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Comparison of Classical Linear Regression and Orthogonal
Regression with Respect to the Sum of Squared Perpendicular
Distances

Dik Uzakliklar Kareler Toplamina Gore Klasik Dogrusal
Regresyon ile Ortogonal Regresyonun Karsilastirilmasi™

Taliha KELES** Murat ALTUN***

Abstract

Regression analysis is a statistical technique for investigating and modeling the relationship between variables.
The purpose of this study was the trivial presentation of the equation for orthogonal regression (OR) and the
comparison of classical linear regression (CLR) and OR techniques with respect to the sum of squared
perpendicular distances. For that purpose, the analyses were shown by an example. It was found that the sum
of squared perpendicular distances of OR is smaller. Thus, it was seen that OR line has appeared to present a
much better fit for the data than CLR line. Depending on those results, the OR is thought to be a regression
technique to obtain more accurate results than CLR at simple linear regression studies.

Keywords: orthogonal regression equation, perpendicular distance, the sum of squared perpendicular distances

Oz

Regresyon analizi, degiskenler arasindaki iliskiyi inceleme ve modellemede kullanan istatistiksel bir tekniktir.
Bu ¢aligmanin amaci ortogonal regresyon (OR) esitligini agik bir sekilde sunmak ve dik uzakliklar kareleri
toplamina gore klasik dogrusal regresyon (KDR) ile ortogonal regresyonu karsilastirmaktir. Bu amagla
analizler bir 6rnek {izerinden gosterilmistir. Arastirma sonucunda ortogonal regresyonun dik uzakliklar kareler
toplaminin daha kii¢clik oldugu bulunmustur. Buradan bagimli ve bagimsiz degiskenler arasindaki dogrusal
iliskiyi, ortogonal regresyon dogrusunun klasik dogrusal regresyon dogrusundan daha iyi temsil ettigi
goriilmiistir. Bu sonuglara bagli olarak basit dogrusal regresyon calismalarinda OR tekniginin KDR
tekniginden daha dogru sonuclar elde etmede kullanilabilecek bir regresyon teknigi oldugu diisiiniilmektedir.

Anahtar Kelimeler: ortogonal regresyon esitligi, dik uzakliklar, dik uzakliklar kareler toplami

INTRODUCTION

Regression analysis is a statistical technique for investigating and modeling the relationship between
dependent and independent variables (Montgomery, Peck & Vining, 2012; Sykes, 1993).
Applications of regression analysis exist in almost every field, including engineering, physical and
chemical sciences, education, economics, management, astronomy, medical sciences, political
science, life and biological sciences, and social sciences. In fact, regression analysis may be the most
widely used statistical technique (Montgomery et al., 2012).

The most fundamental aim of simple linear regression analysis is to predict the values of the
dependent variable, Y, when the values of the independent variable, X, is known in order to write
line, curve and surface equations which represent a cloud of the data. This prediction is made
according to the regression line and the curve (Lane, 2016).
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The equation of Y = f(X) is used to find the predicted values of dependent variable Y from the
values of independent variable (X). The formula for linear regression line is

Y =a+bX
Where a is the intercept, b is the slope of the line.

As illustrated in Figures 1a, classical linear regression (CLR) equation is attained by minimizing the
sum of squares of vertical distances from the data points to the regression line (Ortiz, Pogliani &
Besalu, 2010; Ding, Chu, Jin & Zhu, 2013; Elfessi & Hoar, 2001; Isobe, Feigelson, Akritas & Babu,
1990; Kane & Mroch, 2010; Leng, Zhang, Kleinman & Zhu, 2007; Ludbrook, 2010).

The sum of squares of wvertical distances from data points to the regression
line, E=)e”=> (y;—¥;)>=D_(y;—bx —a)* is to be minimized, where ¢, is called the i"
i=1 i=1 i=1

residual (Calzada & Scariano, 2003; Ortiz et al., 2010; Glaister, 2005; Scariano & Barnet, 2003).

