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1.Introduction

One of the most important foundations of scientific research is the study of problems or phenomena in various fields such
as economics, sociology, and medicine . The main goal of studying it is to determine the main equation that represents
that phenomenon accurately, by collecting data related to it from various available sources. Then, this data is analyzed
using statistical techniques and mathematical analysis to determine the relationships between the different variables and
design statistical models that describe these relationships, which constitutes the basic entry for understanding more deeply
and identifying its main features. This process is referred to statistics as modeling phenomena[Ross,2020].

Of all the generalized linear regression models

1- the inverse Gaussian regression model is one of the most popular, being widely used in many applications. The inverse
Gaussian model is listed in the tables of the generalized linear model families as of a basic model, rarely, it discussed
adequately despite its importance. Even (McCullagh, P.) and (J. Nelder) [McCullagh et al ,1989] give only a passing
comment on its existence[peter et al,2018].
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2- Widely the inverse Gaussian regression method is used in many fields of industrial engineering, life testing, reliability,
marketing, and social sciences and this method is most useful in cases where the responding variable is skewed in the
positive direction [yonis et al,2022].

3- Most of the data in real-world application contain problems such as the problem of the large number of independent
variables studied, which is a well-known problem among statistical researchers, and negatively affects the estimation
process. This problem can lead to ignoring some important explanatory variables in some cases.

Traditional methods for selecting subsets such as forward selection, backward elimination, and stepwise selection have
become less efficient in their function and more expensive to compute. In addition, information criteria for selecting
variables such as Akaike information criterion (AIC) and Bayesian information criterion (BIC) have become impractical in
selecting explanatory variables due to their computational complexity, which grows exponentially with the increase in the
number of explanatory variables [Alkhateeb et al,2021].

By highlighting a number of factors that may affect the quality of these methods and the necessity of using them under
certain conditions rather than other methods. this research aims to employ the modified Raven algorithm and compare it
with other methods for selecting explanatory variables in the inverse Gaussian regression model using simulation and real
data.

2. Inverse Gaussian Regression Model (IGRM)

The inverse Gaussian distribution, which has two positive parameters, the location parameter (1) and the dispersion
parameter(7), is used as a continuous distribution when the response variable follows y; a skewed pattern positively. This
distribution is denoted by the symbol IG~(u,7), and the probability density function for this distribution is defined as
follows:

]%exp{— g (y—u)z},y>0 (1)
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Equation (1) can be converted to the exponential family form because the inverse Gaussian regression model (IGRM)
belongs to the family of generalized linear models (GLM), by rewriting it as follows [Akram et al, 2020 ,Yaha,2019]:
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Where:

0: The canonical parameter or link function

b(8) : The cumulate function

¢ : The dispersion parameter

C(y, ®): The normalization term: It is a normalization function that ensures that equation (2) is a probability function. So
c(y, ¢)« is a function with significance ¢and yguarantees that [ £, (y; 8, ¢)dy = 1 whether the variable is Y continuous

or Y, f,(v;0,¢) = 1 if yis discrete[Olsson,2002 ,peter et al ,2018].
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Equation (3) can be written in a simpler form as follows:
- 3
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Therefore:
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Through compare equation (4) with equation (1), it obtaining:
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==, b() =—=—==—V-20,¢p =—
2p? ©) n \-26 ¢=1
The link function can be used to obtain the mean and variance of equation (4) as follows:
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The logarithmic likelihood function of the inverse Gaussian regression model can be defined using the maximum likelihood
method to estimate its parameters. This function takes the following form [Yahya,2019]:
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The first partial derivative of the parameters B of equation (8) is calculated and set equal to zero. By this procedure, the
maximum likelihood value of (IGRM) is obtained according to the above formula.

aL(B) n 1 1 T
—— =)t —|yi——|x; = 0 (9)
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The first derivative cannot be computed due to the non-linearity of equation (9) with respect to the parameter . To overcome
this problem, numerical techniques as mentioned in the study by[Salh et al ,2021], such as the Newton Raphson iterative
method[Mawlood,2021] or the iterative regular least squares (IRLS) algorithm, can be used to obtain the parameters of the
inverse Gaussian regression (IGRM), where the parameters are updated at each iteration using the following formula:

B+ = B+ (XTWTX) Xy — ") (10)
The maximum likelihood estimate (MLE)
Bicry = DIXTW2 (11)
Where D = (XTWX),
W = diag(g?)

Z represents the response rate variable and calculated its value as follows:

1 i — 1)
()5
M M
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3. Invasive Weed Algorithm

Invasive Weed Optimization Algorithm (IWO) is numerical random improvement algorithm biologically inspired by weeds,

which was first proposed by Mehrabian and Lucas in (2006). Simply, this algorithm simulates the natural behavior of weeds
in colonizing and finding a suitable place to grow and reproduce. To simulate the colonial behavior of weeds, some basic

properties of this process must be taken into account:

1. Alimited number of seeds are spread over the search area (population initialization).

2. All seeds grow into flowering plants and produce seeds based on the fitness function (reproduction).

3. The produced seeds are randomly spread over the research area to grow into new plants (spatial dispersal).
4

This process continues until the maximum plants is reached.

