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부도예측모형은 여러 금융기관의 신용평가모형의 지식기반(knowledge base)로 이용되고 있으며 최근 머신러닝 기법의 

발전으로 이를 도입하여 고도화하려는 다양한 시도가 진행 중이다. 그러나 실제 이러한 모형이 도입되기 위해서는 모형을 

이용하는 사용자와 설명제공 대상인 고객의 이해와 수용이 전제되어야 한다. 그러나 사용자에게 제공되는 설명이 현실적 

타당성(feasibility)이 결여되어 있다면 모형의 신뢰성과 수용도에 부정적인 영향을 미친다. 이에 따라 본 연구는 도메인 지

식을 설명 생성 알고리즘에 통합하여 현실적으로 타당한 설명을 사용자에게 제공하고자 한다. 본 연구에서는 머신러닝 기

반의 부도예측 모형에 설명력을 더하는 방법으로 반사실적 예시(counterfactual example) 기반의 로컬영역에서의 설명을 

제공하는 모델을 제안한다. 제안 모델은 모형에 이용된 재무변수의 특성을 설명력 생성 알고리즘에 통합하여 설명의 현실

적 가능성을 확보하고 이를 통해 사용자의 이해와 수용을 도모하고자 한다. 또한 본 연구에서는 반사실적 예시기반 설명

을 위해 유전알고리즘(GA)를 이용하며 다목적함수를 목적함수로 설정하여 반사실적 예시의 주요 기준이 되는 항목을 반

영하고 있다. 본 연구는 대표적인 머신러닝 기법인 인공신경망을 이용해 부도예측모형을 학습시킨 뒤, 사후적 방법

(post-hoc)으로 설명을 위한 알고리즘을 도입하여 기존의 모형 설명 알고리즘인 LIME과 현실적 가능성이 결여된 반사실

적 예시 기반 알고리즘과 비교하였다. 더 나아가 제안방법의 금융/회계 분야의 종사자를 대상으로 서베이를 진행하여 제

안 방법의 설명의 질을 정성적으로 평가하였다.
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1. Introduction

One of the most important research areas in 

business application study is a bankruptcy prediction 

model, which is a representative classification 

problem related to loan lending, investment 

decision making, and profitability for financial 

institutions. A large amount of research has been 

conducted and demonstrated outstanding performance 

for bankruptcy prediction models by employing 

mathematical analysis, statistical analysis, and 

more recently, artificial intelligence techniques.

Despite its impressive performance, it is 

challenging to implement machine learning-based 
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obscure models, especially when the field requires 

or values an explanation about the result obtained 

by the model. Credit risk management in finance 

is one of those fields where explanation matters 

more, even though the misclassification cost of the 

prediction models is relatively high. For this 

reason, it is challenging to adopt machine 

learning-based models in credit risk management 

model without explainability. However, the quality 

of the explanations also matters. To offer 

interpretability to the bankruptcy prediction model, 

this paper focuses on the causal relationship of the 

input variables to generate more acceptable and 

feasible counterfactuals. Feasibility plays a vital 

role in enhancing the acceptance and feasibility of 

the counterfactuals.

As for the feasibility of the counterfactual 

explanation, Schneider and Rohlfing (2016) claim 

counterfactuals to be either easy or difficult. From 

this perspective, easy counterfactuals are ''the 

assumptions about the outcome of logical 

remainders'' that simplify theoretical expectations. 

In contrast, the assumptions that simplify the 

solution ''but run counter to our theoretical 

expectations about whether single conditions 

involved in a remainder should or should not 

contribute to the outcome'' are assumed to be 

complicated. Also, counterfactuals that only 

consider minimal changes required to have the 

desired outcome may result in inadequate 

explanation, and the suggestion made by the 

generated explanation can be impractical as well 

(Poyiadzi et al., 2020). According to the 

qualitative study conducted by Binns et al. (2018), 

some participants of the study were willing to 

accept the undesirable result of the outcome (e.g., 

declination of the loan) if they could have the 

alternative course of action to have the different 

outcome as in counterfactual example format. 

The proposed method aims to find feasibility- 

enhanced counterfactuals by incorporating causal 

(directional) relationships of financial variables on 

financial strength while satisfying multiple 

objectives. We believe that a feasible and actionable 

counterfactual explanation can be acquired using 

domain knowledge. Unlike other cases with 

complex causal relationships, such as medical 

cases, the financial ratio has generally accepted a 

directional relationship to financial stability. Since 

the purpose of the counterfactual-based explanation 

is to offer a comprehensible explanation to users, 

it is essential to offer a counterfactual-based 

explanation that follows the generally acceptable 

causal relationship of the financial features. At the 

same time, the proposed method formulates the 

explanation generation as a multi-objective problem 

to include critical factors affecting the quality of 

the counterfactuals as well. 

2. Literature Review

2.1. Interpretability in Machine Learning

In the last few years, machine learning techniques 

have gained a notable momentum that opens 

surmounts of opportunities and possibilities in a 

number of domains. Thanks to the outstanding 
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performance of the machine learning techniques, 

many industries attempt to adopt such models to 

make predictions in critical contexts. One of the 

critical factors in making this attempt successful is 

the explainability of such models. Explainable 

artificial intelligence (XAI) aims to produce explanations 

that humans can understand on machine learning 

models so users can understand, trust and manage 

models without compromising high performance.

The scope of interpretability in machine learning 

can be classified as global or local interpretability. 