As illustrated in Figures 1b, orthogonal regression (OR) equation is attained by minimizing the sum
of the squares of perpendicular distances between the data points and the regression line (Carr, 2012;
Ortiz et al., 2010; Ding et al., 2013; Elfessi & Hoar, 2001; Isobe et al., 1990; Kane & Mroch, 2010;
Leng et al., 2007; Li, 1984; Ludbrook, 2010; Nievergelt, 1994; Scariano & Barnet, 2003). The sum
of the squares of perpendicular distances between the data points and the regression line,

n " (y, —bx, —a)’
E = ;diz =;% is to be minimized, where d. is perpendicular distance (Calzada &

Scariano, 2003; Ortiz et al., 2010; Glaister, 2005; Li, 1984; Scariano & Barnet, 2003).

/ |

Y Y
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Figure 1. Classical Linear Regression (a), Orthogonal Regression (b)

OR identifies the line that minimizes the sum of squared perpendicular distances of the data points
from the line (Carroll & Ruppert, 1996; Isobe et al., 1990; Kane & Mroch, 2010). OR has been
known by various names; for example, it is known as the errors-in-variables (Carroll & Ruppert,
1996; Fiserova & Hron, 2010; Markovsky & Van Huffel, 2007), total least squares (Calzada &
Scariano, 2003; Elfessi & Hoar, 2001; Golub & Van Loan, 1980; Markovsky & Van Huffel, 2007;
Nievergelt, 1994), least squares (Adcock, 1878), major axis (Carr, 2012; Isobe et al., 1990; Kermack
& Haldane, 1950; Ludbrook, 2010), measurement errors (Markovsky & Van Huffel, 2007),
orthogonal error regression, and orthogonal least squares regression (Carr, 2012). In addition, OR is
called a method of moments estimator in 1987 by Fuller (Carroll & Ruppert, 1996).

The method of OR was first discovered by Adcock in 1878 (Adcock, 1878) and later by Person
(Isobe et al., 1990; Pearson, 1901). The method of OR has been rediscovered many times, often
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independently (Ding et al., 2013). This method has been understood for well over a hundred years,
but CLR technique is preferred to orthogonal regression technique in the statistical community
because of its easy computation (Ludbrook, 2010). CLR is the most popular method for linear
regression (Ding et al., 2013). Computational formulas for orthogonal regression line can be
somewhat quite complicated (Calzada & Scariano, 2003; Carr, 2012; Carroll & Ruppert, 1996; Ortiz
et al., 2010; Isobe et al., 1990; Kane & Mroch, 2010; Scariano & Barnet, 2003). Most literature on
this method is necessarily brief and heavily symbolic (Calzada & Scariano, 2003; Carr, 2012;
Kermack & Haldane, 1950; Nievergelt, 1994).

Simple linear regression analysis is used to define the nearest line to the data points (Akdeniz, 2013;
Geng, Sertkaya & Demirtag, 2003; Saragli, Dogan & Dogan, 2009). The shortest distance from a
point to a line is perpendicular distance (Warton, Wright, Falster & Westoby, 2006). Thus, it is the
perpendicular distance that is important, and the statistical distance in this case is the shortest
distance to the line. The orthogonal regression is the line that minimizes the sum of squares of the
shortest distances from the data points to the line.

One of the assumptions of classical linear regression, is that the independent variable can not include
any measurement error, indicating that the only source of the error term is the dependent variable
(Glaister, 2005; Scariano & Barnet, 2003). However, Deming (1943), indicated in his book
“Statistical Adjustment of Data” in that independent variable may include measurement error in
practice (Saragli, Dogan & Dogan, 2009). Besides, Glaister (2005) and Stockl, Dewitte and
Thienpont (1998) stated that both dependent and independent variables are subject to measurement
error in practice. In this case, the estimates in CLR are no longer accurate (Glaister, 2005) in
practice. The estimates in OR technique, when there is a measurement error in both variables (Carr,
2012; Glaister, 2005; Scariano & Barnet, 2003), are more accurate. Since the independent variable
may include measurement error in measurement error models, OR technique may be more
appropriate and may give better results in those situations (Calzada & Scariano, 2003; Carr, 2012;
Warton et al., 2006).

