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ABSTRACT: It is well known that there are many mathematical financial failure models that have been proposed
in the financial literature for specific stock markets. Some researchers are not aware these mathematical models
were constructed to be fitted for that market data, not for other markets. Iraq stock market exchange is one of these
markets in which the researchers used imported models such as Kida, Sherrod, Altman, and others to predict
financial failure. Therefore, the development of a financial failure warning model for banks has become very
crucial for the Iragi bank sector in the stock market exchange. Unfortunately, there is no clear information about
the financial failure of Iragi banks as a response variable, and the financial indicators contain outliers. The
objective of this paper is to propose an algorithm to know the performance of efficient and inefficient banks based
on their indicators during specific time periods. The output of this algorithm will be considered as response
variables. Then, a weighted adaptive lasso logistic regression algorithm that has a high breakdown point is used to
tackle outliers’ problem. Thirteen banks have been chosen as the most traded during the period (2010-2017), and
for each bank (27) financial indicators were collected. Our proposed model is compared with adaptive lasso
logistic regression by using Deviance, Misclassification, Area Under Curve, Mean Square Errors, and Mean
Absolute Errors. Consequently, the results showed that the weighted Adaptive Lasso Logistic Regression model is
more robust and relevant than others to be a financial model to warn of the failure of the banks in Irag's stock
market.

Keywords: Lasso, Outliers, Leverage Points, Financial Failure, and Logistic Regression

1. INTRODUCTION

The prediction model of financial failure is a very important statistical model and sends early warning signals of
financial risk for business firms. Its management has to revise its strategic plans and decision-making to improve its
financial activities and avoid these failure risks. Models such as Altman [1] and Sherrod [2] were put forward to
specific markets, which are considered strong forms of efficiency markets. It is well-known that the international stock
market exchanges are classified into three forms of efficiency: strong, semi-strong, and weak [3]. Unfortunately, many
authors used these models even for weak efficiency markets. Many authors pointed out that Iraq’s Stock market
exchange is considered a weak form of efficiency, but many of them used these models with Iraq’s market data.
Statistically, this procedure is incorrect because the models were built from samples randomly selected from its
markets, which are known as strong efficiency and cannot be generalized for weak markets.

So, building a particular model for predicting the financial failure of the Iraq stock market exchange has become
necessary. Due to the binary response of the financial failure model and the existence of many financial indicators, the
logistic regression variable selection methods are recommended. Recently, many papers have addressed building
models for predicting the financial failure of companies and banks in the financial literature. The Lasso variable
selection method of Logistic regression has been recently applied to select the most important financial indicators to
predict financial failure [4].

Indeed, the assumptions of logistic regression are not easy to meet in the real world of data. It is probable that
some violations of these assumptions occur; therefore, we need to consider it [5]. Silverstone [6] pointed out that the
Maximum Likelihood is the best method for estimating the logistic curve when the response is binary and is binomially
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distributed. It is considered one unbiased estimate method when the sample size is large enough. Moreover, it has a
unique solution when its assumptions are met [7].

Unfortunately, the presence of outliers leads to violation of these assumptions and the parameters estimation of
logistic regression will be misleading. Outliers in the logistic regression can appear on both sides of the model, the
response variable and independent variables. Let us focus on the good and bad leverage points. They appear in the
space of the independent variables. Croux et al. [8] found that the bad leverage points are the most dangerous types of
outliers because they are observations of classification error and, at the same time, an unusual observation that moves
away from their counterparts in the variables space Illustration.

Some of the robust approaches that have been presented in the statistical literature to tackle this problem replaced
the robust objective function instead of the Maximum likelihood function, such as ([9]; [10]). Pregibon [11], Bianco
and Yohai [12], Carroll and Pederson [13], and Croux & Haesbroeck [14] added weights to this estimator to reduce the
effect of leverage points in the space of the independent variables. In 1985, [15] suggested using the robust
Mahalanobis distance instead of the traditional one to address the problem of leverage points. Most of these weights
depend on the robust Mahalanobis distance, which depends on the Minimum Covariance Determinant (MCD) estimates
proposed by [16].