Global interpretability answers how the model 

influences the outcome and to understand the 

model at the modular level. Local interpretability 

answers why the model made a specific prediction 

for a specific instance. Interpretability at the global 

level usually indicates transparent models such as 

decision trees and Naïve Bayes classifiers so that 

the entire model can be interpreted. Interpretability 

at the local level focus on explaining why the model 

had a certain prediction in a particular instance. For 

example, LIME (Ribeiro & Guestrin, 2016) is a 

local approach using a feature perturbation to 

generate an explanation, and SHAP (Lundberg & 

Lee, 2017) measures the marginal contribution of the 

features to create an explanation that can later be 

offered as a global explanation using collective 

values of the feature importance as well.

Depending on when the explanation operation 

happens, the interpretability can be categorized 

into the ad-hoc or post-hoc approach. Ad-hoc 

approaches are usually applied to transparent models 

such as tree-based models or fuzzy models to offer 

explanations (Islam et al., 2022). In contrast, 

post-hoc explanations pay more attention to generating 

human-interpretable explanations and why the 

model behaved in a certain way (Mittelstadt et al., 

2019). Most counterfactual-based explanation methods 

fall under the post-hoc category as it uses 

examples to explain the model prediction in a 

human interpretable way. 

The format of the explanation can be used to 

distinguish the type of explanation as well. For 

example, LIME and SHAP provide explanations 

with feature importance. It attempts to derive 

feature importance from the model so the effect of 

the features on the model can be delivered as an 

explanation. Rule-based explanation approaches 

attempt to provide an explanation in the format of 

rules. For example, as an intrinsically transparent 

model, decision trees can provide how the decision 

was made in a rule format. On the other hand, 

LORE (Guidotti et al., 2018) and Anchors (Ribeiro 

et al., 2018) provide rule-based explanations after 

training an obscure prediction model. LORE first 

generates synthetic instances around the instance to 

be explained, then applies a decision tree and uses 

the decision rule as an explanation for the prediction 

model at the local level. Anchors finds local rules 

starting from an empty rule to the anchor rules that 

show the feature conditions where the model 

output does not change. An example-based explanation 

uses an example to explain the model prediction, 

such as counterfactual or factual examples. Both 

rule-based and example-based approaches use the 

concept of contrastiveness to explain, meaning 

both can counterfactually explain the decision 

(Waa et al., 2021), yet the methods differ as 
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rule-based explanation extracts rules to explain the 

model while the example-based explanation uses 

similar or contrastive cases as examples to explain 

the model. The study proposed a model-agonistic 

counterfactual example-based method to locally 

explain the "black-box" bankruptcy prediction 

model as well. Counterfactual, a representative 

type of example-based explanation, is explained in 

more detail in Section 2.2.

2.2. Counterfactual Example-Based Explanation

A counterfactual-based explanation is a representative 

and effective type of explanation offering a local 

interpretation of the model output with counterfactual 

examples. Counterfactuals are the instances that 

are similar to the original instance with minor 

differences in features, yet with opposite outcomes 

from the model. The concept of the "closest 

possible world" is a vital concept throughout the 

discussion of counterfactuals (Wachter et al., 

2018). What makes counterfactual-based explanation 

effective is that people are interested in knowing 

what should have been different to have another 

outcome. The concept of counterfactual itself is 

intuitive and similar to the process of human 

thinking (Mittelstadt et al., 2019) since people ask 

why a particular decision was made instead of the 

other (Miller, 2019) and think about how a 

decision could have been different if the conditions 

were different (Byrne, 2019). 

Recently, many studies have been carried out on 

this topic to add a counterfactual-based explanation 

to the black-box model. Depending on the input 

data, some studies dealt with image data (Goyal et 

al., 2019; Kenny et al., 2021; Mahajan et al., 2019; 

Poyiadzi et al., 2020), and other studies dealt with 

tabular data (Guidotti et al., 2019; Hashemi & 

Fathi, 2020; Kanamori et al., 2020; Le et al., 2020).

Some studies focused on obtaining counterfactuals 

with feature importance. For counterfactuals to be 

more relevant, it is intuitive to expect changing 

features in the counterfactuals to be more relevant 

(Belkoura et al., 2019). GRACE (Le et al., 2020) 

employed an entropy-based forward feature ranking 

approach to prioritize the features of each instance 

when generating contrastive samples. When generating 

counterfactuals, feature importance was used by 

incorporating the weight vector into the distance 

metric (Grath et al., 2018). They used ANOVA for 

global feature importance and k-nearest neighbors to 

extract local feature importance to generate more 

relevant counterfactuals. Dandl et al. (2020)  

proposed to measure the feature importance for each 

instance using the standard deviation of the 

individual conditional expectation curve and to 

promote important features. In another study, to 

generate an example-based explanation, a twin- 

system using a deep learning model with case- based 

reasoning (CBR) was introduced (Kenny & Keane, 

2021a). The study also used weighted features using 

feature importance extracted from global and local 

methods on 𝑘-nearest neighbors to find the instance. 

The feasibility, often interchangeably used with 

plausibility, has been another focus of the 

counterfactual example-based explanation. As it is 

important to offer a counterfactual-based explanation 

that is feasible so it can be actionable as well, 
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many studies focused on enhancing the feasibility 

of the counterfactuals. Some studies dealt with the 

issue by securing the data distribution of the 

generated explanation, and some included feasibility 

from the user's perspective. 

In Kenny and Keane (2021b), the authors introduced 

plausible counterfactuals and semi-factuals generation 

method for the CNN model using image data. By 

modeling the distribution of the latent features, the 

method detects and changes "exceptional" features 

to "normal" in order to increase the plausibility of 

the generated explanation. The proposed model 

identifies the exceptional input features by 

examining their statistical probabilities in the 

training distributions of the desired class and then 

modifying them. The model was trained using 

GAN on the CNN model to generate counterfactuals. 

FACE (Poyiadzi et al., 2020) proposed a 

counterfactual generation algorithm that generates 

feasible and actionable explanations. By generating 

counterfactuals that follow the underlying data 

distribution, the generated explanation was considered 

supported by the 'feasible path' of the change, 

which leads to actionable suggestions as well. 

