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Original: Statistical literature has several methods for mgpiith multicollinearit: problem.Ridge
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Published online: greatly improved by using ridge regression, w is a biased estimation method w
20 September 2016 potentially smaller mean square error “MSE” as heraative to ordinary least sque
“OLS". In this study, ridge regression (a biased estimatithod has been evaluated
with a constant bia(k)) and the prediction performance was compared ttigt of

Accepted:

Key Words:Multiple ordinary least squarOLS” based multiple linear regressioRIER”. The bias constant
Regression Model, of (k =0.100000)was selected bu examining the ridge trace. At thont, the
Ridge Regression estimated coefficients are stable atheir variance inflation factorsVIFs” become
Model, Collinearly, smaller. To evaluate the robustness of each modelstandard rror of prediction”
SCSSNI. SEPs”has been compar, the prediction of original values using MLR modélos/s

slightly better results comparing to that of ridggression model, which is due to
intentional bias is associated in the ridge mc

To compare RR and MLR, the coefficient of deterriom, “VI Fs”, and standard error
“SE” of parameters has been studilf the variance of the ridge estimaiBgcould be
tremendously reduced, the mean square error tentte tsmaller than the OLThe
prediction results of a ridge model showed morélstgrediction performance
compared to that of MLR, by removing or decreasirggcollinearly problerr

I ntroduction:

Soil suction, is a very general manner, may beddolipon as the “Capacity Potential” of a soil, i
water is held in a soil (above the water table)sbyface tension and by adsorption force. It han
defined[1] in more precise t@ras “ the work required to move a unit mass ofewagainst capillary force
in a column of soil, from a free water surface @ivaen point above this surface2]

Curves showing the relation between moisture carded soil moisture tension have bereferred to as
“sorption curves”[3], tharacteristic curvesd], “retention curves’[5].
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Multiple linear regression is one of the most papwalibration methods for data analyzing, in corigoe

to othercalibration methods, is simple, easy tdewstand, and possibly to clearly rationalize thation
between SCSSNI (suction characteristics of soinfmoorth of Iraq ) and prediction variables (Cl&y=,
Silt=X,, SandX;, Organic Matterx,, Calcium Carbonate&, Cation Exchange Capacit¥z , Saturation
PercentageX,;) . There are several methods can be used sudnvearfl, backward and stepwise regression
for estimating the statistical parameters. In gehermriables in SCSSNI are highly correlated eattter
(which is referred to as a multicollinearity praimg6].Multicollinearity, or collinearity, is the éstence of
near-linear relationships among the independeriahias [7]. In the presence of multicollinearitgtienates
of least square methods including MLR are unstaplé tend to poor prediction. Multicollinearity can
create inaccurate estimates of the regression iciegfts, inflate the standard errors of the redoess
coefficients, deflate the partial t-tests for tlgnession coefficients, give false, no significgmvalues, and
degrade the predictability of the model. For degplivith multicollinearity, it needs to be able teidify its
source. The source of the multicollinearity impatis analysis, the corrections, and the interpoetaif the
linear model.

There are five sources: (data collection, maysconstraints of the linear model or populationer-
defined model, model choice or specification, angliérs) [7, 8]. It is known that biased estimation
methods gives considerably better prediction ti@2irS) when the data are noisy or the predictiorhagbly
collinear[9].Ridge regression a (biased estimatimethod) has been evaluated and the prediction
performance was compared with that OLS based MldRcdmpare ridge regression and MLR. MLR model
was initially developed using OLS methods for eating regression parameters, and then RR modskid u
to predict regression parameters.

Materialsand Methods:

This study was confined only to the northeant pf Irag. Figure (1) Shows 64 locations from vehthe
various representative types of soil samples wadert for laboratory analysis [6].
The technique used, for measuring soil moisturediierent pF, value determined according to the
procedure suggested by [6].
The soil samples were collected from varies locatias outlined above were subjected to the follgwin
laboratory tests, after air- drying, quartering gadsing through a BS 2mm size sieve:

i) Particle size distribution: According to the methdmbcribed in[2]

i) Soil moisture at different pF: (pF = log columnwaditer, cm) values determined according to
the procedure suggested by [5, 10].

iii) Calcium carbonate content was determined accotditige method described in[11].

V) Organic matter content units: determined accortbriye procedure described in[12].

