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Abstract: Financial crisis prediction (FCP) roles an important play in the economic phenomenon. The precise forecast of the
number and probability of failing firms' performances as an index of development and strength of national economy. Usually,
many approaches are projected to effectual FCP. Conversely, the classifier efficiency and forecast accuracy, and data legality
were not optimum sufficient for practical applications. Besides, several developed approaches execute well for any specific
dataset but are not adjustable for distinct datasets. In this view, this study develops a new deep neural decision tree based FCP
(DNDT-FCP) model. Similar to the credit scoring, in this paper, we have considered FCP as a classification problem which can
decide whether a financial firm is bankrupt or not. To accomplish this, the presented DNDT-FCP model involves the initial data
pre-processing step to transform the actual financial data. In addition, the presented DNDT-FCP model employs the DNDT
classification model to carry out the FCP process. The experimental validation of the DNDT-FCP model is tested using two
benchmark datasets namely Wieslaw dataset and qualitative bankruptcy dataset. The experimental results implied a better
performance of the DNDT-FCP model over recent models.
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1. INTRODUCTION

Over past few years, financial crisis of companies is rising all over the globe, the corporations had an
eye on the region of financial crisis prediction (FCP) [1, 2]. For a financial institution or company, it
becomes necessary to devise a dependable and prior forecasting method for predicting risk factors of the
business’s status of financial loss at an earlier time. FCP typically generates a binary classifier method that
was resolved in a reasonable manner [3]. The result from the classifier technique is classified into 2
categories first thing it indicates the company’s failure status and another indicates the company’s non-
failure status. The inputs to the classifier technique were always the statistic ratios gained from monetary
reports in the institutions [4]. So far, lot of classifier approaches was enhanced with the help of numerous
field knowledge for FCP. Finally, researchers find the artificial intelligence (Al) and machine learning
(ML) approaches in search of a superior technique for forecasting economic crisis and also, for
quantifying economic crisis by making use of innovative and latest technologies [5, 6].

As the analysis of monetary risks was similar to the design identification problems, techniques are
utilized for the solvency sorting [7], therefore enhancing the classical methods using formerly multiple
variance statistic routines such as discriminant breakdown and LR. The incorporation of ML techniques
with numerous types of artificial neural networks (ANN) in economic crisis forecasting grabs more
attention [8]. Currently, DL was arisen and slowly advanced as an influential method for an extensive
range of applications. It reached huge achievements in natural language processing (NLP), computer
vision (CV), auto-driving, voice recognition, and classifier issues in businesses namely credit scoring and
bankruptcy prediction [9, 10]. The study mainly makes reviews ML and DL methods utilized in
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bankruptcy forecasting, for summarizing the particular procedure, features, merits, and weak zones
through examining common studies.

Mai et al. [11] establish DL techniques for corporate bankruptcy predicting employing textual
disclosure. But, the textual data in general, it can be rarely regarded from the financial decision support
methods. DL utilizes layers of NNs for extracting features in textual data to forecast. In [12], the authors
are analysing the ML or DL approaches utilize from bankruptcy forecast containing the traditional ML
approaches. In [13], the authors present a new algorithmic trading approach CNN-TA utilizing a 2D CNN
dependent upon image processing property. For converting financial time series to 2D images, 15 distinct
technical indicators each containing various parameters chosen were employed. All the indicators sample
creates data for a 15 day period. While the outcome, 15 x 15 sized 2D images are generated. All the
images are then labeled as Buy, Sell or Hold depending on hill and valley of original time series.
Alaminos et al. [14] introduce novel approaches for the forecast of sovereign debt and currency crises,
utilizing several computational approaches that improve their precision. These techniques illustrate the
superiority of computational approaches regarding statistics with respect to the level of precision.

This study develops a new deep neural decision tree based FCP (DNDT-FCP) model. Similar to the
credit scoring, in this paper, we have considered FCP as a classification problem which can decide
whether a financial firm is bankrupt or not. To accomplish this, the presented DNDT-FCP model involves
the initial data pre-processing step to transform the actual financial data. In addition, the presented DNDT -
FCP model employs the DNDT classification model to carry out the FCP process. The experimental
validation of the DNDT-FCP model is tested using two benchmark datasets namely Wieslaw dataset and
qualitative bankruptcy dataset.

2. The Proposed DNDT-FCP model

In this study, a new DNDT-FCP model has been developed for the classification of FCP. Primarily,
we have considered FCP as a classification problem which can decide whether a financial firm under
bankrupt or not. To accomplish this, the presented DNDT-FCP model involves the initial data pre-
processing step to transform the actual financial data. In addition, the presented DNDT-FCP model
employs the DNDT classification model to carry out the FCP process.