In Mothilal et al. (2020), the authors proposed 

a post-hoc filtering method to acquire the causal 

feasibility of the generated counterfactual-based 

explanation. After training a counterfactual generation 

algorithm, the domain knowledge regarding the 

features was incorporated as the users can 

manually distinguish whether the explanation is 

feasible or infeasible. In Mahajan et al. (2019), the 

authors focus on improving the feasibility of the 

generated counterfactual explanations. To preserve 

the causal relationship among the input features, 

the proposed method employs a causal proximity 

regularizer on the distance metric in the 

counterfactual generation algorithm. The proximity 

regularizer is based on the causal relationship 

between the features derived from the partial 

structural causal model. However, in the case 

where it is difficult to express feasibility in a 

simple form of the constraints, the end-users were 

asked to manually label the counterfactuals 

whether it is feasible or not. Based on the label 

prepared by the end-users, a variational autoencoder 

(VAE)-based generative model was trained to learn 

the feasibility of the counterfactuals.

This study aims to enhance the feasibility of the 

generated explanation by incorporating financial 

domain knowledge into the counterfactual generation 

algorithm. At the same time, the key criteria of the 

counterfactuals, such as sparsity and feasibility in 

terms of distribution are considered by formulating 

the generation algorithm as a multi-objective 

optimization problem in the GA. Additionally, the 

study considers feature importance to increase the 

explanation relevance as well by adopting feature- 

weighted distance in the proximity term of the 

objective function. 

3. Proposed Model

3.1. Feasibility Incorporated Counterfactuals 

Generation

Generating counterfactual for explanation is 
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<Figure 1> Proposed model flowchart

essentially a search problem to find a counterfactual 

sample in the feature space with perturbations 

made from an original instance (i.e., explanation 

subject) that are close to the original instance but 

lead to a different result from the machine learning 

model (Mahajan et al., 2019; Wachter et al., 2018). 

After training the ' black-box ' bankruptcy prediction 

model, the proposed method generates a counterfactual 

sample for each observation.

The goal is to find counterfactuals incorporating 

causal (directional) relationships of financial variables 

on financial strength while satisfying multiple 

objectives. This way, the causality of counterfactuals 

can be pursued. Unlike other cases with a complex 

causal relationship, such as medical cases, the 

financial ratio has generally accepted a directional 

relationship to financial strength. Since the purpose 

of the counterfactual-based explanation is to offer 

an understandable explanation to users, it is important 

to offer an interpretable and comprehensible 

counterfactual explanation with a generally 

acceptable causal relationship of the input features. 

We propose to generate causal relationship- 

incorporated counterfactuals with multiple objectives 

because “empty” counterfactuals or counterfactuals 

that do not make sense fail to offer an acceptable 

counterfactual example explanation. This may 

hinder the trust between the user and a domain 

expert using the system. By considering the causal 

relationship between financial variables and 

financial distress (i.e., output variable), the feasibility 

of the generated counterfactuals can be obtained as 

well. At the same time, there are multiple trade-off 

criteria to consider in order to generate “good” 

counterfactuals. The proposed model handles this 

issue by incorporating the domain knowledge into 

the counterfactual generation algorithm and considering 

the multiple criteria in the multi-objective function 

in the GA. 

Figure 1 is the flowchart of the causal relationship 

incorporated counterfactual generation method with 

GA. First, “black-box” ANN was trained for 
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bankruptcy prediction. After training the model, 

causal(directional) relationships incorporated 

counterfactuals are generated using GA. To include 

the causal relationship of the financial variables, 

the directional relationship of each selected input 

feature will be identified and later used to penalize 

counterfactuals that are empty. Here, GA was used 

as it aims to find global near optima while avoiding 

local minima and can handle a multi-objective 

problem. Additionally, it is an optimization technique 

that can be applied to any machine learning model 

because it does not require access to the internal 

structure of the model.

The main contribution of the proposed model 

lies in incorporating the causal feasibility of the 

generated counterfactual explanation. Simultaneously, 

multiple criteria will be considered in the 

generation algorithm such as feature importance 

weighted distance, the number of features changed, 

and local outlier factor in the form of a 

multi-objective function. Additionally, a new 

objective term will be included that guarantees that 

the generated counterfactual-based explanations 

follow the existing data distribution. Although the 

local outlier factor (LOF) in the objective function 

also aims to obtain the feasibility of the produced 

counterfactual, it is focused on the feasibility in 

terms of data distribution. It can contribute to 

producing a more realistic counterfactual sample 

by considering local distribution, yet it does not 

guarantee if the generated counterfactual example 

makes sense in the industry.

Counterfactual generation is essentially an 

optimization problem. To produce a counterfactual 

explanation, an optimization algorithm GA was 

used in the study. Eq. (1) shows the fitness function 

used to generate counterfactuals. Proximity, plausibility, 

and sparsity are the keys to finding “good” 

counterfactuals (Keane  & Smyth, 2020).. Similarly, 

Also, a number of features changed and closeness 

to the original sample were considered desirable 

properties of counterfactual by Fernández et al. 

(2020). The proposed method takes these key 

factors into the counterfactual generation algorithm 

using a multi-objective function.

The optimization problem for GA was constructed 

as a minimization problem. Since the problem is a 

multi-objective problem, λ(0 < λ) was used as a 

trade-off parameter between the objective terms. 

As presented in Eq. (1), with f (ㆍ) being the 

trained prediction model, the proposed model aims 

to generate a counterfactual explanation by minimizing 

three key counterfactual criteria and two constraints. 

