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Regression Techniques/Methods

▶ There are a host of efficiency estimation methods beyond
what is currently being used

▶ For SFA and DEA, there are many elaborate variants

▶ nonparametric SFA

▶ stochastic DEA

▶ Robust estimation of SFA/DEA (→ outliers)
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Regression Techniques/Methods

▶ Large body of literature in SFA that focuses on nonparametric
estimation of ‘parts’ of the model

▶ Fan, Li & Weersink (1996)

▶ Kumbhakar, Park, Simar & Tsionas (2007)

▶ Tran & Tsionas (2009)

▶ Martins-Filho & Yao (2015)

▶ Simar, Van Keilegom & Zelenyuk (2017)

▶ Parmeter, Wang & Kumbhakar (2017)

▶ Florens, Simar & Van Keilegom (2020)

▶ Zhou, Parmeter & Kumbhakar (2020)
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Regression Techniques/Methods

▶ ... and DEA literature that aims to consider statistical noise

▶ Kneip, Simar & Wilson (2008)

▶ Simar & Zelenyuk (2011)

▶ Kuosmanen & Kortelainen (2012)

▶ Daouia, Noh & Park (2016)
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Regression Techniques / Methods

▶ Comparisons of (some of) these elaborate methods, e.g. in

▶ Badunenko et al. (2012),

▶ Andor & Hesse (2014) and

▶ Parmeter & Zelenyuk (2019)
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Regression Techniques / Methods

▶ For robust estimation, we have

▶ DEA:

▶ order-m (Cazals et al. 2002) and

▶ order-α frontiers (Aragon et al. 2005) in DEA (VRS and CRS)

▶ SFA:

▶ Song, Oh & Kang (2017): uses MDPD (Minimum Density
Power Divergence)

▶ Horrace & Parmeter (2018): Laplace-Exponential

▶ Wheat, Stead & Greene (2019): t-Half-t distributional
specification
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Regression Techniques / Methods

Overview of some methods to develop a rough understanding

Technical efficiency

ML
(Maximum 
Likelihood)

PL
(Pseudolikelihood)

MoM
(Method of Moment)

Parameter estimates of the composite error term

DEA
(Data Envelopment Analysis)

Nonparametric
Deterministic

StoNED
(Stochastic Non-smooth 
Envelopment of Data)

Semi-parametric
Stochastic

SFA
(Stochastic Frontier 

Analysis)

Parametric
Stochastic

Individual efficiency

FLW
(Fan, Li & Weersink 

1996)

Semi-parametric
Stochastic

PR
(Parmeter & Racine 

2012)

Semi-parametric
Stochastic

Part A

Results

Part BSt
ep

 1
St

ep
 2

CNLSOLS

Linear 
Programming 

KR
(Kernel Regression)

 

Constrained KR 

▶ Newer methods: semi-parametric

▶ Yet, also “second-step problem”
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“Targeted” Monte Carlo
Simulation:

the “Statistical Referee”
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“Targeted” Monte Carlo Simulations

▶ Basics

▶ Some Examples

▶ Practical guidance: What could be done?
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Monte Carlo Simulations – Basics

▶ MC simulations: ”statistical referee” in order to

▶ compare methods

▶ determine influencing factors

▶ estimate the strength of influencing factors

▶ MC simulations:

▶ Generation of own data sets: ”true” efficiency can be
compared with estimated efficiency

▶ For this, the data generation process (DGP) has to be defined

▶ Variation of the DGP to identify influencing factors

▶ Replication to ensure robustness of results
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Monte Carlo Simulations – Basics

Data generation process (DGP) in MC simulations

qj = F (zi,j)︸ ︷︷ ︸
Production Function

· exp(εj)︸ ︷︷ ︸
Composed error term

with εj = vj−uj and j = 1, ..., n,

(1)

For example, the DGP must specify:

▶ Functional form of the production function

▶ Distribution of inputs

▶ Distribution of the inefficiency and disturbance term

▶ Number of enterprises (e.g. DSOs)
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Monte Carlo Simulations – Example 1
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a b s t r a c t 

Data envelopment analysis (DEA) and stochastic frontier analysis (SFA), as well as combinations thereof, 

are widely applied in incentive regulation practice, where the assessment of efficiency plays a major role 

in regulation design and benchmarking. Using a Monte Carlo simulation experiment, this paper compares 

the performance of six alternative methods commonly applied by regulators. Our results demonstrate 

that combination approaches, such as taking the maximum or the mean over DEA and SFA efficiency 

scores, have certain practical merits and might offer a useful alternative to strict reliance on a singular 

method. In particular, the results highlight that taking the maximum not only minimizes the risk of un- 

derestimation, but can also improve the precision of efficiency estimation. Based on our results, we give 

recommendations for the estimation of individual efficiencies for regulation purposes and beyond. 