V) Cation Exchange Capacity(CEC): was determined daugto the method given by [13].
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Figure- 1: Shows locations from where the soil saspere taken

A typical pF moisture content curve can beeggelized as in Fig. (2a,2b) with parameters (A) and
(B)representing the moisture contents at pF = Ad@E = 4.0 respectively. It may be observed tigtidr
values of (A) are associated in general with higblay contents, similarly higher values of (B) are
associated with lower values of sand content. Euartigher values of (A) and clay content are asgedi
with higher values of CEC [Cation Exchange Capécltyis, therefore, obvious that the parameters BA
and (A-B) a from the pF moisture content plotsni¢ate type of sail.

Taking a cue from the pF moisture content plotsr@he A and B parameters indicate the type of soil,
linear regression analysis was carried out. Inahalysis, the following are the depending varig6le
Y= Moisture content at pF = 0.0 is a dependent labifb].

The independent variables selected for studyare [6]

X, = % clay content

X, = % silt content

X3 = % sand content

X, = % organic matter content

X5 = % calcium carbonate content

X, = % cation exchange capacity

X, = % saturation
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Figure- 2a: pF- moisture content curve Figure- 2b: shows typical pF- moisture temi curve
for different texture soils

Multiple Linear Regression Analysis:

First we can explain the concept of regressoalysis, is a collection of statistical technigjuer
modeling and investigating the relationship betweemesponse variables of interest (Y) and a set of
repressor or prediction variab{&s, X,, ..., X,). In the simple linear regression analysis ondaiom of the
type:[14]

Yi = B, + B, Xis & 1)

Wherei=1,2,..,n and ¢~(0,06%) are identically independent containing one exgianyavariable.
Applications of regression are numerous and occualinost every applied field including engineersl an
chemical, physical, science, life and biologicaésce, the social sciences, management and ecasiomic

A very important type of regression is multipledar regression models.

Yij = BO + leil + BZXiZ + ...+ Ble’lp + Sij (2)

In the response is a linear function of theknawn model parameters or regression
coefficient$, B,, B,, ...,Bp. Linear regression models are widely used as érapimodels to approximate
some more complex and usually unknown functionkdtienship between the response and the regresses
variables we can thus write the regression mod#tiérmatrix model form as:[9, 14, 15]

Y=XB+ ¢ 3
WhereYis (n x 1)vector of the variable to be explained with) number of observations and X is a
(n %X (p + 1))design matrix of predictorgis a(p x 1)vector of regression coefficiefls; = 1, ..., pwhich

needs to be estimated f@p) independent variables arfd ) is a (n x 1) vector of normally distributed
random errors, witla~N (0, o2) identically independent distributed.[14]

The MLR is considered with an intercept haviagsingle response variapfgand explanatory
variablegX,,X,, ..., Xp). The estimator vector of regression coefficieytOh S is given by:[9, 14]

BoLs = XX)TIXY 4
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WhergX) is matrix consisting of the sample data of vaeabiiX;’s are highly correlated, the determinant
of (X'X) is near (zero) and €6X) becomes near- singular.[9] Therefore, in the pres@fmulticollinearity,
the OLS estimates could become very unstable dil&rge variance of the estimates, which leads tr po
prediction.[9, 15]

A theory of OLS was developed by researchers$timating parameters in a general linear regras
model. As it is known the OLS methods is one of ri@st common procedures that are used in statistics
which is gives unbiasedness and minimum variancengnother estimators, when the basic familiar
assumptions are met, if one or more of these agsumspnot realized it will lead to invalid conclosis.
Some one of these problems concerning linear methsed(hetroscedasticity, autocorrelinearity, and
multicolinearity).[16]

This method provides the beast linear unbiassignator- BLUE, which is equivalent to the maximu
likelihood estimator— MLE for estimation of the wartying normal regression relationship. [16]

Also the principle components analysis is one ef $fmple multivariate methods and searches foma fe
linear combinations which can be used to summadhieedata, losing in the process as little inforotatas
possible, it, therefore, can solve the multicobing problem.

Ridge Regression Analysis:.