Rousseuw [17] mentioned that High Leverage Points (HLP) do not allow the model to fit due to it having a
significant impact on the method of Maximum likelihood. Imon (2006) [18] showed that this type of leverage point is
not only responsible for giving wrong estimates but also has the ability to create the masking problem ([19], [20],[21]).
In 1986, [22] mentioned that logistic regression analysis might not be accurate when the number of independent
variables is large. Sometimes, the number of independent variables exceeds the sample size. In this case, Lasso [23]
and its siblings are the best choices.

However, this paper concentrated on building a prediction model of financial failure for the bank sector of
the Irag stock market exchange. Two challenges have faced us. First, there is not enough information about the
financial failure of banks except in two cases of bankruptcy banks. The second challenge is that the financial indicators
collected for this paper are contaminated by the high leverage points with masking and swamping cases. The standard
algorithm is suggested to overcome the first challenge and then obtain the binary response for failure and success cases
as a dependent variable. A weighted adaptive Lasso algorithm that has a high breakdown point is proposed to tackle the
second challenge simultaneously as a robust estimation and variable selection. The rest of this paper is organized to
present the Penalized Logistic Regression in Section 2. Section 3 describes the Weighted Adaptive Lasso Logistic
Regression Algorithm. Section 4 explains Iraq banks’ financial indicators data, and Section 5 is the conclusion.

2. PENALIZED LOGISTIC REGRESSION

Suppose that the dichotomous response y; (financial failure and success) may be connected to a set of linear
combinations of financial indicators 5;X;;, where §; is the coefficients vector, X;; is the financial indicators,
i=12 ..,nand, j =12, .., p. These types of data usually lend themselves to logistic regression since the fitted
values will be within the acceptable range of binary responses, which are only restricted by the values 0 and 1. The

distribution of i*" case is Bernoulli, y;~Ber(m,) where m; is the probability of success case when (y; = 1),

gﬁu+.i?_;in‘x’g'_;i
m; = p(yilxg) = 2 oPovRs 0<m < 1. (1)

When (y; = 0 is the probability (1-m;) of failure case is equivalent to, we then have

gPothjXi; 1

L= = 1= e — o )

where f3, is the intercept, (,G’J-) . is the vector of unknown financial ratio coefficients, i = 1,2, ...,n, j=1.2,..,p

nx

if all cases have been considered together, y;~Bin(n, ;) is binomial distribution and the relationship between 7; and
x; is nonlinear. In 1944, [24] suggested logistic transformation of probability estimated vector p(y; = 1|x;) to be a
linear function. The logit transformation can be written as follows:

GHotBiXiy
log (%) = log | =" | = log(eFo*E% ) = i, + X, ®)

1-m; —_—
! 12eP0TR X}

The likelihood function for the logistic regression model is then given by
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L(Bo. ;) = TTs (o + B Xy,)™ (1 — (B + ﬁ;ij])l_yi 4

Then, the coefficients 8, and 3; can be estimated by minimizing the negative log-likelihood function, which is defined
as:

L(Bo.B;) = Eies [ i 1og (m(Bo + £%;) ) + (1 —ylog(1 — m(Bo + BX, )] )

The weakness of Eq. (5) is that it cannot control the overfitting problem. In 1996, Tibshirani [23] added non-negative
L, Lasso penalty term to negative log in Eq. (5) to control the size of financial indicators coefficients as follows:

Qua(B) = —logL(B) + A13°_|B)| 6)

where § = (,5’0) vector, ¥7_ [B;| < tandtis a constant such that the smaller values of 0 <t < ¥7_,|B;| produce a
J

shrunken estimate of the Lasso coefficient. Choosing appropriate t, Lasso tends to force some coefficients to be exactly
zero so that Lasso can select the variable with non-zero coefficients like subset selection methods.

Suppose that with the initial value of 4, ﬁj“” = AJ-‘”S - %sign(ﬁj“”) . Since both ,ﬁﬂ’jm" and ,GA;”S share the
same sign, we can rewrite the previous formula as follows:

-

Bjasse = Aj‘”s —i—_si‘gn( Aj’m") & ,éj‘”s = Af‘“s" —l—i—_signl:ﬁ}ra”"]. It is clear that the part of ,GA}“SS" +’;—_sign(,6’AJ?“SO)
must be positive or negative if the sign of /%< is positive or negative, respectively.
Consequentially, sign(f/25*°) = sign(*). Then

