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Abstract Several logistic regression studies have frequently encountered problems where the data contains
multicollinearity. This condition negatively impacts parameter estimation. The Least Absolute Shrinkage and Selection
Operator (LASSO) and the Liu Estimator are methods that can be employed to eliminate multicollinearity among
independent variables. The objective of this research is to evaluate the effectiveness of the Liu Estimator in removing
multicollinearity compared to the Maximum Likelihood Estimator (MLE) and LASSO, using simulation data for sample sizes
of n = 25, 50, and 75 in a binary logistic model with 6 independent variables and a multicollinearity level of 0.99 between
independent variables. The method with the smallest MSE and AIC values is used for comparison. The results of this
research indicate that the Liu Estimator method is more effective than MLE and LASSO in addressing multicollinearity issues,
as it produces lower MSE and AIC values for all sample sizes studied. The application of the Liu Estimator to poverty levels
in Indonesia reveals that population density, the Human Development Index (HDI), average years of schooling, per capita
expenditure, literacy rate, and life expectancy significantly influence the poverty rate in Indonesia.

Keywords: MLE, LASSO, liu estimator, multicollinearity, logistic regression, proverty level

1. Introduction

Regression analysis is a statistical method that is widely used to determine the relationships between one or more
independent variables and dependent variables. Generally, the data used in regression analysis are continuous data with a
normal distribution. However, in several studies, the dependent variable studied uses data categories, which state success and
failure events or have values of 0 and 1. In regression analysis, the model used to analyze the relationship between the
independent variable and the dependent variable uses dichotomous data, namely, the logistic regression model. The
assumption of logistic regression analysis includes that there is no multicollinearity between independent variables; it does not
require a linear relationship between independent variables and dependent variables; it does not require heteroscedasticity
assumptions; independent variables do not have the same diversity between groups of variables; dependent variables are
dichotomous; at least a sample of 50 sample data points for a predictor variable is necessary; and the independent variable
does not require the assumption of multivariate normality. In several logistic regression studies, problems are often found
where the data used contain multicollinearity. There are several methods used to overcome this multicollinearity problem,
including least absolute shrinkage and selection (LASSO) and the Liu estimator. The LASSO method shrinks the coefficient
(parameter B) to be exactly 0 or close to 0. This method has been proven to be able to remove multicollinearity in binary logistic
regression (Herawati et al, 2020). On the other hand, Liu's method is an alternative in the form of a biased loss estimator that
uses an estimated value of d, where the shrinkage parameter d can take a value between 0 and 1. This method is also able to
address multicollinearity in binary logistic regression. The advantages and capabilities of Liu's method in overcoming
multicollinearity have been studied as well as the application of this method to several real-life problems by several researchers
(Mansson et al., 2012; Mansson et al., 2015; Jahufer, 2013; Saputri, et al., 2024).

In this study, the performance of the LASSO and LIU estimators was proven to eliminate multicollinearity using simulated
data containing multicollinearity with several different samples. The best method has the smallest MSE and AIC values among
the methods evaluated. Furthermore, this best method is applied to real data on poverty levels in Indonesia.

Poverty is a problem that continues to haunt all developing countries, including Indonesia. However, the poverty level
in Indonesia in 2024 is expected to decrease spatially in both urban and rural areas. For example, in urban areas, the poverty
level rate appears to have decreased to 7.09 percent from the previous level of 7.29 percent in March 2023. Moreover, in rural
areas, the percentage of poor people decreased from 12.22% to 11.79% in March 2023. A decline in the poverty level has also
occurred throughout Indonesia, with the greatest decline occurring in Bali and Nusa Tenggara. Examining the solid factors of
domestic economic activity and various government social assistance programs, especially in response to the increase in food



https://www.malque.pub/ojs/index.php/msj
https://doi.org/10.31893/multiscience.2025187
http://crossmark.crossref.org/dialog/?doi=10.31893/multiscience.2025187&domain=pdf
mailto:netti5859@gmail.com

inflation in early 2024, led to a reduction in the poverty level rate in March 2024 (Central Bureau of Statistics, 2024). This fact
does not necessarily mean that the poverty rate in Indonesia has been effectively resolved and that Indonesia is free from
poverty problems. Therefore, the best method obtained from simulation data will be applied to data on poverty levels in
Indonesia to determine which factors still influence poverty levels in Indonesia.