In addition to the multi-objective approach to 

counterfactual generation, the proposed method has 

two constraints. The first constraint guarantees that 

the generated counterfactual sample has a flipped 

prediction output from the model. As the 

counterfactual-based explanation approach uses the 

opposite case as an explanation, it was set as a 

constraint when formulating the problem. The 

second constraint is the focus of the proposed 

method. It guarantees that the counterfactual 

(1)
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instance generated makes sense in the real world 

by preventing counterfactuals from violating the 

commonly accepted causal relationship between 

financial variables and financial strength. Financial 

variables, unlike other variables, have a directional 

implication for financial stability. Most of the 

financial variables already have a known relationship 

with financial strength and these variables have a 

desirable or undesirable direction. For example, 

having a lower inventory turnover rate does not 

indicate a positive sign about the firm’s activity 

unless a special circumstance was supposed. If an 

explanation were given using a counterfactual that 

opposes such directional relationship, it is unlikely 

that the system user and client will trust the 

system nor understand the decision made by the 

model. It is critical that counterfactual examples 

make sense in the industry. Therefore, the second 

constraint ensures this aspect by ruling out 

possible solutions when the causal direction of the 

financial input variable is not satisfied. D is a set 

consisting of directions of financial input variables 

which shows the relationship of the input variables 

and financial strength. As directions in D only 

presents a univariate relationship, any changed 

features from generated counterfactual does not 

meet the condition in D were eliminated. diff

 indicates the feature-wise directional change 

between the original instance and generated 

example so it is either upward or downward. The 

three objective terms and the constraints are 

explained in more detail below. 

The first term is a weighted Euclidean distance 

to measure the distance between the generated 

counterfactual and the original instance as shown 

in Eq. (2) and Eq. (3). The weight imposed on 

distance measures is derived from SHAP. Global 

feature importance obtained from SHAP was used 

to include model-found important features under 

consideration when generating an explanation. We 

used the distance metric to incorporate the model's 

feature importance to generate more relevant 

counterfactuals, as counterfactuals without a link to 

the model are insufficient as an explanation. 

SHAP attempts to explain prediction at the 

instance level by calculating the contribution of 

each feature in the model. It employs coalitional 

game theory to derive Shapley values. The feature 

values of an instance act as 'players' in the 

coalition, and Shapley values indicate how the 

"payout" (i.e., model output), can be distributed 

among the features. We used SHAP method to 

determine the feature importance of the model as 

the method can be theoretically explained 

including the calculation of the SHAP values. 

SHAP method qualifies three theoretical properties: 

local accuracy, missingness, and consistency 

(Lundberg & Lee, 2017). The method maintains 

local accuracy by having an approximating model 

that matches the original model’s output. Missingness 

requires features missing in the original instance to 

have zero impact on the model if the simplified 

inputs represent the presence of the features. 

Consistency indicates that in the case when the 

model changes and the contribution of the 

simplified input increases or stays the same, the 

input’s attribution should not change. Also, SHAP 

can be applied to any model.
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(2)

(3) (5)

(6)

Specifically, the weighted Euclidean distance 

between the original instance  and a counterfactual 

candidate  can be computed featurewise as Eq. (2) 

where  is the th weight vector created from feature 

importance, and  indicates the total number of 

features. To compute  as in Eq. (3), the feature 

importance values were guaranteed to have a 

positive number by adding 0.5 and were 

transformed to inversely weight the distance by 

subtracting from one so it can promote more 

important features to be changed. The absolute 

mean of the SHAP values was used as feature 

importance and was scaled using min-max 

normalization. SHAP values in the classification 

problem have a range between -1 and 1, reflecting 

the directional influence on the model output as 

well. If a feature has a negative influence to the 

model’s prediction then the SHAP values are 

negative and vice versa. To remove such 

directional influence and only take the impact of 

the features, the mean absolute value of the SHAP 

values was used as feature importance. 

The second term minimizes the LOF score, as 

suggested by (Breunig, Kriegel, Ng, & Sander, 

2000), to make the generation explanation follows 

the underlying distribution of the given dataset. 

LOF was used to provide an explanation with a 

realistic example. Also, unlike other outlier detection 

methods, LOF does not require a predetermined 

number or percentage of the outliers in the dataset 

and instead of telling whether the instance is an 

outlier or not, it shows the degree of an instance 

being an outlier in the dataset. LOF score can be 

calculated using local density as Eq. (6). First, 

locality should be determined by setting , the 

number of neighbors to consider. Here,  is set to 

20. The goal is to find counterfactuals that fall 

under the real dataset distribution so it is a feasible 

and realistic case that can be presented as a 

suitable explanation. The proposed method goes 

further to enhance feasibility by considering the 

causal relationship between the financial input 

variables and output variables. Reachability-distance 

in Eq. (4) and local reachability density in Eq. (5) 

was calculated to get the LOF score. Inliers have 

LOF near 1(LOF ~1) and LOF higher than 1 

indicates the instance has a higher chance of being 

an outlier since it has a lower density than its 

neighbors.

(4)

The third objective is the sparsity of the 

generated explanation, to minimize the number of 

features changed in the counterfactual compared to 
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(7)

<Figure 2> GA flowchart

the original instance as presented in Eq. (7). 

Smaller number of features changed in the 

counterfactual example makes the explanation 

more concise and clearer to understand, so it is 

considered as one of the critical factors affecting 

the explanation. Also, low sparsity makes the 

explanation more feasible and actionable for users 

as the alternative course of action suggested has 

only a few number of features changed (Mothilal 

et al.,2020).

3.2. Genetic Algorithm for Counterfactuals 

Generation 

A kind of evolutionary algorithm called GA was 

used to find counterfactual examples in the study. 