ﬁﬂjlrasm = Sign(ﬁﬂjp!s) (ﬁﬂjp!s _%)Jrrj =12,..,p. )

where (+) denotes the positive part of the expression inside the parenthesis. Hence, ’1; is a crucial threshold point for

non-zero or zero estimate estimates, where the corresponding |Ef'5| c::‘% and the algorithm set EE““: 0. The

parameter A can be found by solving the equation (last one) subject to ZJ-,G’AJ?“S” = t. Therefore, each value of A

corresponds to a unique value of ¢. For instance, if we have two predictors, without loss of generality, we may assume
that the OLS estimates are positive. Now, A can be computed as follows:

Jé]{a.ssa — (ﬁf[s _"1_)+
2

ﬁ“[a.ssa — (ﬁ"a[s _"1_)+
2 2 2

~ i + - a +
ols _ * ols _ "~ =
( 1 2) +( 2 2) t

= (-2) + (2] -0

— ﬁ{assa + ﬁéfa.s:-a =t (8)

B 4+ 95 —A—t=0= A= o5 + o ¢ ©)

By substituting Eq. (9) into Eg. (8), then

Fols_ ol + Hols_ ol
Alasso _ [ pots _ BT +B2 -t _ £+ 1§ e-p
fiasso = (B¢ e

ts mols . wt e 2ol (10)
ﬁ“[a.ssa — (éa[s _ IGF‘S"'IBELS_I) _ (E_ fls_ﬁgls)
2 2 2 2 2
Eqg. (10) may be generalized for multivariate cases:
a ) - - i +
£ = Y2 |Blesso] = ¥2_, [s:gn[:ﬁj‘”s) (6= -2) ] (11)
. 5ols & 2

t =Y, sign(Bf=)p7 — P (12)
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Mathematically, the relationship between tuning parameters t and A is one-to-one. This tuning parameter is considered
the absolute bound.

When 4 = 0, the logistic parameters can be estimated by maximum likelihood, 4 = @ when all parameters are
removed. Consequently, as 4 increases step by step, more coefficients are either set to zero or removed, yielding sparse
subset non-zero coefficients. The regularized coefficient vector 5 can be estimated by minimizing @, ; (8).

In 2003, [25] introduced sparse logistic regression with L, penalty. Meanwhile, Zhu and Hastie [26], Park and
Hastie [27], Sun and Wang [28], Plan and Vershynin [29], and Yang and Qian [30] found intriguing findings and
applications of the Lasso approach in logistic regression. However, the Lasso penalty has come under fire for being
biased because it frequently chooses numerous noisy variables [31]. Fan and Li [32] stated that a good selection
procedure is one that has the following oracle properties.

Diagnostic the correct submodel, T = {j: §; # 0}

. L e d o - , ) '
e Has the optimal estimation vn(fBp— fr) — N(0,£), where £ is the variance-covariance matrix of the true
model.

In general, the Lasso path is inconsistent where the probability mass is greater than zero. Even if the whole path
contains the true parameter value, it cannot be achieved using prediction accuracy as the selection criterion [33]. In the
context of linear regression models, Zou [34] developed the adaptive Lasso penalty to address the bias drawback. The
adaptive Lasso criterion for logistic regression specifically takes into account the objective function [35], given by

Qua(B) = ~logL(B) + ATy, (13)

where f3; is the initial estimator for f;.

The first part of Eg. (5) and Eq. (13) is a negative log-likelihood loss function, which is sensitive to the
presence of leverage points that lead to erroneous conclusions due to its influence. Some interesting applications of the
penalized method of logistic regression for high-dimensional data can be seen in [36], [37], and [38]. All of these
methods are focused on the selection of robust loss functions instead of negative log-likelihood functions.

3. WEIGHTED ADAPTIVE LASSO LOGISTIC REGRESSION ALGORITHM

The breakdown point of Adaptive Lasso Logistic Regression (ALLR) can be zero in the presence of at least a single
leverage point. Our proposed algorithm-weighted ALLR (WALLR) can be summarized to reduce the influence of
leverage points in ALLR as follows:

1. Computing Minimum Volume Ellipsoid (MVE) of multivariate location (Xg,;) and scatter (c(X)g,p ) Of
financial indicators. The estimator of MVE is a concentration algorithm that covers at least half plus one of the
data set using Order statistics.

2. Finding Robust Mahalanobis Distance (RMD) relies on step (1)

RMD; = \/ (X; — Xpop)'c(X) 0y (X; — Xaop) (14
in which any value of (RMDE- > Jx?p.U.QSW ) is considered a leverage point.

