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Summary

Financial institutions, by and large, rely on the use of machine learning techniques to

improve the classic credit risk assessment model for reduction of costs, delivery of

faster decisions, guaranteed credit collections, and risk mitigations. As such, several

data mining and machine learning approaches have been developed for computa-

tion of credit scores over the last few decades. Moreover, the existing rule-based

classification algorithms tend to generate a number of rules with a large number of

conditions in the antecedent part. However, these algorithms fail to demonstrate

high predictive accuracy while balancing coverage and simplicity. Thus, it becomes

quite a challenging task for the researchers to generate an optimal rule set with high

predictive accuracy. In this paper, we present an effective rule based classification

technique for the prediction of credit risk using a novel Biogeography Based Opti-

mization (BBO) method. The novel BBO in the context of rule mining is named as

locally and globally tuned biogeography based rule-miner (LGBBO-RuleMiner). This

is applied for discovering optimal rule set with high predictive accuracy from the

dataset containing both the categorical and continuous attributes. The performance

of the proposed algorithm is compared against a variety of rule-miners such as OneR

(1R), PART, JRip, Decision Table, Conjunctive Rule, J48, and Random Tree, along

with some meta-heuristic based rule mining techniques by considering two credit risk

datasets obtained from University of California, Irvine (UCI) repository. It is found

from the comparative study that the proposed rule miner in ten independent runs

of ten-fold cross validation outperforms all of the aforesaid algorithms in terms of

predictive accuracy, coverage, and simplicity.
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1 INTRODUCTION

Financial institutions are those organizations that provide lend-

ing services to individuals and their conglomerates. The banking

industries have a major activity of lending money to those who

require money. Therefore, they are directly involved in the finan-

cial strength of a country. Thus bad loans may be attributable

Abbreviations: ABC, Artificial Bee Colony; BBO, Biogeography Based Optimization; CAGR, Compound Annual Growth Rate; CART, Classification and Regression Trees; DT, Decision Tree;

ES, Evolutionary Strategies. FCR, Fuzzy Classification Rule; LDA, Linear Discriminant Analysis; LGBBO, Locally and globally tuned BBO; MLP, Multilayer Perceptron; NPLs, Non-Performing

Loans; NN, Neural Network; PSO, Particle Swarm Optimization; SVM, Support Vector Machine; SOM, Self Organizing Maps; SIV, Suitability index variables.

to economic and non-economic reasons and can be classified into

those who cannot pay and others who do not have the willing-

ness to pay. These borrowers even take advantage of the existing

weak legal and governance framework. As a result of which the

loan dues from wilful defaulters in 2003 were Rs.749.50 billion

and increased to Rs.1551.03 billion by the end of March 2016,

with a compound annual growth rate (CAGR) of 67.25% (Jayadev
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TABLE 1 Major wilful Defaulter of Indian Banks

No of Credit

Sl.No Name of the Banks defaulters Amount (Cr.)

1 Punjab National Bank 1, 815 Rs. 42, 000

2 Bank of Baroda 309 Rs. 06, 261

3 IDBI Bank 162 Rs. 11, 050

4 Syndicate Bank 220 Rs. 01, 159

& Padma, 2020). On an average every year, approximately 30% of

gross Non-Performing Loans (NPLs), around 2% of total banking

system loans are reported. In July 2017, Indian banks were holding

a whopping i.e., $154 billion as bad loans most of them to private

companies (Mira, 2018). According to data presented in India's lower

house of parliament in July 2018, #9,501 wilful defaulter's owed pub-

lic sector banks approximately Rs.1.3 lakh crore2. The data showed

that the number of defaulters increased by 14% and the amount they

have owed mounted to 70% from March 2016 to June 2018 (cf.

https://www://financialexpress.com/economy/). Bad loans of banks

have been steadily increasing over 11.6% of all bank loans. In Table 1,

the list of major four Indian banks and the number of defaulters are

available. Thus, the profitability of a bank has become extremely sen-

sitive to credit risks due to the possibility of non-payment of loans by

the borrowers.

As a result, banking organizations make use of various strategies

to manage credit risks. Moreover, credit risk analysis has become

an important tool for financial risk management (Celik, 2013). The

increase in defaulter's rate in the credit risk dataset which is not found

to be reliable provides motivation to undertake the current study

(Chen et al., 2015). As credit risk is one of the major and serious

threats that financial institutions face, its assessment and prediction

require sophisticated modeling techniques (Lessmann et al., 2015). In

this regard, various intelligent systems have been used for classifying

financial data (Louzada et al., 2016). Thus, classification techniques play

an imperative role in the banking and investment industry to manage

default risk, progress cash flow, and decide on the best customers.

As such, a constructive credit scoring model can only strike a balance

between accuracy and comprehensibility. But designing a credit risk

analysis model is a challenge in the area of financial engineering around

the world (Schiantarelli, Stacchini, & Strahan, 2019)

Historically, computer-generated credit risk models are found to

be highly reliable for improving the performance of financial assets

(Marques et al., 2013). These automated credit scoring systems were

even proved to be superior in several respects as compared to man-

ual risk assessment. The advantages of the new models include

increased objectivity and reliability, and reduced costs during the

assessment of new credit applications. (Goh & Lee, 2019). For this

reason, financial institutions rely on appropriate predictive models

for handling risks (Chen, Ribeiro, & Chen, 2016) and smooth lend-

ing of loans. Finlay (2011) determined a vast amount of capital in

consumer debt losses could be prevented by improving the per-

formance of computerized credit assessment models. Moreover, an

accurate prediction can help in selecting the best set of clients and

improving financial strength. Therefore, an accurate classification

2 https://m.dailyhunt.in/financial+chronicle- epaper- finance/newsid- 101284174

performance model minimizes prediction errors. By and large, accuracy

has been the primary focus of credit scoring which can potentially lead

to considerable savings and profits in the future. Numerous computa-

tional methods have been considered for application in automated loan

decision-making processes (Pandey, Giri, & Jagadev, 2019). However,

these methods have not been widely adopted due to their inherent

complex in nature and lack of sufficient interpretation. Although sev-

eral techniques have been developed for credit risk assessment, very

few of them have focused on balancing accuracy and comprehensibil-

ity (Tsai et al., 2014). Therefore, the present research seeks to add a

few more results in this direction.

Earlier studies had demonstrated that rule-based classification algo-

rithms were highly recommended for prediction of credit risk as

compared to non-rule-based classification algorithms (Davalos et al.,

2014; Dehuri & Ghosh, 2013). These rule-based classification algo-

rithms were highly expressive, generated interpretable rules, classified

instances with high predictive accuracy, and handled categorical

attributes easily. Moreover, the performance of such algorithms was

at par with that of non-rule-based classification algorithms. How-

ever, rule-based classification algorithms have their own merits and

demerits. In general data mining algorithms, including rule-based

classification, such as CART, Prism, C4.5, and non-rule-based classi-

fication, such as k-NN, Naïve Bayes', SVM, etc., have been used by

various researchers for the analysis and prediction of credit score

(Finlay, 2011). Thus, the major challenges in the rule-based classi-

fication was to find out a small set of comprehensive rules with

high predictive accuracy (Lahmiri, 2016). This has become chal-

lenging especially when the number of possible combinations of

attributes is large. Moreover, some of the algorithms perform an

exhaustive search in attribute space for possible combinations. But

the rule-based classification approach seems to be computationally

expensive or sometimes not feasible. To tackle such an intractable

rule mining problem, it is extremely appealing to make use of the

self-adoptability of population-based algorithms (Davalos et al., 2014;

Kumar & Sarkar, 2017), such as; evolutionary algorithms have been

proposed to produce if-then classification rules.

Bikash (2012), and Dehuri and Ghosh (2013) applied genetic algo-

rithms (GA) to discover interesting classification rules from various

datasets. Parpinelli, Lopes, and Freitas (2002), have used ant colony

optimization (ACO) for a classification task in data mining. Liu, Abbass,

and McKay (2004) improved ACO for classification tasks. Holden

and Freitas (2008) applied the meta-heuristic algorithm inspired by

chemical processes for mining classification rules. But the problems

of premature convergence and stagnation were some of the issues of

serious consideration for meta-heuristic algorithms like GA, ABC, ACO,

PSO, etc (Trilok et al., 2013). If a meta-heuristic algorithm is capable of

balancing between exploration and exploitation of the search space,

then the algorithm is regarded as an efficient algorithm (Blumet al.,

2011). Furthermore, the existing rule-based algorithms generate too

many rules with longer antecedent portion and fail to produce high

prediction accuracy. Thus ensuring predictive accuracy and maintain-

ing the balance between coverage and simplicity is the primary focus

of this work.
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Although many meta-heuristic techniques have been successfully

applied in credit risk assessment problems, Biogeography Based opti-

mization (BBO) (Simon, 2008) which is an evolutionary algorithm can

still be used as a new technique. Considering the significant success

rate of BBO in other real-life applications (Ma & Simon, 2017), in

this paper, we propose a BBO rule-miner called locally and globally

tuned BBO-RuleMiner (LGBBO-RuleMiner) for credit risk assessment

to achieve better performance. In each step of the assessment, the

best rule is inserted into the rule set which would help lenders to focus

on those characteristics that allow them to be successful in repaying

loans. Since credit risk evaluation or creditworthiness is a non-trivial

exercise. Therefore, it is necessary to effectively evaluate and predict

consumer creditworthiness with the help of the new technique (Abdou

& Pointon, 2011). So, by using a rule-based system and evolution-

ary optimization method, the study seeks to evaluate and investigate

complex relationships between consumer characteristics, competitive

environmental factors, and the credit level.