2.1. Data Pre-processing

Firstly, the presented DNDT-FCP model involves the initial data pre-processing step to transform the
actual financial data. The Min-Max normalizing system (Eg. (1)) has been employed to normalize the data
for intervals of 0 and 1:

X — X mi
x* = ¢’ (1)
X max — X min
In which x* represents the normalization data, x defines the original data, x,,;, signifies the lesser data
values in the current attribute, and x,,,x implies the maximal data value in the current attribute.

2.2. DNDT based Classification

At this stage, the presented DNDT-FCP model employs the DNDT classification model to carry out
the FCP process. The DNDT is DT model implemented using deep-learning NN, in which a configuration
of DNDT weighting corresponds to a certain decision tree and it can be interpretable [15]. A DNDT is
much simpler, however, it finds the optimal solution in comparison with traditional DT inductor while
seeking the parameter and structure of the tree using SGD. At last, traditional DT inductor uses binary
division for simplifying DNDT functions by random cardinality division that could occasionally produce
interpretable tree. The process starts with the implementation of a soft binning function to estimate the
error rates for all the nodes which makes them feasible to take decisions separated into DNDT. Usually,
the input of binning function is an actual scalar x that yields an index of container where x belongs.
Assume that x is a constant variable, and group them into n + 1 intervals. This needs n cut-off point that
iIs trained parameters. The cut-off point is represented by (51, f2, ..., Bn) and are strictly ascending so that
P1 < Bz < < Py
The activation function of DNDT process is executed according to the NN determined as follows.

wx + b) @

m = fw,b,7(x) = softmax (
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In Eq. (2), w denotes constant values w = [1,2, ...,n + 1], T > 0 refers to temperature factors, and b is
determined as follows.

b=10,—By = By = Bas e, =P1 = B2 =+ = Bu] (3)

The NN provides coding of binning function x. Assumed the binning function abovementioned, the major
concept is to construct the DT with the Kronecker product. Assume that, it have input sample y € R?
using D features. Associate every feature y, with its individual NN f,;(x;), we define each last node of
the DT, as follows.

z=fiX) ® £L(x2) @ ...® fp(xD) 4)

In Eq. (4), z denotes a vector that represents the index of leave nodes attained using sample x. Consider
that a linear classification on every leaf z categorizes the instance that reaches them. The cut point number
for each feature is the complication variable of the algorithm [16]. The cut-off point value is not constraint
that implies that some of them might be inactive. For instance, they are small when compared to the
minimal x; or larger when compared to maximal x,. Fig. 1 depicts the infrastructure of DNN.

The DNDT is well-scaled using the input number owing to the trained mini-batches of NN. But the
major drawback of algorithm is the usage of Kronecker product that denotes it isn’t scalable interms of the
amount of features. In the present execution, we presented the challenge with wide-ranging dataset, and
train a forest using an arbitrary sub-space. This included presenting several trees and training them using

subsets with arbitrary features.
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Fig. 1. Structure of DNN
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3. Results and Discussion

The proposed model is simulated using two benchmark datasets namely Weislaw dataset and

qualitative bankruptcy dataset. Table 1 illustrates the details of two datasets.
Table 1 Dataset details

No. of Samples

Class Wieslaw Qualitative Bankruptcy
Dataset Dataset

Bankruptcy 112 107

Non-Bankruptcy 128 143

Total 240 250

Fig. 2 reports the confusion matrices produced by the proposed model on test datasets. With 70% of TR
data on dataset-1, the proposed model has recognized 43 samples into bankrupt (BT) class and 77 samples
into non-bankrupt (NBT) class. Also, with 30% of TS data on dataset-1, the proposed method has
recognized 23 samples into BT class and 26 samples into NBT class. Besides, with 70% of TR data on
dataset-2, the proposed system has recognized 70 samples into BT class and 99 samples into NBT class.
In addition, with 30% of TS data on dataset-2, the proposed methodology has recognized 34 samples into
BT class and 40 samples into NBT class.
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Fig. 2. Confusion matrices of proposed method (a) 70% of TR on dataset-1, (b) 30% of TS on dataset-1, (¢) 70% of TR on
dataset-2, and (d) 30% of TS on dataset-2

Table 2 and Fig. 3 report an overall classification output of the proposed model on Weislaw dataset. The
experimental results implied that the proposed model has shown proficient results on test dataset. With
70% of TR data, the proposed model has resulted in an average accu, of 97.02%, reca; of 96.88%,
spec,, of 96.88%, Ficore Of 97%, and Gpeqsure Of 97.02%. Also, with 30% of TS data, the proposed
method has resulted in an average accu, of 96.57%, reca; of 96.67%, spec, of 96.67%, Fcor Of

96.47%, and G,eqsyre Of 96.48%.
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Table 2 Result analysis of proposed method with distinct measures under Weislaw dataset