Ridge regression is one of the several methodsercome the multicollinearity problem by mgftiiy
the OLS to allow a small bias via a constéky} in the parameter estimate.Ridge regression islékst
squares but shrinks the estimated coefficients itdsvaero.Hoerl and Kennard in (1970) suggestedhanot
biased RR estimator with potentially smaller MSEaasalternative to OLS, but this method led to &ias
estimator.[9, 12, 14, 15, 17]

Bp= XX4AKD XY oo (5)

Where (Dis the identity matrix for the model with th@)possible predicto¥X,,X;, ... ,Xp). When an
estimator has only a small bias and is more prebise an unbiased estimator, it will be closerhi true
parameter’s value. If the variance of ridge estﬁnaﬁR)could be tremendously reduced, the mean square
error tends to be smaller than OLS.[5]As with lespiares, ridge regression seeks coefficient estgrhat
fit the data well, by making the RSS (regressiam si squares) small.[18]

In this situation the point estim@f’%) becomes more stable, and the confidence intef\@RQis narrower.
In ridge regressiqiX X’s) are recommended to be transformed by the @iiel form, which makes the
diagonal element ¢X'X)equal (1) and the off diagonal element represédmscorrelation coefficient of the
two variables. Since the values of all elementsotbe same order of magnitude, this would conmahd-
off errors in inverting X X)to obtain the ridge estima(q?rR).[B, 9]

This equation can have a unique solution even wkexX) issingular. Thus one application of ridging is to
produce regressionestimates for singular designiceat[8, 10]

One of the most important in ridge regresssothe bias constafit), where(k)is a positive number. In
applications, the interesting values (@)usually lie in the range (0, 1)[9, 15]. The biasigtant in ridge
regression is used to reduce the variance of estsmaf regression coefficients that are due to
multicollinearity. Several methods have been preddsr determining the optimal value(®j.[2, 9, 10, 15]

A common strategy is to determine the smal{é3that makes stable coefficients in the ridge trait the
lowest values of VIF the ridge trace is the plot\dFs versus(k) values. [If too large, the resulting
analytical performance will be degraded by applyinigrge bias, even though the collinearity probtam
be solved][9].

To choose an appropriate valug(bjthese three points can be looking for:[17]

- Getting the variance inflation factors (VIF) cldse(1).

- Estimated coefficients should bestable.

- Looking for only modest change iR{)or(c?).
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The variance inflation factors (VIF) were obtainedexamine the degree of multicollineariy. The \ftF
(i*") regression coefficient is computed as follows:

L (6)

We see that as the R-squared in the denominatsrcteter and closer to one, the variance (and WhES
will get larger and larger. The rule of thumb céitaalue for VIF is 10. Equation (7)shows that treiance
of (ith) regression coefficient is inflated proportionaliF;:[9, 17]

Var.(f) = %2, 412 T )

Wherexl-zj is the (j*") centered sample value of tE") independent variable and is the variance of
error terms in the MLR model. As a rule of thumbViF exceeds (30 or 10), it is an indication that the
associated coefficients are poorly estimated becatiswulticollinearity.[9]

To evaluate the robustness of each model MLR andhi@Resulting SEPs(Standard Error of Predictioa) a

compared:[9]

SEP = /Y™ .,(D: —y)?/n...... Fryrreyyeeeeee e (8)

The assumptions are the same as those used iraregultiple regression: linearity, constant vargfono
outliers), and independence. Since ridge regreskies not provide confidence limits, normality neetl be
assumed [7].

Results and Discussion:

Since these quantitative variables are notpeddent, the correlated makes calculations nderess
multiple linear regression analysis type.[15]
To illustrate the ideas to this point, as wellastiggest how regression may have useful applitatiosoil
samples, according to the data and to compare ¢nrpmance of MLR and RR these baseline were
summarized under testing the null hypotheH.?(stj = 0 against the general alternatide: B]. # 0 for both

model equation (4) and (5) by using both prograrkpge SPSS and NCSS97 the following results was
obtained:
Y; = —37.957 + 0.451X; + 0.509X, + 0.478X5 + 0.777X, + 0.010X5 + 0.912X, + 0.354X,

Table- 1:Analysis of varianceusing multiple lineagression for soil water content at pF=0

ANOVA®

Model Sum of Squares df Mean Square F Sig.
1 Regression 6019.432 7 859.919 33.445 .000%

Residual 1439.840 56 25.711

Total 7459.271 63

R- square .807

Adjusted R-square 0.783

Ry x1,.x7 0.898

a. Predictors: (Constant), X7, X6, X2, X5, X4, X1, X3

b. Dependent Variable: Yi
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The results in the Table (1) are by testing tiypothesis cHO:B]. = 0. Since (Sig. = 0.000) the null

hypothesis is rejected. It can be conclude thatetihe statistically relation between soilmoistuemdion
components ofsoils samplesat & 0.05) levels of significance.
It may be concluded that there is a positive tiegitveen components of soil samples as shown in(Big.
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Figure- 3: trend of soil samples contents individua

