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Being different from a Data Envelopment Analysis (DEA) whose results can be decomposed, the parametric stochastic
frontier method can not deal with multiple outputs and multiple inputs easily and directly. Although stochastic cost
frontier and stochastic revenue frontier can potentially be used to describe a multi-output, multi-input production, these
functions only allow the possibility of specifying a multi-product technology when price information is available and some
required behavioral assumptions are satisfied. An alternative for cost or revenue function called distance functions was
developed by Shephard (1953). Fare et al. (1993) first used parametric linear programming (PLP) approach to estimate a
translog distance function. In 1996, Tim Coelli and Sergio Perelman (1996) applied this approach (called stochastic
distance function frontier) to adjust the function form of stochastic frontier and make it suitable for multi-product analysis.
Since then, the stochastic distance function frontier has begun to be widely used in particular applications. But, in all
these studies, the stochastic distance function frontier approach required changing the function form and thus it made the
influence of function assumption on results stronger. Some econometricians proposed that the distance function approach
in handling multi-product stochastic frontier might introduce regressor endogeneity and induce estimator inconsistency in
estimation. It is also proposed that Multi-output stochastic distance functions suffer from input-output separability and
linear homogeneity in outputs. However, we can not observe any studies on Monte Carlo test of stochastic distance
function frontier. The principle purpose of this study is to contribute to the methodology discussion of stochastic distance
function frontier using Monte Carlo analysis for multi-product efficiency measurement. Thus, a Monte Carlo analysis for
stochastic distance function frontier model was developed to test the asymptotic properties. The technology for the
framework of stochastic distance function, used to overcome the criticisms related to the stochastic frontier approach, is
specified as a translog function. Then, the basic method to estimate the stochastic frontier is provided and the maximum
likelihood function is also given. In the Monte Carlo experiment, 1000 replications are set for analysis. The results show
that, except for the scenario with equal outputs, stochastic distance function frontier will yield biased estimators even with
large sample size. The 2-output model will give better estimators than 3-output model. An increasing sample size will
improve the relative performance of ML estimations for stochastic distance function frontier. Therefore, the Monte Carlo
analysis indicates the result that the stochastic distance function frontier is probably biased for multi-output production.

Keywords: Stochastic distance function frontier; Monte Carlo analysis; Bias; Estimator.

Introduction

Farrell (1957) and Debreu (1951) first created the
basic efficiency index models. These models can be
regarded as applications of Shephard's (1953, 1970) and
Malmaquist's (1953) distance functions. Much of the previous
work for ‘traditional’ DEA (Data Envelopment Analysis)
normally used input and output distance functions and radial
contractions or expansions of inputs and outputs. An
appealing property of the DEA approach is that multiple-
input and multiple-output technologies can be modelled
without behavioral assumptions and price information.
Nevertheless, they have some limitations which arise from
their ‘deterministic nature’. (Xue & Harker, 1999),
(Hirschberg & Lloyd, 2002). Being different from the Data
Envelopment Analysis (DEA) whose results can be
decomposed (Zhang, 2010a), the parametric stochastic
frontier method can not deal with multiple outputs and
multiple inputs easily and directly (Zhang et al., 2008),
(Zhang, 2009, 2010b). Although stochastic cost frontier and
stochastic revenue frontier can potentially be used to
describe a multi-output, multi-input production, these

functions only allow the possibility of specifying a multi-
product technology when price information is available and
some required behavioral assumptions are satisfied.

