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Abstract

In credit scoring, feature selection aims at removing irrelevant data to improve the performance of
the scorecard and its interpretability. Standard feature selection techniques are based on statistical
criteria such as correlation. Recent studies suggest that using profit-based indicators for model evalu-
ation may improve the quality of scoring models for businesses. We extend the use of profit measures
to feature selection and develop a wrapper-based framework that uses the Expected Maximum Profit
measure (EMP) as a fitness function. Experiments on multiple credit scoring data sets provide evi-
dence that EMP-maximizing feature selection helps to develop scorecards that yield a higher expected

profit compared to conventional feature selection strategies.
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Abstract. In credit scoring, feature selection aims at removing irrel-
evant data to improve the performance of the scorecard and its inter-
pretability. Standard feature selection techniques are based on statistical
criteria such as correlation. Recent studies suggest that using profit-based
indicators for model evaluation may improve the quality of scoring mod-
els for businesses. We extend the use of profit measures to feature se-
lection and develop a wrapper-based framework that uses the Expected
Maximum Profit measure (EMP) as a fitness function. Experiments on
multiple credit scoring data sets provide evidence that EMP-maximizing
feature selection helps to develop scorecards that yield a higher expected
profit compared to conventional feature selection strategies.
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1 Introduction

One of the most important tasks in credit risk analytics is to decide upon loan
provisioning. Binary scoring systems are widely deployed to support decision-
making and predict applicants willingness and ability to repay debt. Financial
institutions face costs of gathering and storing large amounts of data on customer
behavior used to score applicants. In addition, companies need to comply with
regulation that enforces comprehensible models. Feature selection aims at solving
this problem by removing irrelevant data, which can reduce costs and improve
the scorecard performance and interpretability.

Recent literature criticized a widespread practice of using standard perfor-
mance measures such as area under the receiver operating characteristic curve
(AUQ) for evaluating scoring models [6]. Relying on profit-based indicators may
improve scorecard profitability [4,15]. This finding stresses the importance of
using value-oriented feature selection strategies that identify the optimal subset
of variables in a profit-maximizing manner. The goal of this paper is to introduce
the profit maximization framework to the feature selection stage to facilitate the
business-driven model development.

We develop a wrapper-based feature selection framework that uses the Ex-
pected Maximum Profit measure (EMP) as a fitness function. EMP has been
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previously used in credit scoring for model evaluation [15]. The advantage of
the proposed approach is that it searches for variable subsets that optimize the
business-inspired indicator. To validate the effectiveness of our method, we con-
duct an empirical experiment on multiple credit scoring data sets.

The remainder of this paper is organized as follows. Section 2 reviews the
related literature on profit-driven credit scoring and feature selection methods.
Section 3 describes our experimental setup, whereas Section 4 presents empirical
results. In Section 5, we discuss the main conclusions of our study.

2 Related Literature

2.1 Profit-Oriented Credit Scoring

The credit scoring literature has proposed several profit measures to improve
the quality of scorecards. Serranco-Clinca et al. use the internal rate of return
based on the loan interest [13]. Finlay proposes estimating a contribution of each
applicant to the profit of the financial institution [4]. Both these measures imply
replacing binary default indicator by a continuous target variable and therefore
transform a classification problem into the regression task.

Recently, Verbraken and colleagues developed the EMP measure [15]. EMP
is based on the costs of the incorrect classification of bad loans (defaults) and
benefits of the correct prediction of good ones (repayers). It can be computed as:

EMP = /O (B moFo(t) — - mFu(0)] F(BYU(B), (1)

where B is the expected loss in case of default and C' is the return on the in-
vestment, 7; are prior probabilities of good and bad loans, and F;(t) are predicted
cumulative fractions of class ¢ based on cutoff ¢. The return on investment is as-
sumed to be constant, whereas the expected loss is a stochastic variable based
on the loss given default and exposure at default (see [15] for details).

EMP can be interpreted as the incremental profit from deciding on credit
applications using a scorecard compared to a baseline scenario where credits are
granted without screening. In this paper, we use the EMP criterion to measure
the scorecard profitability.

2.2 Feature Selection

Feature selection methods split into filters, wrappers and embedded methods
[5]. Filters rank and select features based on some general data characteristics.
Popular measures include correlation, information gain and others [12]. Filters
are fast and efficient but they were shown to perform poorly compared to wrap-
pers and embedded methods [5]. Embedded methods conduct feature selection
simultaneously with the model training. One of the popular approaches is recur-
sive feature selection using the SVM framework [12]. The drawback of embedded
methods is that they can only be applied within a specific model.
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Wrappers go through different feature subsets and select the optimal subset
based on the model performance. Since evaluating all possible feature combi-
nations is computationally expensive, research has suggested heuristic search
strategies. Popular approaches are sequential forward selection (SFS) and se-
quential backward selection (SBS) [5]. SFS starts with an empty model and
iteratively adds features, selecting the one which brings the largest performance
gain, whereas SBS starts with a full set of features and eliminates those contribut-
ing the least to the model performance. The search is continued until there is no
further improvement. Another strategy relies on evolutionary algorithms such
as genetic algorithms (GA) [16]. GAs operate on a population of individuals,
where each individual represents a model with binary genes indicating inclusion
of specific features. At each generation, a new population is created by selecting
individuals according to their fitness (model performance), recombining them
together and undergoing mutation. The individual with the highest fitness is
selected after running multiple generations.

