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Overview of Efficiency
Benchmarking Techniques



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

P nonparametric SFA
P 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-a 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-¢ distributional
specification
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Regression Techniques / Methods

Overview of some methods to develop a rough understanding

SFA StoNED FLW PR
(Data Envelopment Analysis) {  (Stochastic Frontier (Stochastic Non-smooth (Fan, Li & Weersink (Parmeter & Racine
Analysis) Envelopment of Data) 1996) 2012)
Nonparametric Parametric i-p i-
Deterministic Stochastic Stochastic Stochastic Stochastic
CNLS KR Constrained KR
emel Regression rai
- PartA (Kemnel Regression)
o (Masimum |
2 Likeihood) MoM PL
PartB N AM tethod of Moment n (Pseudolikelihood)
Linear

Programming

L v v
| Parameter estimates of the composite error term |

Individual efficiency |

| Technical efficiency |

» Newer methods: semi-parametric

» VYet, also “second-step problem”
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“Targeted” Monte Carlo
Simulation:

the “Statistical Referee”



“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
P determine influencing factors
P estimate the strength of influencing factors

» MC simulations:

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

» For this, the data generation process (DGP) has to be defined
P Variation of the DGP to identify influencing factors

P Replication to ensure robustness of results
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Monte Carlo Simulations — Basics

Data generation process (DGP) in MC simulations

q; = F(z;,5) . exp(si) withe; =vj—ujandj=1,..,n,
N—— N——
Production Function Composed error term
(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

Contants stsavailabl at ScionceDirect o ——
European Journal of Operational Research [
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Decision Support

Combining uncertainty with uncertainty to get certainty? Efficiency
analysis for regulation purposes

i®
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Monte Carlo Simulations — Example 1

Monte Carlo simulation based on real data

Table 2
Descriptive statistics of Finnish electricity distribution companies.

Variable Mean Std. Dev.  Minimum  Median  Maximum
Entire data set

Total cost in EUR 1000 8418.9 18047.8 267.8 3102.2 117554.1
Energy transmission in gigawatt hours ~ 480.4 9715 14.8 1713 6599.7
Length of network in kilometers 41353 10223.3 50.8 988.6 676111
No. of customers 35448.7 718707 243 11081.3  420473.0

Final data set used for the simulation

Total cost in EUR 1000 12750.5 232432 1588.8 5458.5 117554.1
Energy transmission in gigawatt hours  683.4 1180.0 94.9 305.3 6599.7
Length of network in kilometers 6881.6 13673.9 340.1 2656.3 67611.1
No. of customers 50107.3 82521.9 5146.3 21987.4  420473.0

Source: Finnish Energy Market Authority (Energiamarkkinavirasto, EMV), www.emvi.fi

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

Table 3

Overview of cases and scenarios.

Case Oy Distribution True cost oy Sample size
of u function n
1 “SFA-CD" 0.01, 0.05 N.(0.02) D 0.01, 0.05, 0.15 50, 100, 200, 400, 800
2 0 N.(0. Uu?) cD 0.01, 0.05, 0.15 50, 100, 200, 400, 800
3 0.01, 0.05 (1, oy) cD 0.01, 0.05, 0.15 50, 100, 200, 400, 800
4 0 (L ou) D 0.01, 0.05, 0.15 50, 100, 200, 400, 800
5 0.01, 0.05 N.(0.c2) TL 0.01, 0.05, 0.15 50, 100, 200, 400, 800
6 0 N. (0. e2) TL 0.01, 0.05, 0.15 50, 100, 200, 400, 800
7 “SFA-TL" 0.01, 0.05 rQ, oy) TL 0.01, 0.05, 0.15 50, 100, 200, 400, 800
8 0 (1, ou) TL 0.01, 0.05, 015 50, 100, 200, 400, 800
9 0.01,005 N.(0.¢?) TL-+DEA 0.01, 0.05, 015 50, 100, 200, 400, 800
10 0 N.(0.¢3) TL+ DEA 0.01, 0.05, 0.15 50, 100, 200, 400, 800
11 “TL-DEA" 0.01, 0.05 (1, ou) TL+ DEA 0.01, 0.05, 0.15 50, 100, 200, 400, 800
12 0 C(1 ou) TL+ DEA 0.01, 0.05, 0.15 50, 100, 200, 400, 800
13 0.01, 0.05 N.(0.02) DEA 0.01, 0.05, 0.15 50, 100, 200, 400, 800
14 0 N.(0, o2 DEA 0.01, 0.05, 0.15 50, 100, 200, 400, 800
15 0.01, 0.05 PlLey) DEA 0.01, 0.05, 0.15 50, 100, 200, 400, 800
16 “DEA” 0 (1, ou) DEA 0.01, 0.05, 0.15 50, 100, 200, 400, 800
Source: Andor et al. (2019)
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Monte Carlo Simulations — Example 1

