overhead cabling that can be used in more rural areas.
Direct comparison of cost efﬁciency could then be unfair if the operating environment is left unaccounted.
For example Kuosmanen (2012) and Kuosmanen et al. (2013) use the proportion of underground cabling
from total cabling as a variable characterizing the operation environment.
The discussion above characterizes the multitude of ways by which we may account for the
heterogeneity of producers or their environment. Many of them reach far beyond the concept of
heteroscedasticity. However, whether heterogeneity is due to producer characteristics or environment
characteristics can be seen only as secondary in importance. The crucial issue is to acknowledge that
some form of heterogeneity is almost always present and neglecting it will be likely to lead to haphazard
results and interpretations. Of course in practice, we need to specify what type of heterogeneity we are
looking for, since from an estimation point of view it seems almost impossible or at least impractical to
include all types of heterogeneity. Thus, it is worth emphasizing that none of the above ways to include
heterogeneity is more correct than any other. The application at hand dictates what type of heterogeneity
we ought to model and how to model it. Considering the modelling of risk, models of heteroscedasticity
seem the most obvious choice.

6. Conclusions
This paper has examined two predominantly separate ﬁelds of research. Production risk literature has
attempted to understand the distribution of output and its related risk considerations. Speciﬁcally, the ﬁeld
has contributed much effort to model how output variation could be better controlled through input use.
Frontier literature has concentrated on estimating maximum obtainable outputs and identifying departures
from this output due to inefﬁciency. At ﬁrst these aims seem rather distinctive. However, with a systemic
coverage of the relevant literature, this review has built a more coherent picture of the connections between
these ﬁelds. The concept of heteroscedasticity has been utilized to bring these two veins of literature on par
with each other. Many of the empirical methods in these ﬁelds can be connected via heteroscedasticity.
Estimation methods that attempt to jointly estimate inefﬁciency and production risk have also been
covered. In many instances, this joint estimation seems necessary as it is likely that neglecting the other
factor might bias our estimation of the other. Unfortunately, conceptually it is difﬁcult to identify between
production risk, inefﬁciency and general producer heterogeneity. Empirically two alternatives exist. We
can increase model complexity and try to estimate everything at once. Especially adding general producer
heterogeneity and risk preferences may inhibit us from using simple models. Alternatively, we can take
some traditional models and interpret their results in terms of risk and inefﬁciency. Many heteroscedastic
SFA models covered in this review would fall in this category. Both approaches however aim for synthesis,
either through novelty in estimation or in interpretation.
Although giving exact methodological prescriptions for future research is not the task of this review,
one general suggestion is made. Considering heteroscedasticity, it is necessary to deﬁne whether
we consider it only as an econometric problem or a concept with some economic meaning. In the
former case, a correction of it or models robust to it are appropriate ways to proceed. However, if
we aim to model the economic meaning of heteroscedasticity in a production economics context,
we should probably look towards models of risk. On the other hand, if we are examining risk, it
is the models of heteroscedasticity that we should ﬁrst look towards. Furthermore, the analysis of
risk in a frontier context could be extended with the concepts such as heteroskewness (Antle, 1983b;
Bera and Sharma, 1999) and heterokurtosis since both skewness and kurtosis seem relevant for risk
considerations.
In summary, this review reveals a clear connection between the production risk literature and the
frontier literature. The fact that this connection mainly rests upon a single concept at the moment
is something that we view as a potential for future development. Establishing further connections
through methodological advances beyond the ones presented here is still a research agenda that could
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be extended. Since these issues still seem unsettled, it is sufﬁcient to end this review with the still
relevant question that Anderson (1974) presented: ‘Can proper account of risk be taken in research and
extension’?

Notes
1. The term frontier ﬁeld is used in this study to refer to a branch of productivity and efﬁciency literature,
which is interested in estimating production frontiers and deviations from this frontier.
2. Some may differentiate between risk and uncertainty (Knight 1921), but others may not (Chavas
2004). In our discussion we use the terms interchangeably.
3. More generally, production risk can be deﬁned as uncertainty over output or its price. We restrict
ourselves to output uncertainty and do not consider output price uncertainty. See, for example,
Kumbhakar (2002b) references therein for an output price uncertainty case.
4. The difference in these results may also be explained by the fact that Day mainly focused on cotton
crops whereas Fuller investigated corn crop. For example, Pannell (1991) has pointed that the effects
of pesticide use does not always need to be risk reducing if multiple sources of output/income
uncertainty are considered. It is possible that nitrogen use interacts with the multiple sources of risk
differently in the respective cases of cotton and corn.
5. We have mainly presented the formulas as they appear in the original articles and have altered the
notation only when possible confusion may occur.
6. Antle also noted that many other stochastic production models, namely stochastic frontier models with
a two-component error term, impose restrictions such that all elasticities (w.r.t. inputs) of moments
beyond the ﬁrst moment are directly proportional to the elasticity of the ﬁrst moment.
7. See, for example, Pannell (1991) and more recently Just and Pope (2003) for a discussion about the
role of risk preferences in explaining risk responses in agriculture.
8. More generally, Hanoch and Levy (1969) notice that the mean-variance criterion is a sufﬁcient
condition for the comparison of efﬁciency of two risky prospects if both prospects follow a twoparameter distribution. Efﬁciency in their terminology refers to the dominance of one certain
distribution over another. However, mean-variance criterion is not a necessary condition for efﬁciency.
See also Anderson (1974) who considers stochastic dominance concepts in comparing technologies
in an agricultural context.
9. Dominguez-Molina et al. (2003) state the stochastic frontier model in terms of a skew-normal
distribution of the composed error term.
10. Tveterås (1999) found that technical change has contributed positively to the output risk in
the Norwegian salmon farming industry. This is somewhat surprising but from the point of
technology adoption, it is a plausible result as technology adoption might (temporarily) increase
variability. Tveterås shows that the effect on mean production has dominated the variance effect,
thus, implying an improved technical efﬁciency over all other producers, regardless of risk
preferences.
11. Of course, any model is only an approximation of the production process, as Jolly (1983) points
out: ‘Generally speaking no matter how many stochastic or dynamic bells and whistles are added
to the optimization problem, it will likely remain a stylized and incomplete representation of the
management process’. However, we could argue that, if indeed, such a complete representation of the
management process accounting for every manager and operating environment-speciﬁc factor could
be constructed, econometrically no producer would seem inefﬁcient.
12. Inputs and, thus, outputs are state-allocable in their model. The period 0 output is non-stochastic and
the period 1 output is stochastic. The task for a producer is to allocate his production in an optimal
way given the probabilities of the states of nature.
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Is Corruption Grease, Grit, or a Gamble?
Corruption Increases Variance of Productivity Across Countries
$QWWL6DDVWDPRLQHQ7LPR.XRVPDQHQ
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7KH HIIHFW RI FRUUXSWLRQ RQ HFRQRPLF JURZWK KDV DWWUDFWHG LQWHUHVW LQ HPSLULFDO
GHYHORSPHQWHFRQRPLFV7KHFRQYHQWLRQDOYLHZRIFRUUXSWLRQDVLPSHGLPHQWIRUJURZWK
KDV EHHQ FKDOOHQJHG E\ WKH ³JUHDVHRQWKHZKHHOV´ K\SRWKHVLV :H WDNH D QHZ
SHUVSHFWLYHRQWKHLVVXHDQGVXJJHVWFRUUXSWLRQDVPDFURULVNUHIHUUHGWRDVD³JDPEOH´
K\SRWKHVLV8VLQJFURVVFRXQWU\GDWDDQGWZRDOWHUQDWLYHLQGLFDWRUVRIFRUUXSWLRQZHILQG
FRUUXSWLRQ WR EH D VLJQLILFDQW GULYHU RI KHWHURVNHGDVWLFLW\ LQ WRWDO SURGXFWLYLW\ 7KLV
VXSSRUWVWKHQHZJDPEOHK\SRWKHVLV:HDOVRQRWHVRPHPLVOHDGLQJLQWHUSUHWDWLRQVLQWKH
SUHYLRXVO\ SXEOLVKHG IURQWLHU DSSOLFDWLRQV 7R DYRLG WKHVH VKRUWFRPLQJV ZH DSSO\ D
IOH[LEOHVHPLQRQSDUDPHWULFHVWLPDWRU

KEYWORDS: productivity; corruption; heteroskedasticity; economic growth; semiparametric regression
JEL codes22&





























,

,1752'8&7,21

:KLOH WKH LPSRUWDQFH RI LQVWLWXWLRQDO IDFWRUV RQ PDFURHFRQRPLF SHUIRUPDQFH LV
ZLGHO\UHFRJQLVHGLQHFRQRPLFV +DOO -RQHV WKHHIIHFWVRIFRUUXSWLRQRQWKH
JURZWKDQGSURGXFWLYLW\UHPDLQDVXEMHFWRIGHEDWH7KHUHLVYDVWHPSLULFDOHYLGHQFH
WKDW FRUUXSWLRQ LV GHWULPHQWDO WR LQYHVWPHQWV DQG WR WKH HFRQRPLF SHUIRUPDQFH DQG
GHYHORSPHQW 0DXUR   0R  /DPEVGRUII   $VVDQH



*UDPP\  0pRQ  6HNNDW  (YHUKDUW HW DO  VHH DOVR +DJJDUG 
7LHGHDQGWKHUHIHUHQFHVWKHUHLQ 2QWKHRWKHUKDQGWKHSRVVLELOLW\RI³HIILFLHQW
FRUUXSWLRQ´KDVDOUHDG\EHHQVXJJHVWHGLQWKHZRUNVE\/HII  /H\V  DQG
+XQWLQJWRQ   DPRQJ RWKHUV 6XEVHTXHQWO\ WKHSRVLWLYH HIIHFW RI FRUUXSWLRQ RQ
HFRQRPLF SHUIRUPDQFH KDV EHHQ FRPPRQO\ ODEHOHG DV WKH ³grease in the wheels”
K\SRWKHVLV VHH IRU H[DPSOH 0pRQ  :HLOO   $OWKRXJK WKH YDVW PDMRULW\ RI
HPSLULFDOUHVHDUFKUHIXWHVWKHJUHDVHK\SRWKHVLVLWKDVVWD\HGDVDWRSLFRIGLVFXVVLRQ
DPRQJ UHVHDUFKHUV GXH WR WKH FDVXDO UHDOOLIH REVHUYDWLRQV RI WKLV SKHQRPHQRQ
&KLQD¶VLPSUHVVLYHHFRQRPLFJURZWKSURYLGHVDQREYLRXVH[DPSOH&KLQDVFRUHV
RXW RI LQ WKH &RUUXSWLRQ 3HUFHSWLRQ ,QGH[ RI  E\ 7UDQVSDUHQF\ ,QWHUQDWLRQDO
VFRUH  LQGLFDWHVOLWWOHFRUUXSWLRQ  2WKHU H[DPSOHV RIWKHVRFDOOHG $VLDQ SDUDGR[
DUH ,QGLD 6RXWK .RUHD DQG ,QGRQHVLD ZKLFK KDYH H[SHULHQFHG KLJK JURZWK GXULQJ
DUJXDEO\DFRUUXSWUHJLPHRULQVWLWXWLRQDOVHWWLQJ .KDQ%DUGKDQ+HVWRQ
 .XPDU  9LDO

 +DQRWHDX   ,Q JHQHUDO WKH PRUH UHFHQW OLWHUDWXUH

VXJJHVWV WKDW WKH HIIHFWVRI FRUUXSWLRQ RQ JURZWK DUHYHU\ PXFK GHSHQGHQW IURP WKH
VXUURXQGLQJ LQVWLWXWLRQDO VHWWLQJ VHH IRU H[DPSOH %DUGKDQ  0pQGH]



6HS~OYHGD0pRQ :HLOO 
7KHLQWXLWLRQEHKLQGWKHJUHDVHK\SRWKHVLVLVWKDWEULEHU\RUFRUUXSWLRQPLJKW
DFWDVDOXEULFDQWRIRWKHUZLVHULJLGEXUHDXFUDWLFV\VWHP %HHQVWRFN/XL 
,WKDVEHHQDOVRVXJJHVWHGWKDWVRPHFHQWUDOLVHGLQVWLWXWLRQDOIUDPHZRUNVHYHQWKRXJK
KLJKO\SURQHWRFRUUXSWLRQFDQEHJRRGIRUHFRQRPLFSHUIRUPDQFHLIWKHLQVWLWXWLRQV
DUH ZHOO RUJDQLVHG DQG KDUQHVVHG WR WKH FOHDU REMHFWLYH RI JURZWK (KUOLFK  /XL
  &RQVHTXHQWO\ VRPH IRUP RI FHQWUDOLVHG FRUUXSWLRQ UHJLPH PLJKW KDYH VRPH
PHULWVRYHUGHFHQWUDOLVHGFRUUXSWLRQ 6KOHLIHU 9LVKQ\%ODFNEXUQ )RUJXHV
3XFFLR )XUWKHUPRUH1\H  ZDVRQHRIWKHILUVWWRVXJJHVWWKDWFRUUXSWLRQ
PLJKWDFWDVDWHPSRUDU\IL[WRDFKLHYHFHUWDLQGHYHORSPHQWJRDOV
,Q WKLV SDSHU ZH DUJXH WKDW FRUUXSWLRQ LV QRW VLPSO\ JUHDVH RU JULW LQ WKH
ZKHHOV EXW SHUKDSV PRUH LPSRUWDQWO\ ZH FRQVLGHU FRUUXSWLRQ DV D ULVN IDFWRU IRU
HFRQRPLF SHUIRUPDQFH SURGXFWLYLW\  LQ WKH GHYHORSPHQW SURFHVV :H UHIHU WR WKH
SURSRVHG ULVN LQWHUSUHWDWLRQ DV WKH ³gamble hypothesis´ RI FRUUXSWLRQ 7KH ULVN
LQWHUSUHWDWLRQ ZDUUDQWV XV WR VWXG\ WKH HIIHFWV RI FRUUXSWLRQ RQ WKH YDULDQFH RI
SURGXFWLYLW\ LQ WKH VSLULW RI WKH VHPLQDO ZRUN RQ SURGXFWLRQ ULVN E\ -XVW DQG 3RSH


 7RWKLVHQGZHGUDZDFOHDUGLVWLQFWLRQEHWZHHQWKHHIIHFWVRIFRUUXSWLRQRQ
WKH OHYHO WKDW LV WKH JUHDVH RU WKH JULW  DQG WKH YDULDQFH RI SURGXFWLYLW\ WKH QHZ
JDPEOH K\SRWKHVLV  :H LQWURGXFH WKH JUHDVH JULW DQG JDPEOH K\SRWKHVHVIRUPDOO\
DQGWHVWWKHPRQHPSLULFDOGDWD
7R WHVW WKH JDPEOH K\SRWKHVLV ZH FDQ XWLOLVH WKH HVWDEOLVKHG HFRQRPHWULF
WRROVIRUPRGHOLQJKHWHURVNHGDVWLFLW\,QWKHWHUPLQRORJ\RIHFRQRPHWULFVWKHJDPEOH
K\SRWKHVLVLPSOLHVWKDWWKHGLVWULEXWLRQRISURGXFWLYLW\LVKHWHURVNHGDVWLFZLWKUHVSHFW
WR FRUUXSWLRQ $OWKRXJK KHWHURVNHGDVWLFLW\ LV D PDMRU LVVXH LQ HFRQRPHWULFV WKH
HPSLULFDOOLWHUDWXUHRQFRUUXSWLRQDQGJURZWKKDVWKXVIDUODUJHO\LJQRUHGLW7RWHVWIRU
WKH JDPEOH K\SRWKHVLV ZH WDNH WKH KHWHURVNHGDVWLFLW\ HIIHFWV RI FRUUXSWLRQ
V\VWHPDWLFDOO\ LQWR DFFRXQW 2XU HPSLULFDO UHVXOWV LQGLFDWH WKDW FRUUXSWLRQ KDV D
VLJQLILFDQWSRVLWLYHFRUUHODWLRQZLWKWKHYDULDQFHRISURGXFWLYLW\DFURVVFRXQWULHV
2XU VHFRQGDU\ REMHFWLYH LV WR FODULI\ DQ HFRQRPHWULF LVVXH WKDW KDV
DSSDUHQWO\ FDXVHG VRPH FRQIXVLRQ LQ WKH HPSLULFDO OLWHUDWXUH RQ FRUUXSWLRQ 0RUH
VSHFLILFDOO\ ZH VKRZ LQ 6HFWLRQ  WKDW LQ VWRFKDVWLF IURQWLHU PRGHOV DSSOLHG LQ WKLV
OLWHUDWXUH WKH HIIHFWV RI FRUUXSWLRQ RQ WKH OHYHO DQG WKH YDULDQFH RI SURGXFWLYLW\ DUH
LQGLVWLQJXLVKDEOH 7KXV WKH KHWHURVNHGDVWLFLW\ HIIHFWV PD\ KDYH EHHQ ZURQJO\
LQWHUSUHWHG DV VXSSRUW WR WKH JULW RU WKH JUHDVH K\SRWKHVHV 7KHUHIRUH ZKLOH WKH
VLJQLILFDQWKHWHURVNHGDVWLFLW\HIIHFWRIFRUUXSWLRQLVDQLQWHUHVWLQJHPSLULFDOILQGLQJDV
VXFKLWFDQDOVRKHOSXVWRXQGHUVWDQGDQGUHFRQFLOHVHHPLQJO\FRQWUDGLFWRU\HPSLULFDO
HYLGHQFHLQIDYRUDQGDJDLQVWWKHJUHDVHK\SRWKHVLV
$V RXU WKLUG JRDO ZH H[DPLQH WKH VHQVLWLYLW\ RI WKH HVWLPDWHG HIIHFWV RI
FRUUXSWLRQ RQ WKH UHVWULFWLYH SDUDPHWULF VSHFLILFDWLRQ RI WKH DJJUHJDWH SURGXFWLRQ
IXQFWLRQV :H DSSO\ D QHZ VHPLQRQSDUDPHWULF IURQWLHU HVWLPDWRU GHYHORSHG E\
.XRVPDQHQDQG.RUWHODLQHQ  DQG-RKQVRQDQG.XRVPDQHQ  ZKLFK
DOORZV XV WR HVWLPDWH WKH HIIHFWV RI FRUUXSWLRQ RQ SURGXFWLYLW\ ZLWKRXW LPSRVLQJ
DUELWUDU\ DVVXPSWLRQV RQ WKH IXQFWLRQDO IRUP RI WKH SURGXFWLRQ IXQFWLRQ RU WKH
SUREDELOLW\ GLVWULEXWLRQ RI WKH FRPSRVLWH GLVWXUEDQFH WHUP 7KLV DSSURDFK DOORZV WKH
RXWSXWHODVWLFLWLHVRISURGXFWLRQIDFWRUVGLIIHUDFURVVFRXQWULHVLQWKHVSLULWRI'XUODXI
DQG -RKQVRQ   )XUWKHU WKLV HVWLPDWRU DOORZV IRU VWRFKDVWLF QRLVH DQG WKXV
FLUFXPYHQWV WKH XVXDO VKRUWFRPLQJ RI WKH FRQYHQWLRQDO GHWHUPLQLVWLF QRQSDUDPHWULF
IURQWLHUHVWLPDWRUV .XPDU 5XVVHOOIRRWQRWH 
7KHUHVWRIWKHSDSHULVRUJDQLVHGDVIROORZV 6HFWLRQEULHIO\UHYLHZVWKH
WKHRUHWLFDO OLWHUDWXUH RQ ZKLFK WKH JDPEOH K\SRWKHVLV LV EDVHG RQ DQG VWDWHV WKH
K\SRWKHVHV WR EH WHVWHG 6HFWLRQ  SUHVHQWV WKH DOWHUQDWLYH HVWLPDWLRQ PHWKRGV
FRQVLGHUHG LQ WKLV SDSHU 6HFWLRQ  GHVFULEHV WKH GDWD DQG LWV VRXUFHV 6HFWLRQ 
SUHVHQWVWKHHPSLULFDOUHVXOWV6HFWLRQSUHVHQWVRXUFRQFOXGLQJUHPDUNVDQGVXJJHVWV
DYHQXHVIRUIXUWKHUUHVHDUFK)LQDOO\ZHSURYLGHWKHSURJUDPFRGHDQGWKHGDWDXVHG




LQRXUHPSLULFDOHVWLPDWLRQVDQGVRPHIXUWKHUUHVXOWVDQGJUDSKLFDOLOOXVWUDWLRQVLQWKH
VXSSOHPHQWDU\PDWHULDOWKDWLVDYDLODEOHRQOLQH
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&RQVLGHU WKH VWDQGDUG PDFURHFRQRPLF PRGHO RI DJJUHJDWH SURGXFWLRQ ZKLFKFDQ EH
VWDWHGDV
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ZKHUH y LV WKH WRWDO HFRQRPLF RXWSXW RI WKH FRXQWU\ *'3  x LV WKH YHFWRU RI


SURGXFWLRQ IDFWRUV FDSLWDO ODERU  DQG I x LV WKH DJJUHJDWH SURGXFWLRQ IXQFWLRQ
5DQGRP YDULDEOH H UHSUHVHQWV SURGXFWLYLW\ VKRFNV GXH WR WHFKQRORJLFDO FKDQJH DQG
LQHIILFLHQF\ ,Q DGGLWLRQ WKH UDQGRP YDULDEOH H FDSWXUHV HIIHFWV RI DQ\ RPLWWHG RU
XQREVHUYHGYDULDEOHVZKLFKGRQRWDSSHDUDVLQSXWVWRWKHSURGXFWLRQIXQFWLRQ,QWKLV
SDSHU ZH XVH WKH WHUP contextual variable WR UHIHU WR LQVWLWXWLRQDO DQG JHRJUDSKLF
IDFWRUV WKDW DUH QRW SURGXFWLRQ IDFWRUV DV VXFK EXW ZKLFK QHYHUWKHOHVV LQIOXHQFH WKH
H[SHFWHG YDOXH DQG YDULDQFH RI WKH UDQGRP YDULDEOH H  'HQRWLQJ WKH YHFWRU RI
FRQWH[WXDO YDULDEOHV E\ z ZH DVVXPH WKDW E H