A review of international literature indicated that considerable researches have been conducted
analyses to compare OR with other regression techniques (Calzada & Scariano, 2003; Carr, 2012;
Ding et al., 2013; Elfessi & Hoar, 2001; Glaister, 2005; Leng et al., 2007; Lolli & Gasperini, 2012;
Lundbrook, 2010; Ortiz et al., 2010). Calzada and Scariano (2003) had studied on contrasting the
ordinary and orthogonal (or total least squares) regression techniques using real data. They found
that OR is better than ordinary least squares regression in this example. They suggested that there is
no clear cut answer as to whether the ordinary least squares or orthogonal regression technique
should be preferred in a given application. The method chosen by the researcher must be based on a
keen understanding of the data as well as the sources of the errors present in the observations. Carr
(2012) had compared three of such linear regression methods (classical linear regression, orthogonal
regression, and reduced major axis) using geyser eruption data. He found that mean square error of
classical linear regression is the smallest. He stated that classical linear regression has better than
orthogonal regression and reduced major axis regression. Ding et al. (2013) had investigated and
compared least squares and orthogonal regression in measurement error modeling for prediction of
material property. They stated that orthogonal regression has better performance than classical linear
regression with respect to standard deviation of residuals. Ortiz et al. (2010) had reviewed classical
linear regression and orthogonal regression techniques in two variable linear regressions. They used
an example with 18 data. They stated that standard deviation of the residues of orthogonal
regression is smaller than the classical linear regression implying that it is a better method than
classical linear regression.

The method comparison studies carried out in Turkey were analyzed. It is remarkable that very few
studies have been done in this regard. Bland-Altman and OLS Bisector (Saragli & Celik, 2012),
Deming regression technique and ordinary least squares (Saragli, Dogan & Dogan, 2009), least
squares and robust M estimation methods (Coskuntuncel, 2013), least squares and least median
squares estimation methods (Alma & Vupa, 2008), and simple linear regression and hierarchical
linear model (Atar, 2010) techniques of method comparison studies have been conducted.
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In Turkey, there are few studies about orthogonal regression in geophysics (Oztiirk, 2012) and
statistic (Saracl, 2011). Oztiirk (2012) had made an analysis on the application of four different
statistical regression methods for different data sets with respect to the determination of coefficient
(R?. It was showed that the representation of empirical relationships will be more suitable and
reliable by Least Sum of Absolute Deviations or Robust regressions for clustered samples whereas
by Least Squares or Orthogonal regressions for scattered data. Saragli (2011) had examined that data
sets with different sample sizes simulated via Monte Carlo simulation were used to see the
performances of Type Il regression techniques (Ordinary least square (OLS) bisector, major axis,
reduced major axis, Deming regression and passing bablok regression techniques) by mean square
error. The result of his study concluded that the OLS bisector technique gave the best results in all
conditions with different distribution types, different sample sizes, and the data set with or without
an outlier.

In comparison studies published both in national and international literature, it has been seen that
CLR (Carr, 2012) and ordinary least square (OLS) bisector (Saragli, 2011) demonstrated the
superiority with respect to mean square error. In addition to those studies, OR technique
demonstrated the superiority with respect to determination of coefficient (R?) (Calzada & Scariano,
2003) or standard deviation of residuals (Ding et al., 2013; Ortiz et al., 2010).

Although the benefits of OR technique has been discussed, it has been seen that researches in social
sciences and education field are using only the CLR technique in Turkish literature (Baggeci, Dos &
Sarica, 2011; Bahar, 2006; Bayat, Sekercioglu & Bakir, 2014; Doruk, Ozdemir, & Kaplan, 2015;
[1gan, Erdem, Yapar, Aydin & Aydemir, 2012; Kesicioglu & Giiven, 2014; Uredi & Uredi, 2005; ).
In Turkey, there is no study about orthogonal regression in social sciences and education. In this
respect, it is expected that this study sheds light on studies that can be done in the future about this
subject.

This Study Aim

The purpose of this study is the trivial presentation of the equation for orthogonal regression (OR)
and the comparison of classical linear regression (CLR) and OR according to the sum of squared
perpendicular distances.

METHOD

Classical linear regression and orthogonal regression were compared with respect to the sum of
squared perpendicular distances. For this purpose, this analysis was shown by an example. For this
example, data was taken from Akdeniz’s book (Akdeniz, 2013).

We restricted our study to CLR and OR. Classical linear regression and orthogonal regression are
compared with respect to the sum of squared perpendicular distances which is defined with the
following formulation,

\ \ (Yi _in _a)2
EJ_:;diz :Z b +1

i=1

Microsoft Excel 2010 was used for data organization and calculation of OR equation and sum of
the squared perpendicular distances of OR and CLR. SPSS 17.0 was used for the calculation of
CLR equation.