GA is a population-based evolutionary algorithm 

first introduced by Holland in 1975 (Melanie, 

1999) and is used for generating near-optimal 

solutions in search problems. As the name states, 

it is a general adaptive optimization search method 

derived from Darwin’s evolution theory. GA 

operates on population in an ‘evolutionary’ way to 

search for the best chromosome. Each chromosome 

represents a solution, and therefore a set of 

chromosomes, a population, indicates a set of possible 

solutions. The solutions are evaluated based on the 

fitness function declared by a researcher beforehand. 

It is a gradient-free optimization algorithm, so it 

can be applied to any model as it does not require 

any access to the internal mechanism of the model. 

In this study, to handle a multi-objective problem, 

GA computes a single fitness value consisting of 

multiple terms (i.e., objectives) for each chromosome 

in the population to determine which solution is 

the fittest. Also, GA utilizes an exploratory and 

exhaustive approach to find near-optimal solutions 

and the problem can be formulated as a multi- 

objective problem as well. Using the traits of the 

algorithm, we set key criteria of the counterfactuals 

as multi-objective problem as well as incorporating 

the feasibility of the generated counterfactuals into 

the algorithm. The process of the GA is presented 

in Figure 2.  

The process of GA begins with population 

initialization. The population consist of a 

predetermined number of chromosomes, each 

representing a possible solution. In this research, 

each chromosome is a possible counterfactual 

example and the genes that consists of the 

chromosome indicates feature values. The process 
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of selection, mutation and crossover evolves the 

population to the next generation. Based on the 

given fitness function, chromosomes are selected 

for evolution and go through mutation and crossover 

process.

In the population initialization phase, the population 

consist of predetermined number of chromosomes 

are generated. The chromosomes are consisting of 

certain number of genes as determined before the 

initialization. In the experiment, each gene in the 

chromosome represents a corresponding feature 

value with real number between 0 and 1, and each 

chromosome represents a possible counterfactual 

example. Each gene in the chromosome has a 50% 

chance of having the value changed from the 

original value. In the experiment we set this to 

1,000 to have diversity in the search space.

In the fitness evaluation phase, chromosomes in 

the population are evaluated based on the objective 

function. In the proposed method, we formulated 

the problem as a multi-objective fitness function 

considering feature-weighted distance, sparsity and 

distribution. At the same time, we set two 

constraints regarding the model prediction of the 

generated explanation and the plausibility of the 

counterfactual in terms of the causal relationship 

between the output and the input variables. To 

handle the constraint, the chromosomes not 

satisfying the constraint were designed to fail the 

selection phase. 

In the selection phase, the chromosomes are 

selected to evolve to the next generation. In the 

experiment, a tournament method was used as it 

can be easily implemented and adjusted (Sharma et 

al., 2014). Tournament method selects a winner 

after several rounds of tournaments and the winner 

is determined based on the fitness function. The 

tournament size indicates the number of players 

for the tournament rounds. In the experiment the 

tournament size was set to four.

In the crossover phase, the selected chromosomes 

produce new chromosomes pairwise. A pair of 

chromosomes go through crossover to generate 

new chromosomes for the next generation. -point 

crossover randomly selects  points to and swaps 

the genes between the two chromosomes using the 

points as swapping points. The crossover probability 

was set to 0.7, and a two-point crossover was used 

in the experiment. 

In the mutation phase, the genes of the 

chromosomes are randomly mutated according to a 

given probability as an exploratory approach to 

prevent trapping to the local optima. After the 

mutation process, the process goes back to the 

fitness evaluation phase and repeats the process 

until the termination criterion is satisfied. In the 

experiment, the mutation probability was set to 0.1 

and the maximum number of generations was set 

as a termination criterion.

During the GA operation, instead of discretizing 

the feature values, values within the range of  of 

the original value were considered to have the 

same value as the original value because a small 

difference of financial ratio does not indicate a 

significant difference in real life. For example, a 

debt service coverage ratio (DSCR) of 1.15 and 

1.20 is not perceived to have a major difference.
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#
Variable 

No.
Variable Name Category

Causal 

Direction

1 v11 Inventory turnover activity up

2 v110 Working capital requirement (KRW) activity down

3 v13 Account payable turnover activity down

4 v17 Non-current asset turnover activity up

5 v19 Working capital cycle (days) activity down

6 v26 Capital growth growth up

7 v34 Gross value-added to labor cost productivity up

8 v37 Gross value-added to machinery (KRW) productivity up

9 v39 Gross value-added per capita (KRW) profitability up

10 v415 Retained earnings to sales profitability up

11 v418 Cost of goods sold (CGS) to sales profitability down

12 v423 Debt service coverage ratio profitability up

13 v47 Net income on shareholder's equity profitability up

14 v51 Cash ratio stability up

15 v56 Financial cost to sales stability down

16 v513 Non-current assets to shareholders' equity stability down

17 v515 Current liability ratio stability down

<Table 1> Selected variables and causal relationship

4. Experiment

4.1. Data and Variables 

The proposed model was tested with a balanced 

dataset comprised of 4838 of bankrupt cases and 

non-bankrupt cases. The observations consist of 

small-to-medium sized manufacturing firms in 

Korea between 2003-2007. After eliminating 

features with more than 50% of missing values, 

and financial variables with redundant meanings. 

Final input features were chosen using stepwise 

feature selection method and 17 input variables 

were selected. The input features can be categorized 

into five: activity, growth, productivity, profitability 

and stability. For bankruptcy prediction model, a 

two-layer artificial neural network used. All input 

variables were scaled using min-max normalization 

as the scale of the features differ.