δcz DQG Var H

γcz  ,Q ZRUGV

ZH DVVXPH WKDW ERWK WKH H[SHFWHG YDOXH DQG WKH YDULDQFH RI WKH SURGXFWLYLW\ VKRFN
GHSHQGV RQ WKH FRQWH[WXDO YDULDEOHV z &RHIILFLHQWV δ UHSUHVHQW WKH PDUJLQDO HIIHFWV
RI FRQWH[WXDO YDULDEOHV RQ WKH OHYHO RI SURGXFWLYLW\ ZKHUHDV FRHIILFLHQWV γ UHSUHVHQW
WKHPDUJLQDOHIIHFWVRQWKHYDULDQFH
,QWKLVSDSHUZHDUHPDLQO\LQWHUHVWHGLQWKHHIIHFWVRIFRUUXSWLRQZKLFKZH
PRGHO DV RQH RI WKH FRQWH[WXDO YDULDEOHV 6SHFLILFDOO\ WKH ILUVW HOHPHQW RI YHFWRU z
GHQRWHGDVz1LVUHVHUYHGIRUDQLQGH[RIFRUUXSWLRQ:HDVVXPHWKDWDQLQFUHDVHLQz1
LPSOLHVGHFUHDVHLQFRUUXSWLRQDQDORJRXVWRWKH:RUOG%DQN¶V*RYHUQDQFH,QGLFDWRUV
:*, DQGWKH&RUUXSWLRQ3HUFHSWLRQ,QGH[ &3, E\WKH7UDQVSDUHQF\,QWHUQDWLRQDO
2XU UDWLRQDOH IRU WUHDWLQJ FRUUXSWLRQ DV D FRQWH[WXDO YDULDEOH LV WKH IROORZLQJ
$OWKRXJKFRUUXSWLRQREYLRXVO\LQIOXHQFHVWKHHFRQRPLFRXWSXWLWLVGLIILFXOWWRFRQWURO
WKHFRUUXSWLRQE\WKHJRYHUQPHQWSROLF\ )XUWKHUWKHHIIHFWVRIFRUUXSWLRQRQRXWSXW
DUH IDU IURP GHWHUPLQLVWLF 7KH XQFHUWDLQ LQIOXHQFH RI FRUUXSWLRQ LV H[SOLFLWO\
UHFRJQLVHG LQ RXU SUREDELOLVWLF PRGHO ZKHUH FRUUXSWLRQ DIIHFWV RXWSXW LQGLUHFWO\
WKURXJKWKHPHDQDQGWKHYDULDQFHRIWKHUDQGRPYDULDEOH H 
7DNLQJ WKH ORJDULWKPV RI ERWK VLGHV RI   ZH FDQ UHDUUDQJH WKH WHUPV WR
REWDLQ
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,QWHUSUHWLQJ I x DV DQ LQSXW LQGH[ DJJUHJDWRU RI SURGXFWLRQ IDFWRUV x  ZH KDYH D
FRPSHOOLQJLQWHUSUHWDWLRQRIWKHOHIWKDQGVLGHRI(TXDWLRQ  DVWKHORJDULWKPRIWRWDO
IDFWRU SURGXFWLYLW\ 7)3  7KHUHIRUH ZH ILQG LW DSSURSULDWH WR LQWHUSUHW WKH UDQGRP
YDULDEOH H DV D 7)3 VKRFN ZKLFK PD\ EH GXH WR WHFKQRORJLFDO LQQRYDWLRQV
LQHIILFLHQF\RULQVWLWXWLRQDOIDFWRUVDPRQJRWKHUUHDVRQV7KHGLVWLQFWLRQEHWZHHQWKH
7)3JURZWKUDWHV FRQYHUJHQFH DQGWKHOHYHOVRI7)3LVZRUWKQRWLQJ$VLQVWLWXWLRQDO
FKDQJH LV YHU\ VORZ +DOO DQG -RQHV   FRQVLGHU WKH OHYHO RI 7)3 WR EH PRUH
UHOHYDQWLQWKHSUHVHQWFRQWH[W7KH7)3OHYHOVUHSUHVHQWWKHHFRQRPLFSHUIRUPDQFHRI
WKH FRXQWU\ LQ WKH ORQJUXQ ZKHUHDV SURGXFWLYLW\ FKDQJH LV RQO\ µWUDQVLWRU\¶ LQ LWV
QDWXUH 2Q WKH RWKHU KDQG &KHUFK\H DQG 0RHVHQ   DQG 6DOLQDV-LPpQH] DQG
6DOLQDV-LPpQH]  ILQGWKDWWKDWHIIHFWVRILQVWLWXWLRQDOIDFWRUVRQWKHOHYHORI7)3
DQGLWVJURZWKUDWHDUHYHU\VLPLODU,QWKLVVWXG\ZHIRFXVRQWKH7)3OHYHOVQRWLQJ
WKDW RXU DSSURDFK FRXOG EH DSSOLHG WRWKH VWXG\ RI JURZWK UDWHVLQ D VWUDLJKWIRUZDUG
PDQQHU
:H DUH QRZ HTXLSSHG WR VWDWH WKH WKUHH HPSLULFDO K\SRWKHVHV WR EH WHVWHG
GHILQHGDVIROORZV
Grease hypothesis
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Grit hypothesis
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Gamble hypothesis

wVar H
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6LQFH H LV D UDQGRP YDULDEOH WKH DERYH K\SRWKHVHV DUH VWDWHG LQ WHUPV RI WKH
H[SHFWHGYDOXHDQGYDULDQFH
7KHJUHDVHK\SRWKHVLVVXJJHVWVWKDWDQLQFUHDVHLQWKHLQGH[ z  UHGXFWLRQLQ
FRUUXSWLRQ  GHFUHDVHV WKH H[SHFWHG YDOXH RI ORJDULWKP RI 7)3 7KH JULW K\SRWKHVLV
LPSOLHVWKHRSSRVLWHHIIHFWWKDWUHGXFWLRQLQFRUUXSWLRQLQFUHDVHVWKHH[SHFWHG7)3,Q
WKLV LQWHUSUHWDWLRQ WKH JUHDVH DQG JULW K\SRWKHVHV DUH PXWXDOO\ H[FOXVLYH VWDWHPHQWV
UHJDUGLQJ WKH H[SHFWHG YDOXH 7KH DFFXPXODWHG HPSLULFDO HYLGHQFH PDLQO\ VXSSRUWV
WKH JULW K\SRWKHVLV IRU H[DPSOH $GNLQV 0RRPDZ  6DYYLGHV  &KHUFK\H 
0RHVHQ  6DOLQDV-LPpQH]  6DOLQDV-LPpQH]   +DXQHU  .\REH
 +RZHYHUIRUH[DPSOH0pRQ :HLOO  DQG 5RFN %RQQHWW  GR
ILQG VRPH VXSSRUW IRU WKH JUHDVH K\SRWKHVLV 0pRQ

 :HLOO   QHYHUWKHOHVV

GLIIHUHQWLDWHZLWKWZRIRUPVRIWKHJUHDVHK\SRWKHVLVQDPHO\VWURQJDQGZHDNIRUP
7KHVWURQJIRUPVD\VWKDWDWFHUWDLQORZOHYHOVRILQVWLWXWLRQDOTXDOLW\FRUUXSWLRQFDQ
KDYHSRVLWLYHHIIHFWRQSURGXFWLYLW\7KHZHDNIRUPKRZHYHUVWDWHVWKDWFRUUXSWLRQLV





RQO\OHVVGHWULPHQWDODWFHUWDLQORZOHYHOVRILQVWLWXWLRQDOTXDOLW\EXWRYHUDOOWKHHIIHFW
RQSURGXFWLYLW\LVQHJDWLYHIRUDOOFRXQWULHV
7KH JDPEOH K\SRWKHVLV LQWURGXFHG LQ WKLV SDSHU FRQVLGHUV WKH HIIHFW RI
FRUUXSWLRQ RQ WKH YDULDQFH RI 7)3 VWDWLQJ WKDW FRUUXSWLRQ LQFUHDVHV WKH YDULDQFH
ZKLFK FDQ EH IXUWKHU LQWHUSUHWHG DV LQFUHDVH LQ ULVN $V DQ HPSLULFDO PRWLYDWLRQ ZH
UHIHUWR)LJXUHLQ:\DWW  ZKLFKSUHVHQWVDVFDWWHUSORWRIDFRUUXSWLRQLQGH[
DQGWKHORJDULWKPRIODERUSURGXFWLYLW\7KLVILJXUHDSWO\LOOXVWUDWHVKRZWKHYDULDQFH
RISURGXFWLYLW\DFURVVFRXQWULHVLVDVVRFLDWHGZLWKWKHOHYHORIFRUUXSWLRQ,QDVLPLODU
YHLQ &DYDOFDQWL DQG ÈOYDUR   REVHUYH WKDW ³« the distribution of output per
worker tends to become less disperse as countries improve their institutional
framework´ 7R RXU NQRZOHGJH KRZHYHU WKH JDPEOH K\SRWKHVLV RU WKH
KHWHURVNHGDVWLFLW\ HIIHFWV RI FRUUXSWLRQ KDYH QRW EHHQ V\VWHPDWLFDOO\ H[DPLQHG RU
WHVWHGVWDWLVWLFDOO\EHIRUH
7KH WKHRUHWLFDO EDFNERQH RI WKH JDPEOH K\SRWKHVLV FDQ EH GUDZQIURP WKH
OLWHUDWXUHRIPXOWLSOHJURZWKUHJLPHV'XUODXI DQG-RKQVRQ  HPSLULFDOO\UHIXWH
WKHVWDQGDUGOLQHDUJURZWKPRGHOLQIDYRURIDPXOWLSOHUHJLPHJURZWKPRGHO,QWKHLU
YLHZ GLIIHUHQW JURZWK UHJLPHV HPHUJH DV WKH LQLWLDO OHYHO RI HFRQRPLF GHYHORSPHQW
GLIIHUV IURP RQH FRXQWU\ WR DQRWKHU 7KXV WKHLU ILQGLQJV FRQIRUP WR WKH PXOWLSOH
VWHDG\ VWDWH JURZWK PRGHOV 7KH LGHD RI PXOWLSOH UHJLPHV KDV FDUULHG RYHU WR WKH
HPSLULFDO OLWHUDWXUH RI WKH HIIHFWV RI LQVWLWXWLRQDO IDFWRUV RQ JURZWK 0pQGH]
6HS~OYHGD  $LGW 'XWWD

 6HQD  0pRQ



 :HLOO   5HFHQWO\

%ODFNEXUQDQG)RUJXHV3XFFLR  SUHVHQWDPRGHOZKHUHWKHHIIHFWRIFRUUXSWLRQ
YDULHV EHWZHHQ WKH GLIIHUHQW OHYHOV RI FRRUGLQDWLRQ RI FRUUXSW SUDFWLFHV DPRQJ
EXUHDXFUDWV FRQIRUPLQJ WR WKH OLWHUDWXUH RQ FHQWUDOLVHG YHUVXV GHFHQWUDOLVHG
FRUUXSWLRQ7KLVLVVXHFDQDOVREHUHODWHGWRFRUUXSWLRQFOXEOLWHUDWXUHZKHUHFRXQWULHV
H[SHULHQFHUDWKHUGLIIHUHQWHTXLOLEULXPOHYHOVRIFRUUXSWLRQ +HU]IHOG :HLVV 
7KLVLVRIWHQH[SODLQHGE\WKHFRPSOH[LQWHUSOD\EHWZHHQRWKHU OHJDO LQVWLWXWLRQVDQG
FRUUXSWLRQ +HU]IHOG

 :HLVV   ,Q WKH FRQWH[W RI RXU DQDO\VLV WKH JDPEOH

DQDO\VLV PHDQV WKDW ZLWKLQ D FHUWDLQ FRUUXSWLRQ FOXE LH HTXDO FRUUXSWLRQ OHYHO  WKH
HIIHFWVRIFRUUXSWLRQRQJURZWKFDQYDU\
7KHPDUJLQDOHIIHFWVSUHVHQWHGDERYHIROORZIURPRXUDVVXPSWLRQVUHJDUGLQJ
WKH H[SHFWHG YDOXH DQG WKH YDULDQFH RI H  7KH FRQQHFWLRQ WR WKH WKHRU\ RI PXOWLSOH
UHJLPHV FDQ EH HVWDEOLVKHG DV IROORZV 6XSSRVH WKHUH H[LVWV RQO\ D VLQJOH JURZWK
UHJLPH WKDW GRHV QRW GHSHQG RQ WKH OHYHO RI FRUUXSWLRQ 7KLV ZRXOG LPSO\ WKDW DOO
FRXQWULHVKDYHWKHVDPHH[SHFWHGYDOXHDQGYDULDQFHRISURGXFWLYLW\UHJDUGOHVVRIWKH
FRUUXSWLRQ OHYHO VR ZH PXVW KDYH wE H wz

 DQG wVar H wz

  1RZ

VXSSRVH WKHUH H[LVWV PXOWLSOH UHJLPHV RI JURZWK DQG SURGXFWLYLW\ ZKLFK GHSHQG RQ
OHYHO RI FRUUXSWLRQ 7KLV ZRXOG VXJJHVW WKDW WKH YDULDQFH RI SURGXFWLYLW\ LV QRW


FRQVWDQW EXW ZH PXVW KDYH wVar H wz z   2XU JDPEOH K\SRWKHVLV DGGLWLRQDOO\
VWDWHVWKDWWKHVLJQRIWKHYDULDQFHHIIHFWLVQHJDWLYHVXFKWKDWFRUUXSWLRQLQFUHDVHVWKH
ULVN

,,,

(&2120(75,&0(7+2'6

7KHSXUSRVHRIWKLVVHFWLRQLVWRLQWURGXFHWKHHFRQRPHWULFPHWKRGVWKDWZHDSSO\IRU
HVWLPDWLQJ WKH HIIHFWV RI FRUUXSWLRQ RQ7)3DQGWRFODULI\ VRPH LVVXHV WKDW DUH ZHOO
XQGHUVWRRG LQ HFRQRPHWULFV EXW KDYH DSSDUHQWO\ FDXVHG VRPH FRQIXVLRQ LQ WKH
HPSLULFDOOLWHUDWXUHRQFRUUXSWLRQ
2XU7)3PHDVXUHLQFOXGHVWKH*'3DVWKHRXWSXW y DQGWKHFDSLWDOVWRFN
KXPDQFDSLWDODQGODERULQSXWVDVWKHIDFWRUVRISURGXFWLRQ x 7KHILUVWDSSURDFKWR
HVWLPDWLQJWKHSURGXFWLRQIXQFWLRQLVWKHVWDQGDUGOLQHDUUHJUHVVLRQZKLFKLVXVHGDVD
EHQFKPDUN,WVHUYHVWRVWXG\WKHHIIHFWVRIIXQFWLRQDOIRUPRQWKHVLJQLILFDQFHRIWKH
HVWLPDWHV 7KH VHFRQG PHWKRG LV WKH Stochastic Frontier Analysis 6)$ KHUHDIWHU 
ZKLFKLVFRPPRQO\DSSOLHGLQWKHHPSLULFDOOLWHUDWXUHRIIURQWLHUHVWLPDWLRQ$V WKH
WKLUG DSSURDFK ZH FRQVLGHU WKH RQHVWDJH 6WR1('HVWLPDWRU UHFHQWO\ GHYHORSHG E\
.XRVPDQHQDQG.RUWHODLQHQ  DQG-RKQVRQDQG.XRVPDQHQ  6LQFH
6)$DQGSDUWLFXODUO\6WR1('DUHQRWVWDQGDUGWHFKQLTXHVLWLVZRUWKWREULHIO\UHYLHZ
WKHVH PHWKRGV WR HQDEOH UHDGHUV WR XQGHUVWDQG KRZ WKH HPSLULFDO UHVXOWV WR EH
SUHVHQWHGLQ6HFWLRQDUHREWDLQHG


OLS regression
*LYHQWKHJHQHUDOSURGXFWLRQIXQFWLRQPRGHOLQ  ZHGHILQHRXUEDVHOLQHPRGHODV
WKH &REE'RXJODV SURGXFWLRQ IXQFWLRQ ZLWK WKH OLQHDU HIIHFWV RI WKH FRQWH[WXDO
YDULDEOHV)RUWKHVDPSOHRI n FRXQWULHVLQGH[HGDV i  n WKHEDVHOLQHPRGHOLV

OQ yi

D  βc OQ xi  δczi  H i 





 

ZKHUHYHFWRUVDUHGHILQHGDVLQ6HFWLRQ7KHQRWDWLRQ OQ xi LVXVHGWRLQGLFDWHWKDW
WKHQDWXUDOORJDULWKPKDVEHHQDSSOLHGWRHDFKHOHPHQWRIWKLVYHFWRU1RWLFHWKDWWKH
GLVWXUEDQFHWHUP H i LV QRWWKHVDPHDVWKHUDQGRPYDULDEOH H . 5HFDOOWKDWZHDVVXPHG

EH

δcz z   +RZHYHU VLQFH WKH H[SHFWHG YDOXH RI WKH SURGXFWLYLW\ VKRFN LV

H[SOLFLWO\FRQWUROOHGIRULQWKHUHJUHVVLRQHTXDWLRQZHFDQVWDWHWKHGLVWXUEDQFHWHUP
DV H

H  z'δ WR REWDLQ E H

E H  δ'z

δ'z  δ'z

  :H DVVXPH WKDW WKH

GLVWXUEDQFHV H i DUH VWDWLVWLFDOO\ LQGHSHQGHQW RI WKH LQSXWV x DQG WKH FRQWH[WXDO
YDULDEOHV z EXW ZH GR DOORZ H i  WR EH KHWHURVNHGDVWLF 7KDW LV WKH YDULDQFHV RI WKH
GLVWXUEDQFHWHUPFDQGLIIHUDFURVVFRXQWULHV



:HHVWLPDWHWKHEDVHOLQHPRGHO  E\2/6,WLVZHOONQRZQWKDWWKH2/6
HVWLPDWRU LV XQELDVHG DQG FRQVLVWHQW XQGHU KHWHURVNHGDVWLFLW\ $ PRUH HIILFLHQW
JHQHUDOLVHGOHDVWVTXDUHVHVWLPDWRUFRXOGEHXVHGEXWWKLVUHTXLUHVWKDWVRPHVSHFLILF
PRGHORI KHWHURVNHGDVWLFLW\LVDVVXPHG7KHPDLQSUREOHPRIWKHFRQYHQWLRQDO2/6
HVWLPDWRU LV WKDW WKH VWDQGDUG HUURUV DUH LQYDOLG 7R DYRLG WKLV SUREOHP ZH UHVRUW WR
:KLWH¶V   KHWHURVNHGDVWLFLW\ UREXVW VWDQGDUG HUURUV LQ RXU VWDWLVWLFDO LQIHUHQFHV
EDVHGRQ2/6

Stochastic Frontier Analysis
:HQH[WFRQVLGHUWKHVWRFKDVWLFIURQWLHUPRGHOE\.XPEKDNDU*KRVKDQG0F*XFNLQ
.*0KHUHDIWHU ZKHUHFRQWH[WXDOYDULDEOHVVXFKDVFRUUXSWLRQFDQEHXVHGDV
H[SODQDWRU\ IDFWRUV IRU SURGXFWLYH LQHIILFLHQF\ ,Q WKH SUHVHQW FRQWH[W WKH .*0
PRGHO KDV EHHQ XVHG IRU H[DPSOH E\ 0pRQ DQG :HLOO   WR VWXG\ WKH HIIHFW RI
FRUUXSWLRQRQSURGXFWLYLW\7KH.*0PRGHOKDVEHHQDGDSWHGWRWKHSDQHOGDWDVHWWLQJ
E\ %DWWHVH DQG &RHOOL   7KLV SDQHO GDWD YDULDQW KDV EHHQ DSSOLHG LQ VHYHUDO
HPSLULFDO VWXGLHV RQ FRUUXSWLRQ DQG JRYHUQDQFH $GNLQV HW DO  -D\DVXUL\D 
:RGRQ:HLOODQG0pRQ :HLOO 
,Q WKH VWRFKDVWLF IURQWLHU PRGHO ZH XVH WKH &REE'RXJODV SURGXFWLRQ
IXQFWLRQVLPLODUWRWKHOLQHDUUHJUHVVLRQPRGHOLQ   +RZHYHUWKHGHILQLWLRQRIWKH
GLVWXUEDQFHWHUPGLIIHUVIURP2/6,QWKH6)$PRGHOWKHGLVWXUEDQFHWHUPFRQVLVWVRI
WZRFRPSRQHQWVDFFRUGLQJWR H i

vi  ui ZKHUH vi LVDUDQGRPQRUPDOO\GLVWULEXWHG

QRLVH WHUP ZLWK WKH ]HUR PHDQ DQG WKH YDULDQFH V v  DQG ui !  LV DQ DV\PPHWULF
LQHIILFLHQF\ WHUP ,Q WKH .*0 PRGHO WKH LQHIILFLHQF\ WHUP ui GHSHQGV RQ WKH
FRQWH[WXDO YDULDEOHV DFFRUGLQJ WR WKH IROORZLQJ LQHIILFLHQF\ PRGHO ui

θcz i  wi 

:H XVH WKH YHFWRU θ WR UHSUHVHQW WKH LQGLUHFW HIIHFWV RI WKH FRQWH[WXDO YDULDEOHV
WKURXJKWKHLQHIILFLHQF\WHUP ui WRGLVWLQJXLVKWKHPIURPWKHGLUHFWHIIHFWPRGHOHG
E\ WKH FRHIILFLHQWV δ DV LQ (TXDWLRQ   7KH UDQGRP YDULDEOH wi KDV D WUXQFDWHG
QRUPDOGLVWULEXWLRQZLWKWKH]HURPHDQDQGWKHYDULDQFH V w 7KHSRLQWRIWUXQFDWLRQLV

θcz i VXFK WKDW wi t θczi  7KXV LQHIILFLHQF\ ui LV GLVWULEXWHG DV D QRQQHJDWLYH
WUXQFDWLRQ RI N θcz i  V w  &RQVHTXHQWO\ WKH.*0VSHFLILFDWLRQRI WKH 6)$ PRGHO
FDQEHVWDWHGDV

OQ yi

D  βc OQ xi  vi  θczi  wi 





,Q WKH .*0 PRGHO WKH SDUDPHWHUV RI SURGXFWLRQ IURQWLHU DQG WKH SDUDPHWHUV RI WKH
LQHIILFLHQF\PRGHODUHVLPXOWDQHRXVO\HVWLPDWHGXVLQJPD[LPXPOLNHOLKRRG


,WPLJKWEHWHPSWLQJWRLQWHUSUHWWKHSDUDPHWHUV θ RIWKH6)$PRGHODVWKH
PDUJLQDOHIIHFWVRQWKHH[SHFWHGOHYHORIWKHSURGXFWLYLW\VKRFNVLPLODUWRFRHIILFLHQWV

δ LQ WKH UHJUHVVLRQ (TXDWLRQ   +RZHYHU WKLV LQWHUSUHWDWLRQ LV LQFRUUHFW DQG
PLVOHDGLQJ EHFDXVH FRHIILFLHQWV θ DOVR LQIOXHQFH WKH YDULDQFH RI WKH WUXQFDWHG
LQHIILFLHQF\ WHUP ui  7KLV FDQ EH VHHQ IURP WKH ILUVW WZR PRPHQWV RI WKH WUXQFDWHG
QRUPDOGLVWULEXWLRQRI ui WKDWFDQEHVWDWHGDV VHHIRUH[DPSOH*UHHQHS 