© 2018 Elsevier B.V. All rights reserved. 

1. Introduction 

Over the past three decades, many countries have introduced 

regulatory reforms and incentive regulation in network sectors like 

electricity, gas, telecommunications, and water. Although concrete 

regulation designs may vary fundamentally, in many incentive- 

based regulation schemes, efficiency estimation methods play a 

major role (see, for example, Bogetoft & Otto, 2010; Coelli & 

Lawrence, 20 06; Haney & Pollitt, 20 09 ). These methods are used to 

benchmark regulated firms and account for firm-specific efficiency 

estimates in the regulatory design. If the current efficiency level 

of a firm was not considered in the regulation process, incentive- 

based regulation schemes would favor firms that are less efficient 

at the beginning of the regulation period. After estimating the effi- 

ciency of the firms, each regulated firm obtains an individual effi- 

ciency improvement target, the so-called X-factor, with the aim of 

decreasing its inefficiency through the end of the regulation period 

(e.g. Nykamp, Andor, & Hurink, 2012 ). Usually, the firm-specific X- 

factors enable firms to earn a fair rate of return on capital if they 

achieve the efficient cost level that is defined by the regulatory au- 

thority ( Coelli, Estache, Perelman, and Trujillo, 2003 , p. 8). 

Thus, estimated efficiency scores have a substantial financial 

impact on regulated firms and the choice of the estimation method 

is of major relevance, as it often heavily influences the estimated 

∗ Corresponding author. 

E-mail address: andor@rwi-essen.de (M.A. Andor). 

level of (in)efficiency. Nevertheless, both the theoretical litera- 

ture as well as regulation practice have not yet found the “best”

strategy for determining individual efficiency targets. Consequently, 

regulators have used a broad array of concepts to determine the in- 

dividual X-factor. In the energy sector for example, many regulat- 

ing authorities estimate firm level efficiency by adopting either (I) 

data envelopment analysis (DEA, Charnes, Cooper, & Rhodes, 1978 ), 

which is quite flexible and whose frontier is only restricted via 

its axiomatic foundation 

1 , but estimates efficiency without consid- 

ering statistical noise 2 , (II) parametric stochastic frontier analysis 

(SFA, Aigner, Lovell, & Schmidt, 1977; Meeusen & van Den Broeck, 

1977 ), which takes statistical noise into account, but typically re- 

quires assumptions concerning the functional form of the frontier 

as well as the distribution of inefficiency or (III) a combination 

of the estimates of these two (see also Banker, Førsund, & Zhang, 

2017 ). 

Aside from the direct application of individual estimation meth- 

ods, for example DEA being deployed to benchmark in Norway, 

regulation authorities have recently begun to apply combination 

1 The axioms are convexity, inefficiency (“free disposability”), ray unbounded- 

ness, and minimum extrapolation ( Banker, Charnes, & Cooper, 1984; Fried, Lovell, 

& Schmidt, 2008 ). 
2 Several extensions to the original DEA model have been proposed in the litera- 

ture to account for statistical noise, such as stochastic DEA ( Simar & Zelenyuk, 2011 ) 

or extended versions of the Benefit-of-the-Doubt-method (see, for an introduction, 

Cherchye, Moesen, Rogge, & Van Puyenbroeck, 2007 ), for example the robust order- 

m model ( Cazals, Florens, & Simar, 2002 ). 

https://doi.org/10.1016/j.ejor.2018.10.007 

0377-2217/© 2018 Elsevier B.V. All rights reserved. 15 / 31



Monte Carlo Simulations – Example 1

Monte Carlo simulation based on real data

Source: Andor et al. (2019)
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Monte Carlo Simulations – Example 1

Source: Andor et al. (2019)
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Monte Carlo Simulations – Example 1