To construct a set D, the directional relationship 

between input variable and output variable (i.e., 

bankruptcy) was considered. Financial variables 

have been commonly used as input variables for 

bankruptcy prediction models as they are popular 

indicators for financial soundness indicators. We 

used the signaling properties of the financial 

variables in financial ratio analysis (Gadanecz  & 
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Parameters Details

Number of layers  2

Number of neurons  12, 6

Transfer function ReLU

Activation function (output layer) sigmoid

Optimizer SGD

Learning rate  0.01

Epoch max. 10,000

<Table 2> Parameter setting for bankruptcy prediction model (ANN)

Jayaram, 2008)as a causal (directional) relationship 

of the input variables and the financial distress. 

We referred to the studies focusing on the analysis 

of corporate financial statements and ratios to find 

commonly acknowledgeable causal direction for 

the selected financial variables (Bank of Korea, 

2020; Davidson, 2019; Helfert, 2001). Causal direction 

indicates the directional relationship a financial 

variable has towards financial strength. For instance, 

downward change of financial cost to sales (v56) 

and working capital requirement (v110) generally 

indicates a good sign to a company’s financial 

stability whereas downward change of non-current 

assets to shareholder’s equity (v513) and current 

liability ratio (v515) indicate a bad sign to a 

company’s financial stability. Table 1 shows the 

input variables selected for the model and 

directional relationship between the input variable 

and financial strength. If the change in financial 

variable follow the causal direction, it is likely to 

have a positive relationship toward stable financial 

status. The causal direction of each variable will 

be used later in the counterfactual generation 

algorithm to produce sensible and causally plausible 

counterfactual-based explanation.

4.2. Experiment Setting 

To generate a counterfactual-based explanation 

for a bankruptcy prediction model, two-layer neural 

network was trained using the bankruptcy data. 

Number of layers and number of neurons were 

chosen using a grid-search method. The detailed 

architecture and parameters of the bankruptcy 

prediction model are presented in Table 2. The 

performance of the model is presented in Table 3. 

The model presented 82.90% of accuracy in the 

training set and 80.65% in the test set. After 

training the prediction model, SHAP was applied 

to obtain global feature importance of the model. 

The feature importance obtained from SHAP will 

be used to produce more relevant counterfactual- 

based explanation in the next step. The result of 

the feature importance found by SHAP is shown in 

Figure 3. Researchers often use sampled background 

dataset to compute SHAP values because of the 

high computation cost which can lead to some 
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<Figure 3> Feature importance by SHAP

level of variance depending on the samples used. 

In this study, we used the entire training set to 

compute SHAP values as we believe the computation 

cost is acceptable to produce accurate and stable 

results. As shown in Figure 3, working capital 

cycle (v19), debt service coverage ratio (v423), 

and working capital requirement (v110) were 

identified as one of the most influential features 

affecting the trained bankruptcy prediction model. 

Working capital cycle (v19) indicates the duration 

(days) to convert net current assets and net current 

liabilities into cash whereas the working capital 

requirement (v110) indicates the amount of capital 

to needed to cover operation costs. Debt service 

coverage ratio (v423) is a representative stability 

indicator, indicating the company’s capability to 

pay back the loan by dividing net operating income 

by debt service.

After training the model for bankruptcy prediction 

model, a proposed method for counterfactual-based 

explanation was employed. The algorithm aims to 

generate counterfactual by using a constraint filter 

out counterfactuals that opposes the real-world 

causal relationship. At the same time, it is 

designed to minimize the distance between the 

original instances and generated ones, number of 

features altered in the generated counterfactual and 

local outlier factor score were also minimized. GA 

was used to find the counterfactuals and the 

detailed parameter setting for GA is presented in 
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Metric Training set Test set

Accuracy 0.8290 0.8065

Precision 0.8193 0.8011

Recall 0.8441 0.8154

F-1 score 0.8316 0.8082

ROC AUC 0.9046 0.8729

<Table 3> Prediction model performance

Parameters Details

Fitness function arg min 

Constraint  and 

Population 1,000

Max. generation 10

Selection Tournament

Mutation rate 0.1

Crossover rate 0.7 (two-point crossover)

λ1=0.7, λ2=0.4, λ3=0.5

<Table 4> Parameter setting for GA

the Table 4. The proposed method has in total of 

three objective terms in the fitness function. For 

each term, lambda ( and ) was used as a balancing 

parameter. The values of the balancing parameter 

for the objective terms were 0.7, 0.4 and 0.5, 

respectively. Also, the GA has two constraints 

which during the GA operation, chromosome 

candidates against the constraint condition was 

penalized and excluded.

4.3. Quantitative Evaluation

After training the prediction model, counterfactual 

example-based explanations were generated using 

GA. To evaluate the performance of the proposed 

algorithm, we used validity, sparsity and LOF. 

Validity, sparsity, and proximity were considered 

critical factors in the counterfactual-based explanations 

(Mothilal et al., 2020; Russell, 2019). However, 

proximity was not included in the evaluation since 

the comparing methods use different distance 

measures. The weighted Euclidean distance was 

used in the proposed model uses and simple 

Euclidean distance was used in the nearest 

contrastive sample method, and inverse MAD 

weighted Manhattan distance was used in the 

simple counterfactual generation method. We 

included LOF to measure how the selected 

counterfactuals follow the distribution of the dataset 

as in  Kanamori et al. (2020). The performance 
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Nearest

Contrastive Sample

Simple counterfactual*

(Nelder-Mead)

Feasible counterfactual

(Proposed Method)

Validity 1.00 1.00 1.00

Sparsity 16.21 4.22 1.04

LOF (=20) 1.23 1.69 1.17

* Counterfactual generation method suggested by Wachter et al. (2018)

<Table 5> Counterfactual generation result

measure for counterfactuals may differ depending 

on the focus of the study, and despite an 

increasingly expanding studies of counterfactual 

explanations, there is no uniform set of evaluation 

methods so far (Stepin et al., 2021). Therefore, the 

most common and appropriate measures were 

selected for quantitative evaluation. After 

evaluating the model performance, we further 

investigated the qualitative aspects of the generated 

counterfactuals as explanation to real user via 

survey. 