E>u _ truncation@ θcz i  V wO Z


Var>u _ truncation@ V w >  X Z @ 
ZKHUH

Z θcz i  V w
O Z I Z  >  ) Z @
X Z O Z >O Z  Z @ 






,Q WKH
  I Z DQG ) Z DUH WKH VWDQGDUG QRUPDO GHQVLW\ DQG
 VHW RI (TXDWLRQV

FXPXODWLYHGLVWULEXWLRQIXQFWLRQVUHVSHFWLYHO\7KHIRUPDOH[SUHVVLRQRIWKHYDULDQFH
RIWKHWUXQFDWHGUDQGRPYDULDEOH ui UHYHDOVWKDWWKHFRQWH[WXDOYDULDEOHVzLQIOXHQFHV
ERWK WKH H[SHFWHG YDOXH DQG WKH YDULDQFH RI WKH LQHIILFLHQF\ WHUP 7KHUHIRUH WKH
LQWHUSUHWDWLRQ RI WKH FRHIILFLHQWV θ LV VRPHZKDW DPELJXRXV LW LV SRVVLEOH WKDW WKH\
FDSWXUH WKH HIIHFW RI FRQWH[WXDO YDULDEOHV RQ WKH H[SHFWHG OHYHO RU WKH YDULDQFH RI
SURGXFWLYLW\ RU SRVVLEO\ ERWK 7KHUHIRUH ZH FDQQRW XVH WKLV PRGHO IRU WHVWLQJ WKH
JUHDVHJULWRUWKHJDPEOHK\SRWKHVHVVWDWHGLQ6HFWLRQ
8QIRUWXQDWHO\ WKH WUXQFDWLRQ RI WKH LQHIILFLHQF\ WHUP KDV QRW EHHQ GXO\
UHFRJQLVHG LQ WKH HPSLULFDO OLWHUDWXUH RQ FRUUXSWLRQ DQG SURGXFWLYLW\ )RU H[DPSOH
0pRQDQG:HLOO  DSSO\WKHSDQHOGDWDYDULDQWRIWKH.*0PRGHOWRWHVWIRUWKH
JULW DQG JUHDVH K\SRWKHVHV EXW WKH\ RYHUORRN WKH WUXQFDWLRQ )ROORZLQJ 0pRQ DQG
6HNNDW   WKH\ GHILQH WKH HIIHFW RI FRUUXSWLRQ EHLQJ D IXQFWLRQ RI RWKHU
JRYHUQDQFHLQGLFDWRUVE\LQFOXGLQJDQLQWHUDFWLRQEHWZHHQFRUUXSWLRQLQGH[DQGRWKHU
JRYHUQDQFH LQGLFDWRUV ,QWHUDFWLRQ WHUP LQGHHG DOORZV WR WHVW ZKHWKHU WKH HIIHFW RI
FRUUXSWLRQGHSHQGVIURPWKHRWKHULQVWLWXWLRQDOVHWWLQJ+RZHYHUWKHPDUJLQDOHIIHFWRI
FRUUXSWLRQ RQ RXWSXW EHFRPHV HYHQ PRUH WHGLRXV WR DVVHVV EHFDXVH RQH VKRXOG DOVR
WDNH LQWR DFFRXQW WKH HIIHFW RI WKH LQWHUDFWLRQ WHUPV WR WKH WUXQFDWLRQ +HQFH LW LV
SRVVLEOH WKDW UHSRUWHG HPSLULFDO UHVXOWV REWDLQHG XVLQJ WKH .*0 PRGHO RU LWV SDQHO
GDWDYDULDQWVKDYHEHHQPLVLQWHUSUHWHGDVVXSSRUWIRUWKHJULWRUWKHJUHDVHK\SRWKHVLV
ZKLOHLQIDFWWKHFRHIILFLHQWV θ FDSWXUHWKHKHWHURVNHGDVWLFLW\LQHPSLULFDOSURGXFWLRQ
GDWD7KXVZHGRQRWLQFOXGHDQLQWHUDFWLRQWHUPLQWRRXUPRGHOVDVZHVHHWKDWLWLV
QRWFODULI\LQJWKHHIIHFWVPXFKLQ6)$FRQWH[W :HHPSKDVL]HWKDW LQWKLVSDSHUWKH



UHVXOWVRIWKH6)$PRGHODUHRQO\UHSRUWHGLQRUGHUWRVKRZWKDWWKHPLVLQWHUSUHWDWLRQ
RIWKHFRHIILFLHQWV θ LVLQGHHGDUHOHYDQWFRQFHUQLQWKHSUHVHQWFRQWH[W


StoNED estimator
7R DYRLG WKH SUREOHP QRWHG LQ WKH SUHYLRXV VHFWLRQ DQG WR UHOD[ WKH UHVWULFWLYH
IXQFWLRQDOIRUPDVVXPSWLRQRIWKHSURGXFWLRQIXQFWLRQZHDOVRDSSO\DPRUHIOH[LEOH
VHPLQRQSDUDPHWULF VSHFLILFDWLRQ 5HFHQWO\ -RKQVRQ DQG .XRVPDQHQ  
LQWURGXFHGDPRUHIOH[LEOHVHPLQRQSDUDPHWULFPRGHO

OQ yi

OQ I xi  δczi  H i 





 

ZKHUH I LV DQ LQFUHDVLQJ DQG FRQFDYH SURGXFWLRQ IXQFWLRQ ZLWK DQ XQVSHFLILHG
IXQFWLRQDO IRUP 7KH FRPSRVLWH GLVWXUEDQFH WHUP H i FRQWDLQV WKH LQHIILFLHQF\ DQG

QRLVHFRPSRQHQWVVLPLODUWRWKH6)$PRGHO7RHVWLPDWH(TXDWLRQ  -RKQVRQDQG
.XRVPDQHQ  GHYHORSDVHPLQRQSDUDPHWULF6WR1('HVWLPDWRUZKHUHWKHHIIHFWV
RIFRQWH[WXDOYDULDEOHVDUHVLPXOWDQHRXVO\HVWLPDWHGZLWKWKHSURGXFWLRQIXQFWLRQ7KH
HVWLPDWRU FDQ EH VHHQ DV DQ H[WHQVLRQ RI .XRVPDQHQ DQG -RKQVRQ   DQG
.XRVPDQHQ DQG.RUWHODLQHQ  WRWKHFDVHZKHUH FRQWH[WXDO YDULDEOHVDUHWDNHQ
H[SOLFLWO\ LQWR DFFRXQW .XRVPDQHQ DQG .RUWHODLQHQ   SURSRVHG WKH 6WR1('
HVWLPDWRUDVDQDPDOJDP RI 6)$DQG WKH QRQSDUDPHWULF Data Envelopment Analysis
'($ %RWK6)$DQG'($FDQEHREWDLQHGDVUHVWULFWHGVSHFLDOFDVHVRIWKH6WR1('
PRGHO 1RWHWKDW(TXDWLRQ  UHGXFHVWR  LIWKH&REE'RXJODVIXQFWLRQDOIRUPLV
LPSRVHGRQ I 
7KH 6WR1('HVWLPDWRU LVREWDLQHG DV WKH RSWLPDO VROXWLRQ WR WKHIROORZLQJ
OHDVWVTXDUHVSUREOHP
n

PLQ

D β δ I  e

¦e


i



i 

VXEMHFWWR

OQ Ii  δcz i  ei
Ii D i  βci xi
D i  βci xi d D h  βch xi
βi t 0
OQ yi

i  n
i  n
h i  n
i  n

,QWKHSUREOHP  ZHDUHPLQLPL]LQJWKHVXPRIVTXDUHGUHVLGXDOV ei ZKLFKZHZLOO
KHQFHIRUWK UHIHU WR DV 6WR1(' UHVLGXDOV 7KH ILUVW FRQVWUDLQW LV WKH HPSLULFDO
FRXQWHUSDUW WR (TXDWLRQ   7KH SDUDPHWHU Ii LV WKH HVWLPDWHG IURQWLHU RXWSXW 7KH
HVWLPDWLRQ RI WKH QRQSDUDPHWULF SURGXFWLRQ IXQFWLRQ LV EDVHG RQ WKH WDQJHQW
K\SHUSODQHV GHILQHG E\ WKH VHFRQG VHW RI FRQVWUDLQWV &RQFDYLW\ RI WKH HVWLPDWHG
IURQWLHULVHQVXUHGE\WKHWKLUGVHWRIFRQVWUDLQWVZKLFKFDQEHLQWHUSUHWHGDVWKH$IULDW


LQHTXDOLWLHV $IULDW   VHH .XRVPDQHQ  IRU D GHWDLOHG GLVFXVVLRQ 
0RQRWRQLFLW\ RI WKH SURGXFWLRQ IXQFWLRQ IROORZV IURP WKH QRQQHJDWLYLW\ RI β
FRHIILFLHQWV 7KH SDUDPHWHUV WKDW FKDUDFWHULVH WKH IURQWLHU I  D  β  GLIIHU DFURVV
FRXQWULHVZKHUHDVWKHHIIHFWVRIFRQWH[WXDOYDULDEOHVDUHFRPPRQWRDOOFRXQWULHV
:H H[DPLQH WKH JDPEOH K\SRWKHVLV E\ HPSLULFDOO\ WHVWLQJ LI FRQWH[WXDO
YDULDEOHVzFDQH[SODLQKHWHURVNHGDVWLFLW\LQWKH2/6DQG6WR1('UHVLGXDOV:HDSSO\
WKH VWDQGDUG HFRQRPHWULF DSSURDFK WR WHVWLQJ KHWHURVNHGDVWLFLW\ ZKHUH WKH VTXDUHG
UHVLGXDOV DUH UHJUHVVHG RQ WKH YDULDEOHV DVVRFLDWHG ZLWK KHWHURVNHGDVWLFLW\ :KLWH
*UHHQH 6SHFLILFDOO\LQRXUHPSLULFDODSSOLFDWLRQZHUHJUHVVWKHVTXDUHG
2/6DQG6WR1('UHVLGXDOVRQWKH FRQWH[WXDOYDULDEOHV zDFFRUGLQJWRWKHIROORZLQJ
HTXDWLRQ

ei

J   γczi  vi 





 

ZKHUH WKH UDQGRP YDULDEOH vi LV WKH XVXDO GLVWXUEDQFH WHUP RI WKH OLQHDU UHJUHVVLRQ
PRGHO3DUDPHWHUV γ UHSUHVHQWWKHHIIHFWVRIYDULDEOHVz RQ KHWHURVNHGDVWLFLW\:HFDQ
HVWLPDWH(TXDWLRQ  E\2/6DQGWHVWWKHVWDWLVWLFDOVLJQLILFDQFHRIFRHIILFLHQWV γ E\
XVLQJWKHFRQYHQWLRQDOPHWKRGV,QERWK2/6DQG6WR1('DSSURDFKHVWKHSDUDPHWHUV

δ UHSUHVHQWWKHHIIHFWVRIFRQWH[WXDOYDULDEOHVRQWKHH[SHFWHGOHYHORISURGXFWLYLW\
ZKHUHDVWKHSDUDPHWHUV γ FDSWXUHWKHYDULDQFHHIIHFWV

,9
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7KHHPSLULFDODQDO\VLVXVHVWZRGLVWLQFWFURVVVHFWLRQVIURP\HDUVDQG7KH
ILUVW GDWDVHW IURP  PLPLFV WKH GDWD XVHG E\ 0pRQ DQG :HLOO   8VLQJ D
FRPSDUDEOH GDWD ZH H[DPLQH WKH HIIHFWV RI FRUUXSWLRQ RQ WKH H[SHFWHG YDOXH DQG
YDULDQFHRI7)3VHSDUDWHO\LQRUGHUWRWHVWWKHJUHDVHJULWDQGJDPEOHK\SRWKHVHV,Q
DGGLWLRQ WR VXEMHFW WKHVH K\SRWKHVHV DJDLQVW WKH WHVW RI WLPH ZH XVH DQRWKHU FURVV
VHFWLRQ RI GDWD IURP \HDU  WKH ODWHVW \HDU FXUUHQWO\ DYDLODEOH WR XV 7R IXOO\
HQVXUH WKDW WKH UHVXOWV EHWZHHQ WKH WZR WLPH SHULRGV DUH FRPSDUDEOH ERWK RI WKH
GDWDVHWVFRQWDLQWKHVDPHVHWRIFRXQWULHV7KHYDULDEOHVLQERWKGDWDVHWVDUHEULHIO\
GHVFULEHG QH[W 7KH FRXQWULHV LQFOXGHG LQ WKH VWXG\ DUH OLVWHG LQ $SSHQGL[ 7KH IXOO
GDWD VHW DQG PRUH GHWDLOHG GHVFULSWLRQV RI WKH GHILQLWLRQV DQG VRXUFHV RI GDWD DUH
SURYLGHGE\UHTXHVWIURPWKHDXWKRUV

Corruption indicators
,QWKHTXDQWLWDWLYHFRUUXSWLRQUHVHDUFKDWWKHPDFUROHYHOWKH:*,DQG&3,LQGLFHVDUH
WKH WZR VWDQGDUG DQG PRVW FRPPRQO\ XVHG PHDVXUHV RI FRUUXSWLRQ ,Q WKLV VWXG\ ZH
FRQVLGHU WKH ERWK LQGLFHV DV DOWHUQDWLYH PHDVXUHV RI FRUUXSWLRQ )RU WKH GDWDVHW RI
ZHRQO\XVHWKH:*,LQGH[DVWKH&3,LQGH[IRUWKHVDPHQXPEHURIFRXQWULHV



ZDV QRW DYDLODEOH )RU WKH FURVV VHFWLRQ RI  ZH XVH ERWK :*, DQG &3, ZKLFK
DOORZVXVWRVWXG\WKHUREXVWQHVVRIRXUUHVXOWVZLWKUHVSHFWWRDOWHUQDWLYHFRUUXSWLRQ
PHDVXUHV
)RUWKHVDNHRIFRPSDUDELOLW\WKHRULJLQDO:*,DQG&3,LQGLFHVKDYHEHHQ
UHVFDOHG WR WKH LQWHUYDO >@ VXFK WKDW WKH VDPSOH PLQLPXP LV  DQG WKH VDPSOH
PD[LPXPLV)RUERWKLQGLFHVWKHYDOXHUHIHUVWRWKHORZHVWOHYHORI SHUFHLYHG 
FRUUXSWLRQ,QWKHGDWDVHWZHXVH WKH:*,LQGH[QXPEHUVIURPWKH\HDU
EHFDXVH WKLV LV WKH HDUOLHVW \HDU IRU ZKLFK :*, LQGLFDWRU LV DYDLODEOH +RZHYHU WKH
OHYHOV RI FRUUXSWLRQ DUH JHQHUDOO\ FRQVLGHUHG WR EH VWDEOH RYHU WLPH IRU H[DPSOH
0F$GDP  5XPPHO   DQG WKH FRUUXSWLRQ LQGLFHV XVHG LQ WKH SUHVHQW VWXG\
VXSSRUWWKLVYLHZ7DEOHSUHVHQWVWKHVXPPDU\VWDWLVWLFVDQGFRUUHODWLRQFRHIILFLHQWV
IRU WKH UHVFDOHG LQGLFHV $OO WKH LQGLFHV DUH YHU\ KLJKO\ SRVLWLYHO\ FRUUHODWHG DV
H[SHFWHG :H FDQ VHH WKDW WKH :*, LQGLFHV IURP  DQG  KDYH D YHU\ KLJK
SRVLWLYHFRUUHODWLRQZKLFKFRQILUPVLWVVWDELOLW\RYHUWLPH
Table 1: Summary statistics and correlations of the corruption indices
0HDQ
6WGHY
0HGLDQ
:*,B



:*,B



&3,B



Correlation
:*,B :*,B &3,B
matrix
:*,B



:*,B



&3,B






Macroeconomic data
)ROORZLQJ0pRQDQG:HLOO  WKHPDFURHFRQRPLFGDWDIRUWKHRXWSXWWKHFDSLWDO
VWRFN DQG WKH ODERU LQSXW LQ WKH FURVV VHFWLRQ RI  DUH EDVHG RQ (DVWHUO\ DQG
/HYLQH  7KH GDWD IRU WKHVH YDULDEOHVDUH REWDLQHG IURP :RUOG %DQN¶V *OREDO
'HYHORSPHQW1HWZRUN*URZWKGDWDEDVH7KHGDWDIRUKXPDQFDSLWDOLVIURP%DUURDQG
/HH  DQGLWLVGRZQORDGHGIURP&HQWHUIRU,QWHUQDWLRQDO'HYHORSPHQW+XPDQ
FDSLWDOLVPHDVXUHGE\WKHWRWDO\HDUVRIVFKRROLQJLQWKHZRUNLQJDJHSRSXODWLRQ 
\HDUVRIDJH FDOFXODWHGDVDYHUDJH\HDUVRIVFKRROLQJWLPHVDJHGSRSXODWLRQ7KH
RXWSXW DQG WKH FDSLWDO VWRFN DUH LQ %LOOLRQV RI 86 GROODUV DW WKH SULFHV RI 
FXUUHQFLHVFRQYHUWHGXVLQJWKH333H[FKDQJHUDWHV WKHKXPDQFDSLWDOLVLQ0LOOLRQV
RI\HDUVDQGWKHODERULQSXWLVLQ0LOOLRQVRIZRUNHUV
)RUWKHFURVVVHFWLRQRIGDWDRIWKHWRWDOSRSXODWLRQRXWSXWQXPEHURI
ZRUNHUVDQGFDSLWDODUHREWDLQHGIURPWKHODWHVWHGLWLRQRI3HQQ:RUOGWDEOHV HGLWLRQ
 7KHUHDORXWSXWSHUZRUNHULVEDVHGRQWKH333FRQYHUVLRQUDWHVDQGWKHSULFHVRI
 7KH FDSLWDO VWRFN LQ HDFK \HDU LV FDOFXODWHG IURP WKH 3HQQ GDWD XVLQJ WKH


SHUSHWXDO LQYHQWRU\ PHWKRG VHH &DVHOOL  IRU GHWDLOV  7KH KXPDQ FDSLWDO
PHDVXUH LV WKH VDPH DV LQ WKH  FURVV VHFWLRQ WKH DYHUDJH \HDUV RI VFKRROLQJ LV
REWDLQHGIURPWKHODWHVWXSGDWHRI%DUURDQG/HH  GDWDVHW7RFDOFXODWHWKH
DJHG SRSXODWLRQ WKH VKDUH RI  DJHG SRSXODWLRQ IURP WRWDO SRSXODWLRQ LV REWDLQHG
IURPWKH:RUOG%DQN
7KH FRQVWDQW UHWXUQV WR VFDOH &56  SURGXFWLRQ IXQFWLRQ LV JHQHUDOO\
SUHIHUUHGDVDEHQFKPDUNWHFKQRORJ\LQFURVVFRXQWU\SURGXFWLYLW\FRPSDULVRQV )lUH
HW DO  0RURQH\

 /RYHOO   7R LPSRVH &56 LQ WKH &REE'RXJODV

SURGXFWLRQIXQFWLRQWKHVWDQGDUGDSSURDFKLVWRXVHVFDOHGRXWSXWDQGLQSXWYDULDEOHV
REWDLQHGE\GLYLGLQJHDFKYDULDEOHZLWKRQHRIWKHLQSXWV,QRXUHPSLULFDOHVWLPDWLRQV
ZH XVH WKH ODERU LQSXW DV WKH VFDOLQJ IDFWRU 7KH XVH RI WKH VFDOHG YDULDEOHV DOVR
LPSRVHV &56LQWKH 6WR1(' PHWKRG LQWURGXFHGLQ6HFWLRQ 6XPPDU\ VWDWLVWLFV RI
WKHVFDOHGRXWSXWDQGLQSXWYDULDEOHVXVHGLQWKHHVWLPDWLRQVDUHSUHVHQWHGLQ7DEOH
Table 2: Summary statistics of the macroeconomic variables
0HDQ
6WGHY
0LQ
2XWSXW:RUNHU



&DSLWDO:RUNHU



+XP&DS:RUNHU



2XWSXW:RUNHU



&DSLWDO:RUNHU
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Other contextual variables
,QDGGLWLRQWRWKHWZRFRUUXSWLRQLQGLFHV :*,&3, ZHDOVRFRQWUROIRUWKUHHRWKHU
FRQWH[WXDOYDULDEOHVIROORZLQJWKHVSHFLILFDWLRQE\0pRQDQG:HLOO  7KH
IXOOYHFWRURIFRQWH[WXDOYDULDEOHVLV

z

Corruption Openness Ethnicity Latitude 








CorruptionUHIHUVWRWKH:*,DQG&3,LQGLFHV7KHRWKHUWKUHHFRQWH[WXDOYDULDEOHVDUH
WKHIROORZLQJ
Openness UHIHUV WR RSHQQHVV WR WUDGH PHDVXUHG DV WKH WRWDO WUDGH LPSRUWV
SOXV H[SRUWV  GLYLGHG E\ WKH *'3 )RU WKH  GDWD WKLV YDULDEOH LV DGRSWHG IURP
:RUOG %DQN¶V *OREDO 'HYHORSPHQW 1HWZRUN *URZWK GDWDEDVH )RU WKH FURVVVHFWLRQ
RIZHXVHWKHILJXUHVIURP3HQQ7DEOHV:HXVHWKHWRWDOWUDGHWRDFFRXQWIRU
WKH SRVVLELOLW\ RI H[SRUWOHG JURZWK 0RRNHUMHH  :DJQHU   :KLOH
HYLGHQFH UHJDUGLQJ WKH HIIHFWV RI WUDGH RSHQQHVV RQ WKH HFRQRPLF SHUIRUPDQFH LV
VRPHZKDW PL[HG IRU H[DPSOH <DQLNND\D  /HH 5LFFL  5LJRERQ   WKH
HIIHFWVVHHPVWREHSRVLWLYHLQWKHSUHVHQFHRIRWKHUIDYRUDEOHFRQGLWLRQVVXFKDVJRRG