Evaluation: "Oldies” and combination approaches

Table 4
Overall performance of the six methods.
Scenarios Performance measure  Estimation method
SFA-CD SFA-TL DEA-CRS DEA-VRS AM MAX
1 All RMSE 0.0795 0.0303 0.0821 0.0503 0.0519 0.0215
Bias —0.0531 —0.0064 —0.0553 —0.0057 —0.0337 0.0052
PU 0.8500 0.7000 0.8350 0.5950 0.9300 0.3150
Il No Noise RMSE 0.0793 0.0195 0.0626 0.0203 0.0383 0.0142
Bias —0.0526 —0.0032 —0.0399 0.0032 —0.0276 0.0084
PU 0.8400 0.6700 0.7012 0.2150 0.9250 0.0775
11l With Noise RMSE 0.0796 0.0348 0.0942 0.0586 0.0585 0.0267
Bias —0.0534 —0.0081 —0.0668 —0.0180 —0.0399 0.0025
PU 0.8550 0.7200 0.8800 0.7200 0.9325 0.4650

Note: RMSE = Root mean square error, PU = Percentage of underestimated firms.

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

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

TEEFACD

TE OEA VRS

(a) Case 1 (“SFA-CD”)

TEDEA VRS

(d) Case 16 (“DEA”)

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

The GloNED age: the departure into a new era of efficiency

(SFA {'and DEA)

Mark Andor  Frederik Hesse

Pubished onine: 4 Juy 2013
© Springer Science+ Business Media New York 2013

Abstract  Based on the seminal paper of Farrell (J R Stat
Soc Ser A (General) 120(3):253-290, 1957), researchers
e deveoped s metiods o csriog iy,

‘metric stochastic frontier analysis (SFA), both introduced
in the late 1970 Researchers have been attempting o
develop a method which combines the virtues—t

parametric and stochastic—of these “okdies”. The recently
introduced Stochastic non-smooth envelopment of data
(StoNED) by Kuosmanen and Kortelainen I Prod Anal
38(1):11-28, 2012) is such a promising method. This paper
compares the SIONED method with the two “oldies” DEA

initial Monte Cs

A monte carlo comparison of StoNED and the “oldies”

JEL Classification  C14 - C52 - D24 - 159

1 Introduction

T his classic paper, Farrell (1957) stated that measuring
A iyt vy aporin o sconoulc
theorists and economic policy makers alike. Based on
Fursil' work setichass e daviepsd s
ods for measuring eficiency. Despite this progress, after
more than five decades of efficiency analysis research,
there i still no single superior method (see, among others,
Resti 2000; Mortimer 2002; Badunenko et al. 2012).
“The efficiency analysis literature can be divided into two.

Kuosmanen and Kortehinen (J Prod Anal 38(1):11-28,
2012) in several directions. We show, among others, that,
in scenarios without noise, the rivalry is stll between the
“oldies”, while in noisy scenarios, the nonparametric
SIGNED PL now constitutes s promising alternative to the
SFA ML,

Keywords  Efficiency - Swochastic non-smooth

main branches of parametric and nonparametric methods.
Data envelopment analysis (DEA) is the most popular repre-
senttive of the nonparameric methods. I is a linear pr

gramming method which constructs a nonparametric

previous papers also proposed mathematical programming
‘methods (see, for example, Afiat 1972), DEA s generally
atributed to Chames et al. (1978). DEA estimates efficiency

envelopment of data (StoNED)
analysis (DEA) - Stochastic frontier analysis (SFA)
Monte carlo simulation