An alternative for cost or revenue function called
distance functions was developed by Shephard (1953). Fare
et al. (1993) first used parametric linear programming (PLP)
approach to estimate a translog distance function. In 1996,
Tim Coelli and Sergio Perelman (1996) applied this
approach (called stochastic distance function frontier) to
adjust the function form of stochastic frontier and make it
suitable for multi-product analysis. Since then, the
stochastic distance function frontier has begun to be widely
used in particular applications. Tim Coelli and Sergio
Perelman (2000) applied stochastic distance function
frontier in analyzing multi-outputs technical efficiency of
European railways. Xavier Irz and Colin Thirtle (2004)
investigated the technological development in agriculture
using stochastic input distance function frontier. Carol
Newman and Alan Matthews (2006) measured the
productivity performance of Irish dairy farms using
stochastic output distance function frontier.
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However, in all these studies, the stochastic distance
function frontier approach required changing the function
form and thus it made the influence of function assumption
on results stronger. Some econometricians proposed that
the distance function approach in handling multi-product
stochastic frontier might introduce regressor endogeneity
and induce estimator inconsistency in estimation
(Grosskopf et al., 1997). It is also proposed that Multi-
output stochastic distance functions suffer from input-
output separability and linear homogeneity in outputs. The
principle aim of this study is to contribute to the stock of
knowledge of the estimation method for multi-product
efficiency measurement.

Currently, the only observed paper which tested the
methodology issue of stochastic distance function frontier
was written by Tim Coelli and Sergio Perelman (1999). In
this paper, they investigated the sensitivity of estimated
technical efficiency scores from different methods
including stochastic distance function frontier. However, it
only compared the technical efficiency scores from multi-
output production function estimated by the parametric
linear programming approach, multi-output orientated
DEA, and C-OLS distance function frontier. This paper did
not investigate the asymptotic characters of stochastic
distance function frontier approach. Thus, hitherto, we can
not observe any studies on Monte Carlo analysis of
stochastic distance function frontier. This paper hopes to
shed some new light on the methodology discussion of
stochastic distance function frontier using Monte Carlo
analysis in multi-output efficiency measurement.

The Tanslog Distance Functions

Fare et al. (1985, 1993, and 1994) introduced the
concept of using distance functions to express the output
bundle of a multiple product technology. Then, the
framework of stochastic distance function has been
developed in the literature to overcome the criticisms
related to multiple product technology of the stochastic
frontier approach. The technology is specified as a translog
function (Zhang & Xue, 2005). Coelli and Perelman (1996)
provided discussions of econometric estimation of
stochastic distance functions with multiple outputs.

The value of the distance function can not be observed
and it can not be estimated directly either. Lovell et al.
(1994) suggested a convenient approach circumventing
this problem using the property of linear homogeneity of
the distance function. It should be noted that homogeneity
implies:

Di (%, By,) = BDi (x, y), forany >0 (8]

Here, y is a vector of outputs of dimension L and
setting B=1/Y, where arbitrarily chosen Y denotes its

first component, the previous equation can be expressed in
logarithmic form as:

LnDi(x, y) =LnY_ LnDi (x, y/Y|) 2
Then, above equation can be rewritten as:

LnDi(x, y) — LnY_ =LnDi(x, y/Y.) 3)
In addition, it is assumed that:

LnDi(x, y) =-U; 4)

Combining Equations (3) and (4) to give:
-LnY_ =LnDi (x, y/Y|) +U; (5)

In the empirical application, the translog production
function form was chosen. The translog production

function form of LnDi(x, y) can be written as:

LnD(x,y) = a+ZﬂkLnX +Za1LnY += ZZ,HKk LnX,LnX,. +

k=1 klk-l

ZL: ia,,.LnY, LnY, + ZZéjk, LnX,Lny, (6)

1=1 I'=1 k=1 1=1

—+

NP

where i refers to the ith unit, Ln represents the natural
logarithm, Y are the output variables and X are the input
variables. a, B, & are parameters to be estimated.

Here, the homogeneity restrictions are:

i“l =1
v

ZO‘II =0
1=1

L

Zé:kl =0
1=1

and required conditions for symmetry are:

B = Bux

o), =&y

Then according to equation (1), we can give:

Ln(D(x, y)/Y )=a+ iﬂk LnX, + ial Ln(Y, /Y. )+
P} =

1 &K 1Lt
+5 22 2 Bacl XL LK, 5 305 anyLn(Y, 1Y LY, 1Y) +
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K L-1
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Finally, the function form can be rewritten as
K L-1

—Ln(Y)=a+Y_ B.LnX, + > aLn(Y, /Y )+
k=1 1=1

L-1 L-1

K K

%ZZ/} LnX, LnX . + 23> agLn(Y, /Y )Ln(Y,. /Y, ) +
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Again, the technical efficiency can be calculated as:
TE=EXP(-U)=Di(X, y), where TE changes from 0 to 1, and
LnDi (x, y)<O0.