LQVWLWXWLRQV %DOGZLQ &RQWUROOLQJRSHQQHVVLVDOVRMXVWLILHGRQWKHJURXQGVWKDW
LW PD\ LQIOXHQFH WKH SUHYDOHQFH RI FRUUXSWLRQ $GHV  'L 7HOOD  3HOOHJULQL 
*HUODJK 
Ethnicity UHIHUV WR WKH LQGLFDWRU RI VRFLDO HWKQLF DQG FXOWXUDO
IUDFWLRQDOL]DWLRQRIWKHSRSXODWLRQ,WLVJHQHUDOO\LPSRUWDQWWRFRQWUROIRUWKHHWKQLFDO
IUDFWLRQDOL]DWLRQ VLQFH IUDFWLRQDOLVHG FRXQWULHV DUH RIWHQ SHUFHLYHG WR KDYH GHFUHDVHG
TXDOLW\ RI JRYHUQPHQW /D 3RUWD HW DO   ,Q WKH  FURVV VHFWLRQ ZH XVH WKH
ELF LQGLFDWRU E\ 5RHGHU   ELF LV D SUR[\ IRU WKH HWKQROLQJXLVWLF
IUDFWLRQDOL]DWLRQGHILQHGDVWKHSUREDELOLW\WKDWWZRUDQGRPO\GUDZQLQGLYLGXDOVLQD
FRXQWU\VSHDNGLIIHUHQWQDWLYHODQJXDJHV7KHELFLQGLFHVDUHIURPWKH\HDUDV
WKLV LV WKH ODWHVW \HDU DYDLODEOH LQ 5RHGHU¶V GDWDVHW /LNH FRUUXSWLRQ HWKQLFDO
IUDFWLRQDOL]DWLRQ FDQ EH VKRZQ WR EH UHODWLYHO\ VWDEOH RYHU WLPH ,Q WKH  FURVV
VHFWLRQ ZH XVH WKH ETH LQGLFDWRU IURP $OHVVLQD HW DO   :KLOH ELF LQGH[
IRFXVHVRQWKHOLQJXLVWLFDVSHFWRIIUDFWLRQDOL]DWLRQWKHETHLQGLFDWRULVPRUHJHQHUDO
LQWKHVHQVHWKDWLWDOVRFRQVLGHUVUDFLDODVSHFWV
)LQDOO\Latitude LVWKHDEVROXWHYDOXHRIWKHDYHUDJHJHRJUDSKLFODWLWXGHRI
WKH FRXQWU\ REWDLQHG IURP WKH 2SHQ'DWD ZHESDJH E\ 6RFUDWD ,QF 7KH XVH RI WKH
DEVROXWHYDOXHLPSOLHVWKDWFRXQWULHVORFDWHG1RUWKRU6RXWKRIWKHHTXDWRUDUHWUHDWHG
V\PPHWULFDOO\7KHUROHRIWKHODWLWXGHDVDFRQWUROYDULDEOHLVEDVHGRQ6DFKV  
ZKRIRXQGWKDWWURSLFDOFRXQWULHVDUHJHQHUDOO\RQWKHORZHUOHYHORIGHYHORSPHQW
)RU WKH VDNH RI FRPSDUDELOLW\ RXU VSHFLILFDWLRQ RI FRQWH[WXDO YDULDEOHV
IROORZV WKDW RI 0pRQ DQG :HLOO   DV FORVHO\ DV SRVVLEOH 2I FRXUVH IXUWKHU
FRQWH[WXDOYDULDEOHVFRXOGEHFRQVLGHUHGEXWZHSUHIHUWROHDYHWKLVDVDTXHVWLRQIRU
IXWXUHUHVHDUFK)RUH[DPSOHRQHFRXOGWU\WRFRQWUROIRURWKHUDVSHFWVRIJRYHUQDQFH
DQG DOVR WKH LQWHUDFWLRQV EHWZHHQ JRYHUQDQFH DQG FRUUXSWLRQ VHH HJ 0pRQ DQG
:HLOO   ,Q WKLV VWXG\ KRZHYHU ZH IRFXV RQ HVWLPDWLQJ WKH WRWDO HIIHFW RI
FRUUXSWLRQ ZKLFK LQFOXGHV WKH LQGLUHFW HIIHFWV RI FRUUXSWLRQ WKDW UXQ WKURXJK RWKHU
JRYHUQDQFH DVSHFWV VHH HJ 'RXFRXOLDJRV DQG 8OXEDúR÷OX  DQG &DPSRV
'LPRYD DQG 6DOHK  IRU IXUWKHU GLVFXVVLRQ RQ WKH GLUHFW DQG LQGLUHFW HIIHFWV 
7KXVRXUHVWLPDWHVRQWKHSURGXFWLYLW\HIIHFWFDQEHLQWHUSUHWHGWRUHSUHVHQWDQXSSHU
ERXQGRIWKHGLUHFWHIIHFWDVRXUHVWLPDWHVGRQRWPDNHGLVWLQFWLRQEHWZHHQWKHGLUHFW
DQGLQGLUHFWHIIHFWV

9

(03,5,&$/5(68/76

7KLVVHFWLRQSUHVHQWVWKHUHVXOWVIURPHPSLULFDOHVWLPDWLRQV:HILUVWUHSRUWWKHUHVXOWV
EULHIO\IROORZLQJWKHVDPHRUGHUDVLQ6HFWLRQ7KHEDVHOLQHHVWLPDWLRQVZLWK2/6
DUHSUHVHQWHGLQ6HFWLRQ D ZKLFKDUHWKHQIROORZHGE\WKH6)$UHVXOWVLQ6HFWLRQ E 



7KH FRUUHVSRQGLQJ 6WR1(' UHVXOWV DUH SUHVHQWHG LQ 6HFWLRQ F  ,Q WKH 6HFWLRQ G 
UHVXOWVDUHFRPSDUHGDQGGLVFXVVHGLQPRUHGHWDLO

OLS results
7KH2/6HVWLPDWHVRIWKHFRHIILFLHQWV δβα RIWKHEDVHOLQHPRGHO  DUHUHSRUWHGLQ
7DEOH . $OO WKUHH PRGHOV \LHOG JRRG HPSLULFDO ILW DQG WKH FRHIILFLHQWV RI WKH
SURGXFWLRQIDFWRUVDUHSRVLWLYHDVH[SHFWHG2XUPDLQLQWHUHVWLVLQWKHFRHIILFLHQWVRI
WKHFRUUXSWLRQLQGLFHV,QDOOWKUHHPRGHOVFRQVLGHUHGILQGWKDWWKHFRUUXSWLRQLQGLFHV
KDYH D SRVLWLYH DQG VLJQLILFDQW HIIHFW RQ WKH H[SHFWHG YDOXH RI SURGXFWLYLW\ VKRFN
5HFDOOWKDWWKHKLJKYDOXHVRILQGLFHVLQGLFDWHORZFRUUXSWLRQVRWKHSRVLWLYHVLJQRI
WKH FRHIILFLHQW VXJJHVWV WKDW FRUUXSWLRQ KDV D QHJDWLYH HIIHFW RQ WKH H[SHFWHG
SURGXFWLYLW\VKRFN,QFRQFOXVLRQWKH2/6HVWLPDWHVXQLIRUPO\VXSSRUWWKHJULWRQWKH
ZKHHOVK\SRWKHVLVDQGWKHUHLVQRVXSSRUWIRUWKHJUHDVHK\SRWKHVLV
Table 3: OLS estimates – the expected levels (δ)
'(39$5
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VLJQLILFDQFH VLJQLILFDQFH VLJQLILFDQFH
:KLWH¶VKHWHURVFHGDVWLFLW\UREXVWVWDQGDUGHUURUVLQSDUHQWKHVHV


&RQVLGHU WKH JDPEOH K\SRWKHVLV QH[W 7DEOH  UHSRUWV WKH HVWLPDWHG
FRHIILFLHQWV γ  RI (TXDWLRQ   ZKHUH ZH UHJUHVV WKH VTXDUHG 2/6 UHVLGXDOV RQ WKH
FRQWH[WXDO YDULDEOHV z ,Q DOO WKUHH PRGHOV WKH FRUUXSWLRQ LQGH[ KDV D VLJQLILFDQW
QHJDWLYH HIIHFW RQ KHWHURVNHGDVWLFLW\ 7KH GHJUHH RI VLJQLILFDQFH GHFUHDVHV DV ZH
PRYHIURPOHIWWRULJKWLQWKHFROXPQVRI7DEOHZHGLVFXVVWKLVSRLQWLQ6HFWLRQ G 
EHORZ,QFRQFOXVLRQZHILQGWKDWFRUUXSWLRQLVDVVRFLDWHGZLWKDKLJKHUYDULDQFH RI
SURGXFWLYLW\ DV DOO WKH FRHIILFLHQWV DUH FRQVLVWHQWO\ QHJDWLYH DQG VWDWLVWLFDOO\
VLJQLILFDQW7KHUHVXOWVRIRXUKHWHURVNHGDVWLFLW\WHVWVVXSSRUWWKHJDPEOHK\SRWKHVLV







Table 4: OLS estimates – the variance effects (γ)
'(39$5
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VLJQLILFDQFH VLJQLILFDQFH VLJQLILFDQFH
6WDQGDUGHUURUVLQSDUHQWKHVHV

SFA results
,WZRUWKWRHPSKDVLVHDJDLQWKDWWKH6)$PRGHOFRQVLGHUHGEHORZLVQRWVXLWDEOHIRU
WHVWLQJ WKH JUHDVH JULW RU JDPEOH K\SRWKHVHV DV WKH HIIHFWV RI FRUUXSWLRQ RQ WKH
H[SHFWHG YDOXH DQG YDULDQFH RI SURGXFWLYLW\ DUH LQGLVWLQJXLVKDEOH LQ WKLV PRGHO :H
UHSRUWWKHHPSLULFDOUHVXOWVRIWKH6)$PRGHOIRUWKHVDNHRIFRPSDULVRQWRLOOXVWUDWH
WKDW WKH PLVLQWHUSUHWDWLRQ RI WKH 6)$ HVWLPDWHV LV LQGHHG D FRQFHUQ LQ WKH SUHVHQW
FRQWH[W
7DEOH  SUHVHQWV WKH SDUDPHWHU HVWLPDWHV RI WKH 6)$ PRGHO VWDWHG LQ
(TXDWLRQ  7KHSDUDPHWHUHVWLPDWHVRIWKHSURGXFWLRQIDFWRUVDUHDJDLQSRVLWLYHWKH
RQO\ QRWDEOH GLIIHUHQFH WR WKH 2/6 FRHIILFLHQWV LV WKDW WKH FRHIILFLHQW RI WKH KXPDQ
FDSLWDOEHFRPHVVLJQLILFDQWWKH:*,PRGHO7KHVWRFKDVWLFIURQWLHUVSHFLILFDWLRQ
LV VXSSRUWHG E\ WKH /5 WHVW ZKLFK LQGLFDWHV WKDW WKH SDUDPHWHUV RI WKH LQHIILFLHQF\
PRGHODUHMRLQWO\VLJQLILFDQW
,QDOOWKUHHPRGHOVSHFLILFDWLRQVFRQVLGHUHGWKHVLJQVRIWKHFRUUXSWLRQLQGH[
DUH V\VWHPDWLFDOO\ QHJDWLYH +RZHYHU WKH FRHIILFLHQW RI WKH FRUUXSWLRQ LQGH[ LV
VWDWLVWLFDOO\ VLJQLILFDQW RQO\ LQ WKH :*,  PRGHO 1RWH WKDW LQ WKH 6)$
VSHFLILFDWLRQWKHFRUUXSWLRQLQGLFHVLQIOXHQFHLQHIILFLHQF\7KHUHIRUHWKHQHJDWLYHVLJQ
RI WKH FRUUXSWLRQ FRHIILFLHQW LQ 6)$ LV LQ OLQH ZLWK WKH SRVLWLYH VLJQ RI WKH 2/6
FRHIILFLHQW WKDW UHSUHVHQWV WKH GLUHFW PDUJLQDO HIIHFW RI FRUUXSWLRQ RQ RXWSXW 7KH
QHJDWLYHVLJQRIWKHFRUUXSWLRQFRHIILFLHQWLQ6)$DOVRFRQIRUPVWRWKHUHVXOWVUHSRUWHG
LQHDUOLHU6)$VWXGLHV 0pRQ :HLOO 
$V GLVFXVVHG LQ 6HFWLRQ  LW PLJKW EH WHPSWLQJ WR LQWHUSUHW WKH QHJDWLYH
FRHIILFLHQWV RI FRUUXSWLRQ LQ WKH 6)$ PRGHO DV VXSSRUW IRU WKH JULW K\SRWKHVLV
+RZHYHULWLVHTXDOO\SRVVLEOHWKDWWKHQHJDWLYHFRHIILFLHQWVRIFRUUXSWLRQDUHGULYHQ


E\ KHWHURVNHGDVWLFLW\ &RPSDULVRQ ZLWK WKH 2/6 UHVXOWV REWDLQHG XVLQJ WKH VDPH
&REE'RXJODV SURGXFWLRQ IXQFWLRQ VSHFLILFDWLRQ VXJJHVWV WKDW FRUUXSWLRQ LQIOXHQFHV
ERWKWKHH[SHFWHGOHYHODQGWKHYDULDQFHRISURGXFWLYLW\6LQFHLQ6)$ERWKHIIHFWVDUH
FDSWXUHGE\WKHVDPHFRHIILFLHQWWKHUHLVDPDMRUULVNRIFRQIXVLRQ

Table 5: SFA estimates
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VLJQLILFDQFH VLJQLILFDQFH VLJQLILFDQFH
6WDQGDUGHUURUVLQSDUHQWKHVHV
'(39$5
OQ yL 
&RUUXSWLRQ

StoNED results
7RDVVHVVWKHUREXVWQHVVRIWKHSUHYLRXVUHVXOWVWRWKHSRWHQWLDOO\UHVWULFWLYHSDUDPHWULF
VSHFLILFDWLRQ RI WKH &REE'RXJODV SURGXFWLRQ IXQFWLRQ ZH FRQVLGHU D PRUH IOH[LEOH
VHPLQRQSDUDPHWULFHVWLPDWRUWKDWDOORZVWKHRXWSXWHODVWLFLWLHVRISURGXFWLRQIDFWRUV
GLIIHUDFURVVFRXQWULHV7KH6WR1('HVWLPDWRULVREWDLQHGE\VROYLQJWKHOHDVWVTXDUHV
SUREOHP SUHVHQWHG LQ (TXDWLRQ   5HFDOO WKDW WKH FRHIILFLHQWV RI WKH QRQSDUDPHWULF
SURGXFWLRQ IXQFWLRQ Įiβi  UHIHU WR WKH WDQJHQW K\SHUSODQHV RI DQ XQVSHFLILHG
IXQFWLRQDO IRUP DQG DV VXFK DUH QRW FRPSDUDEOH ZLWK WKH FRHIILFLHQWV RI WKH &REE
'RXJODV SURGXFWLRQ IXQFWLRQ 0RUHRYHU VLQFH WKH FRHIILFLHQWV Įiβi  DUH FRXQWU\
VSHFLILFDQGQRWQHFHVVDULO\XQLTXHZHGRQRWUHSRUWWKHPLQWKLVSDSHU,QVWHDGZH
UHVRUW WR D JUDSKLFDO LOOXVWUDWLRQ RI WKH HVWLPDWHG SURGXFWLRQ IXQFWLRQ LQ )LJXUH 
EHORZ%XWILUVWOHWXVH[DPLQHWKHHIIHFWVRIWKHFRQWH[WXDOYDULDEOHV FRHIILFLHQWVδ 
ZKLFKDUHSUHVHQWHGLQ7DEOH
7KH FRUUXSWLRQ LQGLFHV KDYH V\VWHPDWLFDOO\ SRVLWLYH VLJQV LQ DOO WKUHH
VDPSOHVDQDORJRXVWRWKH2/6HVWLPDWHV,QWHUHVWLQJO\WKHFRHIILFLHQWRIFRUUXSWLRQLV




QRWVLJQLILFDQWLQWKH:*,VDPSOHEXWLWLVVLJQLILFDQWLQERWKWKH:*,DQG&3,
VDPSOHVIRUWKH\HDU7KHUHVXOWVRIWKH6WR1('HVWLPDWRUVXSSRUWWKHYLHZIURP
WKH2/6UHJUHVVLRQWKHUHLVHYLGHQFHLQIDYRURIWKHJULWRQWKHZKHHOVK\SRWKHVLVEXW
QRLQGLFDWLRQZKDWVRHYHULQIDYRURIWKHJUHDVHK\SRWKHVLV
7KHFRHIILFLHQWVRIGHWHUPLQDWLRQ 5 UHSRUWHGRQWKHERWWRPURZRI7DEOH
UHIHUWRWKH6WR1('PRGHODVDZKROHLQFOXGLQJWKHLQSXWYDULDEOHV QRWUHSRUWHGLQ
WKHWDEOH 7KHVHFRHIILFLHQWVDUHKLJKHUWKDQWKHFRUUHVSRQGLQJ2/6VWDWLVWLFVZKLFK
LQGLFDWHVWKDWWKH6WR1('HVWLPDWRUKDVDVOLJKWO\EHWWHUHPSLULFDOILW7KHVNHZQHVV
VWDWLVWLFVUHIHUWRWKHVNHZQHVVRIWKH6WR1('UHVLGXDOV7KLVVWDWLVWLFLVH[SHFWHGWREH
QHJDWLYHLQWKHFDVHRIDSURGXFWLRQIXQFWLRQZKHQWKHUHLVDV\PPHWULFLQHIILFLHQF\LQ
WKHGLVWXUEDQFHWHUP7KHQHJDWLYHVNHZQHVVVWDWLVWLFVVXJJHVWWKDWWKHUHLVLQHIILFLHQF\
SUHVHQWLQDOOWKUHHVDPSOHV+RZHYHUZHGRQRWUHSRUWRUGLVFXVVWKHFRXQWU\VSHFLILF
LQHIILFLHQF\HVWLPDWHVDVWKLVIDOOVEH\RQGWKHVFRSHRIWKHSUHVHQWVWXG\

Table 6: StoNED estimates – the expected levels (δ)
'(39$5
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6NHZQHVV



VLJQLILFDQFH VLJQLILFDQFH VLJQLILFDQFH
:KLWH¶VKHWHURVFHGDVWLFLW\UREXVWVWDQGDUGHUURUVLQSDUHQWKHVHV
&RUUXSWLRQ

&RQVLGHU QH[W WKH JDPEOH K\SRWKHVLV :H HVWLPDWH (TXDWLRQ   E\ 2/6
UHJUHVVLQJ WKH VTXDUHG 6WR1(' UHVLGXDOV RQ WKH FRQWH[WXDO YDULDEOHV 7KH HVWLPDWHG
FRHIILFLHQWV DQG WKHLU VWDQGDUG HUURUV DUH UHSRUWHG LQ 7DEOH . 7KH FRHIILFLHQWV RI
FRUUXSWLRQ DUH V\VWHPDWLFDOO\ QHJDWLYH WKURXJKRXW DOO WKUHH PRGHOV FRQVLGHUHG 7KH
QHJDWLYH FRHIILFLHQW IRU FRUUXSWLRQ LPSOLHV WKDW WKH YDULDQFH RI 6WR1(' UHVLGXDOV
GHFUHDVHV DV WKH FRUUXSWLRQ LQGLFHV LQFUHDVH WKDW LV FRUUXSWLRQ GHFUHDVHV  ,Q RWKHU
ZRUGV KLJKO\ FRUUXSWHG FRXQWULHV KDYH D ODUJHU YDULDWLRQ LQWKHLU SURGXFWLYLW\ OHYHOV
WKDQ OHVV FRUUXSWHG FRXQWULHV ,Q FRQWUDVW WR WKH HIIHFWV RQ WKH H[SHFWHG OHYHO WKH
FRHIILFLHQW LQ :*,  VDPSOH LV VWDWLVWLFDOO\ VLJQLILFDQW DW  VLJQLILFDQFH OHYHO
ZKHUHDVLQWKHVDPSOHVWKHFRHIILFLHQWVDUHFORVHUWR]HURDQGVLJQLILFDQWRQO\DW


VLJQLILFDQFHOHYHO,QRXULQWHUSUHWDWLRQFRUUXSWLRQLVFOHDUO\DULVNIDFWRULQWKH
VDPSOHZLWKOLWWOHHIIHFWRQWKHOHYHORISURGXFWLYLW\EXWLQWKHGDWDIURP
WKHYDULDQFHHIIHFWKDVQRWDEO\GHFUHDVHGDQGWKHHIIHFWRQWKHH[SHFWHGOHYHOLVPRUH
GRPLQDQW
Table 7: StoNED estimates – the variance effects (γ)
'(39$5
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VLJQLILFDQFH VLJQLILFDQFH VLJQLILFDQFH
6WDQGDUGHUURUVLQSDUHQWKHVHV

7R JHW D YLVXDO LPSUHVVLRQ DERXW KHWHURVNHGDVWLF\ LQ )LJXUH  ZH KDYH
SORWWHG WKH 6WR1(' UHVLGXDOV DJDLQVW WKH :*, FRUUXSWLRQ LQGH[ 7KH XSSHU SDQHO LQ
WKHILJXUHLVWKHPRGHOZLWKGDWDZKHUHDVLQWKHOHIWSDQHOZHKDYHWKHREWDLQHG
UHVLGXDO XVLQJ WKH  GDWD 7KLV ILJXUH LOOXVWUDWHV WKDW WKH YDULDWLRQ LQ UHVLGXDOV LV
QRWDEO\ KLJKHU LQ WKH ORZHU HQG RI WKH FRUUXSWLRQ LQGH[ ZKHUH KLJKO\ FRUUXSWHG
FRXQWULHVDUH







Figure 1: StoNED residuals vs. WGI index

)LQDOO\LWLVZRUWKWRH[DPLQHWKHVKDSHRIWKHHVWLPDWHG6WR1('SURGXFWLRQ
IXQFWLRQ JUDSKLFDOO\ 7KHXSSHU SDQHO RI )LJXUH  LOOXVWUDWHV WKH SURGXFWLRQIXQFWLRQ
IRU\HDUDQGWKHORZHUSDQHOIRU\HDU:KHUHDVLQ2/6DQG6)$FDVHV VHH
WKHRQOLQHDSSHQGL[IRUJUDSKLFDOLOOXVWUDWLRQV WKH&REE'RXJODVSURGXFWLRQIXQFWLRQ
LPSRVHVWKHVXEVWLWXWLRQHODVWLFLW\EHWZHHQLQSXWVWREHHTXDOWRRQHE\FRQVWUXFWLRQ
LQWKHFDVHRIWKH6WR1('IURQWLHUWKHUDQJHRIVXEVWLWXWLRQHODVWLFLW\LVIURP]HURWR
LQILQLW\ $FFRUGLQJ WR )LJXUH  ZKHQ WKH FDSLWDO LQWHQVLW\ LV ORZ LQ WHUPV RI ERWK
KXPDQDQGSK\VLFDOFDSLWDOWKHVXEVWLWXWLRQSRVVLELOLWLHVVHHPWREHUDWKHUOLPLWHG,Q
RXU LQWHUSUHWDWLRQ WKLV UHIOHFWV WKH technology-skill mismatch LQ ORZ GHYHORSPHQW
FRXQWULHV$FHPRJOXDQG=LOLERWWL  HPSKDVLVHWKLVPLVPDWFKDVDVRXUFHRIWKH
SURGXFWLYLW\ GLIIHUHQFHV DW GLIIHUHQW OHYHOV RI GHYHORSPHQW 7KH WHFKQRORJ\VNLOO
PLVPDWFK RFFXUV EHFDXVH WKH SK\VLFDO FDSLWDO LWVHOI GRHV QRW LQFUHDVH SURGXFWLRQ LI
WKHUHDUHQRVNLOOVWRXWLOLVHLW&RQYHUVHO\WKHKXPDQFDSLWDODORQHGRHVQRWLQFUHDVH
WKH RXWSXW ZLWKRXW D VXIILFLHQW OHYHO RI SK\VLFDO FDSLWDO 7KLV LPSOLHV WKDW WKH
SURGXFWLRQ IXQFWLRQ PXVW H[KLELWWKH /HRQWLHI W\SH IL[HG SURSRUWLRQV VWUXFWXUH DW WKH
ORZ OHYHO RI GHYHORSPHQW 7KH VXEVWLWXWLRQ HODVWLFLW\ RI KXPDQ DQG SK\VLFDO FDSLWDO
LQFUHDVHV DW WKH KLJKHU OHYHOV RI FDSLWDO LQWHQVLW\ 7KLV VXJJHVWV WKDW LW LV HDVLHU WR
PDWFK WKH WHFKQRORJ\ ZLWK WKH QHFHVVDU\ VNLOOV RU YLFH YHUVD LQ PRUH GHYHORSHG