The remainder of this paper is organized as follows. Section

II presents an overview of related works. The proposed LGBBO-

RuleMiner is discussed in Section III. Experimental and comparative

analyses of the results obtained from the proposed rule miner are

presented in Section IV. Finally, Section V concludes the paper.

2 RELATED WORK

A systematic review is an adequate alternative for identifying and

classifying scientific contributions to the field on a qualitative and

quantitative description. In this section, detailed literature reviews

on credit risk assessment models using various machine learning

algorithms have elaborated.

The global financial crisis of 2008 was the worst financial crisis

since the great depression of the 1930s (Temin, 2010). Accordingly,

the credit risk analysis is more vital towards controlling the risk linked

to the banks and financial institutions to improve the loan portfolios.

In such cases, prediction of credit risk analysis may perform through

procedures of credit scoring. According to the literature (Cheruku

et al., 2017), credit scoring may term as a set of decision models and

their underlying techniques that aid credit lenders in the granting of

credit. Traditionally the decision to allow the credit to an applicant was

based upon subjective judgments made by human experts, using past

experiences and some guiding principles Abellan and Mantas (2014).

Hence a common practice in this scenario was to consider the classic

3C's, 4C's, or 5C's of credit: character, capacity, capital, collateral, and

conditions which suffers from high training costs, frequent incorrect

and inconsistent decisions made by different experts for the same

applications (Figini et al., 2016). These shortcomings have led to a rise

in more formal and accurate methods to assess the risk of default.

Financial institutions generally accumulate a large amount of under-

utilized data. To determine the risk pattern more accuratly the data

should be integrated into a model. From the literature study (Kumar &

Sarkar, 2017) has observed that there are no best techniques used for

predictive accuracy of different classifiers for credit scoring datasets.

Specifically, determinations of various algorithms are most appropriate

for improving the performance of scoring. Even 1% of improvement

on the accuracy of credit scoring of applicants with bad credit will

decrease great loss for financial institutions (Chen et al., 2016). In

this context, the computational credit scoring model becomes a pri-

mary tool for financial institutions to evaluate credit risk, improve cash

flow, reduce possible risks, and make managerial decisions. Therefore,

evolutionary computing and rule-base learning methods can be highly

capable as compared to conventional techniques and have applied to

credit scoring based on (i) classification, (ii) variable selection, and (iii)

parameter optimization.

Besides, some of the classification algorithms are imperative tasks

of data mining that generate a set of trees to classify unseen data and

these trees can be represented as sets rules. Although many other

rule-based classification algorithms are available, all of these fail to

produce balanced, comprehensive, and optimal rules. This problem

becomes difficult, especially when the numbers of possible combina-

tions of attributes are large. Therefore, algorithms typically perform

an exhaustive search in attribute space for possible combinations, but

this approach is computationally expensive or sometimes infeasible.

To tackle the data mining task for learning rule set it is appealing to

make use of the self-adaptability population-based algorithms. Table 2

shows the list of 10 state-of-the-art studies on various meta-heuristic

non-rule based and rule based classification models and their perfor-

mances on credit score assessment. From this table, we have observed

that meta-heuristic based rule miners are very competitive to the

hybride metaheuristic based classification on credit score assessment

and can add another dimension to the field of rule mining with a great

success of classifying an unseen sample if work on it can be intensified.

TABLE 2 Some of the State-of-the-art Meta-heuristic Non-rule based and Rule based Classification Models

Type I/ Kappa Predictive

Type Reference Classifiers II error F-Score Statistics Accuracy (%)

Non-rule based Beloufa and Chikh (2013) Modified ABC No No No 82.68

Zangooei et al., (2014) Hybrid SVR + NSGA-II No No No 86.13

Sahebi et al., (2015) Modified PSO Yes Yes No 85.19

Liang et al. (2015) Naïve Bayes + wrapper (GA) No No No 86.09

Pourpanah et al. (2016) QFAM-GA No No No 89.11

Rule based Dennis and Muthukrishnan (2014) AGFS Rule Miner Yes No Yes 86.80

Kiziloluk and Alatas (2015) Rule mining with POA No No No 79.06

Hayashi (2016) Re-RX with J48graft No No No 83.83

Hayashi et al., (2016) Re-RX with C4.5 No No No 80.83

Uthayakumar et al. (2017) Ant-Miner No No No 86.37

Cheruku et al. (2017) SM-RuleMiner No No No 89.87
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As a consequence, several credit scoring models make use of

hybrid mining approaches to support credit approval decisions (Zhang,

Wang, & Chen, 2019). Initially, parametric statistical techniques have

employed for credit scoring. There after many rule-based classification

algorithms have been developed as told earlier, however, almost all

fail to produce balanced, comprehensive, and optimal rules. Alongside,

classification rule mining is emerging as one of the problems in the data

mining field, which aims to find a small set of comprehensive rules. This

problem becomes difficult, especially when the numbers of possible

combinations of attributes are large. Another difficulty is related to the

categorical nature of the credit data (Brown & Mues, 2012) and the

fact that the covariance matrices of the good and bad credit classes are

not likely to be equal. As a result, researchers have given their effort in

investigating more sophisticated models to overcome the deficiency

(Abdou & Pointon, 2011; Lahmiri, 2016). Lahmiri et al. (2019) have

investigated the ensemble learning and classification systems which

are applied to classify financial data to assess the relative performance

of existing state-of-the-art methods with applications to corporate

bankruptcy prediction and credit scoring.

In recent years, many studies have demonstrated that machine

learning (ML) techniques may use as alternative methods for credit

scoring (Kumar & Sarkar, 2017; Louzada et al., 2016; Pandey et al.,

2019). These techniques automatically extract knowledge from train-

ing samples. Focusing on credit risk modeling, Figini et al. (2016) have

introduced a novel approach for ensemble modeling based on nor-

mative linear pooling. Sun and Vasarhelyi (2018) have used the deep

neural network as an emerging artificial intelligence technology to

develop a prediction system to help the credit card issuer for credit

card delinquency risk. Numerous data mining rule-based classifica-

tion algorithms such as ID3, CART, and C4.5, and non-rule-base such

as k-NN, Naïve Bayes', SVM, and NN have been developed for the

analysis and prediction of credit scoring. These rule-based classifi-

cation algorithms are highly expressive. Also, these can be used to

classify unseen data rapidly, rule can be easily interpreted, easy to

handle missing values and numeric attributes (Cheruku et al., 2017).

Moreover, the performance of such algorithms is at par with that of

non-rule-based classification algorithms. In contrast to that number

of techniques based on evolutionary algorithms have been proposed

to produce if-then classification rules (Cheruku et al., 2017; Davalos

et al., 2014).

Giannopoulos and Aggelopoulos (2019) have explicitly focused on

the comparison of various credit scoring models in evaluating the

risk of small and micro enterprises (SMEs) loan delinquencies based

on accounting data and applicants specific attributes. Bo-Wen and

Chi (2012) have proposed a genetic algorithm-based credit scoring

model to classify good and bad customers using the German credit

dataset. Zhang et al. (2015) introduced a credit risk assessment model

based on SVM for small and medium enterprises in supply chain

finance. Li et al. (2012) proposed an evolution strategy (ES) based

adaptive Lq SVM model with Gaussian kernel (ES-ALqG-SVM) for

credit risk analysis on Australian and German credit datasets. Danenas

and Grasva (2015) have constructed a hybrid personal credit scoring

model by combining RBF neural networks and genetic algorithms to

optimize weights and other parameters to improve the convergence

rate. Pourpanah et al. (2016) applied GA for data classification and rule

extraction of the Pima Indian's Diabetes dataset. Davalos et al. (2014)

proposed a rule-based genetic algorithm (GA) induces a framework

for ensemble bankruptcy classifier. The GA-based ensemble classifier

induces the rules using an asymmetric, cost-sensitive fitness function

that includes accuracy and misclassification costs. Zhang et al. (2014)

have proposed a hybrid model based on genetic programming (GP)

and SVM to extract if-then rules.