The literature on profit-oriented credit scoring focuses on model selection and
parameter estimation but does not consider the feature selection stage. Existing
studies on value-driven feature selection focus on feature costs. Some researchers
suggest using a budget constraint that limits the maximal cost of the selected
features [11]. Another approach is to use cost-adjusted ranking criteria when
applying filter methods [3].

To the best of our knowledge, research on value-driven feature selection in
credit scoring is currently limited to the embedded regularization framework
for SVM [9, 10]. Recent benchmarking studies in credit scoring have shown that
SVM performs poorly in comparison with other classifiers [7]. Given these results,
developing a profit-driven feature selection approach that is not limited to SVM
contributes to the literature. In this paper, we focus on wrappers due to their
flexibility and better performance compared to filters.

3 Experimental Setup

3.1 Data Sets

The empirical evaluations are based on ten retail credit scoring data sets. Data
sets australian and german stem from the UCI Repository [8]. The data sets
pakdd, lendingclub and gmsc were provided by different companies for the data
mining competitions on PAKDD and Kaggle platforms. Datasets benel, bene2
and uk were collected from financial institutions in the Benelux and UK [2]. The
thomas data set is provided by [14], whereas hmegq was collected by [1].

Each of the data sets has a unique set of features describing the loan applicant
(e.g., gender, income) and loan characteristics (e.g., amount, duration). Some
data sets also include information on previous loans of the applicant. The target
variable is a binary indicator whether the customer has repaid the loan or not.
Table 1 summarizes the main characteristics of the data sets.
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Table 1. Credit Scoring Data Sets (After Preprocessing)

Data Label Sample Size Num. Features Default Rate

australian 690 42 0.4449
german 1,000 61 0.3000
thomas 1,225 28 0.2637
benel 3,123 83 0.3333
hmeq 5,960 20 0.1995
bene2 7,190 28 0.3000
uk 30,000 51 0.0400
lendingclub 43,344 206 0.1351
pakdd 50,000 373 0.2608
gmsc 150,000 68 0.0668

3.2 Modeling Framework

The modeling pipeline consists of several stages. First, each data set is prepro-
cessed in the same way. We impute missing values with means for continuous
features and with modes for categorical features. Next, we encode categorical
variables with £ — 1 dummies, where k is the number of unique categories.

The data sets are randomly partitioned into two subsets: training (70% cases)
and holdout data (30%). On the training set, we use 5-fold cross-validation to
perform feature selection. Then, we use the whole training set to train classi-
fication models with the identified feature subsets and evaluate results on the
holdout data. The partitioning is repeated 10 times on each data set.

On a feature selection stage, we use three wrappers: SFS, SBS and GA. The
parameters of GA were selected based on the grid search on a subset of training
data: number of generations and number of individuals were set to 200. For
each of the feature selection algorithms, we use two performance measures as
objective functions. Relying on EMP as a fitness function is a central element
of our approach, whereas using AUC serves as a benchmark for the standard
feature selection techniques. Logistic regression is used as a base classifier.

4 Empirical Results

The performance of different methods is compared by the mean model ranks in
terms of AUC and EMP. To compute the ranks, we order all algorithms by AUC
and EMP values within each modeling trial on each of the data sets, and average
the model positions. The results are depicted in Figure 1.

Results suggest that EMP-based wrappers identify feature subsets that yield
a higher EMP on the holdout data, whereas using AUC as objective leads to
models with a higher AUC. For all three wrappers, EMP optimization during
feature selection generalizes to a higher expected profit on the new data. There-
fore, our results emphasize the importance of selecting the appropriate fitness
function in the early stages of scorecard development. If the goal of the scor-
ing model is to maximize the expected profit, this measure should also be used
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Fig. 1. Mean ranks of different feature selection methods in terms of AUC (left) and
EMP (right). The ranks are computed for 6 methods and aggregated across 10 trials
on 10 data sets. Whiskers refer to intervals of one standard error around the mean.

as an objective for feature selection. Relying on AUC as one of the standard
performance measures results in a suboptimal scorecard with a lower EMP.

We also observe differences in terms of the model complexity. For the sequen-
tial methods, EMP-driven wrappers reach the stopping criteria earlier, resulting
in a lower average number of the selected features for SFS (14 compared to 25)
and a higher number of features for SBS (89 compared to 81). These results pro-
vide evidence that using profit-driven fitness function may also lead to a faster
convergence, which is important for reducing the computational time.

5 Conclusions and Future Work

This paper presents a profit-driven framework for feature selection in credit
scoring. We use the recently developed EMP measure as a fitness function for
wrapper-based feature selection. The effectiveness of our approach is evaluated
on ten real-world retail credit scoring data sets.

Empirical results indicate that the proposed profit-maximizing feature se-
lection framework identifies variable subsets that yield a higher expected profit
compared to methods based on standard performance measures. These results
stress the importance of using the business-inspired metrics for feature selection.
Relying on a standard practice of using statistical measures such as AUC may
lead to scorecards with a lower profitability, which motivates implementing the
profit maximization on different stages of the model development.

Future research could pursue several directions. For practitioners, it would
be important to extend the profit-driven framework to other stages of model de-
velopment. A benchmarking study with a rich set of EMP-based wrappers would
help identifying the optimal search strategy for profit-driven feature selection.
Another direction would be to use the developed approach in other business
applications such as customer churn.
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