FRXQWULHV $V WKH FDSLWDO LQWHQVLW\ FRQWLQXHV WR LQFUHDVH WKH VORSH RI WKH SURGXFWLRQ
IXQFWLRQEHFRPHVIODWWHUGXHWRWKHGLPLQLVKLQJUHWXUQV,QRXUYLHZWKHVKDSHRIWKH
HVWLPDWHG6WR1('SURGXFWLRQIXQFWLRQWKXVKDVDPHDQLQJIXOHFRQRPLFLQWHUSUHWDWLRQ


Figure 2: Estimated StoNED production function (WGI)

&RPSDULVRQRIWKHSURGXFWLRQIXQFWLRQVRI\HDUVDQGUHYHDOVFOHDU
VLJQVRIHFRQRPLF JURZWK7KHRXWSXWOHYHOVKDYHLQFUHDVHGFRQVLGHUDEO\GXULQJWKH
WZHQW\\HDUSHULRGEXWDOVRWKHDPRXQWRISK\VLFDOFDSLWDOKDVLQFUHDVHDVWKHODWWHU
SLFWXUH H[WHQGV IXUWKHU LQ K/L D[LV 7KLV DOVR H[SODLQV ZK\ WKH  SLFWXUH ORRNV
VRPHZKDW VWUHWFKHG ,QGHHG LI ZH UHVWULFW WKH FDSLWDO SHU ZRUNHU LQ  WR WKH
REVHUYHG UDQJH RI K/L LQ \HDU  WKH WZR JUDSKV ZRXOG DSSHDU DOPRVW LGHQWLFDO
7KXVWKHRYHUDOOVKDSHRIWKHSURGXFWLRQIXQFWLRQKDVQRWFKDQJHGEXWUDWKHUZHVHH
FDSLWDOGHHSHQLQJLQRXUUHVXOWV


Discussion of the results
%\ GUDZLQJ D FOHDU GLVWLQFWLRQ EHWZHHQ WKH HIIHFWV WR WKH H[SHFWHG OHYHO DQG WKH
YDULDQFHRXUUHVXOWVRIIHUQHZLQVLJKWVWRWKHDGYHUVHHIIHFWVRIFRUUXSWLRQ :HILQG
WKDWEHVLGHVWKHHIIHFWRIFRUUXSWLRQRQWKHH[SHFWHGOHYHORISURGXFWLYLW\WKHUHLVWKH




DGGHGHIIHFWRILQFUHDVHLQWKHULVN3UHYLRXVVWXGLHVWKDWIRFXVRQO\RQWKHH[SHFWHG
OHYHOLJQRUHWKHFRUUHVSRQGLQJLQFUHDVHLQWKHULVNZKLFKPD\EHHYHQPRUHKDUPIXO
FRQVHTXHQFHRIFRUUXSWLRQ
%RWK 2/6 DQG 6WR1(' HVWLPDWHV LQGLFDWH WKDW FRUUXSWLRQ KDV D VLJQLILFDQW
SRVLWLYHHIIHFWRQKHWHURVNHGDVWLFLW\FRUUXSWLRQLQFUHDVHVWKHYDULDQFHRISURGXFWLYLW\
7KXVZHILQGVLJQLILFDQWVXSSRUWIRUWKHJDPEOHK\SRWKHVLV7KHUHVXOWLVUREXVWWRWKH
IXQFWLRQDO IRUP DVVXPSWLRQ &REE'RXJODV XVHG LQ 2/6 YHUVXV QRQSDUDPHWULF
SURGXFWLRQIXQFWLRQRI6WR1(' WKHWLPHSHULRG VDPSOHYHUVXVVDPSOH 
DQGWKHFKRLFHRIWKHFRUUXSWLRQLQGH[ :*,YHUVXV&3,LQ 1RWHWKDWIXQFWLRQDO
IRUPKRZHYHUKDVQRWDEOHHIIHFWIRUWKHOHYHOHIIHFWVRIFRUUXSWLRQZKHQZHFRQVLGHU
WKH  FURVV VHFWLRQ 7KH OHYHO HIIHFW LV KLJKO\ VLJQLILFDQW ZLWK 2/6 EXW WXUQV
LQVLJQLILFDQW ZKHQ XVLQJ 6WR1(' :H GR QRW VHH HTXDOO\ QRWDEOH FKDQJHV ZLWK WKH
KHWHURVNHGDVWLFLW\HIIHFWV7KXVWKHULVNHIIHFWVHHPVVRPHZKDWPRUHUREXVW
:KHQ FRPSDULQJ WKH UHODWLYH LPSRUWDQFH RI OHYHO DQG YDULDQFH HIIHFWV RI
FRUUXSWLRQ %RWK 2/6 DQG 6WR1(' HVWLPDWHV VKRZ WKDW WKH KHWHURVNHGDVWLFLW\ HIIHFW
GRPLQDWHV LQ WKH  FURVV VHFWLRQ ,Q WKH  FURVV VHFWLRQ WKH HIIHFW RQ WKH
H[SHFWHG OHYHO EHFRPHV PRUH SURQRXQFHG ,Q RXU LQWHUSUHWDWLRQ WKLV LV D QDWXUDO
FRQVHTXHQFH RI HFRQRPLF JURZWK DQG LQVWLWXWLRQDO FRQYHUJHQFH DFURVV FRXQWULHV $V
FRXQWULHV LPSURYH WKHLU LQVWLWXWLRQV RYHU WLPH FRXQWULHV FRQYHUJH WRZDUGV D PRUH
XQLIRUPJURZWKSDWK+HQFHWKHKHWHURVNHGDVWLFLW\WKDWSUHYDLOVDWWKHORZHUOHYHOVRI
GHYHORSPHQWZLOOJUDGXDOO\YDQLVKDQGWKHHIIHFWRQWKHH[SHFWHGOHYHOEHFRPHVPRUH
YLVLEOH,QRWKHUZRUGVWKHLQVWLWXWLRQVEHFRPHLQFUHDVLQJO\LPSRUWDQWDWKLJKHUOHYHOV
RI HFRQRPLF GHYHORSPHQW VHH *ODHVHU HW DO  $LGW HW DO  IRU IXUWKHU
GLVFXVVLRQ 
/HWXVFRQVLGHUQH[WWKHDERYHUHVXOWLQWKHOLJKWRIWKH6)$UHVXOWV$PDMRU
VKRUWFRPLQJ RI WKH 6)$ PRGHO FRQVLGHUHG DERYH LV WKDW LW FDQQRW GLVWLQJXLVK WKH
HIIHFWV RQ WKH H[SHFWHG OHYHO DQG WKH YDULDQFH ,Q WKH 6)$ UHVXOWV WKH QHJDWLYH
FRHIILFLHQW RI FRUUXSWLRQ LPSOLHV WKDW FRUUXSWLRQ LQFUHDVHV WKH YDULDQFH RI WKH
LQHIILFLHQF\WHUP VHH(TXDWLRQ  FRQIRUPLQJWRWKH2/6DQG6WR1('UHVXOWV%\
FRPSDULVRQ ZLWK WKH 2/6 DQG 6WR1(' UHVXOWV LW VHHPV WKDW WKH 6)$ FRHIILFLHQW RI
FRUUXSWLRQ LV YHU\ VHQVLWLYH WR WKH KHWHURVNHGDVWLFLW\ HIIHFW ,QGHHG WKH 6)$
FRHIILFLHQW RI FRUUXSWLRQ LV KLJKO\ VLJQLILFDQW LQ WKH  FURVV VHFWLRQ ZKHUH WKH
YDULDQFHHIIHFWLVGRPLQDQWLQ2/6DQG6WR1(',QFRQWUDVWLQWKHFURVVVHFWLRQ
ZKHUH WKH OHYHO HIIHFWV DUH PRUH GRPLQDQW WKH 6)$ FRHIILFLHQW RI FRUUXSWLRQ LV
LQVLJQLILFDQW7KHVHREVHUYDWLRQVVXJJHVWWKDWSDUWLDOVXSSRUWIRUWKHJUHDVHK\SRWKHVHV
UHSRUWHGLQWKHOLWHUDWXUHREWDLQHGZLWKVLPLODU6)$PRGHOVDVWKHRQHFRQVLGHUHGLQ
WKLV SDSHU PD\ LQ IDFW UHVXOW IURP D PLVLQWHUSUHWDWLRQ RI WKH 6)$ FRHIILFLHQW WKDW
FDSWXUHVWKHKHWHURVNHGDVWLFLW\HIIHFW


7KH HPSLULFDO VXSSRUW RQ WKH JDPEOH K\SRWKHVLV RI FRUUXSWLRQ VXJJHVWV D
QHZ SHUVSHFWLYH WR FRUUXSWLRQ DV D VRXUFH RI PDFUR ULVN LQ WKH IUDJLOH VWDJHV RI
GHYHORSPHQW&RXQWULHVDWWKHLUHDUO\VWDJHRIHFRQRPLFGHYHORSPHQWVHHPWRGLIIHULQ
WKHLUHTXLOLEULXPOHYHOVRIFRUUXSWLRQDQGFRQVHTXHQWO\KDYHGLIIHUHQWJURZWKSDWKV
7KH SUREDELOLVWLF LQWHUSUHWDWLRQ RI FRUUXSWLRQ DV D ULVN IDFWRU FDQ KHOS WR XQGHUVWDQG
ZK\VRPHKLJKO\FRUUXSWHGFRXQWULHVKDYHPDQDJHGWRDFKLHYHUHODWLYHO\KLJKOHYHORI
SURGXFWLYLW\$KLJKYDULDQFHPHDQVWKDWODUJHGHYLDWLRQVWRERWKSRVLWLYHDQGQHJDWLYH
GLUHFWLRQIURPWKHPHDQDUHOLNHO\7KHJDPEOHK\SRWKHVLVDOORZVIRUWKHSRVVLELOLW\
WKDW ZLWKVRPH JRRG IRUWXQH LWLV SRVVLEOH WKDW D FRXQWU\ DFKLHYHV D UHODWLYHO\ KLJK
OHYHORISURGXFWLYLW\GHVSLWHDKLJKSUHYDOHQFHRIFRUUXSWLRQ,QRXULQWHUSUHWDWLRQWKH
PL[HG HPSLULFDO HYLGHQFH VXSSRUWLQJ WKH JUHDVH RU WKH JULW K\SRWKHVHV FDQ DW OHDVW
SDUWO\EHGXHWRWKHYDULDQFHHIIHFWRIFRUUXSWLRQ
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3UHYLRXV HPSLULFDO VWXGLHV 0pRQ DQG 6HNNDW  0pQGH]  6HS~OYHGD 
$LGW 'XWWD  6HQD  0pRQ  :HLOO   UDWKHU XQDQLPRXVO\ VKRZ WKDW WKH
HIIHFW RI FRUUXSWLRQ LV QRW XQLIRUP DFURVV FRXQWULHV DQG RYHU WLPH EXW WKH HIIHFW
GHSHQGV RQ RWKHU IDFWRUV VXFK DV LQVWLWXWLRQV DQG HFRQRPLF IUHHGRP 7KHVH VWXGLHV
KDYH KRZHYHU IRFXVHG SUHGRPLQDQWO\ RQ HVWLPDWLQJ WKH HIIHFW RI FRUUXSWLRQ RQ WKH
H[SHFWHGOHYHORISURGXFWLYLW\RULWVJURZWKUDWH,QWKLVVWXG\ZHDUJXHWKDWFRUUXSWLRQ
DOVR DIIHFWV WKH YDULDQFH RI SURGXFWLYLW\ ZKLFK OHDGV XV WR SURSRVH D QHZ JDPEOH
K\SRWKHVLV RI FRUUXSWLRQ *DPEOH K\SRWKHVLV FRQWULEXWHV WR WKH OLWHUDWXUH E\
LQWURGXFLQJ D QHZ SHUVSHFWLYH WKH ULVN $FFRUGLQJ WR WKLV SUREDELOLVWLF K\SRWKHVLV
FRUUXSWLRQLQFUHDVHVWKHYDULDQFHRISURGXFWLYLW\DQGFDQKHQFHEHVHHQDVDVRXUFHRI
PDFURULVN7KHJDPEOHK\SRWKHVLVSUHGLFWVDODUJHGLVSHUVLRQRISURGXFWLYLW\OHYHOVDW
KLJKOHYHOVRIFRUUXSWLRQDQGDFRQYHUJHQFHWRDPRUHXQLIRUPSURGXFWLYLW\OHYHOVDW
ORZOHYHOVRIFRUUXSWLRQ1RWHWKDWKLJKYDULDQFHLQYROYHVERWKSRVLWLYHDQGQHJDWLYH
ULVN,WLVSRVVLEOHWKDWDKLJKO\FRUUXSWHGFRXQWU\DFKLHYHVDKLJKOHYHORISURGXFWLYLW\
EXWWKHSUREDELOLW\RIORZSURGXFWLYLW\LVDOVRKLJK
2XUHPSLULFDOUHVXOWVLQGLFDWHWKDWFRUUXSWLRQKDVDVLJQLILFDQWSRVLWLYHHIIHFW
RQ WKH YDULDQFH RI SURGXFWLYLW\ VXSSRUWLQJ WKH JDPEOH K\SRWKHVLV (VSHFLDOO\ DW WKH
KLJKHU FRUUXSWLRQ OHYHOV ZH VHH ODUJH YDULDWLRQV RQ KRZ FRUUXSWLRQ DIIHFWV WR WKH
SURGXFWLYLW\ RI FRXQWULHV 7KLV UHVXOWLVUREXVW WR WKH FKRLFH RIWKHFRUUXSWLRQLQGH[
WKHHVWLPDWLRQPHWKRGDQGWKHWLPHSHULRG:HDOVRILQGVRPHVXSSRUWIRUWKHJULWLQ
WKH ZKHHOV K\SRWKHVLV ZKLFK VXJJHVWV WKDW FRUUXSWLRQ KDV D QHJDWLYH HIIHFW RQ WKH
H[SHFWHG OHYHO RI SURGXFWLYLW\ SDUWLFXODUO\ LQ WKH ODWHVW FURVV VHFWLRQ IURP WKH \HDU
:HGRQRWILQGHYLGHQFHWRVXSSRUWWKHLGHDWKDWFRUUXSWLRQLVGLUHFWO\EHQHILFLDO
IRUHFRQRPLFSHUIRUPDQFHLPSO\LQJWKDWJUHDVHK\SRWKHVLVFDQEHUHIXWHG$WPRVW




WKHZHDNIRUPRIWKHJUHDVHK\SRWKHVLVDVVXJJHVWHGE\0pRQDQG:HLOO  FDQ
EH VHHQ VRPHZKDW FRPSDWLEOH ZLWK RXU UHVXOWV 7KXV EHVLGHV WKH H[SHFWHG HIIHFW RI
EHWWHULQVWLWXWLRQVSRVLWLYHO\FRQWULEXWLQJWRWKHOHYHORISURGXFWLYLW\WKHUHLVWKHDGGHG
EHQHILW WKURXJK WKH ORZHU YDULDQFH RI SURGXFWLYLW\ WKDW LV D ORZHU PDFUR ULVN
'HFUHDVLQJ ULVN FDQ EH DQ LPSRUWDQW PRWLYDWLRQ WR ILJKW FRUUXSWLRQ SDUWLFXODUO\ IRU
ULVNDYHUVHJRYHUQPHQWV
6LQFHRXUUHVXOWVVXJJHVWWKDWFRUUXSWLRQLQFUHDVHVWKHPDFURULVNWKHSROLF\
DJDLQVWFRUUXSWLRQPXVWVLPLODUO\LQYROYHXQFHUWDLQW\7KHUHIRUHLWLVKDUGWRLGHQWLI\
DQG TXDQWLI\ WKH H[DFW HIIHFWV RI DQWLFRUUXSWLRQ SROLFLHV DV WKHVH HIIHFWV YDU\
GHSHQGLQJRQWKHH[WHUQDOFRQGLWLRQV:HVHHWKLVDVDQLPSRUWDQWOHVVRQIRUWKHSROLF\
PDNHUV &RQVHTXHQWO\ WKH FRVWEHQHILW DQDO\VHV RI DQWLFRUUXSWLRQ SROLF\ DFWLRQV
VKRXOG FDUHIXOO\ WDNH LQWR DFFRXQW WKH LQVWLWXWLRQDO VHWWLQJ RI D FRXQWU\ 7KH RSWLPDO
SROLF\ PHDVXUHV WR EDWWOH FRUUXSWLRQ DUH OLNHO\ WR YDU\ DFURVV FRXQWULHV 5HFDOO WKH
SRLQWVE\6KOHLIHUDQG9LVKQ\  WKDWZHUHEULHIO\GLVFXVVHGHDUOLHUUHJDUGOHVVRI
ZKHWKHU ZH REVHUYH FRUUXSWLRQ LQ GHFHQWUDOL]HG RU FHQWUDOL]HG IRUP WKH IL[HV DUH
XQOLNHO\WREHWKHVDPH,QWKHODWWHUFDVHWKHUXOHVRIFRUUXSWLRQDUHOLNHO\WREHUDWKHU
FOHDUDQGKHQFHFKDQJLQJWKHUXOHVFDQEHDQHIIHFWLYHZD\WRFXUEFRUUXSWLRQ,QWKH
IRUPHUFDVHKRZHYHUWRPLWLJDWHWKHKDUPIXOHIIHFWVRIFRUUXSWLRQVRPHUXOHVQHHGWR
EHHVWDEOLVKHGLQWKHILUVWSODFH
2IFRXUVHDVDOZD\VVRPHDVVXPSWLRQDQGOLPLWDWLRQVRIRXUVWXG\VKRXOG
EH NHSW LQ PLQG ZKHQ LQWHUSUHWLQJ RXU UHVXOWV 7KHVH OLPLWDWLRQV DOVR RIIHU QHZ
DYHQXHV WR H[WHQG RXU DQDO\VLV IXUWKHU )LUVWO\ ZH FRXOG H[WHQG WKH VHW RI FRQWURO
YDULDEOHVWRLQFOXGHLQGLFDWRUVRIRWKHUDVSHFWVRIJRYHUQDQFHRULQWHUDFWLRQVEHWZHHQ
WKHYDULDEOHVDVDOUHDG\QRWHG7KHSDUDPHWUL]DWLRQDVVXPHGLQRXUVWXG\DVVXPHVWKDW
FRUUXSWLRQKDVDOLQHDUHIIHFWRQWKHH[SHFWHGYDOXHDQGYDULDQFHRIWKHSURGXFWLYLW\
VKRFN:KLOHWKLVSDUDPHWUL]DWLRQDOORZVXVHDVLO\WRGLVWLQJXLVKWKHKHWHURVNHGDVWLFLW\
HIIHFWV IURP WKH OHYHO HIIHFWV LW PD\ LJQRUH SRWHQWLDO IXUWKHU QRQOLQHDU HIIHFWV RI
FRUUXSWLRQRQWKHOHYHORIHFRQRPLFRXWSXWZKLFKDUHOLNHO\WREHFKDUDFWHUL]HGE\WKH
LQWHUDFWLRQV EHWZHHQ WKH YDULDEOHV VHH IRU H[DPSOH 7DQ   7KXV LW LV SRVVLEOH
WKDW YLRODWLRQV RI WKH OLQHDULW\ DVVXPSWLRQ DSSHDU DV KHWHURVNHGDVWLFLW\ DQG
FRQYHUVHO\KHWHURVNHGDVWLFLW\PD\DSSHDUHPSLULFDOO\DVQRQOLQHDULWLHV,QIXWXUHZH
FRXOGIRUH[DPSOH VWXG\KRZWKHGHJUHHRIFHQWUDOL]DWLRQRILQVWLWXWLRQVLVUHODWHGWR
WKHHIIHFWRIFRUUXSWLRQDVGLIIHUHQWOHYHOVRIFHQWUDOL]DWLRQKDYHEHHQDUJXHGWRPRUH
SURQH WR FRUUXSWLRQ WKDQ RWKHUV ,I GLIIHUHQW OHYHOV RI FHQWUDOL]DWLRQ LPSO\ GLIIHUHQW
OHYHOV DQG W\SHV RI FRUUXSWLRQ LW LV OLNHO\ WKDW WKH HIIHFW RI FRUUXSWLRQ YDULHV
DFFRUGLQJO\
6HFRQGO\ ZH KDYH RQO\ H[DPLQHG WKH HIIHFW RI FRUUXSWLRQ WR WKH RYHUDOO
HUURU ZKLFK FRQVLVW ERWK QRLVH DQG LQHIILFLHQF\ ,W ZRXOG EH LQWHUHVWLQJ WR WU\ WR


DWWULEXWHKHWHURVNHGDVWLFLW\WRWKHVH VXEFRPSRQHQWVRIWKHRYHUDOOHUURUVHSDUDWHO\
/DVWO\ ZH DFNQRZOHGJH WKDW UHYHUVH FDXVDOLW\ PD\ KDYH VRPH EHDULQJ RQ WKH UHVXOWV
FRQVLGHULQJWKHOHYHOHIIHFWV7KDWLVZHKDYHDVVXPHGWKDWFDXVDOLW\UXQVRQO\IURP
FRUUXSWLRQWRSURGXFWLYLW\QRWWKHRWKHUZD\DURXQG+RZHYHUZHDUJXHWKDWUHYHUVH
FDXVDOLW\FDQQRWH[SODLQWKHKHWHURVNHGDVWLFLW\HIIHFWVZKLFKZHFRQVLGHUDVWKHPDLQ
ILQGLQJRIWKLVVWXG\7KHYDULDQFHRISURGXFWLYLW\GHSHQGVRQWKHOHYHORIFRUUXSWLRQ
LUUHVSHFWLYH RI ZKHWKHU FRUUXSWLRQ GULYHV SURGXFWLYLW\ RU YLFH YHUVD