Cheruku et al. (2017) have focused on novel spider monkey

optimization-based rule miner (SM-RuleMiner) to generate an opti-

mal rule set while balancing accuracy, sensitivity, and specificity. Liu

et al. (2004) have improved the ACO model for rule-based clas-

sification tasks. Alatas (2012) applied a meta-heuristic namely the

parliamentary optimization algorithm (POA) inspired by the chemi-

cal process for rules mining. Olmo et al. (2011) have developed a

context-free grammar-based algorithm, known as ant programming

and an AntMiner+, a novel ant-based classification in the context of

rule induction to extract rules. Asadi and Shahrabi (2016) developed

an ACO based rule-induction system (ACORI) for locating the optimal

rules in the decision list. Uthayakumar et al. (2017) proposed a swarm

intelligence based classification rule induction (CRI) unified ant-miner

for qualitative and quantitative bankruptcy analysis. Laura et al. (2017)

presented a hybrid approach based on PSO to determine the rules,

called learning vector quantization and particle swarm optimization

(LVQ+PSO) reduced to classify rules. Lanzarini et al. (2015) presented

a new data mining adaptive technique, known as SOM+PSO used

to reduce a set of simple classification rules from which the most

significant relations between the recorded features may derive.

In the sequel of development of different optimization algorithms,

there are some distinctive characteristics of BBO have been noticed

in comparision to other optimization algorithms like GAs and ESs-that

reproduce children by crossover. In GAs and EAs, solutions may

disappear because of selection pressure at the end of each generation,

while BBO solutions are not discarded after each generation rather

modified by migration. Again, we find that ACO generates a new

set of solutions at each generation while BBO maintains its set of

solutions from one generation to the next. Similarly, BBO is contrasted

with PSO and DE because PSO solutions change by another variable

(velocity) and DE solutions change based on differences between

other solutions, while BBO solutions change directly via migration (Ma

& Simon, 2017). Hence, these differences between BBO and other

optimization algorithms prove to be its uniqueness and its ability.

However, BBO has some disadvantages like easy entrapment into

local optima and weak exploration. Furthermore, it has also no suf-

ficient attributes for balancing between exploration and exploitation

of the search space. To cope with these challenges, we have devel-

oped a variant of novel BBO algorithms, namely, locally and globally

tuned BBO (LGBBO) (Giri et al., 2017a), Chaotic LGBBO (LGCBBO)

(Giri et al., 2017b), and adaptive neighborhood for LGBBO (ANL-

GBBO) (Giri et al., 2018). Therefore, by keeping in mind to improve

the performance along with exploiting the accumulated search space

and explore the large region to identify high-quality solutions, the

locally and globally tuned BBO (LGBBO) algorithm (authors one of

the improved BBO algorithms) has been inducted in this work for

uncovering if-then classification rules from a credit scoring database.
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2.1 LGBBO in Nutshell

Recently, the BBO algorithm has been attracted by researchers in the

area of data mining, fairly a new research area and needs much more

work to do in the context of optimization. Effat (2017) proposed an

approach towards the implementation of BBO to discover classifica-

tion rules, which allowed categorical and continuous attribute datasets

to maximize predictive accuracy. Alweshah (2017) in their work have

combined an improved probabilistic neural network model employed

with BBO to enhance the accuracy of classification.

From the literature study, it is evident that researchers contributed

various migration models of BBO with significant outcomes in per-

formance. However, they have their own merits and demerits. The

success of BBO lies in global exploration (Simon, 2008), but BBO

sometimes gets stuck in local optima and thus, will not be able to

achieve the best global search. By reason of poor population diver-

sity and convergence rate, it is hard to maintain the balance between

exploration and exploitation. To avoid some of the pitfalls of existing

BBO, our proposed LGBBO adapted a novel migration operation that

is strongly inspired by the learning mechanisms of individuals in an

institution. With this motivation or source of inspiration, the model

LGBBO combines the features from a locally best nearest neighbor-

hood of the individual to be migrated with the globally best individuals

of the pool. Thus, the basic idea is centered on the learning mechanism

of a class of weak learners in presence of local and global best learners.

In nature, it is very often noticed that a weak learner is directly influ-

enced by a learner who is better in a local context rather than a global

context. So, the weak individual tries to adapt the best features from

the best individual in its nearest neighbor instead of adapting features

from the best individual of the entire pool (i.e., global best). Continuing

with this idea, the combined effort of local best habitat from a pre-

defined size of the neighborhood and the best is explore to uncover

the global best solution and confirm their feasibility and effectiveness.

Thus, the migration model can be defined in Equation (1) as:

Hi(SIV) ← 𝛼NN(Hi(SIV)) + (1 − 𝛼)Hj(SIV), (1)

where the parameter 𝛼 in [0, 1] is a random value known as the

immaturity index of the geographical system inversely proportional to

the invasion resistance of the system.

Giri et al. (2017b) investigate the setting of 𝛼 is an experimental

work to test the results and conclude that a proper value of 𝛼, say a

𝛼 = 0.5, performs better than a large or small value of 𝛼, say 𝛼 = 0.0

and 0.8, respectively.

The nearest neighbor of habitat NN(Hi(SIV)) can be defined in

Equation (2) as:

NN(Hi(SIV)) ← H(i≤r?1∶i−r)(SIV), (2)

where r is the radius of the nearest neighborhood of the habitats.

Since the habitat suitability index (HSIs) are sorted in a manner so that

the best nearest neighbor habitat can be found at (i− r). When i≤ r

then the best habitat has been chosen as the nearest local best.

Further to add, evolutionary optimization is already a proven

approach for solving the decision-making problem. Several data min-

ing tasks of rule mining based on evolutionary algorithms have been

proposed to produce if-then classification rules in credit scoring

assessment (Lessmann et al., 2015). However, BBO and its variants

have still remained unattended for the rule learning task.

3 LGBBO-RULEMINER

The proposed LGBBO-RuleMiner for rule-based classification

algorithm systematically learns rules. However, to learn a single rule

the algorithm initially generates a set of classification rules and then

deletes the weak rules to make it significant rule sets. Since weak rules

are deleted and significant rules are selected, it can be considered as

a knowledge acquisition tool for rule-based classification problems.

In the next subsection, we will discuss how the proposed algorithm

learns one rule in each step which is best suited in the datasets and

subsequently reduces size of the datasets by eliminating the data

covered by the learned rule.

3.1 LGBBO for Learning One Rule

LGBBO algorithm mainly employs two evolutionary operators: migra-

tion and mutation. The LGBBO migration operator generates new

features by using blended migration on two solutions (the local and

the global best solutions). Besides these operators, individual encod-

ing, initialization of population, and fitness evolution are also crucial

for the proposed algorithm.

3.1.1 Individual encoding:

In the classification task, the discovered knowledge can be represented

in the forms of the IF-THEN prediction rule. Generally, for the encoding

of rules, both Michigan and Pittsburgh encoding scheme can be applied

with LGBBO. In the Michigan approach, each individual encodes a

single rule, whereas in the Pittsburgh approach each individual encodes

a set of rules. The Michigan style is relatively better as it finds a small

set of accurate classification rules.

Therefore, in this paper, the Michigan approach is adopted for

individual encoding. Each individual corresponds to the entire IF-part

(called the rule antecedent) of the rule having n attributes, where

n is the number of predicted attributes in the given dataset. The

THEN-part (called the rule consequent) contains a prediction about the

value of a class attribute. Each attribute corresponds to one condition

in this IF-part. The attributes are positional, i.e., the first position

represents the first attribute; and the second position represents the

second attribute, and so on.

Each ith attribute contains the value ((Vali)) for the ith attribute. A

binary flag is used to indicate whether an attribute is participated to

form the rule. If the ith attribute does not occur in the IF-part of the

rule, the corresponding flag value stands false. The (Vali) could be a

unique domain value when Attri is categorical otherwise a range value

within the domain. Table 3 presents an example of a typical individual

structure.

TABLE 3 Individual structure

Attribute Attr1 Attr2 … Attri … Attrn

Is involved Flag1 Flag2 … Flagi … Flagn

Value Val1 Val2 … Vali … Valn
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TABLE 4 Description of the German Credit Dataset

Attribute Domain of attributes Type Code

Checking account 1: <0DM; 2: 0 and <200DM; 3: 200 DM/salary Nominal 1, 2, 3,4

assignments for at least one year; 4: no checking account

Credit history 0: no credits taken/all credits paid back duly; Nominal 0,1, 2, 3,4

1: all credits at this bank paid back duly;

2: existing credits paid back duly till now;

3: delay in paying off in the past;

4: critical account/ other credits

Savings account 1: <100DM; 2: 100 DM and <500DM; Nominal 1, 2,3,4,5

3: 500 and <1000DM;

4: 1000 DM;

5: unknown/no savings account

Purpose 0: car (new); 1: car (old); 2: furniture/equipment; 3: radio; Nominal 0,1, 2,3,4

4: domestic appliances; 5: repairs; 6: education; 5,6,7,8,9,10

7: vacation; 8: retraining; 9: business; 10: others

Term … Continuous …
Class Good/bad Nominal 1, 2

TABLE 5 An Individual Corresponds to a Single Rule

Attributes Check. Acc. Credit Hist. Sav. Acc. Purpose Term

Is involved True True True False True

Value 4 4 3 … 1

Consider the German credit dataset and the attribute summary is

given in Table 4. Suppose the number of predicted attributes is five,

viz, Checking account, Credit history, Savings account, Purpose, and

Term, used to encode the IF-part of a particular rule. For categorical

attributes, the domain values are coded, so that the proposed algorithm

can work, and the code column represents the coded values. In

connection to this, let us illustrate a typical rule from a rule set.