If all the outputs are equals in the value, then function
(8) can be simplified to the common one-output production
function as:

—Ln(Y,_):a+ZK:,BkLnXk+ )

+ = LnX, LnX,. +U
ZZﬂkk

k=1 k'=

The stochastic frontier analysis

The stochastic production function frontier model was
first proposed by Aigner, Lovell and Schmidt (1977). As
this basic model has been widely used and our purposes
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are focused on distance functions instead of specification

assumptions for regressions, this analysis is confined to the

basic half-normal specification of inefficiency components.
The model can be defined as:

Yy, =B % +V; Uy, (10)

Where y is output; x is a vector of inputs; B is a vector
of parameters. The stochastic frontier is specified by
decomposing the error term into two components
respectively accounting for technical inefficiency (U;) and
random error (V;). The basic stochastic frontier assumes
that the U; are half-normal and independent of the V;. The
random errors are assumed to be normal. The method of
maximum likelihood is used to estimate the unknown
parameters. Battese and Corra (1977) propose the
loglikelihood function as:

log(L) :7%|0g(7r/2)7%|09(0'2)+

+Z|Og{1—¢’[@\/g]}_§2(yi -x8)*

where ®(.) is distribution function of a standard
normal random variable, c’=c% +c?, and y=c?y/c?. The y,
B and o are estimated by finding the maximum value of
likelihood function defined in above equation. In addition,
the mean technical efficiency can be estimated by:

mean TE = 2.exp(yc2 / 2)[1— Dd(/yo)]

It should be noted that this estimated mean technical
efficiency is only applicable when y is the logarithm of
production (Battese and Coelli, 1988).

(11)

(12)

Monte Carlo Analysis Design

In this experiment, 1000 replications are set for our
Monte Carlo analysis. The sample space includes o, B, &, v,
o, N and X, where N is sample size and X is a vector of
inputs. We make sample size N changed from 50 to 800.
From the results of Tim Coelli (1995), it is showed that the
y bias diminishes as the value of y approaches one.
Because our study only concerns distance functions instead
of stochastic frontier regressions, we fix y at 0.96 and ¢ at
0.5. We reduce the number of ‘X’s to only two variables,
one is constant and the other is the input generated from
uniform (5,15). We generate outputs from function(6)
instead of common function (10), because the final
stochastic frontier distance function(8) is transformed from
translog distance function(6) and therefore common
stochastic frontier function(10) can not provide multiple
outputs in our experiments. To test multi-output distance
function, we will make both 2-output experiments and 3-
output experiments. The true parameters for both 2-output
and 3-output experiments are listed as follows:

Table 1
The true values of parameters

The true parameters for 2-
output experiments

The true parameters for
3-output experiments

al 05 1/3
a2 0.5 1/3
o3 1/3
all 0.2 0.2

The true parameters for 2-
output experiments

The true parameters for
3-output experiments

ol?2 -0.2 -0.1
al3 0.1
22 0.2 0.2
a23 0.1
33 0.2
o 1 1

B1 0.5 0.5
B11 0.25 0.25
£11 0.1 0.1
€12 -0.1 -0.05
£13 -0.05

In function(6), we also have to provide the technical
inefficiency components LnDi(x, y) and random error
components V;. In each of the replications, two vectors of
standard normal random numbers with length 800 are
generated to construct the technical inefficiency
components and random error components. Here, the V; are
generated by multiplying the first vector of random
numbers by the oy and the U; are formed by multiplying
the absolute values of the second vector of random
numbers by the oy. It should be noted that oy and oy were
obtained from given y and o. Through functions
c?*=c’y+c?y and y=c?y/c?, we can find that oy is fixed at

0.1 and oy isv0.24 . Based on the function (6), we assume
that all the outputs are positive. This assumption gives
additional constraints on the output values generated from
function (6).

Furthermore, we can make different experiments for
different combinations of the outputs. Thus, we will have
three scenarios individually for equal outputs, 2 outputs
and 3 outputs.