(1'127(6
 7KHWHUPVHQYLURQPHQWDOYDULDEOHVDQGzYDULDEOHVDUHDOVRFRPPRQO\XVHGLQ
WKHOLWHUDWXUH
 7KH GLVWLQFWLRQ EHWZHHQ productivity DQG efficiency LV ZRUWK FODULI\LQJ
3URGXFWLYLW\LVGHILQHGDVWKHUDWLRRIRXWSXWWRLQSXW RUWKHLQGH[RILQSXWV 
2XWSXW HIILFLHQF\ LV GHILQHG DV WKH UDWLR RI WKH REVHUYHG RXWSXW DQG WKH
PD[LPXP RXWSXW3URGXFWLYLW\ FKDQJH FDQ EH GHFRPSRVHG LQWR WKH
FRPSRQHQWV RI HIILFLHQF\ FKDQJH DQG WHFKQLFDO SURJUHVV DQG SRVVLEO\ VRPH
RWKHU FRPSRQHQWV VHH IRU H[DPSOH )lUH HW DO  .XRVPDQHQ



6LSLOlLQHQ 
 )RUDPRUHH[WHQVLYHWUHDWPHQWRI6)$ZHUHIHUWRWKHERRNE\.XPEKDNDU
DQG/RYHOO  
 6WR1('LVDQDEEUHYLDWLRQRIStochastic semi-Nonparametric Envelopment of
Data -RKQVRQ .XRVPDQHQIRRWQRWH 
 7KLVLVVXHLVUHODWHGWRWKHQRWLRQRIscaling property :DQJ 6FKPLGW
$OYDUH] HW DO   LQ 6)$ PRGHOV 7KH .*0 PRGHO GRHV QRW VDWLVI\ WKH
VFDOLQJSURSHUW\DV:DQJDQG6FKPLGW  SRLQWRXW
 1RQSDUDPHWULF'($DSSOLHVDVLPLODUD[LRPDWLFQRQSDUDPHWULFIURQWLHUEXWLQ
FRQWUDVWWR6WR1(''($QHJOHFWVWKHQRLVHWHUPDOWRJHWKHU:HFRQVLGHUWKLV
DPDMRUOLPLWDWLRQLQWKHSUHVHQWFRQWH[W)XUWKHUUHJUHVVLQJ'($HIILFLHQF\
HVWLPDWHV RQ FRQWH[WXDO YDULDEOHV LV NQRZQ WR EH SUREOHPDWLF HYHQ LI RQH
DVVXPHVDZD\QRLVH VHH6LPDUDQG:LOVRQIRUDVKDUSFULWLTXHRIWZR
VWDJH'($ 7KHSUREOHPVFRQFHUQSDUWLFXODUO\WKHVWDWLVWLFDOLQIHUHQFHV)RU
WKHVHUHDVRQVZHGRQRWFRQVLGHU'($DSSURSULDWHIRUHVWLPDWLQJWKHHIIHFWRI
FRUUXSWLRQRQWKHOHYHORISURGXFWLYLW\OHWDORQHLWVYDULDQFH
 ,QWKHGDWDWKH&3,LQGH[LVDYDLODEOHIRUDVXEVHWRIFRXQWULHV8VLQJ
WKLV VXEVHWRI FRXQWULHV WKHUHVXOWVDUH UDWKHU VLPLODUWKDQ ZLWK WKHODUJHU
VDPSOH7KHVHUHVXOWVZLWKWKHVDPSOHRIFRXQWULHVFDQEHIRXQGIURPWKH
RQOLQHDSSHQGL[





 7KHFDXVDOLW\IURPH[SRUWVWRSURGXFWLYLW\LVVXEMHFWWRGHEDWH)RUH[DPSOH
<DPDGD  GRHVQRWILQGVWURQJHYLGHQFHIRUWKHFDXVDOLW\EXWPHQWLRQV
WKDW WKH GHJUHH RI FDXVDOLW\ PD\ GLIIHU DFURVV FRXQWULHV VHH DOVR .RQ\D
 
 (PSLULFDO DQDO\VLV ZDV FRQGXFWHG XVLQJ WKH IROORZLQJ VRIWZDUH 6WDWD 
2/6DQG6)$ VHHDQG*$06XVLQJ0,126VROYHU 6WR1(' 
 0XUSK\ 6KOHLIHU DQG 9LVKQ\    VXJJHVW UHQWVHHNLQJ DQG
FRUUXSWLRQDVSRVVLEOHH[SODQDWLRQVIRUWKHPLVDOORFDWLRQRIWDOHQW
 )RU H[DPSOH *HUULQJ DQG 7KDFNHU   DUJXH WKDW FHQWUDOL]HG SROLWLFDO
V\VWHPV UHGXFH WKH SUHYDOHQFH RI FRUUXSWLRQ ODUJHO\ EHFDXVH IUDJPHQWHG
V\VWHPV FUHDWH PRUH RSSRUWXQLWLHV IRU FRUUXSWLRQ DQG WKH SDWK RI
DFFRXQWDELOLW\ LV RIWHQ PRUH FOHDUHU LQ D FHQWUDOL]HG V\VWHP VHH DOVR 7DYLV
   ,Q FRQWUDVW FHQWUDOL]HG V\VWHPV KDYH EHHQ FULWLFL]HG RQ WKH EDVLV RI
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a b s t r a c t
Electricity distribution is a prime example of local monopoly. In most countries, the costs of electricity distribution operators are regulated by the government. However, the cost regulation may create adverse incentives to
compromise the quality of service. To avoid this, cost regulation is often amended with quality incentives. This
study applies theory and methods of productivity analysis to model the frontier of service quality. A seminonparametric estimation method is developed, which does not assume any particular functional form for the
quality frontier, but can accommodate stochastic noise and heteroscedasticity. The empirical part of our paper
examines how underground cabling and location affect the interruption costs. As expected, higher proportion
of underground cabling decreases the level of interruption costs. The effects of cabling and location on the
variance of performance are also considered. Especially the location is found to be a signiﬁcant source of
heteroscedasticity in the interruption costs. Finally, the proposed quality frontier benchmark is compared to
the current practice of Finnish regulation system. The proposed quality frontier is found to provide more meaningful and stable basis for setting quality targets than the average practice benchmarks currently in use.
© 2014 Elsevier B.V. All rights reserved.

1. Introduction
The last two decades have witnessed a widespread implementation
of incentive regulation in the European electricity distribution sector
(see, e.g., Jamasb and Pollit, 2001; Haney and Pollitt, 2009, 2011). In
this sector the ﬁrms are natural monopolies, and their pricing policies
are usually regulated by some government agency. The traditional
cost-of-service or rate-of-return regulation is known to provide insufﬁcient incentives for distribution system operators (DSOs hereafter) for
cost efﬁciency. A number of European regulators have introduced
benchmarking approaches such as data envelopment analysis (DEA)
or stochastic frontier analysis (SFA) in order to create incentives for
cost efﬁcient operation (see e.g. Jamasb and Pollit, 2007; KopsakangasSavolainen and Svento, 2008; Bogetoft and Otto, 2011). The emphasis
on cost efﬁciency has however created adverse incentives for DSOs to
decrease the quality of their services (Joskow, 2008). Recently considerable interest has been placed on studying how incentive regulation
affects the quality related investments and the quality of service in
network industries (e.g., Ai et al., 2004; Cambini and Rondi, 2010;
Reichl et al., 2008). Empirical evidence suggests that incentive regulation focusing only on operational costs can reduce the quality of service
unless regulation is amended with some quality incentives also

⁎ Corresponding author. Tel.: +358 9 43131; fax: +358 9 43138535.
E-mail address: antti.saastamoinen@aalto.ﬁ (A. Saastamoinen).

(Hafner et al., 2010; Ter-martirosyan and Kwoka, 2010). Thus it seems
clear that the regulatory models must be complemented with quality
regulation in order to maintain an acceptable level of supply security
(see e.g. Jamasb and Pollit, 2008).
The quality of service is seen an important objective by the customers, industry and the regulator alike. Poor service quality such as
supply interruptions often leads to losses for industry and households
in terms of lost production or the lost utility that customers can obtain
from the energy services (de Nooij et al., 2007). As the task of the government (regulator) is to guarantee stable conditions to operate for
industry and households, the service quality is a concern for the regulator also.1 Consequently it needs to be examined how ﬁrms can improve
their quality of service. Investments on network are one of the more
direct ways to affect security of supply as older equipment is replaced
with newer one. The most pronounced investment type on how
ﬁrms can affect their quality of service is underground cabling. For
example Fenrick and Getachew (2012) identify underground cabling
as a highly important factor in reducing interruptions. Less emphasis
however has been placed on how underground cabling affects the
variability of interruptions. Since customers (and regulator) can be
viewed to be risk averse, they view not only the small level but also

1
Customers' valuation of the interruptions of course partly depends from the customer
type. See for example Sullivan et al. (1996) for an early discussion and de Nooij et al.
(2007) for more recent study.
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the low variability of interruptions as a sign of good quality. Given a certain expected level of interruptions, the scenario with less variability
would be favored by most customers over a scenario with high ﬂuctuations in the duration and the frequency of interruptions as the former
scenario would guarantee a more stable planning horizon. Risk aversion
could be argued to be especially high in countries with highly variable
weather conditions, such as Finland. Thus quality regulation should
aim to reduce also the risk of interruptions in order to meet the
customers' expectations of low variability. However, as Fenrick and
Getachew (2012) state, the decision to invest on underground cabling
is not straightforward as these investments incur extra costs compared
to over-headlines. These costs include for example higher installment
costs, costs due to longer repair times, and higher material costs (Hall,
2013). Thus the managers have to weigh the beneﬁts of underground
cabling against its extra costs. If the managers perceive the cost to be
greater than the beneﬁt, the level of quality may not be at the socially
optimal level as managers probably do not consider the consumers'
valuation of supply security when making investment decisions. There
is large body of literature that discusses about the optimal level of quality in electricity distribution sector (Ajodhia and Hakvoort, 2005;
Jamasb et al., 2012; Sappington, 2005). The variability of quality is however often neglected from these discussions. This study aims to shed
light on how this variability can be affected by underground cabling
investments. Our results suggest that underground cabling does not
have a signiﬁcant decreasing effect on the variability of interruption
costs. In fact, the effect may be even risk increasing. From policy perspective this implies that ﬁrms may need to be given further incentives
to undertake underground cabling investments.
Another issue is the practical implementation of quality regulation.
Setting the target quality level is one important part of the implementation. In general regulation is challenging as ﬁrms usually have an informational advantage over the regulator about their true costs (see Holt,
2005; Kopsakangas-Savolainen and Svento, 2010; Sappington, 2005).
Similarly to Shleifer's (1985) classic yardstick model of regulation,
already Alexander (1996) discussed using the performance of comparable ﬁrms as a way to set the targets. However it may be difﬁcult to ﬁnd
such comparable ﬁrms (Pollitt, 2005). Benchmarking methods are considered to overcome the problem of asymmetric information and ﬁnding an objective comparison point (see e.g. Ajodhia and Hakvoort,
2005). These methods however have not been used in the regulation
of service quality as extensively as in the regulation of costs. For example in Finland the quality targets are set by averaging the own previous
performance of the companies. Thus, if a DSO currently operates at a low
quality level, it only needs to maintain its current low quality level without any need to improve its performance over time.
In this study we suggest that the best practice benchmarking
methods could be utilized in setting the quality targets. We argue that
the best practice is preferred to the average level, as the latter approach
can create undesired incentives (see Ajodhia and Hakvoort, 2005). The
industry wide performance is also likely to be improved more by
using the best practices. We introduce a best practice method to be
used in setting the quality target and compare it to the current practice
of Finnish regulator. Our results indicate that the targets produced by
the proposed method are more stable for DSOs of similar sizes than
the targets obtained with the current approach of Finnish regulator.
These ﬁndings seem to be in line with the DSO hopes of developing
the foreseeability and stability of the regulatory model and improving
the incentives for better performance found by Tahvanainen et al.
(2012) in their survey (see also Kinnunen, 2006).
Methodologically both of the above aims, the examination of underground cabling effects and setting the quality targets, can be met by utilizing a recently developed StoNED method for frontier estimation
(Johnson and Kuosmanen, 2011; Kuosmanen, 2012; Kuosmanen and
Kortelainen, 2012). This estimation method non-parametrically estimates a frontier of quality performance what we call as a quality frontier.
It also readily incorporates the effects of operational environment of

DSOs into its estimation framework. It is generally well acknowledged
that the operational environment of DSOs should be taken account in
a typical benchmarking process. Network operators are subject to
different weather conditions, geographical conditions, and consumer
densities which affect their costs and service quality (see e.g. Growitsch
et al., 2009, 2012; Simab and Haghifam, 2012; Yu et al., 2009a). In
this work we consider the amount of underground cabling as measuring
these operational conditions (see e.g. Kuosmanen et al., 2013;
Kuosmanen, 2012). DSOs operating in a dense city areas have different
underground cabling levels than DSOs in the rural areas. Thus the quality frontier presented in this study accounts for these differences in
determining the proper quality targets.2
This paper is organized as follows. Section 2 brieﬂy discusses the
measurement of service quality and describes the theoretical quality
frontier model framework and the empirical estimation method
associated with it. Section 3 summarizes the data. In Section 4 we
examine the effects of underground cabling on the level and the variance of interruption costs. Section 5 moves to examine the practical
implications of using the estimated quality frontier instead of the
current Finnish practice in quality target setting. This section also
brieﬂy describes the overall Finnish regulatory system. Section 6 then
concludes.
2. Quality frontier model
This section introduces the quality frontier model and the necessary
terminology and notation. The purpose of this section is also to address
the questions of why a frontier model of quality is interesting and what
type of information it can provide for the regulators. We also brieﬂy discuss about the measurement of quality at this junction.
2.1. The measurement of quality
In this study, we use the costs of interruptions as the quality indicator (see e.g. Ajodhia, 2010; Growitsch et al., 2010). In Finland the interruption costs are calculated by the Finnish Energy Market Authority
(Energiamarkkinavirasto (EMV)). The calculation takes into account
the duration and number of interruptions. Thus in this study we are
only concerned about the continuity of supply aspect of quality. Consequently we do not consider for example commercial or technical aspects
of service quality, such as the quality of billing services and voltage variations. The estimates of customers' willingness-to-pay (WTP) to avoid
interruptions or the valuation of lost energy are then used to transform
the technical measures into costs (see e.g. Reichl et al., 2013; McNair
et al., 2011; Growitsch et al., 2010; Yu et al., 2009b; de Nooij et al.,
2007).3 In Finland the customer valuation is based on the survey made
by Silvast et al. (2005). The formula on how interruption costs are calculated by the Finnish regulator can be found from EMV (Finnish Energy
Market Authority) (2011a) and from Appendix A of this study.
Alternative approach would be just to use technical measures common in the literature such as frequency and duration of outages, customer minutes lost or the loss of energy delivered (see e.g. Fernandes
et al., 2012; Simab and Haghifam, 2012). Such technical measures can

2
In Norway, a large set of environmental and operational condition variables are used
in a traditional regression model to estimate an expected level of interruption cost which
is then used as a reference value (see Langset et al., 2001). Kopsakangas-Savolainen and
Svento (2011) consider load factor variable as a variable describing the operational
environment.
3
Alternative to WTP is willingness-to-accept (WTA), that is, how much customer
should be compensated in order to accept an interruption of a certain size. Generally there
is large disparity between WTP and WTA measures as the latter is often measured to be
much larger than the former. WTA is heavily driven up by the loss aversion of the customers (see e.g. Beenstock et al., 1998). WTP on the other can be subject to underestimation (see e.g. Linares and Rey, 2013).
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be directly incorporated for example to a DEA model as one of the input
variables (Giannakis et al., 2005; Yu et al., 2009a, 2009b). The likely
problem of such approaches is that the ﬁrms may specialize to a certain
type of quality or specialize either on quality or operational costs (see
e.g. Ajodhia, 2006). That is, ﬁrms may seem efﬁcient by only focusing
either on cost reductions or quality improvement, but not necessarily
on both. Some recent studies propose to combine multiple quality
dimensions to a single quality indicator using DEA (Ferrier and
Trivitt, 2012 (health sector); Simab and Haghifam, 2012 (electricity); Façanha and Resende, 2004 (telecommunications)). By forming
a single quality index these studies attempt to take account the
multi-dimensional nature of quality (see e.g. Fumagalli and Lo Schiavo,
2009). Such indices however might hide some speciﬁc aspects of
quality and it could be challenging to distinguish from these indices
that in what way quality should be improved. An economic measure
of quality, such as interruption costs used in this study, accounts for
both the technical aspects of and the customer valuation in forming
the measure. In terms of social welfare, the economic approach
makes it more straightforward to analyze whether the quality provision is at the socially optimal level. Of course, if the interest is to
examine on which speciﬁc (technical) aspects of the quality the improvements should be targeted, then we should use a disaggregated
analysis where each (relevant) quality component is separately included
into the model. But since our aim here is to estimate the reference level
within the Finnish system, we remain using the interruption costs as
our measure of quality.
2.2. Theoretical quality frontier model
The conceptual framework of the quality frontier model is given
Eq. (1). The total external supply interruption costs are given by the
variable x. We assume that interruption costs depend on the outputs y
and contextual variables z that characterize operational conditions
and practices of distribution networks. For the sake of generality, we
abstract from the deﬁnition of the output vector y and the contextual
variables z and leave it for the regulators. Using these notations, the
general model of quality frontier can be represented as
x ¼ Q ðyÞ  uðzÞ  vðzÞ

ð1Þ

where
x
Q
y
z
u
v

is the interruption cost
is the quality frontier function
is the vector of outputs
is the vector of contextual variables
is a random variable representing inefﬁciency
is a random variable representing stochastic noise.

The quality frontier function Q is directly analogous to the frontier
cost function: it represents the minimum interruption cost at the
given output level. We assume that the quality frontier Q is a monotonic
increasing and convex function of outputs and that Q exhibits constant
returns to scale (see, e.g., Kuosmanen, 2012, for further discussion of the
axioms in the context of energy regulation). However, we do not impose any particular functional form for the quality frontier. For example
the often used Cobb–Douglas form implies economies of specialization,
which is problematic when modeling joint production. Electricity distribution companies are usually modeled as multi-output producers as
often variables such as number of customers and network length are
considered their outputs alongside the distributed electricity. On the
other hand, using more ﬂexible functional forms often violate for example monotonicity.
An important point to note in model (1) is that we assume the
random inefﬁciency term u and the noise term v depend on the contextual variables z. More speciﬁcally, we assume that the asymmetric

3

inefﬁciency term u has the half-normal distribution that depends on
the contextual variables z according to
þ

uðzÞ  N ð0; σ u ðzÞÞ;

ð2Þ

 0 
σ u ðzÞ ¼ exp z θ :

ð3Þ

Note that the expected value of inefﬁciency depends on z according
to
 0 pﬃﬃﬃﬃﬃﬃﬃﬃ
EðuðzÞÞ ¼ μ ðzÞ ¼ exp z θ 2=π:

ð4Þ

Similarly, we assume that the variance of the noise term depends on
contextual variables
vðzÞ  Nð0; σ v ðzÞÞ;

ð5Þ

 0 
σ v ðzÞ ¼ exp z γ :

ð6Þ

In the terminology of econometrics, we assume that both the inefﬁciency and noise term are heteroscedastic. The stochastic part of the
quality frontier model can be interpreted as doubly heteroscedastic
model introduced by Hadri (1999, 2003) (see also the recent survey of
heteroscedastic SFA models by Alvarez et al., 2006).4 Why should one
care about heteroscedasticity in the present context? There are at least
two good reasons why the regulators and the regulated ﬁrms should
care.
Firstly, as already stated in Section 1, the operational conditions and
practices can affect the risk of interruptions, commonly measured by
the variance. For example, the use of underground cables instead of
overhead cables can make the network less vulnerable to storms and
other extreme weather events. Note that customers of electricity distribution networks are typically more risk averse than the ﬁrms providing
the service. Risk neutral ﬁrms may be willing to tolerate higher risks
than their risk averse customers, leading to a suboptimal investment
to underground cabling if the risk effect is ignored. If the elements of
vector z are controlled by ﬁrms, then the quality frontier model can
help the regulators to create better incentives for improving the quality
of service through the z-variables.
Secondly, even if one is only interested in the expected value of interruption cost (e.g., all relevant parties are risk neutral) and even if
some (or all) elements of z are considered uncontrollable, it is important
to take the variance into account from the econometric point of view.
This is because the shape of the quality frontier Q will generally differ
from that of the conditional mean function E(x|y,z) if the inefﬁciency
is heteroscedastic. Therefore, the usual methods of regression analysis
provide biased estimates if the heteroscedasticity effect is ignored (see
Florens and Simar, 2005, for further discussion).
The following simulated example illustrates the second point. In this
example we assume the true quality frontier as Q(y) = y2. We assume
uniformly distributed y, and a single contextual variable that is uniformly distributed with Cov(z,y) = 0.9. The standard deviation of the halfnormally distributed inefﬁciency term u is 0.4z and that of the normally
distributed noise term v is 0.2z. We draw a random sample (n = 200),
and add inefﬁciency and noise to the quality frontier Q(y). The true frontier Q (the black curve) and the scatter of the simulated data points
are presented in Fig. 1. The OLS estimate of the quadratic function is
presented in the ﬁgure by a gray broken curve (the estimated equation
is x = 1.26y2 + 0.35y − 0.23; R2 = 0.93). The ﬁgure aptly illustrates
4
The model by Wang (2002) parameterizes both the mean and the variance of the inefﬁciency distribution with z-variables. His model accommodates non-monotonic efﬁciency effects i.e. z-variables can have different effects at the different levels.
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include time dummies into the set of contextual variables. The ﬁrst
constraint deﬁnes the regression equation. The second set of constraints
speciﬁes that the tangent hyperplanes of the frontier are linear. These
constraints do not however restrict the form of the frontier in any
way. The third and the fourth sets of constraints deﬁne the cost function
to be convex and monotonically increasing in outputs. The resulting
frontier is piece-wise linear and it is very ﬂexible in terms of technology
as the marginal costs of outputs (βi) are ﬁrm speciﬁc.
Given the CNLS residuals ^
ε i from the problem in Eq. (9), we can apply
the quasi-likelihood approach by Fan et al. (1996) to estimate the doubly heteroscedastic inefﬁciency model by Hadri (1999). In stage 2, we
solve the quasi-likelihood problem, for which, following Hadri (1999),
the log-likelihood in terms of the CNLS residuals can be written as in
Eq. (10). It is assumed here that inefﬁciency and noise are distributed
according to Eqs. (2) and (5).

12

Fig. 1. Illustration of the heteroscedasticity effect. Solid black curve is the true frontier
Q = y2 used in the simulation. The gray broken curve is the OLS estimate. The shapes of
the two curves differ due to heteroscedasticity.

logLðβ; δ; γÞ ¼

X

εi ÞÞ
logð f i ð^

where




that the shape of the OLS curve differs notably from that of the true quality frontier Q.