Only plants with the highest fitness function can survive and produce seeds, but the others are eliminated (competitive
elimination). The process continues until the maximum iterations is reached, in hope that the plant with the best fitness

function will be the closest to the optimal solution.

The IWO algorithm includes a number of basic steps. These steps are interconnected with each other and this algorithm
cannot be applied to any problem unless all of these steps are applied and otherwise, the IWO algorithm will lose its value

and benefit in finding and improving the solution. The steps of the algorithm can be explained as follows:

The first step: Initialize A Population

An initial population of solutions is generated and propagated over d dimensions of the problem space with random

locations and the value of the fitness function for this population is calculated.
The second step: Reproduction

A plant in a plant community is allowed to produce seeds (reproduce) depending on the value of its fitness function as well
as the maximum and minimum limits of the fitness function in the colony. The number of seeds produced by the plant
increases linearly from the minimum possible limit for seed production to the maximum possible limit. In other words, the
plant produces seeds depending on the value of its fitness function, the minimum fitness function of the colony, and the

maximum fitness function of the colony to ensure that the increase is linear.

Based on this technique, to complete and achieve the research aim each element (crow) in the set will have d locations that
represent the number of explanatory variables in the inverse Gaussian regression model. Accordingly, the employment of

the crow algorithm is according to the following steps:

The first step: Determine the size of the group

(number of herbs) which is 20, since each herb will have a vector of the number of independent variables, in addition to

determining the number of iterations within the algorithm, as the results stabilized at 300 iterations.
The second step: the initial values

that the algorithm will represents the assumptive initial values needs generated from a continuous uniform distribution

according to the interval [0,1].
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The third step: For choosing the optimal values

the Fitness Function was relied upon according to the following formula:

D ™) (12)

n

Fitness Function = min

The fourth step: Depending on the lowest value obtained by any herb according to equation (12), the locations of the

remaining herbs are updated.

The fifth step: continuing the solving until reach the maximum iteration of the algorithm, which was determined in the first

step and which will represent the optimal solution.

X, X, | Xp_1q Xp
1 o 1 1 0

Figure 1: Variables selection mechanism according to the weed algorithm
3- Criteria for Evaluating Methods for Selecting Variables
3-1 Prediction accuracy evaluation criterion
First: Prediction Error
the difference between the actual value and the expected value in the Prediction model and it measures how accurately the
Prediction method predicts the outcome.
PE=Qy-9"G -9 (13)
Based on this criterion, the best method is determined, which gives the lowest value compared to other methods.
Second: Criteria for evaluating the accuracy of variable selection

Since the proposed methods generally work on variables selection, it is important to evaluate and measure the ability and
quality of these methods in how to select important variables. Therefore, two criteria were relied upon in our study for this

purpose, as follows:

1- Evaluation criteria "C"

Symbolized by (C) to evaluation criterion which is defined as the number of true coefficients with zero values that were
correctly estimated as having zero values.

2- Evaluation riteria "I"
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symbolized by (1) to evaluation criterion which is defined as the number of true coefficients with non-zero values that were
incorrectly estimated as having zero values. The quality of penalty methods in terms of the criteria for evaluating the
accuracy of variable selection depends on who gives maximum value for (C) and the lowest value for (1).

5. Simulation Results

The Monte Carlo method was used in the simulation, to designed An experiment and simulated by using the programming
language (R), where the variable (y;) was generated in the inverse Gaussian regression model, then the values of the sample
size (n) were set, where four sample sizes were used, which are (30, 50, 100, 150), in order to study the comparison
according to the samples of different types (small, medium, large). The comparison will be made with both the Bayesian

criterion and the Akaky criterion.

First: The data of the variable y were generated following an inverse Gaussian distribution model and for a value of the

dispersion parameter equal to T = 0.5,1.5,3 and as follows:

y; ~ inverse Gaussain(pi,‘r)
p, = exp(x]B)
Second: An explanatory variables matrix X were generated with dimensions (n X p) that follows the multivariate normal
distribution:

X~MN(y, M)
M is a common variance matrix, where M;; = rli=il when (i,j = 1,2, ..., p) if the explanatory variables are correlated.

Third: The experiment was repeated (100) times in order to reduce bias in Monte Carlo experiments.

Fourth: The Poisson regression model data were generated according to the values of the regression parameter vector 3

whose dimensions are (1 X p). The values of the regression parameter vector 8 were as follows:

(1.5,2,0.8,—3.5,5,0, ...,0)T, where the number of non-zero parameters is g = 5, and the zero parameters are equal to p —

q. Pearson regression is used to answer questions such as what factors can predict the frequency of an event.