The values of coefficient of determinatioR? = 81%) and adjuste®? = 78% from the regression &f;on
the other independent variables. This means tleaggtimated regression equation (2) of soil sangdashe
explained by the contents at 81% and adjuRtee 78% level percentage.
A number of linear regression equations were d@eslaelating each of the dependent varidableith each
of the independent variables. The expressions whaltled the best statistical fit are:

Y; = 27.148 + 0.249X; + 0.653X,
The values of coefficient of determinatioR? = 0.674%) and adjuste®? = 66.4 from the regression of
X;on the other independent variables. This meansthiea¢stimated regression equation (2) of soil $asnp
can be explained by the contents at 67% and adjB$te=66% level percentage. As noted the independent
variables that yielded the best statistical fit dme % clay content and the cation exchange capatisoil
relating the dependent variable of moisture confgit= 0.0. The strong positive multiple correlation
coefficient of Ry x1 x¢ = 0.821) gives a statistically significant correlation Wween the soil properties of the
64 sample from different locations.But the multiglerrelation coefficientRy x; _x, = 0.898) may be
considered to be fairly significant statisticalbpnsidering the wide variation in the soil propestof the 64
samples from different locations [17, 19]

Table (2) shows themulticollinearity problenognsidering the variance inflation factors (VIF)daR-
square. The rule of thumb cut-off value for VIF1@. VIFs over 10 indicate collinear variables.Solyi
backwards, this translates into an R-squared vaill@90. Hence, whenever the R-squared value betwee
one independent variable and the rest is greagerdahequal to 0.90, it will be to face multicodiarity.
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Table- 2:Least square multicollinearity test foil samples contents

Independent variables R- square vs. other X|s IRV R Tolerance
X1 0.9929 139.9576 0.0071
X, 0.9905 104.8018 0.0095
X3 0.9937 157.9924 0.0063
Xy 0.4095 1.6934 0.5905
X5 0.3048 1.4384 0.6952
Xs 0.8118 5.3122 0.1882
Xy 0.5223 2.0934 0.4777

Eigen values of correlation are summarize@liahle 3, since some condition numbers greater (th2o0).

Multicollinearity is a severe problem since (12283.8 available fox-,.

Table-3: Eigen values of correlation matrix

No. Eigen value Incremental percent Cumulative @eatrc Condition number

1 3.076963 43.96 43.96 1

2 1.502264 21.46 65.42 2.05

3 1.001309 14.3 79.72 3.07

4 0.717198 10.25 89.97 4.29

5 0.587222 8.39 98.36 5.24

6 0.11254 1.61 99.96 27.34

7 0.002504 0.04 100 1228.68

The model of ridge regression analysisequatioris(5)

—~

Y; = —4.183 + 0.1446X, + 0.180X, + 0.146X; + 1.022X, + 0.0095Xs + 0.878X, + 0.331X,
The ridge tracein Fig. (4)is the plot of VIF versigvalues. This is the famous ridge trace that is the
signature of this technique. It presents the stalimled regression coefficients on the vertical aaigl

various values of k along the horizontal axis.
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Figure- 4: plot of standardized betas verses van@lues of (k)

The ridge standard error values in comparisprOLS,when multicollinearity occurs, least squares
estimates are unbiased, but their variances age lsw they may be far from the true value. By agldin
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degree of bias ofk = 0.100000)to the regression estimates, the standard erragsilsf contentgX's) are
reduced to almost half as compared to those in MLR.

The results of ridge regression using a bias cahstigk = 0.100000) vs OLS are summarized in Table 4.
Results, are greatly decreased and more statigtitable model achieved, although regular ridgeffocent
and stand’zed ridge coefficients (z- score) arematdly decreased.So it may be worth sacrificingesbins
to achieve a lower variance.