The equations for the slope and intercept of orthogonal regression were calculated in detail. The
derivation of these equations is presented as follows.
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Equation Derivation for OR Line
Herein, OR is explained in simple, straightforward way to facilitate easy understanding for
equations.

: |y; —bx; —a|
From Figure 1b, we see that |AH | =d; ==———
b®+1

. . . % 2 \ (yi —in _a)2
The sum of squares of the perpendicular distances is equal to E; =Zdi :ZT
i-1 i-1 +

where n is the sample size for the data. Derivatives with respect to a and b are calculated and
equaled to zero.

E E
%, _ 0 and %, _ 0

oa ob

The first step is taking the partial derivative of E, with respect to the regression intercept, a,
OE, Z": —2(y,—bx,—a)(b*+1) -0
ca I (b +1)?

Multiplying both sides of this equation (b +1)® clears the denominator,

0

—2(b* +1)Zn:(yi —bx,—a)=0

i=1

Zn:yi —bzn:xi -na=0
i=1 i=1
Zyi _bzxi

Zn:yi =bznlxi+na and g =12t =t
i=1 i=1 n

Similarly, next step is putting this result aside and taking the partial derivative of E, with respect to

the slope of regression, b,

OE, & -2%(y,—bx, —a)(b®+1)—2b(y,—bx, —a)® _
ob _Zl (b? +1)? -

Multiplying both sides of this equation (b +1)® clears the denominator,

0

Z[(b2 +1)(y, x, —bx* —ax ) +b(y;* +b’x? +a* —2bx,y, — 2ay, +2abxi)] =0
i=1

Y[ (07 +1-20%) X, y; +(-b° ~b+b°)x” +a(b® ~1)x, +by;” — 2aby, +a’ | =0
i=1

(b2 +1)D %, v, —b> x2+b> y? +a(b® —1)> " x,—2ab)y, +na’h =0 Multiplying each side
i=1 i=1 i=1 i=1 i=1
of the equation by -1
(0® -1 x; y; +b> x*=b> y?—a(b®-1)> x;+2ab> y, —na*h =0
i=1 i=1 i=1 i=1 i=1

(b* —1)ixi y, + b(zn: xiz—zn: y.5)—a(b’ —1)Zn:xi + 2abzn: y,—na’b=0
i=1 i=1 i=1 i=1 i=1
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Z Yi _bz X;
-1

Zn:yi =bznlxi ynaand a=i% =L
i=1 i=1 n

Substituting the solution for a into the equation for above equation gives

2

=

n

n n n n iyi_bixi n iyi_bixi Zyi_bzxi
(bZ _1)in yi + b(ZXiZ_Z in) _ (b2 _1)in i=1 i=1 + ZbZ yi i=1 i=1 —nb i=1 i=1 =0

n ~ n n

Rearrangement of terms yields a quadratic function of b,

b2 |:nixiyi _Zn‘,xizn:yi:|+b|:n(ixi2 _i‘,yiz)_(i:xi)2 +(iyi)2}_{ni)(iyi _iniyi}zo

i=1 i=1

—[n(ixﬁ—iyf)—(ixo%(im)ﬂiJ[n(ﬁxf—iyf)—(ixi)%(iyi)ﬂ +4[nixiyi—ixiiyi}
blyz — i=1 i=1 i=1 i=1 |T‘1 |:1rl - i=1 i=1 i=1 i=1 i=1
2|:”ZXiYi _inzyi:|
{(ixi)z—(_iyif—n(ixf—iyf)}i\/{(ixm—(iyi)z—n(_ixf—iyf)} +4{nixiyi—ixi ) yi}
blvz — i=1 i=1l i=1 i=1 i=1 I:1n i=1l i=1 i=1 i=1 i=1l

Z{niznl:xiyi —inzn:yi}

i=1 i=1

We can write regression equationY =a+bX . Value b is the slope of the regression equation. There
are two different real roots of b. Scatter diagrams are drawn. Value b which is the same sign of slope
of draft line is selected.

FINDINGS
For comparison of OR and CLR techniques, the analyses were conducted using an example.