R1: If (Checking account (Chec. Acc.)= 4) and (Term = 1) and (Credit

history (Credit. Hist.) = 4) and (Savings account (Sav. Acc.) = 3) then

Applicant = bad = 2.

Where the antecedent part, "IF (Checking account = 4) and (Term

= 1) and (Credit history = 4) and (Savings account = 3)" correspond to

the individual presented in Table 5.

Here, every individual has to be associated with a predefined class.

Although each individual has a fixed length, the attributes can be

interpreted in such a way that the rule has a variable length.

3.1.2 Population initialisation:

Initially, LGBBO produces a population of N habitats by considering

the number of attributes known as suitability index variables (SIVs)

and the lower bound and upper bound of each attribute. Every habi-

tat corresponds to the prospective candidate classification rule. Hi,

∀i∈ {1, 2, … , N} corresponds to the ith habitat in the population, and

each Hi represents a D-dimensional vector. Here, D is the num-

ber of attributes and habitats contain all the attributes except class

attributes in the dataset. Furthermore, to avoid drawbacks of cre-

ating the initial population, the Uniform Population (UP) method is

used (Alweshah, 2017). But for better efficiency, in this work, we

have considered a probabilistic way to select the initial population by

adopting roulette wheel selection. Hence, the probabilistic selection

of an attribute-value pair for a particular class is equal to the number

of occurrences of the combination concerning the dataset size.

3.1.3 Fitness functions:

A typical criterion is used to evaluate classifier performance such

as classification accuracy, i.e., the percentage of correctly classified

examples. To evaluate the performance of a rule set, each training

instance is compared with its rules. If any rule matches the instance,

the rules class label indicates the predicted class label of the instance.

Then this class label is compared to the actual known class of the data

point to identify correctly classified instances. Thus, for improving the

performance of the rule, it is better to consider other performance

measures, such as precision, specificity, and simplicity.

Moreover, LGBBO fitness is also used to evaluate the individuals.

The individuals with higher fitness values will have a higher probability

of being selected as candidate for the next generation. Therefore, the

used fitness function is based on some definitions (explained below)

for evaluating single rule Ri which is of the form: IF P THEN Ci (P is

antecedent part and the ith class Ci is the consequent part). Where

rule Ri classifies an instance in a given dataset D with N predicted

attributes.

Definition 1. The Precision of the rule Ri can be defined as in

Equation (3):

Precision(Ri) =
|P ∧ Ci|

|P|
,

where |P| is the number of instances satisfying the conjunction

conditions in the antecedent part of rule Ri and |P∧Ci| is the

number of instances that satisfy both the antecedent P and the

consequent Ci. But, in rule based classification problem precision

is used to measure predictive accuracy.

Definition 2. The Coverage of the rule Ri can be defined as in

Equation (4):

Sensitivity = Coverage(Ri) =
|P ∧ Ci|

N
,

where N is the size of the dataset. In rule based classification prob-

lems, coverage measures the percentage of instances covered by

both antecedent and consequent parts of a rule.

40



GIRI ET AL.

Attr1 Attr2 Attr3 Attr4 Attr5 Attr6 Attr7 Attr8 Attr9 Attr10 Attr11 … Attr16

True True False False False False False True False False False … True

TABLE 6 An Individual for Example

Definition 3. The Simplicity of the rule Ri can be defined as in

Equation (5):

Simplicity(Ri) =
| ∼ P|

N
,

where |∼P| is the number of attributes not presented in the

antecedent part P.

Suppose the length of the individual in Table 6 represents the

number of predicted attributes with total number of attributes N =
16. If four attributes (Attr1, Attr2, Attr8, and Attr16) out of 16 attributes

are participated in this rule set. Then, | ∼ P| = 12 (i.e., 16 − 4 = 12),

and the Simplicity of the rule = 12∕16 = 0.75.

By using the above definitions the fitness function of a rule F(Ri)

can be formulated as in Equation (6) as follows:

F(Ri) =
(w1 ∗ Precision(Ri) + w2 ∗ Coverage(Ri) + w3 ∗ Simplicity(Ri))

w1 + w2 + w3
,

where w1, w2, and w3 are user-defined weights in (0, 1).

3.2 Evolution Strategy

In this section, we have discussed biogeography operators, like selec-

tion, migration, and mutation, which are the real driving force of a

rule-based classification problem.

3.2.1 Selection:

In general, the selection operator is used to assess the probability of

the survival of the individuals. The fitter individual, the more times

it likely to be selected to reproduce. Several selection methods such

as proportionate selection (e.g., roulette wheel), ranking selection

(e.g. truncate selection), tournament selection (e.g., binary tournament

selection), etc. are illustrated and used in literature so far. According to

the proposed model two solutions need to be selected. Out of which

one is globally best and the other one is locally best. The immigrated

rules can update their features by sharing some information from the

nearest (local best) emigrated rules and from globally best-emigrated

rules. The roulette wheel selection technique is used for selecting the

global best solution.

As a result, it is very often noticed that a bad model is directly influ-

enced by a rule which is better in a local context rather than a global

context. Moreover, migration and mutation operators are two imper-

ative features that largely affect the performance and computational

efficiency in BBO, which maintain both exploration and exploitation

of existing approaches (Zhang et al., 2019). LGBBO an innovative

migration process in BBO, which inherits the features from a local

topology implementing the nearest neighborhood mechanism of the

local best individual to be migrated to the global best individual of the

pool. Thereby, the LGBBO mimics the species distribution under local

best and global best optimum solution and thus achieves a much bet-

ter balance between exploration (global search) and exploitation (local

search).

However, moving with this strategy a solution may trap in local

optima; therefore, in this approach, the combined effort of local best

solution from a predefined size of the neighborhood and a global best

is explored to uncover the global optimal solution.

3.2.2 Migration:

In this proposed LGBBO-RuleMiner, a weak rule tries to adopt the best

features from the best individuals from their nearest neighbor instead

of adopting features from the best individual of the pool (i.e., global

best). Migration is a probabilistic operator that improves the accuracy

of poor solutions by sharing features from good solutions. In LGBBO,

migration models are decided based on the emigration and immigration

rates of the solution. During migration, ith rule, Ri, ∀i∈ {1, 2, … , N} use

its immigration rate, 𝜆i to decide probabilistically whether to immigrate

or not. In case immigration is selected, then the emigrating rule, Rj,

is found probabilistically based on the emigration rate, 𝜇j. Hence, the

process of migration takes place by sharing features from both locally

and globally tuned selected rules. If the rule has a high emigration

rate, then the probability of emigrating to other rules is high, whereas,

the probability of immigration from other rules is low. To increase the

accuracy of the ruleset, we have used the LGBBO-RuleMiner algorithm

by considering its local and global best neighbors. We have applied

the proposed model to maintain population diversity and avoid the

local optimum solution.

Considering the strategy of migration, a rule might be trapped in

local optima. Therefore, this approach combines the effort of local

best rule from a predefined size of the neighborhood and a global

best to uncover the global optimal solution. The model is presented in

Equation (7) as follows:

R(Vali) = 𝛼NN(R(Vali)) + (1 − 𝛼)(R(Vali)),

where, the parameter 𝛼 is in [0, 1], named as immaturity index, to

represent the island immaturity of the geographical system (popula-

tion), which is inversely proportional to the invasion resistance of the

system. The nearest neighbor of habitat NN(Ri(Vali)) can be defined in

Equation (8) as follows:

NN(Ri(Vali)) = Ri≤r?1∶i−r(Vali),

where, r is the radius of neighbourhood. Since the fitness of Ri is sorted

out, so that the best nearest neighbour rule set can be found at index

(i− r). When i = r then the best rule has been chosen as the locally

best. To select the local best solution from the nearest neighbourhood

of a rule Ri, the following procedure is adopted:

1. Sort all rules based on their fitness value.

2. Determine the nearest neighbourhood distance of Ri.

3. Select the rule having highest fitness value as the local best of

the rule Ri.