The result of the counterfactual generation 

algorithms is shown in the Table 5, and Figure 4 

shows a sample of generated counterfactual 

example. As shown in the Table 5, the validity of 

the generated counterfactual instances was guaranteed 

in all methods. Nearest contrastive sample method, 

as the name suggests, naturally guarantees the 

validity of the counterfactual instance since it 

selects the counterfactual instance from given 

dataset. Simple counterfactual generation method 

was carried out using a simple Nelder-Mead 

optimization algorithm. It should be noted that the 

optimization algorithm was carried out until it 

satisfied validity as the objective function is 

non-convex. The proposed algorithm using GA, 

also achieved a perfect validity obtained by setting 

validity as a constraint. Sparsity refers to the 

number of features changed in a counterfactual 

instance compared to the original instance. The 

smaller the number of features changed, the more 

comprehensible the explanation is. Users can 

understand more compact and concise explanations 

compared to the long and complicated one. The 

proposed method shows the smallest number of 

features changed on average with sparsity of 1.04 

followed by simple counterfactual generation 

method. The simple counterfactual generation 

method showed 4.22 and the nearest contrastive 

sample method showed 16.21 of average number 

of features changed in the counterfactual instances. 

In this experiment, LOF was used to measure how 

well counterfactual instances lie close to the 

distribution of the original dataset as this property 

is critical to make the explanation more realistic. 

The proposed method which had a LOF score as 

a part of the objective function obtained the best 

LOF score of 1.17 among the comparable methods. 

As the nearest contrastive sample method selects 

counterfactual instance from the original datapoints, 

the selected counterfactual instances show average 

LOF score of 1.23 whereas simple counterfactual 
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<Figure 4> Generated counterfactual example

generation method shows the highest score of LOF 

score indicating that the generated counterfactual 

instances have the highest possibility for being an 

outlier. Figure 4 presents the counterfactuals generated 

from different methods and the feature values that 

needs to change in order to have the opposite 

output from the model are in light blue cell. 

Figure 5 shows an example of a generated 

counterfactual-based explanation. When offering 

explanations, it is necessary to present in a form 

end-users can understand. In this example, it 

shows how to obtain the model prediction 

“non-bankrupt” instead of “bankrupt” using a real 

case as an example. The table in the Figure 5 

shows the input features used to predict the case 

and the columns indicate the original values of the 

input features (i.e., Original Case Value) and the 

feature(s) that needs to change to flip the 
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<Figure 5> Counterfactual-based explanation example

prediction made by the model (i.e, Counterfactual 

Case Value). In the bottom, we suggest a textual 

explanation using a generated counterfactual example. 

For example, if the model prediction was originally 

‘bankrupt,’ the explanation can be arranged as: If 

the case were to have a DSCR of 21.87%, instead 

of 5.96%, the company would have classified as 

“Non-bankrupt” rather than “bankrupt”. The generated 

counterfactual example of the proposed method is 

highly feasible and understandable to users. 

Acquisition of the feasibility is critical in financial 

domain as financial variables have relationship 

with financial stability. It is unlikely that a model 

user will accept the model decision if the provided 

explanation is simply not sensible.  

4.4. Qualitative Evaluation: User Study

To further investigate the understanding of the 

generated counterfactual examples, a user study 

was used for qualitative evaluation. User evaluation 

of the generated counterfactual-based explanation 

is important since the proposed method aims to 

provide explanation that is intuitive and understandable 

to human end-users. 

Participants of the study were asked to answer 

questions about the provided explanation to evaluate 

the quality of the generated explanation. The user 

study was designed to measure four subjective 

constructs of the explanations. The four constructs 

represent important aspects of the generated 

explanation. The four constructs are satisfaction, 
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<Figure 6> User study questions

Participants LIME
CF without causal 

feasibility

CF with causal 

feasibility
Total

Participants 30 30 30 90

Spent less than 90 seconds (1) (2) (2) (5)

Invalid answers (9) (9) (8) (26)

Valid participants 20 19 20 59

<Table 6> User study participants

comprehensibility, perceived transparency, and 

perceived feasibility of the generated explanation 

as shown in Figure 6. The first three criteria were 

also suggested in other studies that adopted 

qualitative evaluation (Adhikari et al., 2019; 

Gedikli et al., 2014; Le et al., 2020). The last 

measure is related to the actual feasibility of the 

generated explanation. It was adopted to measure 

the subjective feasibility of the generated explanation 

and to investigate whether the generated explanation 

was feasible by potential users. To conduct the 

user study, one of the three types of explanation 

was randomly shown to the participants. Since the 

participants of the study is not familiar with 

model-generated explanations, all explanations 

were offered in both text format and raw table 

format for users to understand the provided 

explanation as shown in Figure 5. The three 

different explanations were: Type A) explanation 

generated using LIME, Type B) explanation generated 

from the proposed method without causal feasibility 

constraint, Type C) explanation generated from the 

proposed method with causal feasibility constraint 

(i.e., proposed method). To prevent possible bias, 

explanations used for the study were formulated as 

similar as possible and all respondents were shown 

the same instruction and questions. The questions 

are the same as shown in Figure 6 and the 

participants were asked to answer these questions 

in a scale of 1 to 5. We used Amazon Mechanical 

Turk (AMT) to collect the answers and since the 

explanation generated to explain the bankruptcy 

prediction model is aimed for the users of the 

system, all participants were limited to those who 

work in the finance industry to gain more accurate 

results.
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Measure LIME
Counterfactual without  

 causal feasibility

Counterfactual with

causal feasibility

(proposed method)

Satisfaction
score 3.85 4.00 4.21

(stdev) (0.88) (0.95) (0.92)