εi Þ ¼ ð2=σ i Þf ð^
εi =σ i Þ F ðλi ^
εi =σ i Þ
f i ð^

2.3. Semi-nonparametric estimation5

σ i ¼ σ vi þ σ ui
λi ¼ σ ui =σ vi

To estimate the quality frontier model (1) in a semi-nonparametric
fashion without making additional assumptions to those stated in the
previous section, we resort to the StoNED approach (Kuosmanen,
2012; Kuosmanen and Kortelainen, 2012). As a starting point, we take
the logarithms of both sides of Eq. (1) and rewrite it as the partially linear model
0

lnx ¼ ln Q ðyÞ þ z δ þ ε ðzÞ;

ð7Þ

where z′δ = E(ln u(z)) and the composite error term
0

εðzÞ ¼ ln uðzÞ þ ln vðzÞ−z δ

ð8Þ

has zero mean. Therefore, the quality frontier Q and the effects of
z-variables on the expected value of x can be consistently estimated
by the semi-parametric CNLS estimator (Johnson and Kuosmanen,
2011, 2012). Note that the coefﬁcients δ can be interpreted as the
post-truncation effects of the z-variables on the expected inefﬁciency,
whereas coefﬁcients θ introduced in Eq. (3) represent the pretruncation effects. In other words, δ and θ are just alternative parameterizations of the same effects.
In stage 1, we solve the following nonlinear programming problem
shown in Eq. (9):
min

ϕ;β;δ;ε

n
X

2

εi

ð9Þ

i¼1

s.t.
ln xi ¼ lnϕi þ

X

z δ
k ik k

þ εi ∀i

ϕi ¼ β1i y1i þ β2i y2i þ β3i y3i ∀i
ϕi ≥β1h y1i þ β2h y2i þ β3h y3i ∀h; i
βki ≥0∀k ¼ 1; 2; 3; ∀i:
In the set of Eq. (9), all the variables are deﬁned as earlier. The
parameter ϕi is the frontier interruption cost for ﬁrm i. Note that we
5
See Kuosmanen et al. (2014) for a detailed treatment of the estimation framework.
They also deal on some ways to model heteroscedasticity within the framework.

ð10Þ

where f* and F* are the standard normal density and distribution
functions. This problem can be computed with any standard software
packages (for example, Stata), which allows the parameterization of
both standard deviations (variances) separately in a frontier model. In
practice, we can estimate the parameters of the second stage inefﬁciency model by regressing the equation
^ ¼αþ
ln xi − ln ϕ
i

X

e þe
εi

z δ
k ik k

ð11Þ

applying standard computational tools for SFA models. Note that
^ on the left-hand side of Eq. (11) are obtained from the
values ϕ
i
optimal solution to Eq. (9), and hence the left-hand side of Eq. (11)
is given beforehand. The parametric inefﬁciency model in the second
stage serves to identify the effects on different variance components,
as it is computationally prohibitive to incorporate the variance
effects in the mathematical programming problem (Eq. (9)). Furthermore the second stage provides us with the typical standard
errors to access the statistical signiﬁcance of the effects. These are
not readily available in the ﬁrst nonparametric stage. Notice that if
your interest is only on the signiﬁcance of the level effects (parameters e
δk), we could estimate Eq. (11) by OLS and adjusting the standard
errors for possible heteroscedasticity. As a consequence we estimate
the level effects in both ways as this serves as an internal consistency
check of our results. The estimates of e
δk parameters from Eq. (11)
should be relatively the same regardless of whether linear regression
or the parametric inefﬁciency model is applied in the second stage.
They will not be exactly the same as the inefﬁciency model includes
a further parameterization of the variances.
Lastly, we stress that the estimation framework followed here is not
a typical two-step method that has been heavily criticized in the literature (see, e.g., Wang and Schmidt, 2002). The critique concerns such
two-stage methods where the z-variables are neglected altogether in
the ﬁrst stage estimation, creating a possible omitted variable problem.
Note that in our approach the effects of the z-variables on the conditional mean of the dependent variable are duly taken into account in the
ﬁrst stage estimation. Moreover, the beneﬁt of our methods is that we
estimate the effect of operational conditions and the quality frontier at
once. The standard two-stage methods are suitable for estimating the
effects of z-variables. However, some further stages would be required
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Table 1
Summary statistics of the variables used (period 2005–2010; n = 516).
Variable

Mean

Std. dev.

1st quartile

Median

3rd quartile

Min

Max

Energy (GWh)
Network (km)
Number of users (1000 s)
Underground cabling (%)
Interruption cost (mill. €)

503.33
4297.62
37.08
22.56
1.46

1021.01
10425.78
73.62
27.58
4.34

73.99
720.05
4.98
2.70
0.11

173.47
1055.00
12.12
7.95
0.30

446.7
3431.1
27.61
38.5
0.82

14.54
26.30
0.02
0.01
0.0007

7297.84
70096.90
441.49
100.00
44.90

in order to take these effects into account in estimating the quality targets via frontier (see e.g. Fried et al., 1999, 2002). Such multi-stage procedure may not be desirable in terms of transparency of the regulation.
Further, the ﬁrst stage estimator remains unbiased and consistent even
if there is heteroscedasticity with respect to the z-variables. Therefore, it
is perfectly valid to reduce the heavy computational burden of the ﬁrst
stage nonparametric estimator by leaving the variance effects to the
second stage regression.

3. Description of the application and data used
The data have been obtained from the website of the Finnish regulator (EMV).6 The data is a balanced panel consisting observations of 86
DSOs over the period 2005–2010, making it total of 516 observations.
We have data on interruption costs, underground cabling and three
outputs, namely energy transmission, network length, and number of
customers. These outputs are commonly considered as the primary cost
drivers for DSOs (see e.g. Korhonen and Syrjänen, 2003; Giannakis
et al., 2005; Thakur et al., 2006). We consider the same outputs to be
the drivers of interruption costs also. In other words we argue that the
scale and scope of operations should dictate the reference level of interruption costs. The summary statistics of the variables are given in
Table 1.
The energy transmission output is a weighted sum of transmitted
energy at every voltage level. The weights are deﬁned as the average
cost of energy transmission and the transmission at the lower voltage
level gets a higher weight such that the transmission is measured in
GWh of 0.4 kV equivalents. That is, the 0.4 kV transmission gets a weight
of one and higher voltage levels weigh below one. Underground cabling
is the proportion of underground cabling in 1–70 kV network. This variable is used by EMV as a contextual variable to describe the operational
conditions of DSOs. In addition to the variables in Table 1 we have the
geographical location of DSO as an additional z-variable. This has been
approximated with the coordinates of DSOs' head ofﬁce.7 The information is obtained from EMV as DSOs are required to report their contact
details. This proxy is rather rough approximation of the location as
some DSOs operate on very large areas or even on multiple areas
which are geographically separate. Typically operators however have
their ofﬁces within the same area that they operate in. For the majority
of companies in our data, this proxy of their location is straightforward
to deﬁne. There are two companies which have two (or more) distinctively separate geographical operation areas. For these two companies
the location has designated so that if the undergrounding level of the
company is low, the company has been designated a more rural coordinates and vice versa. Of course, it would be a concern if the data would
include many such companies with operating areas separated by long
distances. In this case, identifying the effect of location with coordinates
would be difﬁcult. Below we however will see that our assumptions
about the locations of the abovementioned two companies are rather
unimportant (see footnote 7). Alternatively we could have used some
arbitrary division of the country for example into four regions in terms
of cardinal points. But such division would assign many companies the

same location even though the area might include for example coastal
companies and inland companies.
Table 1 illustrates the structure of electricity distribution industry in
Finland. Few larger companies with signiﬁcantly larger outputs
cause the output distributions to be heavily skewed to the right
(skewness statistic not shown, but it was positive for all variables).
For example, for 75% of observations energy transmitted is less or
equal to 446.65 GWh. The largest company has transmitted approximately 7300 GWh per year. The interruption costs vary from minimal
€714 to almost €4.5 million within the period 2005–2010. The yearly
summary statistics in online Appendix A show that 2010 was a stormy
year with high interruption costs.8 Importantly, the high interruption
costs observed in 2010 will inﬂate the EMV reference values as average
is sensitive to outliers. This leads to more lenient targets. If the year for
which the target is calculated is also stormy, such target would be adequate. But if interruptions revert back to their “normal” level after 2010,
the target would be overstated. Lastly note that our data includes few
industrial networks. They have rather low number of customers and
short network length but relatively large energy transmission.
Since the relationship between interruption costs and underground
cabling is our main target of interest, we illustrate their connection in
our data with Fig. 2. The observed interruption costs for each year
(2005–2010) have been plotted against the underground cabling levels.
As expected, the largest variability in interruption costs is at the low
cabling level. These are the companies with large overhead networks.
There is a slight downward trend in interruptions as the cabling level
increases, implying that the level of interruptions decreases along
with underground cabling. Nevertheless there are relatively large variations in the observed interruption costs at the higher levels of cabling
also. For example at the level 50% of underground cabling, the log of
interruption costs might vary from 10 to 15 (from €22,000 to almost
€3.3 million in actual monetary terms). We also see some observable
variation at the very high levels of cabling. The major part of the variation at these high levels is due to observations with 100% cabling.
These six observations belong to one of the abovementioned industrial
network which has 100% cabling proportion. We also conduct a robustness check of our results when we exclude this (and one other) industrial network from the sample (see online Appendix C).9 The analysis
in the next section includes these two ﬁrms.
4. Estimated effects of underground cabling
We ﬁrst study how underground cabling affects the level of interruption costs in Table 2. We present the results for two different model
speciﬁcations. Model 1 includes the underground cabling and the year
dummies as z-variables. Model 2 includes the coordinates of DSOs'
head ofﬁce (i.e., latitude, longitude) in addition to the underground
cabling and year dummies. The alternative model speciﬁcation tests
the robustness of the results and whether there is any other location
speciﬁc effects that underground cabling does not identify.
We present the direct estimates of the level effects from the StoNED
model and the estimates of the second stage parametric inefﬁciency
8

6

The webpage of EMV is: http://www.emvi.ﬁ/.
Coordinates have been obtained from Google Maps based on the city/town that the
company has the head ofﬁce.
7

See also EMV (Finnish Energy Market Authority) (2011b).
The network operators that have been removed from the results of online Appendix C
are an operator that provides services only for an airport and one which serves only an industrial park.
9
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Table 2
Level effects on the level of interruption costs.

ln(x)

15

StoNED
Model 1

Model 2

Model 1

Model 2

U. cabling

−0.025⁎⁎⁎
(0.002)

−0.026⁎⁎⁎
(0.002)
−0.029
(0.015)
0.086⁎⁎⁎
(0.015)
−0.209⁎⁎

−0.019⁎⁎⁎
(0.003)

Latitude

10

Longitude

2008

−0.207⁎⁎
(0.096)
−0.323⁎⁎⁎
(0.102)
−0.260⁎⁎

2009

(0.107)
−0.537⁎⁎⁎
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Fig. 2. Scatterplot, ln(x) vs. underground cabling (x = observed interruption costs).

2010
Intercept

model (Eq. (11)) (see discussion in Section 2). The standard errors in
StoNED results are adjusted for heteroscedasticity since we expect interruption costs to be heteroscedastic with respect to underground cabling.
In the second stage parametric inefﬁciency model heteroscedasticity is
explicitly taken into account by parameterizing the error component
variances.
Overall the results are rather stable over all speciﬁcations. Underground cabling signiﬁcantly decreases the level of interruption costs in
all models. Except the longitude variable in the StoNED Model 2 the coordinate variables are mainly insigniﬁcant in explaining the level of
interruption costs. Underground cabling is already likely to capture
the most characteristics of the operating environment. Moreover, part
of the heterogeneity is modeled through variances of the error components in the second stage inefﬁciency model.
The longitude variable in StoNED, Model 2, has the expected sign. The
Eastern Finland is likely to have higher interruption costs as it has more
forests and overhead cables. Subsequently it is more likely to observe interruptions by trees falling on cables.10 Notice that when we take the
variance effect into account as in Model 2 of the 2nd stage inefﬁciency
model, this effect becomes insigniﬁcant. The yearly dummies indicate
a technical progress in the industry as their coefﬁcients are negative.
In fact the industry level underground cabling proportion has slightly
increased over the period. Hence it is expected that the interruption
costs have declined. The coefﬁcient for the year 2010 is surprising.
Knowing that 2010 was an exceptional storm year we would expect a
positive sign and probably a highly signiﬁcant effect. We suspect that
the yearly dummies capture more the overall trend than any exceptional
events. Partly the exceptional storms of 2010 are manifested in the coefﬁcient as it is not large compared to the other yearly dummies. We interpret that the insigniﬁcance of this coefﬁcient implies that the effect of
improved technology has been insigniﬁcant because of the extreme
weather conditions in 2010.
Next we examine the variance effects. For the sake of completeness
and as an internal consistency check we also examine the variance
effects with the linear regression. In that case we are restricted to
study the effects on the estimates of the overall error obtained from
solving problem (9). That is we do not yet separate the effects between

10
Notice that the effect of coordinate variables could be partially driven by our assumptions of the locations of two companies with rather high interruption costs. Thus we conducted an OLS analysis, where we regressed interruption costs on underground cabling
and the coordinates. We varied the values of coordinates in terms of different locations
of these companies in order to examine whether this had any major effect on the coefﬁcients of the coordinate variables. None of the estimates experienced major changes in
sign or signiﬁcance. Thus we conclude that these location assumptions do not affect the
overall results stated above. The results of these estimations can be obtained from the authors by request.

2nd stage inefﬁciency

z-Variable

(0.107)
−0.133
(0.121)
0.623⁎⁎⁎
(0.074)

(0.094)
−0.324⁎⁎⁎
(0.100)
−0.259⁎⁎

−0.159
(0.132)
−0.319⁎⁎⁎
(0.119)
−0.275⁎⁎

−0.022⁎⁎⁎
(0.003)
0.040
(0.023)
0.018
(0.024)
−0.201
(0.118)
−0.347⁎⁎⁎
(0.112)
−0.310⁎⁎⁎

(0.105)
−0.534⁎⁎⁎
(0.104)
−0.137
(0.117)
0.416
(0.969)

(0.115)
−0.591⁎⁎⁎
(0.115)
−0.196
(0.107)
0.013
(0.117)

(0.110)
−0.611⁎⁎⁎
(0.109)
−0.172
(0.103)
−2.557
(1.373)

Standard errors in parenthesis.
⁎⁎⁎ 1% signiﬁcance.
⁎⁎ 5% signiﬁcance.

noise and inefﬁciency variances. To examine the overall effects we in
practice regress the squared estimates of the overall error on the
contextual variables. This is the standard practice in econometrics to
study heteroscedasticity (see e.g. White, 1980; Greene, 2008). The
results of this analysis are presented in Table 3. In Table 4 on the other
hand we explicitly differentiate the variance effects between inefﬁciency and noise in the second stage parametric inefﬁciency model
and examine the parameter estimates of functions (3) and (6). Notice
that the year dummies have been excluded from these models.11 We
stress that the parameter estimates in Tables 3 and 4 are not directly
comparable because of the differences in the variance parameterization.
Table 3 reveals that the variance of interruption costs increases as
the level of underground cabling increases. We would expect lower
variability with higher proportion of underground cabling. But the companies which have a high proportion of underground cabling also have a
large customer base and large energy transmission. Thus when these
companies face an interruption, their costs are likely to be much higher
than their usual levels since a great number of customers are affected by
the interruption. Consequently the variance of interruption costs can be
high for these companies as we only observe small and some high interruption costs. In addition the higher initial installment costs and the
repair costs of underground cabling may be translated into interruption
costs. The maintenance costs of underground cables are generally lower
than the corresponding costs of overhead lines.
In Table 4 the variance of interruption cost has now been
decomposed into two parts. Underground cabling has remarkably
different effects on the variability of inefﬁciency and noise. Whereas
cabling (insigniﬁcantly) decreases the variability of inefﬁciency, it signiﬁcantly increases the variation in noise. Beforehand there is no reason
to assume any speciﬁc sign on the ﬁrst effect. The negative sign indicates that variation of (in)efﬁciencies among high underground cabling
companies is smaller. We could argue that the companies using mainly
overhead lines experience higher variations in their daily operations
and consequently they might have higher variations in their efﬁciency.
The positive effect of underground cabling on noise on the other hand

11
This reduces the number of estimable parameters in maximum likelihood. In fact, in
the StoNED models, if we include year dummies in the models of Table 3, the coefﬁcient
for 2010 dummy was positive and signiﬁcant. This is expected as 2010 was a storm year
and the variability of interruption costs was expected to be high.
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Table 3
The variance effects; overall error.
z-Variable

Model 1

Model 2

U. cabling

0.007⁎⁎⁎
(0.002)

0.007⁎⁎⁎
(0.002)
0.018
(0.024)
0.053⁎⁎
(0.025)
−2.083
(1.521)

Latitude
Longitude
Intercept

0.401⁎⁎⁎
(0.071)

Standard errors in parenthesis.
⁎⁎⁎ 1% signiﬁcance.
⁎⁎ 5% signiﬁcance.

implies higher variability of interruption costs due to random phenomena such as weather. Therefore the effect of weather on variability
seems to increase along with cabling. For example Growitsch et al.
(2012) found that the higher amount of energy delivered strengthens
the cost increasing effect of poor weather. Recall that the companies
with a higher underground cabling proportion often deliver more energy than the companies with overhead lines. Comparing Tables 3 and 4
we notice that the effect on noise variability drives the effects on the
overall error since only noise effect is signiﬁcant in Table 4. This ﬁnding
conﬁrms the internal consistency of our estimation framework as the
effect on overall error is positive. The results after removing two industrial networks considered as outliers from the data are given in online
appendix. These results can be brieﬂy summarized here. The level effects were very robust and they stayed negative and signiﬁcant. The variance effects turned to be insigniﬁcant. Notably however we did not ﬁnd
any signiﬁcant negative effect either. That is, in our data, the effects of
underground cabling on the variance of interruption costs seem to be
either positive or negligible, but not negative as we would expect
beforehand.
From the practical policy perspective the results above show that it
is worthwhile to promote underground cabling to further increase the
security of electricity supply. Clearly the level of interruption costs can
be decreased with investments on better cabling. Nevertheless regulator should also acknowledge that DSOs are likely to resists some of the
demands to invest in underground cabling due to its costliness. More
speciﬁcally, if the investments on underground cabling are in some
sense at the saturated level already, the DSOs may consider further
investments not worthwhile as they do not signiﬁcantly improve their
performance in terms of variability. Indeed our results suggest that
underground cabling does not necessarily decrease the variability of
interruption costs although the level is clearly negatively affected.

5. Finnish regulatory framework and reference value comparison
In this section we compare the reference values/quality targets
obtained from the proposed quality frontier to the target values which
are obtained using the current practice of Finland. We ﬁrst brieﬂy outline the Finnish regulatory framework and its quality incentive component. This illustrates the positioning of the quality targets within the
system. The comparison of the target values is conducted with summary
statistics and graphical illustrations.

7

The regulation of Finnish electricity DSOs is based on the rate of
return regulation. In practice EMV determines the allowable returns
for companies. The allowable returns are compared to the actual realized returns of the companies by taking the difference between them.
If excess returns (positive difference) are observed, the DSO is expected
to compensate the excess return by cutting the distribution prices in the
next regulatory period. In contrast, if the actual returns are smaller than
the allowable returns, the DSO has room for price increases. The cost
efﬁciency and quality incentives adjust the observed return of DSOs.
They are constructed such that it is beneﬁcial for ﬁrms to meet (or
pass) the targets set by these incentives. In the quality incentive component this means that it is beneﬁcial for the company that the difference
between the target value and the observed interruption cost is positive.
In this way their difference is subtracted from the overall observed
return. This again increases the likelihood that the observed return is
lower than the regulated return. The same mechanism applies to the
cost efﬁciency incentive. The simpliﬁed illustration of the system is
given in Fig. 3.
Few comments are worth noting about the overall regulation framework. First, in the current regulatory period (2012–2015), the efﬁcient
cost frontier in the cost efﬁciency incentive is estimated with the similar
StoNED model that this study proposes to be used also within the quality incentive. Secondly the interruption costs are divided between the
cost efﬁciency and quality incentives. Inclusion of interruption costs
into other cost (such as operational costs) is called the social total cost
(SOTEX) approach in the literature (see e.g. Growitsch et al., 2010). It
is aimed to mitigate the specialization problem discussed already in
Section 2.1 as ﬁrms cannot neglect the quality considerations in the
cost efﬁciency incentive component. One might also be concerned
whether the overall cost level should be accounted for in determining
the target interruption cost level. Obviously, in reality interruptions
and their costs are dependent from the operational and capital costs of
the companies. Indeed, it would be technically possible to consider a
multi input multi output model where each cost type is separately
included as an input. Alternatively other cost types could be accounted
for by using the SOTEX approach outlined above. The main reason why
we follow the suggested approach is to keep our approach as close as
possible to the current regulatory model of Finland which includes an
independent quality incentive component, which is our interest here.
Note that the scale and scope of ﬁrms' operations are accounted for by
the fact that interruption costs are determined as a function of outputs.
Thus in this respect not accounting for other costs is not crucial for our
approach.
The formula on how EMV currently calculates of the reference value
is shown in Eq. (12). It is an energy transmission weighted average of
past interruption costs. In the current period, the target for certain
years is based on the values of 2005–2010. Notice also that the reference
value as such does not yet represent the actual size of the whole incentive component. Before implementation the overall incentive component is subject to some further modiﬁcations, such as capping the
maximum size of the penalty. The reference level however indicates
how strict the quality regulation is when different reference levels are
implemented. The higher the reference level is, the greater interruption
costs are allowed.
2010
X

ICref;k ¼ t¼2005

5.1. Finnish regulatory model

where

We keep the description of the regulatory model relatively brief as
detailed description of the system can be found for example from the
document of EMV (Finnish Energy Market Authority) (2011a) and
also from Tahvanainen et al. (2012).

ICref,k
ICt,k
Wk
Wt

ICt;k 
6

 
Wk
Wt
;

ð12Þ

is the reference level for year k
is the IC for year t in the monetary value of year k
is the transmitted energy in year k
is the transmitted energy in year t.
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Table 4
Decomposition of variance effects in the second stage parametric inefﬁciency model.
Model 1

Model 2

z-Variable

θ inefﬁciency effects

γ noise effects

θ inefﬁciency effects

γ noise effects

U. cabling

−0.031
(0.025)

0.017⁎⁎⁎
(0.002)

−0.046
(0.038)
−0.787⁎⁎

0.018⁎⁎⁎
(0.003)
0.133⁎⁎

(0.347)
0.471⁎⁎⁎
(0.163)
35.690
(19.097)

(0.054)
0.001
(0.058)
−9.738⁎⁎⁎

Latitude
Longitude
Intercept

−0.427⁎⁎
(0.207)

−1.425⁎⁎⁎
(0.153)

(2.885)

Standard errors in parenthesis.
⁎⁎⁎ 1% signiﬁcance.
⁎⁎ 5% signiﬁcance.