Table-4: Ridge vs. Least Squares Comparison fovahees of(8)s

Independent Regular Ridgel Regular L. S.| Stand’zed Stand’zed RR oLs

Variable Coefficients Coefficients | Ridge Coeff's | L.S. Coeff's | Standard Error| Standard Error

Intercept -4.182959 -37.95709
X 0.1445993 0.4505841 0.1774 0.5527 0.2017306 0.5661924
X, 0.180119 0.5085251 0.1874 0.5290 0.2016332 0.5778019
X, 0.1455407 0.4781761 0.1840 0.6044 0.2013557 0.5838432
X, 1.021829 0.7772878 0.0674 0.0513 1.124215 1.15773
Xs 9.756265E-03 | 9.505201E-03 0.0102 0.0099 6.737762E-02 6.748981E-02
X, 0.878219 0.9118193 0.7364 0.7646 0.1564915 0.1613807
X, 0.3313024 0.3539966 0.3810 0.4071 6.905199E-02 7 385585E-02

R-Squared 0.8018 0.8070

Sigma 5.1378 5.0706

Fig. (5) and Table (5)shows the relation betw@e)and VIF as increasingk)in the seven- variable
model. The VIFs in the three variables, x,, x3) are high whergk)is near to(0), but they decrease as the
value of(k)increase. Most noticeably, VIFs are very high atalde(x,, x,, x3)and they drop steeply as the
bias constant increases.
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Figure- 5: The relationship betweéh) bais constant anid/F of each variable as increasi(k)

In ridge regression, the first step is to dtadize the variables (both dependent and indepEndg
subtracting their means and dividing by their stadddeviations as it has been with standard ridge
coefficients. As far as standardization is conceérnell ridge regression calculations are based on
standardized variables. When the final regressiafficients are displayed, they are adjusted batktheir
original scale [16, 20]. However, the ridge trasan a standardized scale.In comparison to MLRIt€su
with a small bias ofk = 0.100000), VIF values are greatly decreased and reducedciedige at
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(x1,X,,and x3), and more statistically stale model is achievéthaghR?is slightly decreased. The result of
ridge regression VIF values are summarized in Téle

Table (5) the statistical results of soils sampl@stent RR model using the bias const&nt=(0.100000)

Indep.Var.s RR Coefficient SE Stand. Ridge Coeff. IF ¥f RR
Intercept -4,182959
X1 0.1445993 0.2017306 0.1774 17.3052
X2 0.180119 0.2016332 0.1874 12.4308
X3 0.1455407 0.2013557 0.184 18.3036
X4 1.021829 1.124215 0.0674 1.5553
X5 9.76E-03 6.74E-02 0.0102 1.3964
X6 0.878219 0.1564915 0.7364 4.8653
X7 0.3313024 6.91E-02 0.381 1.7823

A very important and common strategy is toedminethe smallest value ¢k)for making the stable
value of coefficient in the ridge trace with thevkst value of VIF is atk = 0.100000) as explained in
Table (6). The fourth row gives an appropriate gsialtogive the best statistical fit to RR vs OliSan be
concluded that for the biased parameter= 0.100000) the coefficient of determinati®i = 0.7552,
otherwise R- square is slightly decreased in trexatlext rows.According (& = 5.7104), but in the other
rows is slightly increased, but theaverage valu¥1éf= 0.9661 with maximum value ofVIF = 1.6457)
and it is near to (1). So the best analysis is wienbias parametgik = 0.100000) with parameter
estimates seems to makethe most sense and itteslitet the associated coefficient6fgfs are accurate
after excluding the multicollinearity problem.Signsthe square root of the mean squared error.tLeas
squares minimize this value, so we want to selactlae ofk that does not stray very much from the least

squares value.
Table-6: K Analysis Section

Row k R? Sigma B'B Ave VIF Max VIF
1 0.000000 0.807 5.0706 1.7037 59.0413 157.9924
2 0.005000 0.8018 5.1378 0.7925 8.2341 18.3036
3 0.015312 0.7947 5.2298 0.6343 2.8102 44213
4 0.100000 0.7552 5.7104 0.369 0.9661 1.6457
5 0.200000 0.7233 6.0707 0.2822 0.6446 0.8594
6 0.300000 0.6973 6.3499 0.2422 0.4931 0.6447
7 0.400000 0.6744 6.5857 0.2174 0.4001 0.533
8 0.500000 0.6536 6.7927 0.1992 0.3357 0.4492
9 0.600000 0.6344 6.9782 0.1848 0.2881 0.3845
10 0.700000 0.6166 7.1467 0.1727 0.2512 0.3333
11 0.800000 0.5998 7.3009 0.1622 0.2218 0.2921
12 0.900000 0.5841 7.4432 0.1529 0.1978 0.2583
13 1.000000 0.5692 7.5751 0.1446 0.1778 0.2303
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Therefore, ridge regression puts further constsaant the parametergi's, in the linear model. In this
case, instead of just minimizing the residual sdrsgoiares also it has a penalty term onfteeThis penalty
term is ¢ —a pre-chosen constant) times the squared normedfkctor. This means that if tifigs take on
large values, the optimization function is penalizik wouldprefer to take small@fs, that are close to zero
to drive the penalty term small. [5]