‘method. This isits main disadvantage. On the other hand, its
fexibility,

In contrast, parametric methods reguire an assumption

i 8 e o 0 s i T

Divisicn of Emvironment and Resources, Rleinisch-
Wesiftisches Insitut i Wit hatforchung,
Hohenzolleni. 13, 45128 Essen, Germany
camail: andor@rwicsende

. Hess
Finince Center Mnstr, Westfliche Wilblme Unverst
Minster, Uiverstasrase 14-16, 4143 Manster, Germany

thod (COLS), eiginally
proposed by Winsten (1957), estimates the efficient frontier

Setlency s e e 6 i OO S e
same disadvantage as DEA, since it is also detemministic.
Aigner et # (1977 and Mecusen and van den Brocd

(1977) developed a stochastic parametric model, called

©) Springer
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Monte Carlo Simulations — Example 2

Comparison DEA, SFA and StoNED

g;‘;";niugze;vi‘(‘;‘:’iu"{u‘rhzll w5 DEA SFA MoM SFA ML StoNED MoM StoNED PL
settings MD —0.0696 —0.0496 —0.0230 —0.0385 0.0295
MAD 0.1101 0.0850 0.0659 0.0862 0.0719
Rank (MAD) 3.63 331 214 3.49 242
MSE 00262 00124 0.0106 00132 0.0106
Rank (MSE) 3.58 3.23 2.15 356 2.49
MRC 0.6868 0.7163 0.7295 0.6613
Rank (MRC) 321 1.98 1.36 3.46

Source: Andor & Hesse (2014)
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Comparison DEA, SFA and StoNED

Table 2 Overview of the

performance criteria for all 188

settings

Table 3 Overview of the
performance criteria in the
subsample without noise
(Prss = 0)

Monte Carlo Simulations — Example 2

DEA SFA MoM SFA ML StoNED MoM StoNED PL
MD —0.0696 —0.0496 —0.0230 —0.0385 0.0295
MAD 0.1101 0.0850 0.0659 0.0862 0.0719
Rank (MAD) 3.63 331 2.14 3.49 242
MSE 0.0262 0.0124 0.0106 0.0132 0.0106
Rank (MSE) 3.58 3.23 2.15 3.56 249
MRC 0.6868 0.7163 0.7295 0.6613
Rank (MRC) 321 1.98 1.36 3.46

DEA SFA MoM SFA ML StoNED MoM StoNED PL
MD 0.0127 —0.0530 —0.0023 —0.0368 0.0227
MAD 0.0426 0.0682 0.0232 0.0701 0.0535
Rank (MAD) 233 4.01 1.30 4.06 3:31
MSE 0.0051 0.0074 0.0023 0.0084 0.0066
Rank (MSE) 231 3.80 1.39 4.19 3.34
MRC 0.8710 0.9001 0.9290 0.8268
Rank (MRC) 2.84 2.30 123 3.64

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

Comparison DEA, SFA and StoNED

:::(l:.:..S;e:;.ﬁ:::nﬂ:;e DEA SFA MoM SFA ML StoNED MoM StoNED PL
subsample with noise (p,s>0)  Mp —0.1282 —0.0455 ~0.0339 —0.0385 00373
MAD 0.1570 0.0960 0.0940 0.0967 00838
Rank (MAD) 461 2.84 2.62 318 175
MSE 0.0400 00155 0.0152 00161 00131
Rank (MSE) 453 2.87 2.54 322 1.85
MRC 0.5571 05892 0.5903 05474
Rank (MRC) 3.53 1.70 145 33

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)