Case 1. Based on attribute type migration strategies for the

datasets, if the ith attribute is continuous then the value will have

certain ranges, and it will have two values to migrate, i.e., the

lower and upper bounds. Therefore, the migration operator shares

its feature value from lower bound (UBi) of the emigration rule to

lower bound of immigration rule, and the upper bound (LBi) of the

emigration rule to the upper bound of immigration rule. Consider

an example.
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TABLE 7 Attribute Value in Categorical

Age Child Young Middle Old

Value 0 1 2 3

TABLE 8 Attribute Value is not Selected for Rule One

Rule Term Purpose … Fittness

R1 A4 = Education … 0.95

R2 10≤A2 ≤16 … 0.89

R3 (After A4 = Education …
migration)

Let R1: Term (Attribute) and Value as, 2≤A2 ≤6, and R2: Term

(Attribute) and Value as, 10≤A2 ≤16 be two rules.

Let 𝛼 = 0.35 (say), then the lower bound and upper bound of the

attribute (Term) will be calculated using Equation (5) as:

0.35 ∗ 2 + (1 − 0.35) ∗ 10 = 7.2

and 0.35 ∗ 6 + (1 − 0.35) ∗ 16 = 12.5

R3 (After migration): Term (Attribute) and Value as:

7.2≤A2 ≤12.5

Case 2. If all ith attribute is categorical then the value obtained

from the blended migration will be round-off for next rule.

For example, in Table 7, let the value of 𝛼 is 0.35. Then, we can

calculate the new attribute value using Equation (9) as follows:

Round-off(𝛼(Age = Young) + (1 − 𝛼)(Age = Old))

= Round-off(𝛼(1) + (1 − 𝛼)(3))

= Round-off(0.35(1) + (1 − 0.35)(3))

= Round-off(2.3)

= 2 = Middle

Case 3. If one of ith attribute is not selected in either one of the

rules then consider the attribute value from the fittest rule.

For example, in Table 8, two rules R1 and R2 containts different

attributes. In the migrating rule (R3), attribute Term is not taken as it

presents in weaker rule (R2). However, attribute Purpose is carried out

from rule R1 as R1 having better fitness value.

3.2.3 Mutation:

In addition to poor population diversity and convergence rate, it is hard

to maintain the balance between exploration and exploitation. Very

high fitness rules and very low fitness rules are equally improbable.

Medium fitness rules are relatively probable. If a given rule has a

low probability, then it is surprising that it exists as a solution. A

mutation is a probabilistic operator that randomly modifies values

of an attribute based on its predefined probability of existence. The

operator selects one rule and one expressed attribute randomly with

uniform probability. If the selected attribute is continuous, the operator

selects one interval bound and adds a randomly generated offset to

the bound, of size (picked with uniform distribution) between the

attribute domain. In case this procedure generates an inconsistent

value pair, we can simply swap the bounds. If mutation affects the

categorical attribute of the rule, a new value is assigned to the attribute

(randomly). After mutation, the rules in a solution are sorted again

according to their confidence value.

Therefore, the mutation rate is the probability of an individual being

produced by mutation. The mutation rate is usually less than migration

rates. In most systems, it ranges from 0.0 to 0.3. In general, random

mutation is used by all the systems. Selecting the best mutation rate

is not easy for a specific problem, and there are no general rules.

Three different mutation rates, Pm = 0.1, 0.01 and 0.001 are used,

we find that mutation rate Pm = 0.01 gives the best performance.

A high mutation rate (Pm = 0.1) results in too much exploration

and is unfavorable to the search. As the mutation rate decreases

from 0.1 to 0.01, optimization performance increases greatly, but

as the mutation rate continues to decrease to 0.001, optimization

performance decreases rapidly. A small mutation rate is not able to

sufficiently increase solution diversity.

3.3 Rule Generation Process

Thus, an appropriate rule representation is necessary to improve

model efficiency and interpretability. Rules represent information or

knowledge in a very straightforward and effective way to provide

a remarkable data model that human beings can well comprehend.

Machine learning and data mining techniques have been proposed to

automatically learn rules from a dataset. The pseudo-code represen-

tation of the Learn-One-Rule algorithm is presented in Algorithm 1. In

the Learn-One-Rule function, a rule is first generated and then subject

to a pruning method which starts by splitting the positive and negative

training data such as Positive (one) and Negative (zero).

Lean-one is a classification algorithm that generates one rule for

each predictor in the dataset and then selects the rule with the

highest fitness. To explain further, the main steps of the proposed

learn-one-rule algorithm are listed below:

Line 1: Represent the function of the learn-one-rule with two

parameters.

Line 2: Initialize the population as zero and the parameters as per

subsection. 3.1.2. First, let us initialize the LGBBO parameters including

maximum species count, maximum migration rates, and maximum

mutation rate, and an elitism parameter.

Line 3-7: Create a random solution of arbitrary length with

probabilistically select an attribute. That means a fixed number of gen-

erations and in each generation, the population is evolved to generate

a new population. Then for each habitat attributes are modified one

after another.

Line 8: If the termination criterion is not satisfied. Check whether it

is less than the maximum iteration limit.

Line 9: Compute fitness value for each rule by applying the model

in Equation (4) in subsection 3.1.3. Then sort the rules according to

their fitness in line 10.

Line 11-14: For each solution compute immigration rate 𝜆 and

emigration rate 𝜇 which are proportional to habitat suitability index

(fitness) of each rule base concerning migration and mutation operator.

The details of the migration and mutation models are discussed in

subsection 3.1.4.2 and 3.1.4.3. Here, we present only the attributes

are modified by selecting local and global habitats using migration and

mutation operators.

Line 15: Assign the solution for reference.
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Line 16-27: For each independent attribute in rule set apply LGBBO

migration and mutation procedure to probabilistically select emigration

and immigration individuals. Compute the fitness value of the newly

generated habitats. Repeat until the stopping criteria are met and

output the best solution. In each generation, k the numbers of elite

solutions are directly carried to the next generation without any

modification.

Line 28: Finally, the rule having the best fitness score is returned as

a leaned rule.

3.4 Learning Rule Set

In general, rule induction or rule learning is said to be the process of

learning rules from data directly. But, a sequential covering learning

strategy is a rule-based classifier that typically consists of a sequence

of discovered decision rules. A set of IF-THEN rules can be extracted

directly from the training data where the rules are learned sequentially

(one at a time). Initially, the number of discovered rules in the rule

list is set to zero and is incremented by one term to its existing

partial rule till the dataset will be empty. Each time one rule is learned

using learns_one_rule algorithm, where tuples covered by the rule are

removed, and the process repeated on the remaining tuples. Here,

rules are learned for one class at a time. Ideally, when learning a rule

for a class C we would like the rule to cover all (or many) of the training

tuples of class C and none (or few) of the tuples from other classes. In

this way, the learned rules will provide high accuracy and the rules need

not necessarily be of high coverage. This is because we can have more

than one rule for a class, so that different rules may cover various tuples

within the same class. The process continues until the terminating

condition is met. This occurs when there are no more training tuples

or the quality of rule returned with a user-specified threshold. The

pseudo-code of the proposed model is shown in Algorithm 2.

Here, D: Class labelled dataset, attr_vals: the set of all attributes and

their possible values, rule_set: rules to rule set

The procedure of LGBBO_RuleMiner takes the set of solutions D as

input to learn a set of IF-THEN rules for classification.

In line-2, the variables for rule_set is initially assigned as empty set

that learned set of rules to hold all optimum solutions.

From line 3-9, for each class C repeat learn_one_rule to remove

tuples covered by rule from D and add new rule to rule_set until D is

not found empty.

Finally line-10 returned optimum rule_set of classified datasets.

4 EXPERIMENTAL STUDIES

Assigning accurate credit scores to consumers is a vital function of

financial institutions. In this section, we will discuss the experimental

analysis carried out and have presented the obtained results. The used
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TABLE 9 Characteristics of Datasets
in Credit Risk Evaluation

Dataset Total Input Continious Input Discrete Input Training Testing class size

Australian 690 14 6 8 621 (69) 2

German 1000 20 7 13 900 (100) 2

TABLE 10 Parameters of LGBBO-RuleMiner
in Credit Risk Evaluation

Parameter Value

Population size 20

Maximum number of generations 200

Maximum immigration rate 1

Maximum emigration rate 1

Mutation rate 0.01

Elitism 2

𝛼 0.35

Threshold limit 50

datasets and evaluation criteria for experimental studies are discussed

in the following subsections. The description and characteristics of

datasets for evaluation of the performance of the machine learning

algorithm, WEKA (Waikato Environment for Knowledge Analysis) data

mining software has been used. The simulation result has obtained in

a Quad Core i7 x64 CPU with 8GB 1600FSB RAM using Python on

the LINUX platform.