2. Materials and methods
2.1. Binary logistic regression analysis

Logistic regression analysis is a regression analysis in which the dependent variable has binary or dichotomous
properties with one or more independent variables (Hosmer & Lemeshow, 2000). A dichotomous or binary variable is a variable
that has only two categories, namely, 0 and 1. The dependent variable is symbolized by y. Because it has two categories, for
example, the category that states success events y = 1 and the category that states failure events y = 0.

According to Agresti (2002), the variable Y is a variable that follows the Bernoulli distribution. The probability function
for Y with parameter (x) is as follows:

f(y)=nx)? 1-nx)' ,y=01 (1)

The probability of the variable Y for a given value of x is denoted as m(x). According to Hosmer & Lemeshow (2000), the
logistic regression model involving p as a predictor variable is as follows:

exp(Bo+Pf1x1+P2x2++PpXp) 2)

m(x) = 1+exp(Bo+P1x1+Pf2x2++ BpXp)

Maximum likelihood estimation (MLE) is a method used to estimate parameters in logistic regression. In maximizing the
likelihood function, the MLE method provides an estimator parameter B and requires the data to follow a certain distribution.
When y; spreads binomially, from equation (2), the likelihood function is obtained as follows:

e =] [roim
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Therefore, the likelihood function is obtained as follows:
il i oy
Bly) = {\Llﬁﬂly (1 —m)m i (4)

Then, the maximum possibility 5 can be obtained by setting each p + 1 in equation (4) to the same value as zero.
Equation (4) can be written as follows:

Buie = (XTWX) X7z (5)

where W = diag[#,(1 — 7,)] and 7 is the vector where the it element has a value 2; = log(#;) + %
AL

2.2. Least absolute shrinkage and selection operator (LASSO)

The least absolute shrinkage and selection operator (LASSO) method can be used to overcome multicollinearity
problems. LASSO was introduced by Tibshirani (1996), where LASSO works to shrink the correlated coefficients (parameter B)
to be exactly zero or close to zero. According to Hastie, Tibshirani & Wainwright (2015), parameter estimation in LASSO is as
follows:

1
= ————————
t 1+exp (—-BTx{)

(6)

Lagrangian constraints (L'-norm) can be incorporated in estimating log-likelihood parameters in logistic regression. The
combined log-likelihood equation for vector B is as follows:

. 1(B)=LB 1Y s Yn)
_ 1 exp (B"x;)
- £ [yl-ln (1 + exp (—,BTx{)> + (A=) (1 + exp (—BW{))]
= Yl =y)B"x; +1In (1 +exp(=B"x))) ] (7)

The combined equation between the log-likelihood and Lagrangian constraints produces the following equation:
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[(B) =— T -y)Bx] +In(1+ (=p"xD)] - 225 (8)
Therefore, we obtain logistic regression parameter estimates with LASSO
BLASS0 = argmax (L(B) — AT%_,|B)] (9)

A is the bias value in the LASSO method, where the A value > 0. The A value is obtained via several methods, including
the cross-validation method (Tibshirani, 1996).

2.3. Liu’s Method

Liu's method is an alternative method of logistic regression in the form of a bias loss estimator and generalized direct
estimator proposed for linear regression models by Liu (1993) to overcome multicollinearity problems. Compared with other
methods, the Liu estimator has advantages, such as having a scalar mean square error (SMSE) value that is smaller than the
ridge estimate. Therefore, according to Liu (1993), the use of an alternative estimation method where the resulting parameter
can be useful as a linear function of the shrinkage parameter d is recommended.