The weights’ function is calculated as follows:

1 if RMD, < | X2,095)

w; = 2 (15)
(poos)
v o, if RMD, > | Xino05)
Finally, WALLR can be written as follows:
; ; 8"
Cna(B”) = —log L(B™) + Ay leﬁr (16)
I

in which vector " can be estimated by minimizing @, ; (8").

4. IRAQ BANKS FINANCIAL INDICATORS DATA

The data set is collected from the Iraq stock market exchange. We have taken a random sample of (13) banks from
(26) banks registered in the market and were the most traded without interruption for the period (2010-2017), which are
(The National Bank of Irag (NBI), Ashur International Bank (AIB), Babylon Bank (BabyB), Bank of Baghdad
(BaghB, Elaf Islamic Bank (EIB), Credit Bank of Iraq (CrBl), Investment Bank of Iraq (IBI), Trade Bank of Iraq
(TBI), Gulf Commercial Bank (GCB), Al-Mansour Bank for Investment (MBI), Sumer Bank(SB), Commercial Bank
of Iraq (CoBI) and finally, the National Islamic bank (NIB)), as we collected starting (27) financial indicators.
Unfortunately, we did not find any information about the failure and success of banks on the website of the Iraq Stock
Market Exchange. Therefore, we propose the standard algorithm to determine the performance of efficient (1) and
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inefficient banks (0) based on their indicators for the period (2010-2017). The output of this algorithm will be
considered as binary response variables.
Let X, 1pax27; De the design matrix of indicator (27) for the period (2010-2017), which includes (104) observations. The
National Bank of Iraq has (8) observations for each indicator placed at the first eight rows of X, in which the ninth row
to the sixteenth row have been assigned to Ashur International Bank, and so on for other banks according to their
sequences in the collected data.
Each bank should be subjected to the following steps,

1. Compute the column median of X, Med,; = median(X), which represents the sector median of (27)

indicator for the full period, see Table 1.

2. Leth=1{1917,..,96,104} # as a vector
3. Let ¥ be an empty vector
4, ForK =1:13 Do { # is accouter
5. Z s zeros vector # the length of this vector being 27
6. Bank'® = X[b[K]:(b[K + 1] —1),] # Determining the specific data of bank K
7. Let R be an empty vector
8. For j=1:[b[K+1]—1] Do { # is a counter,
7 — [1 if X[j.]= Med”
0 Otherwise
R[] = {1 if ¥zi5 = 14
) 0 Otherwise
¥ =(Y,R)
}
9. END

The length of Zg; ! vector is (27), which is the indicator of K" bank for a certain year. We consider the K bank
such that when the number of successful indicators exceeds (14), it is efficient because it has (14) cases of success,
which represent more than half of the indicators. For this reason, we indicate putting the number (1) for that year in
the response variable and vice versa. The vector ¥ is the binary response, which represents the failure and annual
success of banks.

Table 1: The medians of the banking sector of (27) indicators for the period (2010-2017)

X1 X2 X3 X Xs Xe Xz Xs X
0.056 0.47 15.555 1.85 1.134 0.9 0.9 1.03 0.76
X1o Xu X12 X13 X4 Xis X6 X7 Xis
0.91 1.147 0.103 0.056 0.048 0.06 0.062 0.158 0.522
Xug X20 Xa1 X22 X3 Xoa Xos X6 Xar
0.073 0.923 0.488 15 0.432 0.951 0.489 0.022 1.909

4.1 DETECTION OUTLIERS AND LEVERAGE POINTS

For the detection of outliers in the response variable, we used the Standardized Pearson residuals,
YoM p s the diagonal elements of H = /WX (X' WX)~1x"\/W (for more details,

i
ST = Ty W = mam
see [39]). The preliminary results showed that there are no outliers in these residuals.
Robust Mahalanobis Distance (RMD) is identified as leverage points in the indicators. The results showed that there is
a large number of Leverage Points (LP) in the data set, similar to the RMD method after comparing it with the cut-off

point (X?u.g?s.ZTtu = 6.762). It turns out that about (34%) of the data are LP and that three of them are high LPs, while
the traditional method MD detected only (19%) of the LP without HLP. Fig.1 explains there are three (HLP) detected
by the (RMD) method that have masked about (16) observations by the MD method, and this phenomenon is called
(masking), which was referred to [40].
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Fig.1: Robust Mahalanobis Distance vs Classical Mahalanobis Distance for detecting leverage points
4.2 ROBUST DIAGNOSTIC of MULTICOLLINEARITY PROBLEM