Comprehensibility
score 4.15 4.15 4.16

(stdev) (0.88) (0.73) (0.60)

Perceived Transparency*
score 4.00 3.70 4.47

(stdev) (0.86) (0.90) (0.70)

Perceived Feasibility*
score 4.05 3.50 4.21

(stdev) (0.89) (0.87) (0.71)

* : significant at p < 0.05

<Table 7> User study result

We asked 90 participants working in the finance 

or accounting industry to participate in the study, 

and surveys collected from 59 participants were 

used in total. Three different types of explanations 

were shown to the participants, and they were 

asked to answer the questions. Additionally, we 

limited the participants to those who with a high 

approval rate of 95% or higher to obtain quality 

results. After the survey, we excluded invalid 

answers. Invalid answers are those spent less than 

1.5 min to answer the survey and those who failed 

attention checks. This led us to have 20, 19, 20 

participants for each explanation as presented in 

Table 6. 

Table 7 shows the result of the user study 

conducted in this paper. We conducted an analysis 

of variance (ANOVA) to test if the mean scores 

from the different types of explanations are 

significantly different. Perceived transparency and 

perceived feasibility were tested to be significantly 

different among the different types of the 

explanation while satisfaction and comprehensibility 

were found statistically insignificant. The proposed 

method (i.e., Counterfactual with causal feasibility) 

was found to have the highest mean satisfaction 

score compared to other explanation types and 

LIME method had the lowest mean satisfaction 

score. All three methods had similar scores in 

terms of satisfaction and comprehensibility which 

were found statistically insignificant at the 

significance level of 0.05. On the other hand, 

perceived transparency showed the most difference 

among the three types. It should be noted that the 

proposed method had both the highest perceived 

feasibility score and the highest perceived feasibility 

with relatively low standard deviation. Counterfactual- 

based explanation lacking the generally acknowledgeable 

casual feasibility not only received the lowest 

perceived feasibility but also perceived transparency. 

The result shows that in terms of perceived 
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transparency and perceived feasibility, the 

counterfactual-based explanation had the highest 

score than compared methods when causal feasibility 

was correctly reflected in the explanation. Therefore, 

to achieve high perceived transparency, acquiring 

causal feasibility in the generated explanation is 

important. Also, the result also shows that 

counterfactual-based explanation is more satisfying 

to the users than feature importance-based LIME 

explanation while both methods are comprehensible 

to the users at similar level. 

5. Conclusion

In this paper, we proposed a feasibility- 

enhanced counterfactual generation using GA by 

incorporating the causal relationship each feature 

have with financial status. The proposed method 

has several advantages over other methods as it 

takes domain-specific causal feasibility into account. 

However, the possible underlying relationships 

between the input features were not considered in 

this study. By having causal feasibility as a constraint, 

we prevent the possibility of having any empty or 

infeasible counterfactuals hindering the user’s 

comprehensibility of the provided explanation. 

Therefore, while approaching the problem with 

multiple objectives to provide counterfactuals that 

satisfy key factors, the proposed model further 

incorporated the causal direction of the financial 

input variables into the algorithm. The empirical 

experiment shows that the overall performance of 

the proposed method is competitive compared to 

simple counterfactual generation algorithms. To 

qualitatively evaluate the proposed approach, we 

also conducted a user study who works in the 

related industry (i.e., accounting and finance). The 

result of the user study showed that the proposed 

method with feasible explanation had significantly 

higher score in both perceived transparency and 

feasibility compared to other benchmark methods 

(i.e., LIME and counterfactual without causal 

feasibility). It should be noted that the infeasible 

counterfactual-based explanation had the lowest 

score in perceived model transparency and 

perceived feasibility, indicating the importance of 

feasibility in explanation and how it may affect the 

perceived transparency as well. 

However, the user study conducted in this paper 

collected answers using only the Likert scale and 

did not ask open-ended questions for more 

information. At the same time, detailed information 

of the participants such as age, sex, work 

experience should be asked to segment the 

potential users for further analysis. Therefore, 

future works should consider more structured user 

study for in-depth analysis. Also, the study carries 

some limitations in terms of the dataset and a 

choice of the prediction model. The study tested its 

model on only a single bankruptcy data collected 

in Korea and did not use other machine learning 

techniques. Also, the GA used in the experiment 

did not have the optimized set of parameters, and 

the trade-off parameters between the objective 

terms were chosen after trial and error. There 

should be careful consideration with regards to the 

trade-off parameters as they are the key to 
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balancing the objectives, which are determined by 

certain policies or purposes. Future works should 

consider using the diverse dataset from the 

financial domain, possibly with other ML 

techniques and optimization of the parameters. 
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Abstract

Domain Knowledge Incorporated Counterfactual 

Example-Based Explanation for Bankruptcy 

Prediction Model
1)

Soo Hyun Cho*ㆍKyung-shik Shin**

One of the most intensively conducted research areas in business application study is a bankruptcy 

prediction model, a representative classification problem related to loan lending, investment decision 

making, and profitability to financial institutions. Many research demonstrated outstanding performance for 

bankruptcy prediction models using artificial intelligence techniques. However, since most machine learning 

algorithms are "black-box," AI has been identified as a prominent research topic for providing users with 

an explanation. Although there are many different approaches for explanations, this study focuses on 

explaining a bankruptcy prediction model using a counterfactual example. Users can obtain desired output 

from the model by using a counterfactual-based explanation, which provides an alternative case. This study 

introduces a counterfactual generation technique based on a genetic algorithm (GA) that leverages both 

domain knowledge (i.e., causal feasibility) and feature importance from a black-box model along with other 

critical counterfactual variables, including proximity, distribution, and sparsity. The proposed method was 

evaluated quantitatively and qualitatively to measure the quality and the validity.
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