Row (13) in table (7) can be chosen for this puepats¢ = 0.10), since this row gives the best line for this
case for different values of the biased constajt l(owest value of VIF is afk = 0.10) as explained in
table (7) the VIFs values are greatly decreasedaamdre statistically stable as(&increase, by adding a
degree of bias to the regression estimates, rigigeession reduces the standard errors. If thenceiaf the
ridge estimatoBgcould be tremendously reduced, the mean squanetends to be smaller than the OLS.

Table-7: Variance inflation factor with differendues of(k)

row k X1 X, X3 X4 X5 X6 X5

1 0 139.9576 104.8018 157.9924  1.6934 1.4384 5.3[122.0934

2 0.005 17.3052| 12.4308 18.3036 1.5553 1.3964 3.8651.7823

3 0.01 7.3506 4.9984 7.0674 1.502 1.3682 4.4951 901.6

4 | 0.015312] 4.4213 2.8561 3.832) 1.4551 1.3406 8.1491.6157

5 0.02 3.3071 2.0688 2.6448 1.4178 1.3175 3.8785 5581.

6 0.03 2.2406 1.3582 1.5785 1.3473 1.2716 3.3867 4524

7 0.04 1.7557 1.0675 1.1474 1.286[1 1.2294 2.9877 3642.

8 0.05 1.4705 0.9133 0.9227 1.232 1.1901 2.6%94 891.2

9 0.06 1.2772 0.8175 0.7862 1.1837 1.1585 2.3858 223T.

10 0.07 1.1347 0.7514 0.6946 1.1399 1.1191 2.1554.1665

11 0.08 1.0237 0.7023 0.628% 11 1.0867 1.9594 5111

12 0.09 0.9342 0.6638 0.5784 1.0633 1.0561 1.7912.0708

13 01 0.86 0.6325 0.5389 1.0293 1.027 1.6457 1.0292
14 0.2 0.4862 0.4672 0.3578 0.784 0.7993 0.8%94 582.7
15 0.3 0.3421 0.3856 0.2872 0.6299 0.6447 0.5569 6050.
16 0.4 0.2651 0.3303 0.2447 0.5214 0.533 0.4047 0185
17 0.5 0.2169 0.2887 0.2145 0.440b 0.4492 0.3151 425G.
18 0.6 0.1836 0.2557 0.1911 0.3781 0.3845 0.2567 36609.
19 0.7 0.1592 0.2287 0.1722 0.3287 0.3383 0.2158 3200.
20 0.8 0.1404 0.2062 0.1564 0.2888 0.2921 0.1857 2820.
21 0.9 0.1255 0.1871 0.143 0.254 0.2583 0.1626 10.2%
22 1 0.1134 0.1707 0.1315 0.228) 0.2303 0.1443 59.22
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The resulting (SEP)sof robustness of each mede compared. The prediction of original valusing
MLR model shows slightly better resultSEP°:S = 4.70) comparing to that of ridge regression
model(SEPRR = 4.76), which is due to an intentional bias is associatettie ridge model. Practical results
indicate that RR is not always better than oth&medors in terms of SEP. RR is best and dependsi®n
ridge parameter k. For suitable estimates of tpesameters, RRestimator might be considered asfahe
good estimators using SE.

Conclusions;

1- It is concluded that there is statistically relatioetween soil moisture retention and component of
soil sample afo. = 0.05) level of significance.

2- ltis concluded that there is a positive trend leetivcomponents of soil samples.

3- ltis concluded that the RR predictors are withatge stability compared to that from MLR and this
depend on ridge paramefer= 0.1).

4- The results show that the RR has a lower SE thamMibR method for different situations that has
been evaluated.

5- This study is also concluding that OLS should r@ubed when the data is collinear since the vector
of estimate parameters become too long.

6- The RR is preferred since it offers some reduabibthe MSE.

7- Both linear regression and RR are good methodiftaining more stable parameter estimates.
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