From the aforementioned, it is clear that the influence of the LP should be reduced to the least possible before
proceeding with testing the presence of the multicollinearity problem because it may be a reason for the emergence of
this problem. Therefore, the researcher used the data weighting method using a weight function based on the (RMD). It
is extracted by using the location and measurement matrix (MCD) and then multiplying the explanatory variables
matrix (X) by the function:

-
W, = min(l,L'R 1;;;”) (17)
(@i

Testing the existence of a multicollinearity problem with the presence of LPs is not feasible. Hence, we weighted
the indicators (X_((W,i))) to get rid of the effect of LPs followed by the Pearson Correlation Coefficient. Fig. 2 clearly
shows that there are high correlations between some of the indicators, as the color gradient on the left of the figure
indicates the degree of correlation starting from (-1) and ending with (1). Meanwhile, the dark blue color indicates
strength of a strong to perfect correlation. We notice that the points of the main diagonal have completely taken the
dark blue color because they represent the complete correlation (1) between the variable and itself, while other colors
close to this color indicate a strong or very strong correlation as follows:

cor(X;,Xi,) = 090, cor(X;,X3) = cor(X;, X5) = cor(X:,X1,) = 090,

= X X Wy

cor(X1s.X17) = 0.90 cor(X:,X;,) = cor(X:,X5,) = cor(Xs,X55) = 0.90, cor(X;,X55) > 0.90,

I = t]
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Fig.2: The correlation coefficient between unweighted indicators
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4.3 BUILDING the EARLY WARNING MODE of FINANCIAL FAILURE

According to the initial description of the data, there is a violation of the assumptions of logistic regression, such as
the presence of LP and multicollinearity problems with high dimensional data, so selecting the suitable estimation
method is crucial. We employed an adaptive Lasso with weighted and unweighted data for dimensional reduction and
to eliminate the multicollinearity problem. The adaptive Lasso is a robust method when it is used with weighted data,
but it is not that case with unweighted data. However, the performance of both methods results in two financial failure
models. The assessment of each model relies on some criteria to select the best ones as follows,

e Deviance(nm|¥) = -2 ¥ ,(¥; log(m;)) + (1 —¥;) log(1 —m;)

e Specificity = % which is equivalent to False Positive Rate (Misclassification)

e The ROC from Area Under the ROC Curve (AUC) stands for the Receiver Operating Characteristic Curve,
which can show the powerful performance of the model for classification at all classification thresholds. AUC
assesses how well they are rated Instead of assessing predictions’ absolute values. Moreover, it evaluates
the accuracy of the model’s predictions regardless of the categorization threshold that is used. The
plotting of AUC refers to the tradeoff relationship between Sensitivity and Specificity.

T *® _ \Where TP,FP,FN and TN are the True Positive, False
TP+EN FP+TN

Positive, False Negative and True Negative, respectively. Mean of Squares Errors (MSE)and mean

oy 2 . i
absolute errors (MAE), in which MSE = Lz h) and MAE = “"—ny‘l, respectively.

n
4.3.1 ADAPTIVE LASSO LOGISTIC REGRESSION (ALLR)

Based on the foregoing, we think Adaptive Lasso of Logistic Regression (ALLR) is an important penalized
method that can be used with our data before and after weighting the indicators. The r-code of ALLR is available in the
glmnet package of the R programming statistical packages. For this purpose, the original full dataset is divided into two
subsets: a training data set that includes (80) samples specific to (NBI, AIB, BabyB, BaghB, EIB, CrBI, IBI, TBI,
GCB, MBI), and another one testing data set that includes (24) samples and specific to (SB, CoBI and finally, the
NIB). The ALLR has been applied with an unweighted training dataset to get the best indicators with non-zero
coefficients. Table (2) displays the results of regression coefficients of the ALLR method when the tuning parameter
A = 0.017, which is computed using the cross-validation method.