4.1 Dataset Used

The improvements of the reliable credit risk datasets have reduced the

cost of credit scoring, good decision making in very less time, and avoid

fewer risk associates with loan collection. For experimental evaluation,

two benchmark credit scoring datasets namely Australian credit3

and German credit data4 have been selected from the University

of California, Irvine (UCI) machine learning repository5. These two

datasets contain a wide variety of attributes, including continuous

and nominal variables with a limited and large number of values. The

characteristics of two real-world data sets are illustrated in Table 9

and are adopted herein to evaluate the predictive accuracy.

4.1.1 Australian credit approval:

Australian credit approval is a multivariate dataset because there is

a mix of attributes (Categorical, Integer, Real)–continuous, nominal

with small numbers of values, and nominal with a larger number of

values. There are six numerical and nine categorical attributes. All

attribute names and values have changed to meaningless symbols

to protect the confidentiality of the data. There are a few missing

values. It has 15 non-target attributes, one target attribute with 2 class

values (positive and negative), and 690 observations in total contain

307 (approximately 44.5%) positive and 383 (approximately 55.5%)

negative instances.

4.1.2 German credit dataset:

The German credit scoring data are more unbalanced, and it consists of

1000 tuples, where 700 (70%) instances of creditworthy applicants and

3 Source: http://archive.ics.uci.edu/ml/datasets/statlog + (Australian + credit + approval)
4 Source: http://archive.ics.uci.edu/ml/datasets/statlog +(german + credit + data)
5 Source:http://kdd:ics:uci:edu/)

300 (30%) instances of credit should not approve. For each applicant

in the dataset has 20 (with seven continuous explanatory, and 13

categorical) attributes with 2 class values (good and bad) describe the

checking account, duration of account in months, credit history, credit

purpose, credit line, the status of savings account(s)/bonds, length

of current employment, installment rate in percentage of disposable

income, sex, and marital status, debtors/guarantors, number of years

in current residence, property owned, age, other existing installment

plans, type of residence, number of existing credit lines, occupation,

current status regarding telephone service, foreign worker status, and

number of dependents. Here, all the descriptive variable names and

their values are encrypted by symbols.

4.2 Parameter Setup

In this study, the parameters of LGBBO-RuleMiner tuned for opti-

mum performance. Table 10 summarises the parameters used in this

simulation study.

4.3 Results Analysis

In this experimental study, each species correspond to the classifica-

tion rule and each island is occupied by multiple species. The fitness of

an island is computing as the predictive classification accuracy of the

corresponding classifier. Therefore, to evaluate the performance of the

proposed rule miner, 10-Fold Cross-Validation (10-FCV) has a stan-

dard practice for estimating the accuracy. During the cross-validation

process, the dataset is divided into 10 approximately equal-size with

balance partitions. After that, the experiment has conducted 10 times.

Each time, a different partition is used as a test dataset, and the

remaining nine partitions are used as the training dataset. In each fold,

the 10-FCV generates a fitness value. After 10th fold, fitness values

are averaged using the weighted average formula. This process must

be repeated until the maximum range of the parameter is reached.

As a result, in each fold, the training set consists of 621 instances,

and the test set consists of 69 instances in the case of the Australian

dataset. Similarly, as a result, in each fold, the training set consists of

900 instances, and the test set consists of 100 instances in the case of

the German dataset. Datasets may contain a few missing values that

are replaced by mode value.

In this paper, we have computed different error analyses like mean

absolute error, root mean squared error, relative absolute error, and

root relative squared error to verify the accuracy of the ruleset. The

Kappa Statistic acquire rule set is tested empirically on the test dataset

to obtain accuracy (precision), coverage, and simplicity results. To

verify the feasibility and effectiveness performances we have used

models like OneR, PART, JRip, Decision Table, Conjunctive Rule, J48,

Random Tree, and LGBBO-RuleMiner for the said datasets. Louzada

et al. (2016) have indicated that almost 45% of all reviewed papers have

considered the Australian credit approval or German credit datasets

for credit risk analysis. Table 11 provides an indicative list of recent

studies with information about the methodologies and comparison
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Predictive Accuracy

Publications Classifiers Australian German

Chang and Yeh (2012) AINE 85.36 77.10

Wang et al. (2012) LRA, DT, ANN, SVM 88.17 78.52

Hens and Tiwari (2012) FCR 85.98 75.08

Vukovic et al. (2012) GA, LDA 88.55 77.40

Marques et al. (2012) C4.5, DT 86.81 76.60

Ling et al. (2012) PSO, SVM 87.85 79.55

Zhu et al. (2013) C-TOPSIS 86.78 76.62

Otero et al. (2013) cAnt-Miner2 86.37 71.47

Zhang et al. (2014) VBDTM 88.84 73.20

Liang et al. (2014) CART, SVM 86.09 74.16

Tsai et al. (2014) SVM, MLP, DT 87.23 76.48

Sadatrasoul et al. (2015) FAR 84.83 73.51

Marian and Gorzalczany (2015) FRBCs 89.10 78.50

Hayashi and Yukita (2016) Re-RX with J48graft 83.83 75.22

Xia et al. (2017) Bstacking 84.07 79.28

Uthayakumar et al. (2017) Ant-miner 86.37 81.23

Zhang et al. (2018) NCSM 89.82 82.14

AINE: Artificial Immune Network; FAR: Fuzzy Association Rule; NCSM: Novel

Credit Scoring Model; LRA: Linear Regression Analysis; FRBCs: Fuzzy Rule Based

Credit System.

TABLE 11 On the Study of Classification Performance on
Australian Credit Approval and German Credit Datasets

TABLE 12 Rule Set from the Australian Credit Approval

Rule Predictive Accuracy Cove-rage Simpl-icity Fitness

R1: IF A8=‘0’ THEN ‘0’ 0.9301 0.4768 1.0000 0.7366

R2: IF A9=‘1’ THEN ‘1’ 0.9079 0.6316 1.0000 0.7901

R3: IF 467 ≤ A14 ≤ 9165 AND 20.99 ≥A2 ≤ 52.20 AND A9=‘0’ AND A8=‘1’ THEN ‘1’ 1.0000 0.1053 0.9286 0.6174

R4: IF A1=‘1’ AND A5=‘11’ THEN ‘1’ 1.0000 0.0672 0.9714 0.6013

R5: IF A12=‘2’ AND A1=‘1’ AND A5=‘6’ THEN ‘0’ 1.0000 0.0721 0.9643 0.6033

R6: IF 1.2682 ≤ A3 ≤ 2.3015 AND 33.2277 ≤ A2 ≤ 71.5788 THEN ‘0’ 1.0000 0.0874 0.9796 0.6099

R7: IF 5.0198 ≤ A7 ≤ 8.9825 THEN ‘1’ 1.0000 0.0957 0.9911 0.6135

R8: IF A11=‘1’ AND 239 ≤ A13 ≤ 301 AND 0.8371 ≤ A7 ≤ 12.7362 THEN ‘0’ 1.0000 0.0588 0.9762 0.5977

R9: IF 3.6511 ≤ A3 ≤ 9.5483 AND 17.4341 ≤ A2 ≤ 31.5915 THEN ‘1’ 1.0000 0.1125 0.9857 0.6207

R10: IF 251 ≤ A13 ≤ 512 AND A12=‘2’ AND A1=‘1’ THEN ‘1’ 1.0000 0.0986 0.9805 0.6147

R11: IF 1.0910 ≤ A3 ≤ 2.4757 THEN ‘0’ 1.0000 0.1094 0.9940 0.6194

R12: IF 2.1129 ≤ A7 ≤ 3.5250 THEN ‘1’ 1.0000 0.1228 1.0000 0.6251

R13: IF 1.0087 ≤ A3 ≤ 25.3489 AND 1.2446 ≤ A7≤7.1966 THEN ‘0’ 1.0000 0.1200 0.9898 0.6239

R14: IF 224 ≤ A13 ≤ 476 AND 0.7737 ≤ A3 ≤ 24.4575 THEN ‘1’ 1.0000 0.1591 0.9905 0.6406

R15: IF 114 ≤ A13 ≤ 417 THEN ‘0’ 0.8824 0.4595 1.0000 0.7020

R16: IF A12=‘2’ AND 21.8228 ≤ A2 ≤ 34.2657 THEN ‘1’ 1.0000 0.3500 0.9916 0.7222

R17: IF A1=‘1’ AND 0.2848 ≤ A7 ≤ 11.0227 THEN ‘0’ 1.0000 0.3077 0.9921 0.7041

R18: IF A4=‘2’ THEN ‘1’ 0.8750 0.8889 1.0000 0.8813

R19: IF A4=‘1’ THEN ‘0’ 1.0000 1.0000 1.0000 1.0000

TABLE 13 Confusion Matrix for
Australian Credit Approval

a b ← classified as

248 59 | a = good

75 308 | b =bad

of overall performance accuracy in support of different classification

models used in credit risk analysis on Australian credit approval (AUS)

and German credit (GER) datasets. In this table, we have investigated

the various hybrid evolutionary algorithms which are classifying the

credit data better than statistical and neural network models.