A simple example

The relationship between the hardness and the durability of a material produced in a production
center was investigated. 10 pieces of substances produced for this purpose were selected. Then, the
hardness and durability test was conducted. The data obtained is as in Table 1.

Table 1. Example Data

Piece No X (Hardness ) Y (Durability)

10
12
6
9
8
11
10
5
10
9

O© 00 NO OB WDN P
~

~Noo B~ N O O 001 ©

=
o
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Table 1 displays data. Table 2 shows quantities needed for calculation of regression equation.

Table 2. Quantities Needed for Calculation of Regression Equation

Piece No X(Hardness) Y (Durability) X2 Y? XY
1 7 10 49 100 70

2 9 12 81 144 108

3 5 6 25 36 30

4 8 9 64 81 72

5 6 8 36 64 48

6 9 11 81 121 99

7 7 10 49 100 70

8 4 5 16 25 20

9 8 10 64 100 80

10 7 9 49 81 63
Total 70 90 514 852 660

We want to predict the values of durability from the values of hardness according to Table 2 based
on the following equation.

\?:a+bX

90=10a+70b or 9=a+7b
_ 1807 /(180)* +4(300)> _ 180F /392400

a 2(300) 600
Table 3 shows the regression equations.

b =1.34 and b, =-0.74

Table 3. Regression Equations

Regression Equations Slope, b Intercept, a Y =a+bX gg;ﬁ:?ﬁ: r
_ b =134 3=-038  §_ 3811.34x
OR line b =074 1418 " 0.945
, =—0. a, =14 Y =14.18-0.74X
_ A 0.945
CLR line b=1.25 a=0.25 Y =0,25+1 25X

Table 3 displays the Pearson correlation coefficient (r=0.945, r*=0.893) indicating a good linear fit.
The Pearson correlation between Hardness and Durability is 0.945, indicating that Hardness explains
about 89.3 % of the variance in Durability.

OR line has equationY =—-0.38+1.34 X , whereas CLR line has equation Y =0.25+1.25X .

OR line is  Durability =—0.38+1.34*Hardness  while the CLR line is
Durability =0.25+1.25* Hardness .

OR and CLR lines are shown in Figure 2 for data.
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o y=1.34x-0.3

< 20-
~
~
~

=074+ 1418~ 1&g vy =1.25x+0.25

Y (Durability)

T T
-20 -15

X (Hardness) ~

Figure 2. CLR Line (C: \? =0.25+1.25X ) and OR Line (O: \? =-0.38+1.34X) Applied to the
Hardness and Durability of Substances Data

Table 4 shows the sum of squared perpendicular distances of regression lines.

Table 4. The Sum of Squared Perpendicular Distances of Regression Lines

CLR Line OR Line
Regression Lines A A
c: Y =0.25+1.25X 0:Y =-0.38+1.34X
E=> (y,—-bx —a)’ 450 4.69
i=1
Sum of Squares Perpendicular Distances
E, —Zd Z (1.25)2 +1 (1.34)2 +1

Presented in Table 4, CLR line and OR line give the values of E, , 1.75 and 1.67 respectively.

We can see that OR line has smaller sum of squared perpendicular distances than CLR line which
implies it has better performance than CLR in the prediction of durability from hardness of
substances in this example.

RESULTS AND DISCUSSION

Regression analysis is expressed in a mathematical equation representing the relationship between
variables. The effect of independent variable on dependent variable can be predicted via that
mathematical equation (Biiytikoztiirk, Cokluk & Kokli, 2012). The fundamental purpose of simple
linear regression analysis is to determine the best method that predicts the dependent variable. The
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purpose of this study was the trivial presentation of the equation for OR and the comparison of OR
and CLR according to the sum of squared perpendicular distances.

As Akdeniz (2013), Geng et al. (2003) and Saragli et al. (2009) stated, simple linear regression
analysis is used to define the nearest line to the data points. As a result of comparison of the value of

E, attained from two regression equations, it is found that value of E, for OR line is smaller. This

result shows that OR has better performance than CLR in the prediction of durability from hardness
of substances. OR line is closer to points than CLR line. OR line appears to present a much better fit
for the data. This result is also similar to the finding from Calzada and Scariano (2003), Ding et al.
(2013), Glaister (2005) and Ortiz et al. (2010). Although, OR is a better method than classical linear
regression with respect to the sum of squared perpendicular distances, this result contradicts with the
results of Carr (2012) and Saragli (2011).