The ALLR method selects (14) indicators with non-zero coefficients. Consequently, the best indicators that
have to be in the Early Warning of Financial Failure Model are (Dividend return ratio X, Current ratio X, Liquidity
ratio X4, Operating ratio XX, ,, Profit ratio X, 5, asset turnover ratio X, ;, The ratio of revenue to total deposits X;;, The
ratio of expenses to total deposits X,,, Deposit-capital ratio X,,, Market value indicator X,,, Liquidity / Total assets
ratio X4, Shareholders’ equity/ assets ratioX,s, and Total assets / Total liquidity ratio X,;). It is notable that all
coefficients presented in Table (2) are statistically significant. Thus, the ALLR model suggests that the indicators with
non-zero coefficients do influence the financial failure of banks. The positive values of coefficients result in an
increased probability of financial failure of the banks, while the negative values reduce the probability of financial
failure of banks. For instance, efs = 29629205 = 1,876 will be the odds ratio that is associated with the Current ratio,
which has approximately 88% more odds of having a financial failure of banks than successful ones. Meanwhile,
ef1n = —00134 » 0 99 refers to the Annual closing price associated with a (1%) reduction in the relative risk of
financial failure.

It is evidence that ALLR chooses some significantly correlated indicators (16,17) and (22,24) with the non-

zero indicators. Certainly, ALLR will not be the best choice for building the warning early financial failure model
because it is an inefficient method in the presence of multicollinearity. The LPs may be the source of this problem. If
the WALLR method avoids this problem and selects uncorrelated indicators, it surely will be the best.
The model of best indicators of ALLR has been used with the testing data set to predict the probability of success of
the banks during the period of study. Table (3) presents the expected probability m;, and annual prediction class, either
failure or success for Sumer Bank, Commercial Bank of Iraq, and the National Islamic Bank, which are considered in
the testing dataset.

It is clear that there is a significant difference in the performance of banks with this model. This showed that
the performance of the CoBI bank was distinguished throughout (7) years except in 2014, while the NIB did not suffer
from any failure case in its performance. The SB started the year (2010) in failure and then improved its performance
until (2015) and (2016), which were failure years, and finally, in 2017, it began gaining success again.

Sensitivity =

Specificity =
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original data, what percentage did we miss-classify?

Table 2: The ALLR coefficients of Indicators for unweighted data

Indicators ﬁ Indicators ﬁ Indicators ﬁ
X1 47.65771 X10 0 X19 2.691213
X2 0 X11 -0.0134 X20 6.821134
X3 0 X12 -0.68404 xX21 0
X4 0.629205 X13 -0.65431 X22 -8.05046
X5 0 X14 0 X23 0
X6 0 X15 0 X24 -4.33356
X7 0 X16 52.76402 X25 29.072
X8 0 X17 15.39094 X26 0
X9 0 X18 0 xX27 -26.9476

Based on the r; presented in Table (3), the values of all criteria are shown in Table (4). It is notable that the
Deviance is 0.86, and the FPR equals (0.17), which means from all banks that were recognized as “success” in the

Table 3: The 7r; and Prediction of Classification for the banks in an unweighted testing dataset

Prediction of

Prediction of

Bank mw; Prob. o Bank Tr; Prob. o
Classification Classification
my, 0.46 F Mg 0.03 F
e
m, 0.72 S S é T4 0.97 S
E —_
E G
m,  0.99 S § x m: 096 S
(@) 3+
s}
X
= my, 1.00 S Mg 0.96 S
M
)
S ms  0.99 S M7 0.97 S
wn
m; 0.04 F ~ Mg 0.99 S
3
s}
m;, 012 F E mye 080 S
s
Kz
mg 0.85 S = T3 0.99 S
S
w Ty 099 S Z T, 0.99 S
s %
m  myy 099 S Ty 0.99 S
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my, 081 S T,s 051 S

T, 081 S Ty, 0.99 S

AUC is approximately 89%, meaning that the model has the ability to distinguish the data of the response variable by
(89%) (see Fig. 3). This is confirmed by the fact that the classification error amounted to about (17%), the MSE of
about (0.24), and the MAE about (0.38).