4.3.1 Analysis of Australian credit approval:

Table 12 presents the rule set generated from the Australian credit

approval dataset using the proposed rule generation algorithm. So,

accuracy, coverage, simplicity, and fitness score of each rule has

present. The accuracy of a classifier on a given test set is the percentage

of test set tuples that are correctly classified by the classifier. A set

of 19 rules covers the whole dataset. For example, rule R1: IF A8 =
0 then 0 is very simple as it consists of only one attribute. The rule

has covered more than 47% tuples with 93% accuracy and 100%

simplicity. Similarly, in rule R8: IF A11 = 1 and 239≤A13 ≤301 and

0.8371≤A7 ≤12.7362 then 0 has three attributes covers more than

5% tuples with 100% accuracy and more than 97% simplicity. The
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simplicity gives the general manager of a financial institution for a clear

profile of the good customer. This situation could benefit the firm not

only through a reduction of the default risk but helps to find the right

customers in the future. Moreover, the highest accuracy is 100%, and

the lowest in more than 87%.

Besides, precision is important to measure the class agreement for

data labels with good customers which are given by the classifier. To

identify bad or good customers are based on its credit score. They

are calculated based on a confusion matrix. Moreover, in the field of

classification, a confusion matrix is a specific table layout that allows

visualization of the performance of an algorithm on a set of test data

for which the true values are known. It is an N by N matrix used

for evaluating the performance of a classification model, where N is

the number of target classes. The confusion matrix for the Australian

credit approval is shown in Table 13. A confusion matrix is a useful tool

for analyzing how well your classifier can recognize tuples of different

classes.

Table 14 presents a summary of 10-Fold Cross-Validation for the

OneR, PART, JRip, Decision Table, Conjunctive Rule, J48, Random

Tree, and LGBBO-RuleMiner models. The simulation results are clas-

sified into several analyses and evaluations, such as correctly and

incorrectly classified instances, and Kappa statistics. The value of

Kappa statistic is 0.7356, used to assess the accuracy of any particular

measuring cases usual to distinguish between the reliability of the data

collected and their validity. The average Kappa score from the selected

algorithm is around 60% to 73%. This experiment implies a very com-

monly used indicator, like, which is mean absolute errors, root mean

squared errors, and relative errors will consider as parameters for eval-

uation. It may discover that the highest error is found in the Random

Tree classifier with an average score of around 46% where the rest of

the algorithm ranging averagely between 33% to 46%. An algorithm

that has a lower error rate will be preferred as it has a more power-

ful classification capability. Similarly, it may discover that the highest

correctly classified instances are 86.96% found in LGBBO-RuleMiner

classifier with the lowest incorrectly classified instances may 13.04%.

It is clear from Table 14 that LGBBO-RuleMiner outperforms other

rule-based classifiers for the Australian credit approval dataset. It

has been observed that the proposed algorithm provides superior

predictive accuracy as compared to other machine learning algorithms.

Concerning Table 15 the detailed reports of Precision, Recall,

F-Measure, ROC Area, and PRC Area by class for the proposed

LGBBO-RuleMiner classifier for an Australian credit approval dataset

is presented. From the table, we have observed that the proposed

model has higher performance in ROC and PRC area classification as

compared to another hybrid rule-based classifier. The values of the

weighted average of ROC and PRC area measures are 0.927% and

0.918% respectively. But, the weighted average of MCC is 73.6 %.

Further, the proposed LGBBO-RuleMiner exhibited a well-balanced

weighted average of precision (i.e., 86.90%), recall (i.e., 87.00%), and

F-Measure (i.e., 86.90%) with a minimal number of concise rules. In our

case, even though the weighted average of precision is (i.e., 86.90%)

which is slightly lower than the benchmark models, that means the

number of rules is significantly lower. However, the TP and FP (Type

1 error) rate for Australian credit approval is 87% (i.e., the actual point

of the data class was true) and 13.5% (i.e., the actual point of the data

class was false). But, in both cases the predicted value was true.

4.3.2 Analysis of German credit dataset:

Table 16 presents the part of the ruleset generated from the German

credit dataset using the proposed rule generation algorithm. Accuracy,

Coverage, Simplicity, and Fitness score of each rule have been pre-

sented. A set of 72 rules cover the whole dataset. The accuracy of a

classifier on a given test set is the percentage of test set tuples that are

correctly classified by the classifier. For example, rule R1: IF stat check

ac = A1 THEN 1 is very simple as it consists of only one attribute.

The rule covers more than 39% tuples with 88% accuracy and 100%

simplicity. This simplicity gives the general manager of a financial

institution a clear profile of the customer. So the situation could ben-

efit the firm not only through a reduction of the default risk, which

helps to find the right customers in the future. From Table 16, we

have observed from the German credit dataset the highest accuracy

is 100% and the lowest in more than 88%.

Table 17 presents summary of 10-fold cross-validation for OneR,

PART, JRip, Decision Table, Conjunctive Rule, J48, Random Tree,

and LGBBO-RuleMiner. The analysis of different models is based on

TABLE 14 Summary of 10-Fold Cross-Validation for the Australian Credit Approval

Decision Conjunctive Random LGBBO

OneR PART JRip Table Rule J48 Tree Rule Miner

Correctly Classified Instances 85.51% 85.36% 85.80% 83.48% 85.51% 86.09% 80.58% 86.96%

Incorrectly Classified Instances 14.49% 14.64% 14.20% 16.52% 14.49% 13.91% 19.42% 13.04%

Kappa statistic 0.7116 0.7039 0.7136 0.6672 0.7116 0.718 0.6088 0.7356

Mean absolute error 0.1449 0.1751 0.2145 0.2255 0.2396 0.1924 0.1963 0.2295

Root mean squared error 0.3807 0.3455 0.345 0.335 0.3453 0.3313 0.4307 0.3214

Relative absolute error 29.34% 35.45% 43.42% 45.65% 48.51% 38.94% 39.75% 46.47%

Root relative squared error 76.60% 69.52% 69.42% 67.41% 69.48% 66.66% 86.68% 64.68%

TABLE 15 Accuracy by Class for the Australian Credit Approval

TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class

0.847 0.112 0.858 0.847 0.852 0.736 0.927 0.907 +
0.888 0.153 0.879 0.888 0.883 0.736 0.927 0.927 -

Weighted Avg. 0.870 0.135 0.869 0.870 0.869 0.736 0.927 0.918
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TABLE 16 Rule Set from the German Credit Dataset

Rule Predictive Accuracy Cove-rage Simpl-icity Fitness

R1: IF stat_check_ac=‘A14’ THEN ‘1’ 0.8832 0.3940 1.0000 0.6745

R2: IF foreign_workr=‘A202’ AND property=‘A121’ THEN ‘1’ 1.0000 0.0248 0.9667 0.5831

R3: IF instal_plan=‘A143’ AND sb_ac=‘A64’ AND no_peop_maint=‘1’ THEN ‘1’ 1.0000 0.0237 0.9625 0.5827

R4: IF 43 ≤ dura_month ≤ 67 AND pres_res=‘4’ AND sb_ac=‘A61’ THEN ‘2’ 1.0000 0.0312 0.9700 0.5859

R5: IF stat_check_ac=‘A13’ AND property=‘A122’ THEN ‘1’ 1.0000 0.0215 0.9833 0.5818

R6: IF housing=‘A152’ AND job=‘A172’ AND debt_guar=‘A103’ THEN ‘1’ 1.0000 0.0201 0.9786 0.5812

R7: IF instal_plan=‘A141’ AND housing=‘A152’ AND purpose=‘A49’ THEN ‘1’ 1.0000 0.0224 0.9813 0.5822

R8: IF inst_rate=‘4’ AND credit_hist=‘A30’ THEN ‘2’ 1.0000 0.0191 0.9889 0.5808

R9: IF purpose=‘A41’ AND credit_hist=‘A34’ AND 1019 ≤ cred_amnt ≤ 8166 THEN ‘1’ 1.0000 0.0233 0.9850 0.5826

R10: IF sb_ac=‘A65’ AND stat_check_ac=‘A12’ AND property=‘A123’ THEN ‘1’ 1.0000 0.0219 0.9864 0.5820

⋮ ⋮ ⋮ ⋮ ⋮

R70: IF 26 ≤ age_yrs ≤ 66 THEN ‘1’ 0.8750 0.6400 0.9993 0.7749

R71: IF job=‘A173’ THEN ‘2’ 1.0000 0.7778 1.0000 0.9050

R72: IF telephone=‘A191’ THEN ‘1’ 1.0000 1.0000 1.0000 1.0000

TABLE 17 Summary of 10-Fold Cross-Validation for the German Credit Dataset

Decision Conjunctive Random LGBBO

OneR PART JRip Table Rule J48 Tree Rule Miner

Correctly Classified Instances 66.10% 70.20% 71.70% 71.00% 69.50% 70.50% 67.10% 76.40%