The shrinkage parameter d can take values between zero and one, and when d is less than one, we have ||, <

| BuLe|- Liu's method was further developed by Mansson et al. (2012) in the logistic regression model as follows:

Bo= (XWX +1)" (XWX + dI) Bz (10)
The estimates for the d value proposed by Hoerl & Kennard (1970) are as follows:

52 1
d, = max [0, e (11)

+ainax

Aj max

Furthermore, the proposed estimator, which is based on the concepts outlined in Kibria (2003), is as follows:

a2
:d, = max [0, median TJT;Z] (12)
ﬂ.]' J
ds = 0, =3/ a1 13
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Finally, the following estimator was proposed in which other quantiles in addition to the median were used and
successfully applied by Khalaf & Shukur (2005).

az-1
d, = max [0,max +—; (14)
7
_ L ai-1
ds = max |0, min —; (15)
5
a?-1
d¢ = max |0, median +—; (16)
5

2.4. Data and analysis

In this study, the data used were simulation data with n = 25, 50, and 75 and independent variables used as many as 6
variables (p = 6), with a correlation level between variables of 0.99 and 100 repetitions. Data simulation for data X via Monte
Carlo simulation is based on McDonald & Galarneau (1975) with the following equation:

Xij = (1= p)Y2Zi; + pZipr1y (17)

where Z represents the data generated in the standard normal or normally distributed form and where N(0,1) and p are
specified. The performance of the MLE, LASSO, and Liu methods used in this study was illustrated via simulation studies to
show how this method can improve the estimation of logistic model parameters containing multicollinearity via R. The
dependent variable Y is generated by the probability of logistic regression.

o _ _exp(Bo+B1x1+B2xz++Bpxp)
POi=1Y = n(x) = 1+xp(Bo+B1x1+B2x2++Ppxp) (18)
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where Bo=0and f; = B, = B3 = B4 = f5 = ¢ = 1. The multicollinearity of the independent variables is calculated via the
VIF. If the VIF value is > 10, it can be concluded that there is significant multicollinearity between the independent variables.
The best method for estimating parameters is evaluated by the MSE and AIC. Next, the best method obtained will be applied
to real data, namely, data on poverty levels in Indonesia, which consists of 6 independent variables and contains
multicollinearity.

3. Results

To start the analysis, the first step involved simulating the data as described in the research methods section. After the
data were generated, correlation values between independent variables were examined for each sample size used. The
correlation values for n=25, 50 and 75 are presented in Table 1 below.

Table 1 Correlation values between variables for n = 25, 50 and 75.

n=25 X, X, X3 X, Xs X
X, 1 0.9855553 0.9813981 0.9892030 0.9863767 0.9820822
X,  0.9855553 1 0.9847641 0.9876933 0.9917750 0.9873204
X; 09813981 0.9847641 1 0.9841272 0.9822016 0.9738643
X, 09892030 0.9876933 0.9841272 1 0.9859681 0.9864211
Xs 09863767 0.9917750 0.9822016 0.9859681 1 0.9908091
X, 09820822 0.9873204 0.9738643 0.9864211 0.9908091 1

n=50 X, X, X3 X, Xs X
X, 1 0.9830985 0.9855550 0.9785363 0.9817809 0.9818400
X,  0.9830985 1 0.9819366 0.9799110 0.9799350 0.9807683
X;  0.9855550 0.9819366 1 0.9857661 0.9831067 0.9835635
X, 009785363 0.9799119 0.9857661 1 0.9765319  0.9754445
Xs  0.9817809 0.9799350 0.9831067 0.9765319 1 0.9814711
Xe¢  0.9818400 0.9807683 0.9835635 0.9754445 0.9814711 1

n=75 X, X, X3 X, Xs X
X1 1 0.9873363 0.9832745 0.9878074 0.9859102 0.9841967
X,  0.9873362 1 0.9873720 0.9882705 0.9890132 0.9852008
Xs;  0.9832745 0.9873720 1 0.9818524 0.9866369 0.9821433
X, 009878074 0.9882705 0.9818524 1 0.9868148 0.9821531
Xs 09859102 0.9890132 0.9866369 0.9868148 1 0.9853063
X, 09841967 0.9852008 0.9821433 0.9821531 0.9853063 1