Glaister (2005), Scariano and Barnet (2003), Deming (1943), Stockl et al. (1998) stated that both
dependent variable and independent variable are subject to measurement error in practice. Then, the
result of our study indicates that it is precisely these circumstances for which the statistical distance
to be minimized is the shortest distance to the line, and the appropriate regression line is OR line as
shown in Table 4. This finding is also similar to the finding from Glaister (2005).

This research has revealed that OR is a better method than CLR with respect to the sum of squared
perpendicular distances. It is more accurate to use OR technique, when there are measurement errors
in both dependent variable and independent variable.

Depending on these results, the OR is thought to be a regression technique to obtain more accurate
results than CLR at simple linear regression studies.
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GENIS OZET

Girig

Regresyon analizi, bagimli degisken ile bagimsiz degiskenler arasindaki iligkiyi inceleme ve
modellemede kullanan istatistiksel bir tekniktir (Montgomery vd., 2012; Sykes, 1993). Regresyon
analizin uygulamalar tipta, miithendislikte, ekonomide, astronomide, sosyal ve biyolojik bilimlerde,

fen bilimlerinde ve egitim bilimlerinde, kisacast hemen hemen her alanda goriilmektedir. Aslinda
regresyon analizi en yaygin kullanilan istatistiksel tekniklerden biridir (Montgomery vd., 2012).

Istatistigin 6nemli tahminleme (yordama) tekniklerinden biri olan regresyon analizinin en temel
amaci; veri bulutunu temsil edebilecek bir dogru, egri ya da yiizey denklemi yazmak i¢in bu denklem
tizerinden bagimsiz degiskenin bilinmesi halinde bagimli degiskenin ne olabilecegini tahmin
etmektir. Bu tahminleme (yordama) regresyon dogrusu veya egrisi iizerinden yapilmaktadir (Lane,

2016). Gozlenen x (bagimsiz) degiskeniyle eslenen Y (bagimli) degerinin bulunabilmesi igin

Y = f(X) esitligi kullanilmaktadir. Dogrusal regresyon dogrusu Y =a-+bX ile gosterilir ki

buradaki Y , tahmin edilen degerdir. Klasik dogrusal regresyon (KDR) denklemi g6zlenen verilerin
regresyon dogrusuna olan diisey uzakliklarinin kareleri toplami minimize edilerek elde edilir (Ortiz
vd., 2010; Ding vd., 2013; Elfessi ve Hoar, 2001; Isobe vd., 1990; Kane ve Mroch, 2010; Leng vd.,
2007; Ludbrook, 2010). Sekil la’da goriildiigii gibi verilerin regresyon dogrusuna olan diisey
uzakliklarinin kareler toplamu,

E= Y et =3 0~ W7 = 3 (- bx, —a) e

Ortogonal regresyon (OR) ise gozlenen noktalarm tahmin edilen regresyon dogrusuna olan dik
uzakliklarinin kareleri toplami minimize edilerek bulunur (Carr, 2012; Ortiz vd., 2010; Ding vd.,
2013; Elfessi ve Hoar, 2001; Isobe vd., 1990; Kane ve Mroch, 2010; Leng vd., 2007; Li, 1984;
Ludbrook, 2010; Nievergelt, 1994; Scariano ve Barnet, 2003).

Sekil 1b’de goriildigii gibi verilerin regresyon dogrusuna dik uzakliklarinin kareleri toplami,
= b®+1 .

OR farkli isimlerle bilinmektedir. Bunlardan bazilari, toplam en kiigiik kareler (total least squares)
(Calzada ve Scariano, 2003; Elfessi ve Hoar, 2001; Golub ve Van Loan, 1980; Markovsky ve Van
Huffel, 2007; Nievergelt 1994), degiskenlerde hatalar (errors-in-variables) (Carroll ve Ruppert,
1996; Fiserova ve Hron, 2010; Markovsky ve Van Huffel, 2007) ve major eksen (major axis) (Carr,
2012; Isobe vd., 1990; Kermack ve Haldane, 1950; Ludbrook, 2010) dir.