Incorrectly Classified Instances 33.90% 29.80% 28.30% 29.00% 30.50% 29.50% 32.90% 23.60%

Kappa statistic 0.0552 0.2767 0.2513 0.2033 0.0187 0.2467 0.2068 0.3656

Mean absolute error 0.339 0.3245 0.3781 0.3677 0.4185 0.3467 0.3354 0.3369

Root mean squared error 0.5822 0.4974 0.4472 0.4321 0.4591 0.4796 0.5648 0.4029

Relative absolute error 80.68% 77.23% 90.00% 87.51% 99.60% 82.52% 79.83% 80.18%

Root relative squared error 127.05% 108.54% 97.59% 94.28% 100.18% 104.66% 123.25% 87.91%

TABLE 18 Confusion Matrix for German
Credit Dataset

a b ← classified as

642 58 | a = good

178 122 | b = bad

Correctly Classified Instances, Incorrectly Classified Instances, and

Kappa statistic. In the German credit dataset, the value of the Kappa

statistic is 0.3656 used to assess the accuracy of any particular

measuring cases, it is usual to distinguish between the reliability of the

data collected and their validity for the proposed model. Therefore, it

is clear that the proposed model is higher classification accuracy (i.e.,

76.40%) as compared to other rule-based models. We have discovered

that the highest error is found in conjunctive rule classifiers with an

average score of around 0.4158, where the rest of the algorithm

ranging averagely around 0.32 to 0.36. In the German credit dataset

error in the proposed model is (i.e., 0.3369), it has a little higher error as

compared to the error of PART (i.e., 0.3245) model. Similarly, we have

discovered that the highest correctly classified instances are 76.40%

found in LGBBO-RuleMiner classifier with the highest incorrectly

classified instances of OneR is (i.e., 33.10%). Again, it is clear from

the Table 17 that LGBBO-RuleMiner outperformed other rule-based

classifiers. Finally, as a result, we have observed that the proposed

algorithm provides superior predictive accuracy as compared to others.

In general, some standard performance evaluation criteria in the

field of credit scoring include accuracy, mean squared error, Kappa

statistics, the area under the curve (receiver-operating characteristic

(ROC)), and type-I and type-II errors. For a two-class problem, most

of these metrics can be easily derived from a 2 by 2 confusion matrix,

which is present in Table 18, where each entry contains the number of

good or bad applicants. In every fold, the LGBBO-RuleMiner is applied

to the test dataset to obtain performance results through a confusion

matrix for that the true values are known.

Table 19 presents the detailed reports of Precision, Recall,

F-Measure, ROC Area, and PRC Area by class for LGBBO-RuleMiner

on the German credit dataset. From the table, we have observed that

the proposed model has higher performance in ROC (i.e., 79.10%)

and PRC (i.e., 88.70%) in case of good area classification. Similarly,

the value of the weighted average for ROC and PRC area measures

is 79.10% and 81.00% respectively. Further, the LGBBO-RuleMiner

exhibited a well-balanced weighted average of precision (i.e., 75.10%)

and recall (i.e., 76.40%), and F-Measure (i.e., 74.40%) with a minimal

number of concise rules. However, even though the weighted average

of precision for the proposed method may be (i.e., 75.10%) slightly

lower than the other benchmark models, which provides the number

of rules is significantly lower. However, the Weighted average of TP

and FP (Type 1 error) rate for the German credit dataset is 89.3% (i.e.,

the actual point of the data class was true) and 10.7% (i.e., the actual

point of the data class was false). Finally, it is observed that the pro-

posed algorithm provides near-optimal accuracy as compared to other

rule-based models.

4.4 Comparison with Meta-heuristic Based

Classification Algorithms

In this section, we compare proposed LGBBO-RuleMiner with some

of the popular meta-heuristic algorithms, such as ant colony optimiza-
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TABLE 19 Accuracy by Class for the German Credit Dataset

TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class

0.917 0.593 0.783 0.917 0.845 0.386 0.791 0.887 good

0.407 0.083 0.678 0.407 0.508 0.386 0.791 0.628 bad

Weighted Avg. 0.893 0.107 0.751 0.764 0.744 0.386 0.791 0.810

TABLE 20 Performance Comparison of
Various Meta-heuristic-based Classification
Algorithms and the Proposed Rule Miner
using 10-Fold Cross-Validation for the
Australian and German Credit Dataset

Australian German

Meta-heuristic-based Classification Algorithms Precision Coverage Precision Coverage

ACO (Ganji et al., 2011) 84.24 84.13 81.43 86.25

Modified ABC (Beloufa & Chikh, 2013) 82.68 81.91 82.76 80.56

ABC (Beloufa & Chikh, 2013) 84.21 83.45 84.65 80.75

ABC+ all features (Beloufa & Chikh, 2013) 79.61 78.54 80.02 79.98

POA (Kiziloluk & Alatas, 2015) 81.12 82.50 81.22 79.06

QFSAM-GA (Pourpanah et al., 2016) 85.12 89.52 88.21 91.91

PSO (Laura et al., 2017) 82.32 84.60 83.22 84.11

LGBBO-RuleMiner (Proposed) 89.96 94.60 86.23 90.45

tion (ACO), artificial bee colony (ABC), and particle swarm optimization

(PSO), etc, using 10-fold Cross-Validation for both the Australian and

the German credit datasets. The comparison results are summarized in

Table 20 with the best values like the precision and the coverage are

highlighted. Thus the result shows the proposed LGBBO-RuleMiner

achieved the best predictive accuracy (precision) and coverage in com-

parison with other meta-heuristic optimization algorithms. Moreover,

the proposed rule miner achieved competitive coverage, likely due to

an imbalance nature in the datasets.

From the literature study, we found Peng et al. (2011) have achieved

86.23% accuracy in credit scoring analysis by using linear logistic

regression. Lahmiri (2016), employed a genetic algorithm for feature

selection and support vector machine for credit classification and

achieved 88.42% accuracy. Recently, Lahmiri et al. (2019) applied a

bagging ensemble algorithm which achieved 89.4% accuracy in credit

scoring. Overall, the results obtained with the LGBBO-RuleMiner

algorithm are attractive for credit scoring classification. Concerning

predictive accuracy, the proposed algorithm obtained the highest

(i.e., 89.96%) with precision and coverage (i.e., 94.60%) for the

Australian credit dataset and highest accuracy (i.e., 86.23%) with

precision and coverage (i.e., 93.45%) for German credit dataset in

comparison to other meta-heuristic-based rule mining algorithms.

These results demonstrate the ability of the ensemble method to

improve upon the individual results. The key is the combining meth-

ods and the specific classifiers used. Therefore, we have observed that

LGBBO-RuleMiner is effective for the detection of credit risk analysis.

Finally, the experimental result shows that the hybrid model could

provide higher prediction accuracy. Moreover, the proposed rule miner

achieved competitive specificity, likely due to an imbalance in the

datasets. However, extracted rules sometimes contain redundancy in

the antecedent part of the ruleset; these rules eventually increase

accuracy, sensitivity, and specificity. Hence, these measures are not

effective, for measuring the robustness of rule extraction algorithms.

Therefore, in the future, the proposed rule mining algorithm has

been compared in terms of a mean rule set size, mean rule length,

and accuracy which determines the robustness of rule extraction

algorithms.

5 CONCLUSIONS

Credit risk is one of the most important and serious threats that

financial institutions face, and its assessment or prediction requires

sophisticated modeling techniques. In this regard, various intelligent

hybrid systems have been developed to classify financial data. How-

ever, to the best of our knowledge, assessment of the BBO rule-based

learning system in financial data classification has not been thoroughly

investigated. In this paper, our novel LGBBO-RuleMiner generates

optimum rule sets when applied in credit risk analysis. Thus, the

performance of the LGBBO-RuleMiner on benchmark credit dataset

demonstrates its suitability for solving practical classification prob-

lems. In our evaluation, it has outperformed or matched various

competing approaches in two datasets (Australian credit approval and

German credit dataset). After a new rule is obtained LGBBO-RuleMiner

is to explore other areas of the search space to learn additional

rules. The best rule is inserted into the rule set for each iteration.

Furthermore, empirical findings show that the performance of the

system outperforms existing models that were compared on the same

datasets.

This research has also created lots of avenue for future research e.g.,

the immediate one can be recasting this rule mining problem through

LGBBO to a multi-objective one and then study its performance on a

few more financial institution datasets. The bag of our future research

includes ensembling of rule mining learners, study of hybridization of

functional link artificial neural networks with LGBBO and its study on

credit risk analysis datasets, and study of the different parameters and

their impact on the performance of LGBBO-RuleMiner.
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