Table 5 Variation of sample size

Method NTS 0 1
PF PF1 PF 1T PF 11 PFI PFII PF 1T
DEA DMU = 20 0.0539 0.0545 0.0551 0.1209 0.1055 0.1354
DMU = 50 0.0314 0.0357 0.0373 0.1384 0.1335 0.1544
DMU = 100 0.0206 0.0232 0.0326 0.1729 0.1648 0.1960
DMU = 200 0.0127 0.0170 0.0319 0.1985 0.1814 0.2210
SFA MOM DMU = 20 0.0569 0.0634 0.0621 0.0952 0.1004 0.0940
DMU = 50 0.0688 0.0697 0.0755 0.0917 0.1032 0.0976
DMU = 100 0.0791 0.0737 0.0811 0.0987 0.1034 0.0896
DMU = 200 0.0838 0.0832 0.0771 0.1029 0.1086 0.0997
SFA ML DMU = 20 0.0279 0.0422 0.0273 0.1135 0.1182 0.1080
DMU = 50 0.0101 0.0344 0.0130 0.0949 0.1006 0.0960
DMU = 100 0.0053 0.0332 0.0119 0.0907 0.0912 0.0894
DMU = 200 0.0024 0.0315 0.0114 0.0866 0.0939 0.0868
STONED MOM DMU = 20 0.0610 0.0665 0.0684 0.1018 0.0923 0.0951
DMU = 50 0.0676 0.0634 0.0740 0.0906 0.1029 0.1011
DMU = 100 0.0734 0.0674 0.0799 0.0980 0.1021 0.0900
DMU = 200 0.0823 0.0798 0.0774 0.0965 0.1015 0.0994
STONED PL DMU = 20 0.0658 0.0642 0.0710 0.0986 0.0930 0.0900
DMU = 50 0.0466 0.0467 0.0509 0.0809 0.0814 0.0862
DMU = 100 0.0378 0.0368 0.0414 0.0749 0.0765 0.0776
DMU = 200 0.0376 0.0644 0.0520 0.0931 0.0851 0.0950

Performance criterion: Mean absolute deviation (MAD). DGP: Sample size: DMU= 20, 50, 100, 200; Error term: Noise-to-signal ratio (NTS): 0
and 1; u; ~ Exp(u=1/6); Heteroscedasticity: NO; Production function: PF I (Cobb Douglas with increasing returns to scale), PF II (CRESH), PF
I (Translog); Collinearity: 0; Input distribution: z; ~ U(5,15); Number of inputs(z): m = 2
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Monte Carlo Simulations — Example 2

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

Table 6 Variation of noise-to-signal ratio

Method DMU 50 100
PF PF 1 PFI PF III PFI PF I PF IIT
DEA NTS =0 0.0314 0.0357 0.0373 0.0206 0.0232 0.0326
NTS =0.5 0.0650 0.0607 0.0815 0.0728 0.0674 0.0952
NTS =1 0.1384 0.1335 0.1544 0.1729 0.1648 0.1960
NTS =2 0.2908 0.3050 0.3247 0.3480 0.3331 0.3586
SFA MoM NTS =0 0.0688 0.0697 0.0755 0.0791 0.0737 0.0811
NTS =0.5 0.0799 0.0832 0.0883 0.0900 0.0881 0.0813
NIS =1 0.0917 0.1032 0.0976 0.0987 0.1034 0.0896
NTS =2 0.1240 0.1255 0.1240 0.1153 0.1260 0.1311
SFA ML NTS =0 0.0101 0.0344 0.0130 0.0053 0.0332 0.0119
NTS = 0.5 0.0623 0.0663 0.0617 0.0587 0.0642 0.0585
NTS =1 0.0949 0.1006 0.0960 0.0907 0.0912 0.0894
NTS =2 0.1427 0.1516 0.1501 0.1313 0.1444 0.1400
StoNED MoM NTS =0 0.0676 0.0634 0.0740 0.0734 0.0674 0.0799
NTS =0.5 0.0806 0.0791 0.0885 0.0894 0.0986 0.0826
NTS =1 0.0906 0.1029 0.1011 0.0980 0.1021 0.0900
NTS =2 0.1289 0.1279 0.1282 0.1208 0.1258 0.1348
StoNED PL NTS =0 0.0466 0.0467 0.0509 0.0378 0.0368 0.0414
NTS =0.5 0.0652 0.0636 0.0649 0.0580 0.0593 0.0587
NTS =1 0.0809 0.0814 0.0862 0.0749 0.0765 0.0776
NTS =2 0.1050 0.1100 0.1118 0.1036 0.1048 0.1048