OR metodu ilk olarak 1878 yilinda Adcock tarafindan kesfedilmistir (Adcock, 1878). Bu metot bir
yiizyildir bilinmesine ragmen klasik dogrusal regresyon kullanilmaktadir. Klasik regresyonun tercih
edilmesinin temel nedeni hesaplanmasinin kolayligidir (Ludbrook, 2010).
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Dogrusal regresyon analizi noktalara en yakin dogruyu tamimlamak igin kullanilir (Akdeniz, 2013;
Geng vd., 2003; Saragli vd., 2009). Bir noktadan bir dogruya en kisa uzaklik dik uzakliktir (Warton
vd., 2006). OR noktalardan dogruya en kisa uzakliklarin kareleri toplamini minimize eden dogrudur.
Ustelik KDR bagimsiz degiskenin (X) 6lciim hatas1 icermedigini, hatanin kaynagmin yalnizca
bagimli degisken (Y) oldugu varsayilir. Deming, 1943 yilinda yazdig1 “Statistical Adjustment of
Data” isimli kitabinda, En Kiigiik Kareler (EKK) regresyon tekniginin varsayim hatalarina dikkat
¢cekmis ve bagimsiz degiskenin (X) de pratikte hata igerebilecegini belirtmistir (Saragh vd., 2009).
Bunun yaninda Glaister (2005) ve Stockl vd. (1998) pratikte her iki degiskende 6lgme hatasi
oldugunu belirtmistir. Bu durumda KDR’deki tahminler pratikte artik dogru degildir (Glaister,
2005). Her iki degiskende 6lgme hatasi iceren OR tekniginin (Carr, 2012; Glaister, 2005; Scariano
ve Barnet, 2003) tahminleri daha dogrudur. Bagimsiz degiskenin de 6l¢me hatasinmi icerdigi OR
teknigi, hesaplamalarda daha iyi sonuglar verebilir (Calzada ve Scariano, 2003; Carr, 2012; Warton
vd., 2006).

Uluslararasi literatiir incelendiginde OR ile diger regresyon tekniklerini karsilastiran oldukga ¢ok
arastirmanin oldugu goriilmektedir (Calzada ve Scariano, 2003; Carr, 2012; Ding vd., 2013; Elfessi
ve Hoar, 2001; Glaister, 2005; Leng vd., 2007; Lolli ve Gasperini, 2012; Lundbrook, 2010; Ortiz
vd., 2010). Ulkemizde yapilan metot karsilastirma ¢alismalari incelendiginde ise bu konuda yapilan
caligmalarin oldukca az oldugu dikkat cekmektedir. Bland Altman ile EKK Aciortay Type II
teknigini (Saragli ve Celik, 2012), Deming regresyon teknigi ile EKK teknigini (Saragli vd., 2009),
EKK ve robust M tahmin yontemini (Coskuntuncel, 2013), EKK ve en kii¢iik medyan kareler
yontemlerini (Alma ve Vupa, 2008) ve basit dogrusal regresyon ile hiyerarsik dogrusal tekniklerini
(Atar, 2010) karsilastiran metot karsilastirma caligmalart yapilmistir. Tiirkiye’de OR teknigi {izerine
jeofizikte (Oztiirk, 2012) ve istatistikte (Saragli, 2011) yapilan calismalar da azdur.

Hem ulusal hem de uluslararasi bu karsilagtirma ¢aligmalarinda, hata kareler ortalamasina gére KDR
(Carr, 2012) ve En Kiigiik Kareler Agiortay (Saragli, 2011) tekniklerinin tstiin oldugu gosterilmistir.
Bunlarmn yaninda OR tekniginin; belirleyicilik katsayisina (R%) gére (Calzada ve Scariano, 2003) ve
hatalarin standart sapmasina gore (Ding vd., 2013; Ortiz vd., 2010) tstiinligiinii gosteren galismalar
da vardir.

OR tekniginin yararlarindan bahsedilmesine ragmen teknik; basit dogrusal regresyon hakkinda Tiirk
literatiiriinde sosyal bilimler ve egitim alanindaki arasgtirmalarda yalmizca KDR teknigi ile
karsilagilmistir (Baggeci vd., 2011; Bahar, 2006; Bayat vd., 2014; Doruk vd., 2015; Ilgan vd., 2012;
Kesicioglu ve Giiven, 2014; Uredi ve Uredi, 2005). Yapilan literatiir ¢aligmasinda, OR {izerine
sosyal bilimler ve egitim alaninda iilkemizde yapilmis bir ¢alismaya rastlanmamistir. Bu dogrultuda
bu ¢alismanin bundan sonra yapilacak ¢alismalara 151k tutmasi beklenmektedir.