Results of the Monte Carlo Experiments

From function (12), it is obvious that the mean
technical efficiency (TE) will be decided by both y and o.
Coelli (1995) proposed that the bias in the estimator of y
will provide a misleading indication of the level of mean
TE. The positive bias in the y estimate when its true value
is zero results in negative bias in the estimate of TE. And,
the bias in o will influence the size of the bias in the TE
estimates. Thus, if both y and o are unbiased, then the
mean technical efficiency estimate is unbiased too.
Therefore, in this study, we only report briefly the bias and
MSE (Mean Squared Error) of y and o estimators from the
results of Monte Carlo experiments. The bias and mean
squared error of y and o estimators are depicted in figurel,
2, 3 and 4. The absolute values of the biases and MSEs of
both y and o for the equal-output scenario are the smallest
in three scenarios. It is also showed that the bias and MSE
of y for the equal-output scenario are always lower than
those of o. However, they all approach 0 when the sample
size is 800. This result corresponds with the find
discovered by Coelli (1995) who proposes that the bias
diminishes to zero when y approaches one and sample size
increases to 800. (The estimator biases for the equal-output
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scenario in our study are positive, but the biases for the
one-output experiments in Coelli’s (1995) study are Figure3 Bias of Sigma
negative when y approaches one. The reason is that the 06
equal-output function (8) is deduced from the distance o
function. And, it has negative sign on the dependent ‘ '\
variable Ln(Y,_)) 0.2 \ —e— Bias for equal outputs
. —=— Bias for 2
The absolute values of the biases and MSEs of y and & g : : . B o 3oups
for the 2-output scenario are all higher than those of the 0o S U N
equal-output scenario and lower than those of the 3-output
scenario. The estimator biases for the 3-output scenario are o4 L
negative and the absolute values of them are the largest in 06
three scenarios. All above results indicate that the Sample size
stochastic distance function frontier model with fewer
outputs probably has less biased estimators. More outputs ' .
means more bias in estimators and estimated mean Figure4 MSE of Sigma
technical efficiency. 08
0.7
Figurel Bias of Gama 0.6 BN
—— f al
w 05 \"\ nggfg: gqouutptlltjstpuls
01 g 0.4 \\ —e— MSE for 3 outputs
0.05 —\_%_\. 0.3 —
0 = : - 02 e
-0.05 N=56 N=266 N=466 N=866 " e = D
0 04 A +Bfaslorequa\outpuls 0.1 -
.g 015 *Bras for 2 outputs 0 - - -
02 e Bias for 3 outputs N=50 N=200 N=400  N=800
-0.25 P—— Sample size
-0.3 —
-0.35
Sample size A
Conclusions
Except for the scenario with equal outputs, stochastic
Figure2 MSE of Gama distance function frontier will yield biased estimators even
with large sample size. The 2-output model will give better
03 estimators than 3-output model. An increasing sample size
025 N will improve the relative performance of ML estimations
0.2 e VSE for equal oupis for stochastic distance function frontier. Therefore, the
§0.15 Dt Monte Carlo analysis finally shows the result that the
01 stochastic distance function frontier is probably biased for
005 - multi-output production.
— . N
0 T T T
N=50 N=200 N=400 N=800
Sample size
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Tao Zhang
Monte Karlo analizé Stochastinei ribinei atstumo funkcijai
Santrumpa

Farrell (1957) ir Debreu (1951) pirmieji sukiiré pagrindiniy nasumo indeksy modelius. Siuos modelius galima laikyti Duomeny paketo analizés
(toliau DEA) papildymais. (plg. angl. Data Envelopment Analysis). Patraukli DEA metodo ypatybé yra ta, kad daugkartiniy sanaudy ir daugkartinés
iSeigos technologijos gali biiti modeliuojamos be prielaidy apie elgesj ir informacijos apie kaina. Taciau jie turi kai kuriuos apribojimus, atsirandancius i$
ju ,,deterministinés prigimties”. Kadangi skiriasi nuo Duomeny paketo analizés, parametrinis stochastinis ribinis metodas negali sietis su daugkartinémis
sanaudomis ir daugkartine iSeiga. Nors stochastiné kainos riba ir stochastiné pajamy riba gali biiti potencialiai naudojamos nusakyti daugkartinés iSeigos
ir daugkartiniy sanaudy nasuma, Sios funkcijos tik suteikia galimybg nustatyti daugkartinio gaminio technologija, kai galima gauti informacija apie kaina.