Performance criterion: Mean absolute deviation (MAD). DGP: DMU = 50, 100; Error term: Noise-to-signal ratio (NTS): 0, 0.5, 1 and 2; u; ~
Exp(n = 1/6); Heteroscedasticity: NO; Production function: PF T (Cobb Douglas with increasing returns to scale), PF II (CRESH), PF IIT
(Translog); Collinearity: 0; Input distribution: z; ~ U(5,15); Number of inputs(z): m = 2
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Monte Carlo Simulations — Example

Energy Polcy 47 (2012) 22237
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1. Introduction Germany, for example, the Photovoltaic (PV) capacity increased,
due to new installations, from 9.9 GW up to 17.3 GW (+74%) in
In the last few years, the growth of electricity generation from 2010, The number of wind and biomass installations also rose
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Monte Carlo Simulations — Example 3

Uncovering problems of regulation:

Results SFA Results DEA Mean results
Scenario Il: +2.91 % OB
Refused +2.41%
ettt = e ==
Conventional
Scenario III*™*:

A 0

Smart el -4.36 % -4.24 %

Fig. 7. Average influence of investment alternatives on efficiency values.

Source: Nykamp et al. (2012)

Influence of different investment scenarios on efficiency values:

Lack of innovation incentives (in 2011)
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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
» lllustrate 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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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

Table 8 Variation of the distribution of the inefficiency term

Method NTS 0
DMU 50 100
PF PF1 PF II PF 11T PF1 PF 11 PF 111
DEA u; ~ HN (u = 1/6) 0.0411 0.0450 0.0407 0.0262 0.0307 0.0344
u; ~ Exp (= 1/6) 0.0314 0.0357 0.0373 0.0206 0.0232 0.0326
SFA MoM u, ~ HN (n = 1/6) 0.0309 0.0422 0.0339 0.0248 00385 0.0259
u; ~ Exp (u = 1/6) 0.0688 0.0697 0.0755 0.0791 00737 0.0811
SFA ML u; ~ HN (u = 1/6) 0.0170 0.0338 0.0150 0.0084 00326 0.0127

u; ~ Exp (p = 1/6) 0.0101 0.0344 0.0130 0.0053 0.0332 0.0119
StoNED MoM u; ~ HN (n = 1/6) 0.039 0.0409 0.0438 0.0315 0.0303 0.0354
u; ~ Exp (n = 1/6) 0.0676 0.0634 0.0740 0.0734 0.0674 0.079%9
StoNED PL u; ~ HN (p = 1/6) 0.0623 0.0618 0.0579 0.0463 00448 0.0554
u; ~ Exp (n = 1/6) 0.0466 0.0467 0.0509 0.0378 0.0368 0.0414

Performance criterion: Mean absolute deviation (MAD). DGP: DMU = 50, 100: Error term: Noise-to-signal ratio (N’
NO: Production function: PF 1 (Cobb Douglas with increasing returns to scale), PF 11 (CRESH), PF I11 (Translog); Collit

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

Example: Assumption about the production function

Table 11 Variation of the
functional form of the
production function

Performance criterion: Mean
absolute deviation (MAD).
DGP: DMU = S0, 100;
Error term: Noise-to-signal
ratio (NTS); 0 and 15

i, ~ Exply = 16):
Heteroscedasticity: NO;
Production function: See
Table 10; Collinearity: 0; Input
distribution: 3, ~ U(S,15]
Number of inputs(z): m.