Table 1 shows that the independent variables have high correlation values above 0.5. This shows that there is a high
possibility that there is a strong relationship between variables, which allows for multicollinearity between variables. For this
reason, an evaluation was carried out on the VIF values between independent variables for n = 25, 50, and 75. The results of
the analysis can be seen in Table 2.

Table 2 VIF values.

n Independent Variable

X1 X, X3 X4 X5 Xe
25 60.1037 86.6308 44.8282 81.0369 104.1233 72.4655
50 50.6109 44.7655 67.2899 41.7368 42.2690 43.5353
75 61.2666 79.4079 52.0325 61.8288 69.9952 47.1938

Table 2 shows that VIF values > 10 were obtained for all the independent variables in all the sample data studied (n=25,
50, 75). This means that multicollinearity occurs due to the existence of independent variables in each sample size used. On
the basis of the results of the correlation test and the VIF values above, it can be concluded that there is multicollinearity
between the independent variables of n = 25, 50, and 75. This is in accordance with what is expected in these research data.
After appropriate data are obtained, the next step is to estimate the parameters via the MLE, LASSO and Liu methods and
compare the results on the basis of the standard error (SE) value of each estimator for n=25, 50, and 75. The results of the
analysis can be seen in Table 3 below.

From Table 3, it can be concluded that the MLE, LASSO, and Liu estimators at n = 25, 50, and 75 have varying [?p values.
Compared with that of the MLE method, the estimated value of Bp in the LASSO and Liu methods is closer to the actual
parameter, namely, Bp =1. However, if we look in detail at the SE value for the Liu method, the SE value for Liu is smaller than
the SE values for the MLE and LASSO methods. This shows that the estimation of the parameters 3; — B¢ via the Liu method
is much better than that via the MLE and LASSO methods. The smaller the SE value of a parameter is, the better it is at
estimating the parameter, especially in data that contain multicollinearity, and the parameter estimator is good for use in the
model used. In addition, to ensure the results, the MSE and AIC values of the MLE, LASSO and Liu methods are evaluated to
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determine the best method. The results of the analysis of the MSE and ACI values are shown in Table 4.

Table 3 Values of ﬁp and SE in the MLE, LASSO, and Liu methods for n = 25, 50 and 75.

n=25 By SE
MLE LASSO LIU MLE LASSO LIU
Gl 1.15e+14 1.1168 -1.24e—05 19.389348  0.9573 0.0999
Gz -1.07e+12 0.6428 -3.16e—07 8.15527051 4.4381 0.0999
G3 3.28e+13 2.0811 -2.32e—-06 19.4251196 0.0157 0.0999
B4 -1.40e+14 0.6656 -1.24e—-05 5.78962215 2.884 0.0996
Gs -6.59e+12  0.8240 -2.28e—08 37.2348995 0.1000 0.0999
Be 1.002e+14 2.8538 -1.23e-08 15.3285868 1.4645 0.1000
n=50 Bp SE
MLE LASSO LIU MLE LASSO LIU
Gl 125.5341  0.4807 0.0017 16.5464 45.0760  0.09999014
Gz 64.3883 0.7259 0.0001 47514 3.4023 0.0999736
E3 276.4802 1.1891 0.0004 45.0222 156.6259 0.09988864
G4 2.9544 1.6238 0.0018 5.6277 11.7517  0.09999941
Es -145.624 2.1738 5.12e-05 15.0407 0.0001 0.09999941
Ga 82.0230 2.1177 1.50e-05 3.6686 176.3854 0.1
n=75 Bp SE
MLE LASSO LIU MLE LASSO LIU
Bl 3.2821 0.9562 0.0015 0.71536876 17.9985 0.09999991
Gz 18.9339 1.1492 0.0003 3.86477248 0.1000 0.09999903
63 4.3312 1.3643 0.0005 12.0116452 16.6810 0.09999583
f34 16.9225 1.7549 0.0016 5.92102649 1.7256 0.1000
BS 6.7331 0.9265 5.05e—06 3.12660553 3.1920 0.1000
ﬁﬁ 12.6864 1.0088 3.72e-06 5.06832898 4.8707 0.1000
Table 4 MSE values for MLE, LASSO, and LIU.
Sample Sizes MSE AIC
MLE LASSO LIU MLE LASSO LIU
n =25 267.36 1.3455 0.0599 14.05 -48.2964 -59.4711
n =50 349.7437 1.3903 0.0599 14.03 -105.0664 -109.4559
n =75 343.0046 1.2709 0.0598 14.00 -172.44 -177.8635