Alternatyva kainos ir pajamy funkcijai yra atstumo funkcija. Ja iSplétojo Shephard (1953). 1996 metais, Tim Coelli ir Sergio Perelman (1996)
pritaiké $i metoda (vadinama stochastine ribine atstumo funkcija), kad suderinty stochastinés ribos funkcijos forma ir padaryty ja tinkama analizuojant
daugkartini gaminj. Nuo tada stochastiné ribiné atstumo funkcija buvo pradéta placiai naudoti specifiniams pritaikymams. Taciau visuose darbuose
stochastinés ribinés atstumo funkcijos metodas reikalavo pakeisti funkcijos forma ir tokiu biidu sustiprino funkcijos prielaidy jtaka rezultatams. Kai kurie
ekonometrikos specialistai teigeé, kad atstumo funkcijos metodas valdant daugkartinio gaminio stochasting riba galéty ivesti regresoriaus endogeniskuma
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ir sukelti nesuderinamuma jvertinime (Grosskopf ir kt.., 1997). Taip pat teigiama, kad daugkartinés i$eigos stochastinés atstumo funkcijos nukencia dél
sanaudy-iSeigos atskiriamumo ir linijinio vientisumo iSeigoje. Pagrindinis $io tyrimo tikslas yra papildyti turimus duomenis apie kaupimo jvertinimo
metoda daugkartinio gaminio naSumui matuoti.

Darby rasyty minéta tema yra vienas kitas. Stochastinés ribinés atstumo funkcijos metodologijos problema tyré Tim Coelli ir Sergio Perelman
(1999). Siame darbe jie tyrinéjo vertinamo techninio na§umo rezultaty jautruma skirtingais metodais, jskaitant stochastinés ribinés atstumo funkcijas.
Taciau jie tik palygino daugkartinés iSeigos nasumo funkcijas, {vertintas parametriniu linijiniu programavimo metodu, taip pat daugkarting iSeiga
nukreipta { DEA, ir C-OLS atstumo ribing funkcija. Siame darbe nenagrinétos scholastinés ribinés atstumo funkcijos metodo asimptotinés savybés. Tokiu
biidu, iki §iol mes negaléjome stebéti jokios stochastinés ribinés atstumo funkcijos Monte Karlo analizés tyrimy. Siuo darbu tikimasi atskleisti
stochastingés ribinés atstumo funkcijos metodologija, naudojant Monte Karlo analiz¢ daugkartinés iSeigos naSumo matavimuose.

Fare ir kt. (1993) pristaté atstumo funkcijy panaudojimo koncepcija norédami atskleisti daugkartinio gaminio technologijos iSeigos paketa. Véliau
mokslingje literattiroje buvo iplétota stochastinés atstumo funkcijos struktiira, siekiant jveikti kritika, susijusia su stochastinés ribos metodo daugkartinio
gaminio technologija. Technologija yra apibrézta kaip translog funkcija. Coelli ir Perelman (1996) paruosé diskusijas apie stochastiniy atstumo funkcijy
su daugkartine i$eiga ekonometrinius jvertinimus. Atstumo funkcijos vert¢ gali biiti nestebima ir nejvertinama tiesiogiai. Lovell ir kt. (1994) pasitlé
patogy metoda, kaip apeiti $ia problema naudojant atstumo funkcijos linijinio vientisumo savybg. Taikant empiriskai, buvo pasirinkta translog nasumo
funkcijos forma. Translog nasumo funkcijos forma LnDi(X, y) galima uZragyti taip