5.2. Comparison of quality targets
We start the comparison with summary statistics of the reference
values in Table 5. The estimated reference values from the quality
frontier for two different model speciﬁcations are identiﬁed as Est. IC
ref (1) / (2). Note that the estimator discussed in Section 2 estimates a
target value for each observation. Therefore in the analysis of this section we choose to use the targets for the observations that correspond
to the year 2010. That is, we pick only one reference value for each
ﬁrm. As a consequence we have 86 observations from where the summary statistics below are calculated.
On average the EMV method produces more lenient targets for companies. Like we already suggested in Section 3, some large interruption
costs on 2010 for some companies have inﬂated EMV reference levels
on average. The EMV method is more volatile as the standard deviation
of EMV reference levels is substantially higher than the corresponding
standard deviation of the quality frontier estimates. The estimated
reference levels from Model 1 and Model 2 follow rather similar distributions. In the following analysis we only examine the values from
Model 1 as results stay the same with Model 2.
Next we examine the stability of reference levels over the ﬁrms.
Within regulation it can be argued that the reference level for companies of similar size should also be similar. In Fig. 4 we have plotted
the log-transformed EMV reference values and the log-transformed

reference values from the quality frontier. The observations have
been ordered according to log-transformed average transmitted energy (2005–2010) in increasing order. Clearly the reference levels
from the quality frontier are more stable between companies of similar
size than the EMV reference levels. In log-terms the EMV reference
values may vary from 10 to over 14 in small range of company sizes.
In real monetary terms such differences mean a range of targets from
€22,000 up to €1.2 million.
One can argue that the reference levels of two similar sized companies should differ as they might operate in a very different environment.
Or vice versa, the reference level of similar sized companies operating in
a similar environment should be relatively close to each other. In Fig. 5
we compare the reference levels separately at different levels of underground cabling. The ﬁrms have been grouped into four groups according
to the average underground cabling proportion over 2005–2010 (online
Appendix B describes how the groups have been formed). Once again
the ﬁrms have been ordered according to their size in terms of transmitted energy.
Fig. 5 shows a clear difference in the variation of reference levels. The
EMV reference values vary substantially more than the quality frontier
levels even among companies of similar size and underground cabling
level. Notably the quality frontier estimates of the reference levels
for the high underground cabling group are substantially higher. We
would except that these companies should have a rather strict reference

Fig. 3. The Finnish regulatory model.
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Table 5
Summary statistics of reference levels (n = 86), mill. €.
Reference value

Mean

Std. dev.

Skewness

1st quartile

Median

3rd quartile

Min

Max

Est. IC ref (1)
Est. IC ref (2)
EMV IC ref

1.07
0.97
1.47

2.12
1.92
4.04

4.12
4.18
4.86

0.16
0.15
0.14

0.38
0.34
0.28

0.81
0.76
1.01

0.03
0.03
0.02

13.60
12.50
25.80

18
16
14

We have applied insights from productivity analysis to develop a
frontier model of service quality. To estimate the quality frontier from
interruption cost data, we proposed a new semi-nonparametric
method, which does not require any functional form assumptions
for the quality frontier. The method takes into account stochastic
noise and heteroscedasticity effects both in the inefﬁciency and noise
term. The proposed quality frontier was argued to provide more meaningful and stable basis for setting quality targets and incentives than the
average practice benchmarks currently in use.
The empirical objectives of this study were twofold. Our ﬁrst empirical aim was to study how the level of underground cabling and operational conditions affect the level and variance of interruption costs. As
expected, underground cabling signiﬁcantly explains the level of interruption costs. Interruption costs decrease with higher underground
cabling levels. The effects on the variance of interruption costs are either
positive or insigniﬁcantly different from zero. This implies that underground cabling does not signiﬁcantly decrease the variability of interruption costs. This is because of the higher costs associated with the
interruptions in underground networks. Even after robustness check
we do not ﬁnd a signiﬁcant negative (risk decreasing) effect of underground cabling to the variability of interruption costs. Thus further
investments in underground cabling might be perceived as unnecessary
by DSOs after a desired level of interruption costs it attained. We also
ﬁnd that the variability of inefﬁciency is related to the geographical
location of DSOs. This suggests that the performance differentials
between DSOs are location speciﬁc. From the regulatory perspective
this gives information for the regulator to characterize areas of relatively
similar performance and areas of high variance of performance.
From the practical policy perspective, the variability of interruptions
could play more signiﬁcant role in the regulatory model in future.
Similarly to the quality incentives based on the level of quality, we
could amend the incentive system so that the low variability companies
are rewarded whereas the high variability companies are penalized.
This would be relevant especially in Finland, where high supply security

12

6. Conclusions

requirements in future anyhow bring the overall level of interruptions
down and more emphasis could be placed on the variability of interruptions as a regulatory channel.
Our second empirical objective was to compare the two alternative
ways to set the quality improvement targets in the context of Finnish
electricity distribution regulation regime. The current Finnish approach
is based on averaging the previous performance of a DSO itself. This can
be problematic for setting long term regulatory goals as poor previous
performance might be translated to inadequate targets. Averaging is
also susceptible of too high variation due to the inﬂuence of single
years of high interruptions. Instead we suggest that target quality level
should be set using a best practice benchmarking method. We estimate
a quality frontier that can be interpreted to give the minimum interruption cost at the given output level. The estimated frontier produces more
stable quality targets for similar sized companies than the current
approach of Finnish Energy Market Authority. The quality frontier also
explicitly accounts for the operating environment of companies.
For practical regulation in Finland, the use of quality frontier would
make the quality regulation coherent with the cost efﬁciency regulation
which is based on best practices. More importantly using quality
frontier would make regulation more stable and equal. The overall
best performance is likely to change less over time than the individual
performance of a single company and thus the planning of supply
performance would be easier. Since quality frontier produces similar
targets for similar companies, the regulation can be considered to be
more equal also.
As always, some limitations apply. First, we have used a rather limited set of contextual variables in our study. We have for example
excluded customer density and weather variables from the study.
Thus, no explicit conclusions about the effects of these factors should
be made from our study. However, underground cabling and coordinate
variables in practice already characterize these aspects of the operating
environment. Underground cabling is likely to correlate strongly with
population density. We considered only underground cabling variable
as the regulatory model in Finland includes only this variable.

10

levels since their usual level of interruptions is low. However since the
typical level of interruptions is low for these companies, the EMV
averaging approach might produce too strict targets for a year with
exceptionally high interruptions. When a company with the high
underground cabling level is actually hit by interruptions, the interruptions generally are large scale and hard to ﬁx. This leads to substantial
interruption costs.12 This result illustrates that the proposed seminonparametric estimation of quality frontier better reﬂects the large
scale and scope of operations of these companies in its determination
of the target value. Finally, when we did your robustness check of the
results, we found similar pattern of reference values between EMV
values and the quality frontier values. The level of reference values
was affected by the removal of the two industrial networks, but quality
frontier still produced more stable targets than the EMV approach.

2

4

6

8

10

ln(Average transmitted energy 2005-2010)
12
Recall however that the effects of such severe conditions have been mitigated in the
regulatory model by capping the maximum size of penalty from quality incentive
component.

ln(EMV IC ref)

ln(Est. IC ref, model 1)

Fig. 4. The EMV reference levels against the quality frontier reference levels.
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Fig. 5. The reference level comparison according the underground cabling level.

Second, we model the effects of z-variables as linear functions of
underground cabling and the coordinates. Some nonlinear alternatives and interactions between the variables should be considered
in future research in order to examine whether the effect of underground cabling differ between regions. Here we assume the effect
being the same everywhere.
The present study also provides many fruitful avenues for future
research. In particular, the following four issues are highly relevant
from the Finnish perspective. First, the panel aspect of the available
data could be further utilized. For example, Eskelinen and Kuosmanen
(2013) apply StoNED method in studying the inter-temporal variation
of performance of bank branches. Similar type of an analysis could be
informative in the present context to reveal patterns of interruption
costs over time and how these patterns are related to the investments
on underground cabling. Such information could be helpful for characterizing long term performance targets. Second, it would be interesting
to study the whole incentive mechanism itself in more detail. Here we
studied only how the reference level for quality should be set. As
noted in our description of the Finnish regulatory system, setting the
reference level is only one part of the regulation. How the reference
level is actually implemented as an incentive mechanism in the regulation is another question, which clearly warrants further investigation.
Thirdly, the cost efﬁciency incentive and the quality incentive are
currently modeled as two independent components of the Finnish
regulatory model. Clearly, cost efﬁciency and service quality are intimately related, and it might be preferable to model them jointly. A simple approach is to regulate the total cost that includes the operational
costs, capital costs, and interruption costs. The main challenge in this
approach is to accommodate the costs of ﬁxed inputs and other

nondiscretionary factors that cannot be adjusted by the ﬁrm management in the short run. It may be preferable to model the costs of ﬁxed
inputs and variable inputs as two separate input factors, imposing the
performance targets to the variable inputs only. This requires a model
of joint production with multiple inputs and multiple outputs. Dealing
with stochastic noise in nonparametric models of joint production
remains a methodological challenge. Fourth, as consequence of the
previous, the comparison of different ways to measure quality and
their consequences on the regulation would warrant a study of its
own. Indeed, it would be important to study if the results of regulation
change remarkably whether quality and other costs are examined separately as here in this study, jointly within the same model but as separate inputs/outputs, or as an aggregate measure such as SOTEX.
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Appendix A. The calculation of the observable interruption costs (EMV, Finnish Energy Market Authority, 2011a)
All prices are in prices of 2005 and they are based on the survey by Silvast et al. (2005). Note that the Finnish EMA uses only the interruptions in
middle voltage (1–70 kW) network as the basis for their calculations. Note that the formula accounts both, the unexpected and planned interruptions. Moreover the formula includes both, the duration and number of outages. For duration, the energy based prices are used (subscript E), whereas
the pricing of number of outages is power based (subscript W). Below the term KA is similar to the well-known SAIDI (System Average Interruption
Duration Index) measure and the term KM to the SAIFI (System Average Interruption Frequency Index) measure. Notice that the report by Silvast
et al. (2005) determined the weight of outage time to be signiﬁcantly larger than the weight for the number of outages. Thus the interruption
costs reﬂect more the costs of long outages than costs of multiple (short) outages. This is desirable as companies are not obligated to compensate
very short term interruptions and most of the costs are due to long outages.
0
1
  

KAunexp;t  hE;unexp þ KMunexp;t  hW;unexp þ
Wt
CPI k−1

ICt;k ¼ @ KAplann;t  hE;plann þ KM plann;t  hW;plann þ A 
T
CPI
t
2004
AJK t  hAJK þ PJK t  hPJK

ICt,k
KAunexp,t
hE,unexp
KMunexp,t
hW,unexp
KAplann,t
hE,plann
KMplann,t
hW,plann
AJKt
hAJK
PJKt
hPJK
Wt
Tt
CPIk − 1
CPI2004

Actual imputed disadvantage caused by electricity supply outages to the DSO's customers in year t in the value of money in year k, euros
Customer's average annual outage time weighted by annual energies, caused by unexpected outages in the 1–70 kV network in the year t, hours
Price of disadvantage caused by unexpected outages to the customer in the 2005 value of money, euros/kilowatt-hour
Customer's average annual number of outages weighted by annual energies, caused by unexpected outages in the 1–70 kV network in year t, numbers
Price of disadvantage caused by unexpected outages to the customer in the 2005 value of money, euros/kilowatt
Customer's average annual outage time weighted by annual energies, caused by planned outages in the 1–70 kV network in year t, hours
Price of disadvantage caused by planned outages to the customer in the 2005 value of money, euros/kilowatt-hour
Customer's average annual number of outages weighted by annual energies, caused by planned outages in the 1–70 kV network in year t, numbers
Price of disadvantage caused by planned outages to the customer in the 2005 value of money, euros/kilowatt
Customer's average annual outage number weighted by annual energies, caused by time-delayed autoreclosers in the 1–70 kV network in year t, numbers
Price of disadvantage caused by time-delayed autoreclosers to the customer in the 2005 value of money, euros/kilowatt
Customer's average annual outage number weighted by annual energies, caused by high-speed autoreclosers in the 1–70 kV network in year t, numbers
Price of disadvantage caused by high-speed autoreclosers to the customer in the 2005 value of money, euros/kilowatt
The amount of energy transmitted to customers from the DSO's electricity network at voltage levels 0.4 kV and 1–70 kV in year t, kilowatt-hours
number of hours in year t
consumer price index in year k − 1
consumer price index in year 2004

Appendix B. Online supplementary material
Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.eneco.2014.04.016.
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Appendix A:Yearly summary statistics for observed interruption costs (in million €)
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Appendix B:Formation of the underground cabling groups

7KH XQGHUJURXQG FDEOLQJ JURXSV DUH EDVHG RQ WKH ILUPVSHFLILF DYHUDJH XQGHUJURXQG FDEOLQJ
SURSRUWLRQ RYHU  7KH JURXSV DUH WKHQ IRUPHG DFFRUGLQJ WR WKH SHUFHQWLOH SRLQWV RI WKH
DYHUDJHFDEOLQJSURSRUWLRQ7KHVXPPDU\VWDWLVWLFVDUHJLYHQLQ7DEOH%EHORZ

Table B: Summary statistic of average underground cabling proportion by firms.
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7KHJURXSVDUHIRUPHGVXFKWKDWWKHILUPEHORQJVLQRQHIROORZLQJJURXSV VWTXDUWLOH ORZFDEOLQJ
SURSRUWLRQ  EHWZHHQ VW TXDUWLOH DQG PHGLDQ PHGLXPORZ  EHWZHHQ PHGLDQ DQG UG TXDUWLOH
PHGLXP  DERYH UG TXDUWLOH KLJK  7KH OLPLWV RI WKH SHUFHQWLOH SRLQWV DUH URXJKO\ WKH VDPH DV
SUHVHQWHGLQ7DEOHVLQFHJHQHUDOO\WKHFDEOLQJSURSRUWLRQGRHVQRWFKDQJHPXFKRYHUWKH\HDUVZLWKLQ
RQH FRPSDQ\ LH WKH ILJXUHV LQ 7DEOH  DUH RYHU DOO REVHUYDWLRQV QRW VXPPDU\ VWDWLVWLFV RYHU ILUP
VSHFLILFDYHUDJHVDVKHUH 




Appendix C:Estimation results excluding 2 industrial networks
7KH VDPSOH VL]H XVHG LQ WKH HVWLPDWLRQV RI WKLV LV  DV WZR ILUPV ZHUH UHPRYHG IURP WKH VDPSOH
6XPPDU\ VWDWLVWLFV RI UHIHUHQFH YDOXHV ZKHQ WZR RXWOLHUV DUH UHPRYHG DUH VKRZQ LQ WKH 7DEOH &
EHORZ $JDLQ ZH SLFN WKH YDOXH IURP  DV WKH UHIHUHQFH YDOXH ZKHQ XVLQJ TXDOLW\ IURQWLHU 7KXV
QXPEHURIREVHUYDWLRQVLVLQWKHWDEOHEHORZ

Table C1: Summary statistic of the reference values (n=84), millions of €
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2Q DYHUDJH WKH UHIHUHQFH YDOXHV KDYH LQFUHDVHG 7KLV LV QRW VXUSULVLQJ DV WKH UHPRYHG QHWZRUNV KDG
ODUJH XQGHUJURXQG FDEOLQJ SURSRUWLRQV DQG FRQVHTXHQWO\ UDWKHU ORZ LQWHUUXSWLRQ FRVWV  &RPSDUHG WR
WKHHDUOLHUUHVXOWVRQDYHUDJHWKHUHIHUHQFHOHYHOVIURP0RGHOKDYHFKDQJHGWKHPRVW,WLVOLNHO\WKDW
RQH RI WKH UHPRYHG ILUPV ZDV D IURQWLHU ILUP LQ WKH RULJLQDO GDWD $IWHU LWV UHPRYDO D ILUP ZLWK D
VLPLODUORFDWLRQDQGFDEOLQJOHYHOEXWFRPSOHWHO\GLIIHUHQWRXWSXWSURILOH DQGELJJHULQWHUUXSWLRQV LV
DWWDFKHGZLWKDIURQWLHUVWDWXV5HFDOOWKDWLQ0RGHOORFDWLRQLQWHUPVRIFRRUGLQDWHVLVH[FOXGHGDQG
WKXV IURQWLHU LV QRW DGMXVWHG ZLWK ORFDWLRQ RQO\ ZLWK WKH OHYHO RI XQGHUJURXQG FDEOLQJ $OWKRXJK WKH
DYHUDJHOHYHORIUHIHUHQFHYDOXHVLVVRPHZKDWVHQVLWLYHWRWKHFKRVHQVDPSOHYDULDEOHVWKHPDLQUHVXOW
DERXWWKHVWDELOLW\RIUHIHUHQFHYDOXHVEHWZHHQILUPVLVNHSWLQWDFW7KLVLVLOOXVWUDWHGLQ)LJXUH&ZKHUH
WKHUHIHUHQFHYDOXHVIURPWKHTXDOLW\IURQWLHUDQG(09DSSURDFKKDYHEHHQSORWWHG:HVHHDJDLQWKDW
WKHUHIHUHQFHYDOXHVSURGXFHGE\WKHTXDOLW\IURQWLHUDUHPRUHVWDEOHIRUFRPSDQLHVRIVLPLODUVL]HWKDQ
WKHYDOXHVIURP(0$DYHUDJH
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Figure C: The EMV reference levels against the quality frontier reference levels

/DVWO\ZHH[DPLQHKRZWKHHIIHFWVRIXQGHUJURXQGFDEOLQJFKDQJHZLWKWKHUHPRYDORIWKHWZRILUPV
%RWK VHWV RI ]YDULDEOHV KDYH EHHQ XVHG 0RGHO   0RGHO   7KH FRQFOXVLRQV UHJDUGLQJ WKH OHYHO
HIIHFWV RI XQGHUJURXQG FDEOLQJ UHPDLQV WKH VDPH WKDQ SUHYLRXVO\ 7KH OHYHO RI LQWHUUXSWLRQV LV
VLJQLILFDQWO\UHGXFHGE\WKHXQGHUJURXQGFDEOLQJ2QO\QRWDEOHFKDQJHLVLQFRRUGLQDWHYDULDEOHVDQG
WKHLUVLJQLILFDQFH7KH\HDUGXPPLHVVKRZWKHVDPHSUHYLRXVO\REVHUYHGSDWWHUQ

Table C2: Level effects on the level of interruption costs
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Table C3: Variance effects on the overall error
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Table C4: Decomposed variance effects

0RGHO

8FDEOLQJ
/DWLWXGH

0RGHO

θu 

γv 

θu 

γv 

LQHIILFLHQF\

QRLVH

LQHIILFLHQF\

1RLVH

HIIHFWV

HIIHFWV

HIIHFWV

HIIHFWV









 

 

 

 






/RQJLWXGH

 






,QWHUFHSW

 





6WDQGDUGHUURUVLQSDUHQWKHVLV






VLJQLILFDQFH
VLJQLILFDQFH

 









 


 

 






 



 

 
 

9HSTFMG*afiaif+

I
S
BN9
7
89
5
2
6
0
5
80
85
I
S
BN9
7
89
5
2
6
0
5
80
9
2(
p
d
f
)
I
S
S
N
L1
7
9
9
4
9
34
I
S
S
N1
7
9
9
4
9
34
I
S
S
N1
7
9
9
4
9
4
2(
p
d
f
)
A
a
l
t
oU
ni
v
e
r
s
i
t
y
S
c
h
o
o
lo
fBus
i
ne
s
s
D
e
p
a
r
t
me
nto
fI
nf
o
r
ma
t
i
o
na
ndS
e
r
v
i
c
eE
c
o
no
my
w
w
w
.
a
a
l
t
o
.
f
i

A
al
t
o
D
D1
1
9
/
2
0
1
4

P
ro
duc
t
ivit
y anal
ysis is int
e
re
st
e
d in
c
o
mparing h
o
wmuc
hmo
repro
duc
t
ivefo
r
e
xampl
ea ﬁrm is t
h
an ano
t
h
e
r.Co
mpariso
n
o
f unit
sc
an, h
o
w
e
ve
r, beunfair if t
h
eﬁrms
o
pe
rat
ein h
igh
l
y dif f e
re
nte
nviro
nme
nt
s.
F
o
re
xampl
e
, a ﬁrm migh
to
pe
rat
ein a h
igh
l
y
risky e
nviro
nme
ntand t
h
us may l
o
o
kl
e
ss
pro
duc
t
ive
, no
tne
c
e
ssaril
y be
c
auseo
f any
ine
fﬁc
ie
nc
y, butbe
c
auseo
ft
h
e
e
nviro
nme
nt
.T
h
is disse
rt
at
io
n st
udie
sw
h
at
impl
ic
at
io
ns a risky o
pe
rat
ing e
nviro
nme
nt
o
f ﬁrms h
as fo
r pro
duc
t
ivit
y and e
fﬁc
ie
nc
y
anal
ysis.T
h
ec
o
nne
c
t
io
ns be
t
w
e
e
n risk and
ine
fﬁc
ie
nc
y aree
xpl
o
re
dw
it
ha c
o
nc
e
pt
ual
disc
ussio
n and e
mpiric
alappl
ic
at
io
ns.T
h
e
e
xpl
ic
itdisc
ussio
no
ft
h
e
sec
o
nne
c
t
io
ns is
t
h
eno
ve
l
fe
at
ureo
f t
h
edisse
rt
at
io
n.T
h
e
e
mpiric
alappl
ic
at
io
ns il
l
ust
rat
eh
o
wrisk
and o
pe
rat
ing e
nviro
nme
ntc
an be
int
e
rpre
t
e
d and ac
c
o
unt
e
d fo
r in t
h
e
anal
ysis o
f aggre
gat
epro
duc
t
ivit
y and
c
o
rrupt
io
n and t
h
ec
o
st
e
fﬁc
ie
nc
y and
qual
it
yo
f se
rvic
easse
ssme
nt
so
ft
h
eF
innish
e
l
e
c
t
ric
it
y dist
ribut
io
nc
o
mpanie
s.

BU
S
I
N
E
S
S+
E
C
O
N
O
M
Y
A
R
T+
D
E
S
I
G
N+
A
R
C
H
I
T
E
C
T
U
R
E
S
C
I
E
N
C
E+
T
E
C
H
N
O
L
O
G
Y
C
R
O
S
S
O
V
E
R
D
O
C
T
O
R
A
L
D
I
S
S
E
R
T
A
T
I
O
N
S