Evaluation: “Oldies” and combination approaches

Source: Andor et al. (2019)

18 / 31



Monte Carlo Simulations – Example 1

Exemplary comparison: estimates from DEA-VRS and SFA-CD

Source: Andor et al. (2019)
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Monte Carlo Simulations – Example 2

▶ Comparison of DEA, SFA and StoNED
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Monte Carlo Simulations – Example 2

Comparison DEA, SFA and StoNED

Source: Andor & Hesse (2014)
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Monte Carlo Simulations – Example 2

Comparison DEA, SFA and StoNED

▶ StoNED relatively good

▶ StoNED particularly good when ”noise” is present in the data
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Monte Carlo Simulations – Example 2

Impact of the factor ”sample” on estimation accuracy (MAD)

Source: Andor & Hesse (2014)
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Monte Carlo Simulations – Example 2

Impact of the factor ”noise” on estimation accuracy (MAD)

Source: Andor & Hesse (2014)
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Monte Carlo Simulations – Example 3
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Monte Carlo Simulations – Example 3

Uncovering problems of regulation:

Source: Nykamp et al. (2012)

Influence of different investment scenarios on efficiency values:
Lack of innovation incentives (in 2011)

28 / 31



Monte Carlo Simulations – What can be done?

Monte Carlo Simulations - A Tool for Practice

MC simulations can be built purely theoretically, but also
based on empirical data.

MC simulations can be a helpful tool, for example to:

▶ Increase the understanding of the methods

▶ Determine the influence of certain factors

▶ Illustrate problems of regulation

▶ Improve model selection
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How to choose the benchmarking technique?

My approach would be the following

▶ Discuss and decide all ”circumstances” and objectives

▶ Comprehensive search for potential methods and approaches
(including combination approaches, such as Best-of, average,
weighted...)

▶ Conducting a thorough Monte Carlo study: ”Horse race”

▶ Identify the best approach for ”your” purposes
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Thank you

▶ Mark A. Andor (mark.andor@rwi-essen.de)
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Monte Carlo Simulations – What can be done?

Model Selection

▶ What assumptions should we make?

▶ How does the production function look like?

▶ Which inputs?

▶ What are the “best” assumptions for the inefficiency and the
noise term?

▶ ...

Underlying question: what is the best way to estimate
the “true” efficiency values?
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Monte Carlo Simulations – What can be done?

Model Selection

▶ So what is the best way to estimate the “true” efficiency
values?

▶ Bad news: nobody knows for sure

▶ Standard procedure: using statistical indicators based on the
empirical estimations

▶ While useful, there are certainly several limitations (some
already discussed)

▶ Alternative or complement: “Targeted” MC simulations
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Monte Carlo Simulations – What can be done?

What can be done?

▶ MC simulations based on empirical data

▶ “Targeted” on the German gas market: e.g., sample size fixed

▶ Thinking about main questions

▶ Determine and vary the DGP

▶ Vary the assumptions in the estimations

▶ Compare the performance

▶ You can learn a lot
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Monte Carlo Simulations – What can be done?

Questions that could be answered, for example:

▶ Let us check what happens with the estimates if an
assumption is wrong

▶ Let us check what happens when we adapt the assumptions in
the estimation

▶ What are the major “problems”/“challenges”?

▶ What is less important?
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Monte Carlo Simulations – What can be done?

Potential insights, for example:

▶ Identify and provide evidence that some assumptions are not
crucial

▶ Identify methods/assumptions that perform better on average
across several reasonable assumptions...

▶ ...or in other words, which are less influenced by certain
assumptions/are more flexible

▶ Effects/Insights can be nicely illustrated
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Monte Carlo Simulations – Example 3

Example: Assumption about the inefficiency term distribution

Source: Andor & Hesse (2014)
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Monte Carlo Simulations – Example 3

Example: Assumption about the production function

Source: Andor & Hesse (2014)
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Monte Carlo Simulations – Example 3

Example: Assumption about the production function

Source: Andor & Hesse (2014)
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Monte Carlo Simulations – Example 3

Example: Number of inputs

Source: Andor & Hesse (2014)

9 / 10



Monte Carlo Simulations – Example 3

Example: Omitted variables

Source: Andor & Hesse (2014)
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