LnD(X,y) = a +

K L 1 & &K 1L & K L
> B nX, +> o LnY, + EZZﬁkk. LnX, LnX,. + EZZa,,.LnY, LnY,. +> > &,LnX, LnY,
k=1 1=1 k=1 k'=1 =1 I'=1 k=1 1=1
Kur i Zymi i-taji vieneta, Ln Zymi natiraly logaritma, Y yra ieigos kintamieji ir X yra sanaudy kintamieji. a, B, & yra parametrai, kuriuos reikia
ivertinti.
Atlikus dedukcini patikrinima, mes pagaliau galime gauti funkcijos forma, kuria galima uzrasyti taip

—Ln(YI_)=a+i,8kLnXk+§a,Ln(Y,/YL)+ (8)
k=1 1=1

(6)

K K L-1 L-1 K L-1
%ZZﬂkk.LnX LnX .+ %ZZa".Ln(Y, IYOLNY, /Y )+ D> & lnX Ln(Y, /Y, ) +U
k=1 k'=1 I=1 1I'=1 k=1 I=1

Stochastiné ribos analizé

Pirmieji stochastinés ribinés nasumo funkcijos modelj pasitilé Aigner, Lovell ir Schmidt (1977). Kadangi Sis pagrindinis modelis buvo placiai
naudojamas, o musy tikslai yra sutelkti | atstumo funkcija vietoj prielaidy nustatymo regresijoms, $i analizé yra ribojama iki pusés normalés
neefektyvumo komponenty nustatymo.

Modelj galima apibrézti taip:

Vi =8X% +V, —U,, i=12, ... N, (10)

Kur y yra iSeiga; x yra sanaudy vektorius; 3 yra parametry vektorius. Stochastiné riba yra nustatoma i$skaidant klaidos termina i dvi sudétines dalis,
technini neefektyvuma (U;) ir atsitikting klaida (V;). Pagrindiné stochastiné riba teigia, kad U; yra pusé normalés ir nepriklauso nuo V;. Atsitiktinés klaidos
laikomos normalémis. Monte Karlo analizés kiirimas. Siame eksperimente, miisy Monte Karlo analizei nustatyta 1000 atsakymu. [ pavyzdi ieina o, B, &,
v, 6, N ir X, kur N yra pavyzdzio dydis ir X yra sanaudy vektorius. Mes priver¢iame pavyzdzio dydi keistis nuo 50 iki 800. I§ Tim Coelli (1995) gauty
rezultaty matyti, kad y paklaida mazéja, kai y verté artéja prie vieneto. Kadangi miuisy tyrimas nagrinéja tik atstumo funkcijas, vietoj stochastiniy ribos
regresijy, mes nustatome y reikSmeg ties 0.96 ir ¢ ties 0.5. Mes sumaziname ‘X’-y skaiCiy tik iki dviejy kintamyjy, vienas yra pastovus, o kitas yra
sanaudos, sukurtos i§ pastovaus (5,15). Mes sukuriame iSeiga i$ funkcijos(6) vietoj iprastinés funkcijos(10), nes galutiné stochastiné ribiné atstumo
funkcija(8) pasikeicia i§ translog atstumo funkcijos(6) ir todél jprastiné stochastiné ribos funkcija(10) negali duoti daugkartinés iSeigos miisy
eksperimentuose. Norédami patikrinti daugkartinés iSeigos atstumo funkcija, mes atliksime abu eksperimentus - su 2 iSeigom ir su 3 iSeigom.

Funkcijoje (6), mes taip pat turime pateikti techninio neefektyvumo komponentus LnDi(x, y) ir atsitiktinés klaidos komponentus V;. Kiekviename
atsakyme du standartiniy normaliy atsitiktiniy skai¢iy, kuriy ilgis 800, vektoriai buvo sukurti siekiant sukurti techninio neefektyvumo komponentus ir
atsitiktinés klaidos komponentus. Cia, V; yra sukurtas dauginant pirma atsitiktiniy skai¢iu i§ oy ir U; yra suformuotas dauginant absoliu¢ias antrojo
atsitiktiniy skaic¢iy vektoriaus reikSmes i§ oy. Reikéty pabrezti, kad oy ir oy buvo gauti i§ v ir o. Per funkcijas o?=c’yto?y ir y=62,lc?, galime suzinoti,
kad o yra fiksuotas ties 0.1 ir oy yra jj;. Remiantis funkcija (6), mes manome, kad visos iSeigos yra teigiamos. Si prielaida sudaro papildomy kliti¢iy
iSeigos vertei, gautai i§ funkcijos (6). Dar daugiau- mes galime atlikti skirtingus eksperimentus skirtingoms iSeigos kombinacijoms. Tokiu biidu, mes
turime tris scenarijus atskirai esant vienodai iSeigai, 2 iSeigoms ir 3 iSeigoms.