The results of the simulation experiment will be analyzed and interpreted according to the criteria of prediction accuracy
and the criteria of variables selection accuracy. (1), (2), (3) and (4) tables show the values of the criteria of (PE, C, I) for
the BIC and AIC methods and the proposed IWO method, and it can be concluded the following:

1- Itis clear that the (IWO) method gave the minimum (PE) values, when the value of the dispersion parameter changes.
The amount of improvement in prediction based on the (PE) criterion reached 35.04% and 29.66% at (n=50) t = 1.5
compared to (AIC) and (BIC) respectively, regardless of the sample size value.

2-  The (IWO) method gave the best results,. when the sample size changes and regardless of the value of the dispersion
parameter.

3- Depending on the criteria for variables selection, the (IWO) method had the maximum values of (C), which is the
number of real coefficients with zero values that were correctly estimated as having zero values, and gave the minimum
values of (I), which is known as the number of real coefficients with non-zero values that were incorrectly estimated as

having zero values.
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4- The AIC method appeared as the worst method in variables selection because it gives the maximum values of (PE) and

also as the worst method in variables selection because it tends to unimportant explanatory variables selection.

Table (1): Average of evaluating selection methods criteria when n=30

T Method PE C |
AIC 23.206 1 0
0.5 BIC 21.658 3 0
IWO 16.425 5 0
AIC 21.582 3 0
1.5 BIC 20.034 4 0
IWO 14.801 5 0
AIC 20.815 4 1
3 BIC 19.267 4 0
IWO 14.034 5 0

Table (2): Average of evaluating selection methods criteria when n=50

T Method PE C |
AIC 22.168 1 0
0.5 BIC 20.62 2 0
IWO 15.387 5 0
AIC 20.544 3 0
15 BIC 18.996 4 0
IWO 13.763 5 0
AIC 19.777 3 1
3 BIC 18.229 4 0
IWO 12.996 5 0

Table (3): Average of evaluating selection methods criteria when n=100

T Method PE C |
AIC 20.39 1 0
0.5 BIC 18.842 3 0
IWO 13.609 5 0
AIC 18.766 3 0
15 BIC 17.218 4 0
IWO 11.985 5 0
AIC 17.999 3 1
3 BIC 16.451 4 0
IWO 11.218 5 0
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Table (4): Average of evaluating selection methods criteria when n=150

T Method PE C |
AIC 19.352 1 0
0.5 BIC 17.804 3 0
IWO 12.571 5 0
AIC 17.728 4 0
15 BIC 16.18 4 0
IWO 10.947 5 0
AIC 16.961 3 1
3 BIC 15.413 4 0
IWO 10.18 5 0

5-  The Practical Side

In this side, a comparison is made between the performance of the proposed estimator IGDK and other estimators by using
actual data. The performance of the estimators is evaluated using the MSE criterion. To verify the performance of the
proposed IGDK method using actual data, specific chemical data were used (n, p) = (65,15), N representing the number
of imidazole[4,5-b]pyridine derivatives which are anticancer compounds, while the symbol p represents the explanatory
variables which symbolize the molecular properties [Yahya,2019]. This section discusses the role of the IC50 variable as a
response variable in evaluating the biological activities of anticancer compounds, and highlights the importance of studying
the quantitative relationship between chemical structures and biological activity using QSAR modeling. QSAR is defined

as amodel of biological activities based on the structural properties of a group of chemical compounds [Algamal et al,2017].

The chi-square test of fit was used to determine the appropriateness of the inverse Gaussian distribution for the response

variable (IC50), where the results showed a value equal 5.2762 and p-value equal 0.2601. Based on these results, the

inverse Gaussian distribution can be considered appropriate for the dependent response variable [Yahya,2019]. molecular

descriptors were included as explanatory variables (independent) regarding the study.

The inverse Gaussian regression model was evaluated using variables selection methods, which indicated by calculating
the mean square error values as well as the number of independent variables that were selected. The results summarized in
table 5 show that the proposed method IWO outperformed the other methods, achieving the minimum value to MSE and

the minimum number of independent variables that were selected.

Table 5 :The results of practical side

Method MSE # variables
AIC 43.681 11
BIC 41.368 9
IWO 33.174 7
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6- Conclusions

Through the simulation and the real data, the results indicate that using the IWO method leads to excellent results when
using the MSE and PE criteria, making it reliable for users in predicting outcomes and evaluating statistical models. In
addition, the sample size n has a great effect on the PE values, he larger the sample size, the better the accuracy of the
model improves and the PE value decreases,, that which means the accuracy increases. On the other hand, noticing a
decrease in the PE value when the dispersion parameter value increases. It is worth noting that using the MSE criterion
leads to better results in predicting outcomes and evaluating statistical models. Moreover, the proposed method showed its
strength by choosing the minimum number of independent variables.
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