Table 4: The values of model assessment criteria of ALLR

Method Deviance FPR AUC MSE MAE
ALLR 0.86 0.17 0.89 0.24 0.38

10

|
0.761 (0.833, 0.944)

AUC: O.889

Sensitivity
00 02 04 06 08
|

I I I I I I
1.0 o.8 0.6 0.4 0.2 0.0

Specificity

Fig.3: AUC of ALLR

4.3.2 WEIGHTED ADAPTIVE LASSO LOGISTIC REGRESSION (WALLR)

We conducted the process of estimating the robust parameters using WALLR when the tuning parameter
equals (A = 0.86). It is evidenced from Table (5) that WALLR selected only (7) indicators to be in the best model. The
indicators selected are Equity ratio X, Profit ratio X, 5, Deposit-capital ratio X,,, Shareholders’ equity/ assets ratioXss,
Net profit after tax/ Total assets ratio X,,, and Total assets / Total liquidity ratio X,,. However, the X,, X,5, and X,z
indicators possess the greatest relative impact of early warning of a financial failure of banks while the X, and X5
indicators have reduced this impact.

Table 5: The WALLR coefficients of Indicators for unweighted data

Indicators ﬁ Indicators ﬁ Indicators ﬁ
X1 0 Xio 0 ST 0
X2 6.238317 Xu 0 X20 3.708139
X3 0 X12 0 Xa1 0
Xa 0 X3 -0.55391 Xa2 0
Xs 0 X1a 0 Xa3 0
Xe 0 X1s 0 Xaa 0
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X7
Xs
Xo

0 X6 0
0 X1z 0
0 X 0

Xos
Xo6
Xor

13.25335

-7.23084

-10.0431

We have plotted the correlation matrix of weighted indicators to be sure that there is a multicollinearity problem.

Fig. 4 confirms no multicollinearity problem between the selected indicators.

After obtaining
7r;, which led to the result presented in Table (6).
Table 6: The r; and Prediction of Classification for the banks in a weighted testing dataset
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Fig.4: The correlation coefficient between weighted indicators

robust

estimators, it is also possible

to
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the

robust  probabilities

Bank mr; Prob. Prediction of Classification Bank mr; Prob. Prediction of Classification
m, 0.02 F my; 0.01 F
- O
8 g
m, 0.00 F o X My 0.99 S
E G
E x
T, 0.11 F 8% ms  1.00 S
E m, 050 S ;6 0.99 S
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4
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S
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T 0.08 F Ty, 0.98 S
T, 0.73 S Ty 0.37 F
T, 048 F M, 0.15 F

The predictions of this model are considered robust. Therefore, the results presented in Table (6) showed the first three
years of the SB were a failure. Still, in the years ( 2013-2017), it is back again to success, while the CBI started
oscillating between failure and success in the first five years dominated by cases of failure. Still, in the last three years,
it showed very good efficiency. Unlike the previous cases, the NBI started a strong beginning of success listed in the
first six years in Table (6), but in the last two years, it started to fail.

Table 7: The values of model assessment criteria of WALLR

Method Deviance FPR AUC MSE MAE

WALLR 0.47 0.13 0.98 0.15 0.35

The results obtained from the WALLR method are presented in Table (7). Moreover, the value of (AUC) amounted to
approximately (98%), which is a very high percentage that confirms the ability of the chosen model to predict a new
observation that is either (0) or (1) (see Fig. 5).

0.281 (0.875, 1.000)

AUC: 0.977

Sensitivity
00 02 04 06 08 10

! ! ! ! ! |
1.0 0.8 0.6 0.4 0.2 0.0

Specificity

Fig.5 AUC of WALLR
5. CONCLUSION

This paper has suggested a robust prediction model for the financial failure of the banks in the lraq stock
market exchange. The procedures to get such a model require assumptions of logistic regression to be met. One of the
important assumptions is the response variable should be binary. Unfortunately, this variable is not available in the Iraq
stock market exchange. Therefore, we have proposed a simple algorithm to overcome this problem. The data of
indicators has LP and collinearity problems. A weighted function has been used to tackle the LP problem and Adaptive
Lasso logistic regression is used to process the problem of collinearity and reduce the dimensionality. The proposed
method (WALLR) produced a prediction model of financial failure, which is compared with the model of traditional
adaptive Lasso logistic regression (ALLR) by using some criteria. The results show the model size of WALLR is
smaller than the ALLR model, and it is more efficient than it is due to very low values for (Deviance, misclassification,
MSE, and MAE) and, moreover, very high AUC. Consequently, we recommend that interested researchers and bank
managers use this algorithm to evaluate their bank performances as warning messages and avoid financial failure.
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