Monte Karlo eksperimenty rezultatai. 1§ funkcijos (12) aisku, kad vidutinis techninis nasumas TE ( plg. angl. technical efficiency) bus nulemtas ir y,
ir 6. Coelli (1995) teigé, kad paklaida y jvertinime duos klaidinan¢ig informacija apie vidutini TE lygi. Teigiama paklaida y jvertinime, kai jo tikroji
reik§mé yra nulis, duoda neigiama paklaida TE jvertinime. O o paklaida padarys jtaka TE jvertinimy paklaidos dydziui. Taigi, jei y ir o yra objektyvis,
tada vidutinio techninio naSumo jvertinimas taip pat yra objektyvus. Todél, Siame tyrime mes tik trumpai apZvelgiame v ir ¢ jvertinimy paklaidas ir MSE
('plg. angl. Mean Squared Error — vidutiné kvadratiné klaida) i§ Monte Karlo eksperimenty rezultaty. y ir o jvertinimy paklaida ir vidutiné kvadratiné
klaida parodyti 1, 2, 3 ir 4 paveiksluose. Ir y, ir ¢ absoliu¢ios paklaidy ir MSE reik§més, esant vienodos iSeigos scenarijui yra maziausios i$ trijy scenarijy.
Tai taip pat parodé, kad vienodos iSeigos scenarijuje, y paklaida ir MSE visada yra zemesnés uz ¢ paklaida ir MSE. Taciau, jie visi priartéja prie 0, kai
pavyzdzio dydis yra 800. Sis rezultatas atitinka i$vada, kuria padaré Coelli (1995). Jis teigia, kad paklaida mazéja iki nulio, kai y priartéja prie vieneto ir
pavyzdzio dydis padidéja iki 800. (vienodos iSeigos scenarijaus jvertinimo paklaida misy tyrime yra teigiama, bet paklaidos su viena iSeiga
eksperimentuose Coelli (1995) tyrime yra neigiamos, kai y priartéja prie vieneto. Priezastis yra ta, kad vienodos iSeigos funkcija (8) yra i§vesta i$ atstumo
funkcijos. Ir ji turi neigiama priklausomo kintamojo Ln(Y) Zenkla.). y ir ¢ absoliucios paklaidy ir MSE reik8més esant 2-iSeigy scenarijui yra visos
aukstesnés, negu esant vienodos iSeigos scenarijui ir Zemesnés, negu esant 3-iSeigy scenarijui. [vertinimo paklaidos esant 3-iSeigu scenarijui yra
neigiamos ir absoliucios ju reikSmés yra didziausios i$ triju scenariju. Visi anksciau pateikti rezultatai parodo, kad stochastinés ribinés atstumo funkcijos
modelis su keliomis iSeigomis tikriausiai turi maziau jvertinimy su paklaidomis. Daugiau iSeigy reiskia daugiau paklaidy jvertinimuose ir jvertintame
vidutiniame techniniame naSume.

I$vada. Stochastiné ribiné atstumo funkcija, i$skyrus scenarijy su vienoda ieiga, nusileis paklaidos jvertinimams net kai pavyzdys yra didelio
dydzio. 2-iSeigy modelis duos geresnius jvertinimus negu 3-iSeigy modelis. Did¢jantis pavyzdzio dydis pagerins santyking stochastinés ribinés atstumo
funkcijos ML ivertinimy veikla. Taigi Monte Karlo analizé pagaliau patvirtino rezultata, kad stochastiné ribiné atstumo funkcija tikriausiai yra
daugkartinés iSeigos naSumo paklaida. Tai naujas ir svarbus metodo taikymo rezultatas su §iuo tyrimu susijusioje srityje.
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