Method NTS ) 1
DMU 50 100 50 100

DEA PF 1 Cobb-Douglas (IRS) 00314 00206 01384 0.79

PF LB Cobb-Douglas (CRS) 0030 0020 01273 01642

PF LC Cobb-Douglas (DRS) 0034 00217 0136  0.1566

PF 1T CRESH (sputsub. = 0.33) 0037 0022 0135 01648

PFILB CRESH (Inpuisub.= 133} 0039 00216 04317  0.1587

PF I1.C CRESH (Inputsub. = 3) 00317 00201 01406  O.1658

PF 11 Translog. 0073 00326 01544 0.19%0

SFA MoM PF I Cobb-Douglas (IRS) 0068 00791 00917  0.09%7

PF LB Cobb-Douglas (CRS) 0013 00719 009%0  0.0972

PF 1C Cobb-Douglas (DRS) 00617 00787 00933  0.0967

PF 11 CRESH (inputsub. 0087 0077 01032 0.1034

PF ILB CRESH (Inputsub. 0089 00892 0099  0.1035

PF I1.C CRESH (Inputsub. 00753 00761 01061  0.1020

PF 111 Translog. 00755 00B11 00976  0.0996

SFA ML PF I Cobb-Douglas (IRS) 0001 00053 00949  0.0907

PF LB Cobb-Douglas (CRS) 00m4 00046 01018 0.0%2

PF 1C Cobb-Douglas (DRS) 00B1 006  OD9BS  0.0%5

PF 1T CRESH (Inputsub. = 0.33) 00M4 00332 01006 00912

PFILB CRESH (Inputsub. = 133) 00113 00078 00972 0.0950

PF I1.C CRESH (Inputsub. = 3) 00186 00176 01024  0.0910

PF I Translog. 0030 00119 00960 00894

SNED MM PF I Cobb-Douglas (IRS) 00676 00734 00906  0.09%0

PF LB Cobb-Doughs (CRS) 00730 00693 01139 0.09%6

PF L Cobb-Douglas (DRS) 00M8 00756 00941  0.0%8

PF 11 CRESH (Inputsub. = 0.33) 0084 00674 01029  o0.da2

PFILB CRESH (Inpusub. = 133) 0087 00678 01019 0.1036

PF I1.C CRESH (Inputsub. = 3) 0079 00735 01005 0.1009

PF 11 Translog 0070 00799 01011 0.090

SIONED PL. PF 1 Cobb-Douglas (IRS) 00466 00378 00809 0079

PF LB Cobb-Douglas (CRS) 00454 00361 00883 00718

PF LC Cobb-Douglas (DRS) 0043 00369 00788  0.07%1

PF 11 CRESH (Inputsub. = 0.33) 0047 00368 00814 0075

PFILB CRESH (npusub.= 133) 00471 00366 00831  0.078

PF I1.C CRESH (Inputsub. = 3) 0042 00355 00819 0.0MS

0099 00414 00882 0076

PF 111 Translog.

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

Example: Assumption about the production function

:I}:}:;;?EE: mt‘:::m of PF Descr ption Parametrization
I Cobb-Douglas, IRS Bi = B, = 06
LB Cobb-Douglas, CRS Pr =B =05
IC Cobb-Douglas, DRS P = Pz = 04
o CRESH (Inputsubstitution = 0.33) P=p=2
LB CRESH (Inputsubstitution = 133} p=p= —025
nc CRESH {Inputsubstitution = 3} p=p= =067
m Tramslog Pa=1LPi=P=03 fy=faz=Pu=fu =01

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

Example: Number of inputs

Table 12 Variation of the

number of inputs Dctiod Nis g -
DMU 0 100 Y 100
DEA PR L1 (1 Tnput) 00139 0.0108 01716 02087
PF12 @ Inputs) 00314 0.0206 0.1384 0.1729
PF13 G Inputs) 00547 0.0406 01234 0.1409
PF 14 (4 Inpus) 00704 00388 0.1065 0.1231
SFA MoM PFLI (1 Tnpu) 0.0585 0.0679 0.1081 0.1103
PF12 @ Inputs) 00688 0.0m1 00917 0.0987
PF 13 (3 Inpuis) 0.0623 0.0674 0.0908 0.0043
PF 14 (4 Inputs) 0.0606 0.0598 0.0962 0.1035
SFA ML PFL1 (1 Tnput) 0.0066 0.0036 0.1012 0.0973
PF1.2 2 Inpus) 00101 0.0053 0.0949 0.0907
P e S T s PO PF 13 (3 Inpuis) 00138 0.0061 0.1050 0.0939
absolute deviation (MAD). PF 1.4 (4 Inpuls) 00150 0.0082 0.1052 0.0958
DG, DMU = 30, 100; SWNED MoM PF L1 (1 Input) 00619 0.0686 0.1095 0.1107
Error term: Noise-lo-signal
ratio (NTS): 0 and 1; PF12 2 Inpuis) 0.0676 0.0734 0.0906 0.0980
uwy ~ Expl = 16); PFL3 G Inputs) 00633 0.0674 00919 0.0940
Heteroscedasticity: NO; PF L4 @ Inpuis) 0.0922 0.0854 0.1019 0.1046
Production function: FF1(Cobb o pr, PR LI (1 Tnpu) 00313 00272 00803 0.0755
Daouglas with increasing returns
to scal); Collincarity: D; Tnput PF 1.2 @ Inputs) 00466 0.0378 00809 0.0749
distribution: 3 ~ U(5,15) PF13 (3 Inputs) 00597 0.0517 0.0877 0.0M6
Number of inputszk m = 1,2, PF 14 (4 Inpuis) 01161 0.1053 01219 0.1140

