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PURPOSE: 
BUILDING A BANKRUPTCY FORECASTING MODEL BASED ON A SET 
OF CLASSIFIERS USING NEURAL NETWORK SEARCH METHODS

In this work, staking methods of predicting 
bankruptcy are improved and expanded [1]. The 
main topic of this study is the use of different types 
of models: multilayer perceptrons, decision trees, 
Kohonen networks. In various combinations, they 
are selected and combined into ensembles and meta-
ensembles in such a way as to consider the strengths 
and weaknesses of each type of basic models in the 
context of the task.
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Super 
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FPR FNR Precision 
Non 
Bankrupt

Precision 
Bankrupt

Recall
Non
Bankrupt

Recall
Bankrupt

F1
Non
Bankrupt

F1
Bankrupt

Accuracy 
Balanced

F1 ROC 
AUC

Multilayer
perceptron 0.04470 0.04545 0.99842 0.41695 0.95529 0.95454 0.97637 0.57991 0.95492 0.963584 0.95492

Decision tree 0.06682 0.11818 0.99579 0.30565 0.93317 0.88181 0.96346 0.45393 0.907495 0.947027 0.90749

Kohonen
network 0.20336 0.02272 0.99904 0.13821 0.79663 0.97727 0.88641 0.24215 0.886954 0.865634 0.88695

Combining ensembles with different types of models allows you to achieve an advantage on key metrics.

Stacking
Ensemble 0.03576 0.03636 0.99874 0.47477 0.96423 0.96363 0.98118 0.63541 0.96393 0.97002 0.96393

Conclusion
For each of the selected main metrics, the values of the stacking ensemble are higher than the maximum values from 

the metrics of superensembles of different types of models, which allows us to consider the computational experiment 
successful. An analysis of the results based on the selected metrics shows that the totality of the selected methods and 

their practical implementation make it possible to successfully solve the problem of predicting bankruptcy. Combining 
models of different types into ensembles can significantly improve the quality of forecasts, using the advantages of each 

type of basic models, considering their shortcomings in the course of combining forecasts.

The main idea of stacking is to use heterogeneous base models to obtain
predictions and use them as features for some generalizing algorithm [2]. Initially, a
set of pairs of arbitrary subsets is selected from the training sample, then for each
pair, basic algorithms are trained on the first subset and predict the target variable for
the second. The predicted values become the objects of the new space. The ensemble
stacking method for machine learning uses a meta-model to pool the predictions of
the participating members. Its main strength lies in the use of different types of
models. This means that the meta model learns best by combining the strengths and
weaknesses of the base models. Based on this, it is extremely important for the
success of stacking to form heterogeneous base models (or ensembles), the forecasts
of which are received by the stacking algorithm . Typically, base models are prepared
using different algorithms, which means that the ensembles are a heterogeneous set
of model types that provide the desired level of diversity in the predictions made.

Consider the ensemble structure of the proposed meta-model, starting from the
level of individual models and ending with the level of the meta-ensemble. The
structure is shown in Fig. 1. The MLP superensemble receives predictions from
ensembles of bagging, random splitting, and cross-validation with jackknife as input.
Each of these ensembles makes the models different by training them on different
parts of the training set. A superensemble of Kohonen networks works according to a
similar scheme. The superensemble of decision trees is somewhat different from the
previous ones. There are several implementations of the gradient boosting ensemble,
each of which has its own advantages over the others. Due to this, forecasts from
ensembles can have different trends in forecasts, classify a class better or worse,
extract useful information from the input data in different ways.

The main idea behind using cross-validation to test a model is that the estimate is
freed from the problem of test set composition. Indeed, each part of the partition at
a certain iteration will be a test sample (to which the model does not have access)
and, thus, the effectiveness of the model can be evaluated on the entire set of
available data. In addition, the structure provides for another split of the training
sample after the main one: this time, 1/5 of the dataset will be used as a validation
sample, on which neural network models of fitting weights for ensemble forecasts
will be trained. The general principles of splitting the initial data shown in Fig. 2.

The following metrics were used to evaluate the model:

To evaluate the efficiency of the described ensemble model, a
computational experiment was carried out. The initial data was collected
from the Taiwan Economic Journal for the period from 1999 to 2009 [3]. As
expected, the MLP superensemble performs the best on most metrics.
Relative to other models, it shows balanced results in class recognition. The
superensemble of decision trees generally gives slightly worse results than
the MLP superensemble. The superensemble of Kohonen networks shows
low, relative to other models, results in general metrics, but it has very high
Precision metrics for “non-bankrupts” and Recall for “bankrupts”. In terms
of meaning, this means that the superensemble is extremely rarely mistaken
if it claims that the enterprise will not be bankrupt, and has a high proportion
of found objects of the “bankrupt” class. Finally, let us analyze the results of
combining the superensemble forecasts into a meta-ensemble. The best
ensemble metrics in Table I are highlighted in green, and the worst in red.
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Fig 1.  Scheme of the composition of the ensemble structure

Fig 2. Input data partition scheme

Table I. Comparison table of metrics by classes of superensembles and the combined stacking meta-ensemble

[1] D.V. Polupanov, S.R. Abdiusheva and V.V. Gallyamov, “Improving the neural network 
mathematical model of corporate bankruptcy”, International Conference on Information 
Technology and Nanotechnology, 2021, pp. 1-9, DOI: 10.1109/ITNT52450.2021.9649280

[2] H. Wolpert, “Stacked generalization”, Neural networks 5.2, 1992, pp. 241-25

[3] Fedesoriano (Kaggle), “Company Bankruptcy Prediction”, Internet: 
https://www.kaggle.com/datasets/fedesoriano/company-bankruptcy-prediction 