In Table 4, it can be seen that at n = 25, 50, and 75, the smallest MSE value was obtained via the Liu method compared
with the MSEs of the MLE and LASSO methods. The average MSE value for Liu's method is 0.0599 for the three data samples.
Therefore, the best method that can be used to overcome multicollinearity is the Liu method. This is because the smaller the
MSE value of a model is, the better and more accurate the modeling value obtained will be. Apart from that, the AIC value of
the Liu method was also proven to be smaller than those of MLE and LASSO. The larger the sample size is, the smaller the AIC
value obtained. Therefore, the best method that can be used to overcome multicollinearity on the basis of the MSE and AIC is
the Liu method.

4. Discussion
4.1. Application of Liu's method to real data

The real data used in this research are secondary data obtained from the Central Statistics Agency, Indonesia. The
dependent variable (Y) is a nominal variable that has only two categories or levels, namely, 0/poor and 1/not poor. Moreover,
the independent variable (X) consists of 6 variables, namely, population density (X;), the human development index (X,), the
average length of schooling (X3), per capita expenditure (X, ), the literacy rate (X5) and life expectancy (X¢). Before the data
were analyzed via Liu's method, multicollinearity was first checked. Table 5 shows the correlations between the independent
variables.

Table 5 shows that there is a high correlation between X, and X4, X, and X,, and X, and X;. This finding indicates that
the intervariables have a strong relationship and allows the variables to have multicollinearity. To ensure this, the VIF values
are checked for each independent variable: X1 = 3.10, X> = 33.44, X3 =12.69, X4 = 12.03, X5 = 2.48 and Xs = 4.87. The variables
X2, X3, X4 and Xs have a VIF value of > 10, which indicates that the variable contains multicollinearity. Next, the _p and SE
parameters were estimated on the poverty level percentage data in Indonesia via the best method resulting from the
simulation above, namely, the Liu method. The parameter estimation results from data on the percentage of poverty level in
Indonesia are presented in Table 6.
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Table 5 Correlation between Independent Variables and Poverty Level Data in Indonesia.

Correlation X1 X, X3 X4 X5 Xe
X1 1 0.5700 0.5492 0.7099 0.1661  0.2657
X, 0.5700 1 0.8215 0.8535 0.3921  0.6806
X3 0.5492  0.8215 1 0.6357 0.6445 0.3812
X4 0.7099  0.8535 0.6357 1 0.2641 0.4114
X5 0.1661  0.3921 0.6445 0.2641 1 0.2035
Xe 0.2657 0.6806  0.3812 0.4114 0.2035 1

Table 6 ,l?p and W; for poverty level data in Indonesia.