Wieslaw Dataset
Class Labels Accurac Recall Specificity F-Score G-
y Measure
Training Phase (70%)
Bankruptcy 97.02 94.87 98.89 96.73 96.75
Non- 97.02 98.89 94.87 97.27 97.28
Bankruptcy
Average 97.02 96.88 96.88 97.00 97.02
Testing Phase (30%0)
Bankruptcy 96.57 97.22 96.12 95.89 95.90
Non- 96.57 96.12 97.22 97.06 97.06
Bankruptcy
Average 96.57 96.67 96.67 96.47 96.48
Wieslaw Dataset
97.1
Training Phase (70%) Testing Phase (30%)
97.0 -
96.9 -
96.8 -
E 96.7 -
@
=
,—; 96.6 -
96.5 -
96.4 -
96.3 -
96-2 T T T T T
Accuracy Recall Specificity F-Score G-Measure

Fig. 3. Result analysis of proposed method under Weislaw dataset

Table 3 and Fig. 4 illustrate an overall classification output of the proposed system on Qualitative
Bankruptcy dataset. The experimental outcomes referred that the proposed method has outperformed
proficient results on test dataset. With 70% of TR data, the proposed algorithm has resulted in an average
accu, of 98.61%, reca; of 98.68%, spec, of 98.68%, F; .. Of 98.61%, and Geqsure OF 98.62%.
Eventually, with 30% of TS data, the proposed model has resulted in an average accu,, of 98.67%, reca,
of 98.57%, spec,, 0of 98.57%, F;core OF 98.66%, and Geqsyre OF 98.67%.
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Table 3 Result analysis of proposed method with distinct measures under Qualitative Bankruptcy dataset

Qualitative Bankruptcy Dataset
G-
Class Labels Accuracy Recall Specificity F- Measur
Score o
Training Phase (70%0)
Bankruptcy 98.61 100.00 97.37 98.55 98.56
Non-Bankruptcy 98.61 97.37 100.00 98.67 98.68
Average 98.61 98.68 98.68 98.61 98.62
Testing Phase (30%)
Bankruptcy 98.67 97.14 100.00 98.55 98.56
Non-Bankruptcy 98.67 100.00 97.14 98.77 98.77
Average 98.67 98.57 98.57 98.66 98.67
Qualitative Bankruptcy Dataset
98.75
Training Phase (70%) Testing Phase (30%)
98.7 -
98.65 -
98.6 -
g
0 98.55 -
=
>
98.5 -
98.45 -
98.4 -
9&-35 T T T T T
Accuracy Recall Specificity F-Score G-Measure

Fig. 4. Result analysis of proposed method under Qualitative Bankruptcy dataset
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Fig. 5. TA and VA analysis of proposed methodology
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Fig. 6. TL and VL analysis of proposed methodology

The training accuracy (TA) and validation accuracy (VA) gained by the proposed method on test
dataset is demonstrated in Fig. 5. The experimental outcome represented that the proposed algorithm has
gained maximal values of TA and VA. In specific, the VA seemed that superior to TA.

The training loss (TL) and validation loss (VL) attained by the proposed system on test dataset are
established in Fig. 6. The experimental outcome revealed that the proposed method has been able least
values of TL and VL. In specific, the VL appeared to be lesser than TL.

At last, a brief comparative study is carried out between the proposed model and existing approaches
in Table 4 and Fig. 7 [17, 18]. The results implied that the PSO-KELM, GA-KELM, and GS-KELM
models have shown poor performance with least accu,, of 82.50%, 81.67%, and 80%. At the same time,

the GWO-KELM and optimal FKNN models have reported moderately closer accu, values of 84.58%
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and 87.92% respectively. However, the proposed model has accomplished superior performance with
improved accu, of 98.67%. So, the proposed model has accomplished enhanced FCP outcomes over

other models.

100.0

Table 4 Comparative analysis of proposed algorithm with recent methodologies

Methods Accuracy
GWO-KELM 84.58
PSO-KELM 82.50
GA-KELM 81.67
GS-KELM 80.00
Optimal FKNN 87.92
The Proposed Model 98.67

97.5 1

95.0

92.5 1

87.5

Accuracy (%)

85.0 -

82.5

80.0 -

77.5

GWO-KELM
PSO-KELM
s GA-KELM

G5-KELM
Optimal FKNN
The Proposed Maodel

4. Conclusion

3 4
Methods

Fig. 7. Comparative analysis of proposed method with existing approaches

In this study, a new DNDT-FCP model has been developed for the classification of FCP. Primarily,
we have considered FCP as a classification problem which can decide whether a financial firm is under
bankruptcy or not. To accomplish this, the presented DNDT-FCP model involves the initial data pre-
processing step to transform the actual financial data. In addition, the presented DNDT-FCP model
employs the DNDT classification model to carry out the FCP process. The experimental validation of the
DNDT-FCP model is tested using two benchmark datasets namely Wieslaw dataset and qualitative
bankruptcy dataset. The experimental results implied a better performance of the DNDT-FCP model over
recent models. In future, hybrid DL based FCP models can be derived to boost the overall prediction

performance of the presented DNDT-FCP model.
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