3and 4
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Monte Carlo Simulations — Example 3

Example: Omitted variables

Table 15 Omitied Variahles

Method NTS 0 1 0 1
DMU 50 100 50 100 50 100 50 100
DEA PF 14 Cobb-Douglas (IRS) 0.0644 00648 01290 01578 0.0704 0.0588 aro6s 01231
PF L.C4 Cobb-Douglas (DRS)  0.0537 00486 01325 0.1504 00714 0.0531 01091 01220
PF I1.4 CRESH 0.0662 00598 0.1279 0.1622 0.0739 0.0613 arols 01205
PF 1114 Translog 0.0798 00796 01444 0.1731 0.0668 0.0525 a2z 01355
SFA MoM PF 1.4 Cobb-Douglas (IRS) 0.0857 00865 0.0983 0.1033 0.0606 0.0598 0.0962 01035
PF LC4 Cobb-Douglas (DRS)  0.0767 00766  0.0977 00966  0.0747 0.0722 00906  0.0989
PF 1.4 CRESH 0.0811 00876  0.1078 01016  0.0618 0.0745 alooo  o.1o011
PF 114 Translog 0.0896 00878 01101 0.1092 0.0663 0.0805 00925 0.0958
SFA ML PF L4 Cobb-Douglas (IRS) 0.0676 00698 0.1062 0.1023 0.0i50 0.0082 01052 00958
PF 1.C4 Cobb-Douglas (DRS)  0.0503 00487 0.1072 0.0933 0.0171 0.0074 arols  0.090
PF 114 CRESH 0.0678 00683 0.1189 0.0955 0.0368 0.0352 arros  0.0955
PF 114 Translog 0.0888 00827 0.1231 0.1057 0.0175 0.0084 aro23  0.0896
SwNED MoM PF L4 Cobb-Douglas (RS} 0.0820 00841 00984 01036  0.0922 0.0854 01019 01046
PF L.C4 Cobb-Douglas (DRS)  0.0731 00798 0.095% 0.0975 0.094 0.0879 a09si a.ror;
PF I1.4 CRESH 0.0846 00855 0.1088 0.1038 0.0867 0.0843 00967 01015
PF I14 Translog 0.0904 00911 0.1093 0.1131 0.0852 0.0837 00973 0.0%7
SwNED PL PF 14 Cobb-Douglas (IRS) 0.0681 00680  0.0865 0.0823 0.1161 0.1053 aizle 0140
PF L.C4 Cobb-Douglas (DRS)  0.0632 0.0645 0.0851 0.0829 0.1119 0.0952 arrz4  o0Ind
PF I1.4 CRESH 0.0704 00648 0.0857 0.0798 0.1 0.0995 ali2zs 01063
PF M1 4 Translog 0.0723 00765 0.0918 00876 01130 0.0979 are  o01mes

Performance criterion: Mean absolute deviation (MAD). DGP: DMU = 50, 100; Error term: Noiseto-signal ratio (NTS): 0 and 1; uy ~
Exp(p = 1/6); Hetemscedasticity: NO; Production funcrion: See Table 13; Collinearity: 0; Input distribution: z; ~ U(5,15) Number of
inputsiz) within the DGP (efficiency estimation): m = 4 (3) 10/10
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