Bu aragtirmanin amac1 OR esitligini agik¢a sunmak ve klasik regresyon ile ortogonal regresyonu dik
uzakliklar kareler toplamina gore karsilastirmaktir.

Yontem

Kolay anlasilmast i¢in OR esitligi yeniden literatiirden bagimsiz olarak sunulmustur. Ciinkii bu
metot iizerine ¢aligmakta olan c¢ogu literatiir kisa ve yogun sembol igermektedir (Calzada ve
Scariano, 2003; Carr, 2012; Kermack ve Haldane, 1950; Nievergelt, 1994). Klasik dogrusal
regresyon ile OR’yi dik uzakliklar kareler toplamina gore karsilagtirmak i¢in analizler bir 6rnek
iizerinden gosterilmistir. Ornek, Akdeniz’in (2013) kitabindan alinmistir.

Verilerin analizinde, verilerin diizenlenmesinde, OR esitliginin hesaplanmasinda ve OR ve KDR’nin
dik uzakliklar kareler toplammin hesaplanmasinda Microsoft Excel 2010 kullanilmistir. KDR
esitliginin hesaplanmasinda SPSS 17.0 programm kullanilmstir.
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Sonuc ve Tartisma

Regresyon analizinde degiskenler arasindaki iligki bir matematiksel esitlikle ifade edilir. Bagimsiz
degiskenin bagimli degisken tizerindeki etkileri bu matematiksel esitlik yoluyla tahmin edilebilir
(Biiytikoztiirk vd., 2012).

Bu arastirmada, OR esitligini acik¢a sunmak ve klasik regresyon ile OR teknigini dik uzakliklar
kareler toplamma gore karsilastirmak amacglanmistir. Bu karsilagtirma bir 6rnek {izerinden
gergeklestirilmistir.

Akdeniz (2013), Geng vd. (2003) ve Saragl vd. (2009)’nin belirttigi gibi basit dogrusal regresyon
analizi veri noktalarina en yakin dogruyu tanimlamak icin kullanilir. KDR dogrusunun ve OR
dogrusunun dik uzakliklar kareler toplamina gore karsilastirilmasi sonucunda, OR’nin dik uzakliklar
kareler toplaminin daha kiigik oldugu goriilmiistir. Bu sonug, maddelerin setliklerinden
dayanikliligin tahmininde OR tekniginin performansinin KDR tekniginin performansindan daha iyi
oldugunu gostermistir. Buradan OR dogrusu, verilere KDR dogrusundan daha yakindir. Bu
baglamda OR dogrusunun verileri daha iyi temsil ettigi goriilmiistiir. Bu sonu¢ Calzada ve Scariano
(2003), Ding vd. (2013), Glaister (2005) ve Ortiz vd. (2010)’nin bulgulariyla benzerdir. OR teknigi
dik uzakliklar kareler toplamina gére KDR tekniginden daha iyi bir metot olmasina karsin Carr
(2012) ve Saragli’nin (2011) sonuglari ile gelismektedir. Bagimli ve bagimsiz degiskenin her ikisinin
de oleme hatasini iceren ve dogruya en kisa uzaklifi minimize eden istatistik uzaklik kosullari
altinda OR dogrusunun Tablo 4’te goriildiigii gibi uygun bir regresyon dogrusudur.

Bu aragtirma OR tekniginin dik uzakliklar kareler toplamina gére KDR tekniginden daha iyi
oldugunu, bagimli ve bagimsiz degiskenin her ikisinin de 6lgme hatasi icerdigi durumda OR
tekniginin kullaniimasinin daha dogru oldugunu ortaya koymustur.

Bu sonuglara bagli olarak OR tekniginin basit dogrusal regresyon ¢aligmalarinda KDR tekniginden
daha dogru sonuglar elde etmede kullanilabilecek bir regresyon teknigi oldugu diisiiniilmektedir.
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