Variable Liu Method XZ 005
Bp Wi
B, 1.8014 505.2514 3.841
B, -0.3443  1519.193
Bs -0.3444  6471.665
B, 1.8014 13390
Bs -0.3443  2828.419
Be -0.3443  678.9153

Table 6 gives the estimated values of ;-4 for the Liu method. On the basis of these values, the logistic regression
model for poverty level percentage in Indonesia based on Liu's method is as follows:

Y =1.8014 -0.3443X, - 0.3443X, + 1.8014X, - 0.3443X; - 0.3443X,

Next, parameter testing was carried out on the model to determine which independent variables influence the
percentage of poverty level in Indonesia via the Wald test with Hg: Ei =0; Hy: & # 0 and the critical value of the Wald test=
3.841. Reject Hy if W; > X% 5. From the results of calculating the Wald value for each independent variable presented in
Table 1 above, it can be concluded that all variables (X;, X3, X3, X4, X5, and Xg) have W; > Xi 05 = 3.841. All the variables,
namely, population density, the human development index, the average length of schooling, per capita expenditure, the
literacy rate, and life expectancy, significantly affect the poverty level of people in Indonesia.

The variables that influence poverty levels in Indonesia from the test results above will be explored more deeply by
examining their relationships one by one. The first variable that influences the level of poverty in Indonesia is the population
density. The population density of a country can increase the number of productive ages or workers. As the workforce
continues to grow, unemployment will increase, and the number of people who exploit nature because they are unable to
meet their daily needs will increase, which will automatically affect the level of poverty in the country (Dita & Legowo, 2022).

The second variable is the human development index, which has a significant influence on poverty levels in Indonesia.
This finding is in line with previous research showing that the human development index can increase the percentage of poverty
level in Indonesia (Mukhtar et al, 2019). The human development index is a measure of quality of life. Quality of life is measured
on the basis of three basic dimensions of human development achievements, namely, a long and healthy life, knowledge, and
a decent life. Health dimensions are measured via life expectancy at birth. Moreover, the combination of the literacy rate and
average years of schooling is a measure of the knowledge dimension and is an indicator of people's ability to purchase a number
of basic needs, which is calculated from the average amount of expenditure per capita as an income approach from
development achievements toward a decent life.

Furthermore, a variable that influences poverty levels in Indonesia is the average length of schooling. The results of this
research show that the average length of schooling influences poverty levels in Indonesia. This finding is in accordance with
previous research, which also shows that there is a very strong relationship between the average length of schooling and the
percentage of poor people, namely, the higher the average number of years of schooling is, the lower the percentage of poor
people (Asro & Ahmad, 2018). This also occurs because the average length of schooling is the factor most considered in
increasing the human development index (Listiani, et al., 2022).

Next is the per capita expenditure variable for all households in Indonesia for personal consumption, which also has an
effect on the poverty level in Indonesia. This is obvious since per capita expenditure is closely related to income level. If the
income level is low, then it cannot meet the expenses needed for living needs. The results of this study are the same as the
results of previous research, which showed that average per capita expenditure had a significant influence on poverty level
levels in 2014 (Setiawan & Adjim, 2017). Finally, the results of the model also show that literacy rates and life expectancy rates
are factors that can reduce poverty rates in Indonesia, where literacy rates are the proportion of the population of certain age
groups who have the ability to read and write in Latin letters, Arabic letters, and other letters. The higher the literacy rate is,
the more the poverty rate decreases significantly. The quality of good human resources positively affects a country's economic
progress. Moreover, life expectancy is an important parameter for assessing the health of individuals in an area. With an
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increase in life expectancy, people have a greater life expectancy, which has the potential to increase economic opportunities
to achieve higher incomes (Johri & Jain, 1984; Messias, 2003).

5. Conclusions

On the basis of the results of research using simulation data with n=25, 50, and 75, the Liu method is the best method
for solving multicollinearity problems because the MSE value of the Liu method is smaller than the MSE values of the MLE and
LASSO methods. In addition, Liu's method for poverty level data in Indonesia revealed that population density, the human
development index, the average length of schooling, per capita expenditure, the literacy rate, and life expectancy significantly
influence poverty levels in Indonesia. These results suggest that Indonesia needs improved education to obtain human
resources that are able to compete both now and in the future. For future research, this method can be applied in different
contexts and data.
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