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Abstract

This study compares the accuracy and efficiency of five different estimation methods for
predicting financial distress of SME companies. We apply a larger set of financial and non-
financial variables than do previous studies, using filter and wrapper selection, among other
methods, to predict bankruptcy up to 10 years before the event in an open, European
economy. Our findings show that logistic regression and neural networks are superior to
other approaches. We document how the cost-return ratio considerably affects the location
of optimal cutoff points and attainable profit in credit decisions. Once a loan provider selects
a particular prediction model, an effort should be made to find the optimal cutoff score to
maximize the efficiency of the technique. Indeed, this often involves determining several
cutoff levels where the portfolio of products and services exhibits different cost-return

characteristics.
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1. Introduction

Failure prediction models are used by many stakeholders in predicting or avoiding a
failure. High accuracy, a long prediction horizon, and interpretability, as well as low cost are
desired properties of these models. The early roots of scientific bankruptcy prediction
modeling are usually traced back to the univariate approach (Beaver, 1966), the multivariate
approach (Altman, 1968), the use of non-financial variables (Keasey & Watson, 1987) and, at
later stages, the application of various estimation techniques to improve prediction
accuracy (e.g., Dimitras et al., 1996; Bellovary et al., 2007; du Jardin, 2015).

Beaver (1966) has already observed that certain financial ratios follow a systematic
process over time and have some predictive ability up to five years before the failure. A
number of studies (Argenti, 1976; Hambrick & D’Aveni, 1988; D’Aveni, 1989; Laitinen, 1991;
Ooghe & de Prijcker, 2008) also show that the failure process can take a number of years
(even to 5-8 years). Many researchers have focused on longer horizons, analyzing different
failure processes (Argenti, 1976; Laitinen, 1991; du Jardin & Severin, 2011, 2012; du Jardin,
2015) and also focusing on non-financial variables to explain different processes in the long
term (Ooghe & de Prijcker, 2008; Hambrick & D’Aveni, 1988; D’Aveni, 1989; Moulton et al.,
1996; Altman et al., 2010; Altman et al., 2016).

In traditional failure models, the predictive ability of financial variables is high for the
one-year horizon, but their predictive ability decreases quickly after that time (du Jardin &
Severin, 2011; du Jardin, 2015). For the three-year horizon, most approaches provide
inaccurate prediction results. However, it proved to be possible to extend the forecasting
horizon up to three years using hazard models (Gepp & Kumar, 2008; Dakovic et al., 2010) or
terminal failure processes (du Jardin, 2015). However, development of an effective

prediction model for a longer horizon is a very challenging task due to instability of financial



ratios and fluctuations alongside the economic cycle. In particular, financial ratios of SMEs
are very unstable over time and do not contain reliable annual information, which makes the
use of non-financial variables important (Balcaen & Ooghe, 2006). However, the use of non-
financial variables is hardly possible on a cross-country basis due to their incomparability and
limited availability. Therefore, studies on non-financial predictors are focused on single
countries (e.g., the U.S., Finland, Italy, Spain).

Moreover, stakeholders target profit maximization, moving the cutoff scores up or
down in order to, on the one hand, avoid extending credit to potential bankruptcies (Type |
error) and, on the other hand, to avoid losing attractive customers (Type Il error). Therefore,
the performance of prediction methods should be assessed through the lens of cost-return
analysis (e.g., Altman et al., 1977; Weiss & Capkun, 2005).

The purpose of this study is twofold. We aim to assess the predictive ability of
different estimation methods (traditional: logistic regression (LR); data mining: decision tree
(DT), gradient boosting (GB), neural network (NN), and support vector machine (SVM)) in a
large cross-sectional sample of Finnish firms (59,099 firms) over a ten-year period 2003—
2013. Moreover, we assess the profit at each method’s optimal cutoff in comparison with a

Ill

hypothetical “perfect credit decision.” The majority of the sample firms are small and
medium-sized enterprises (SMEs) domiciled in Finland, for which we have access to both
financial and non-financial data.

We contribute to the research on failure prediction in three ways. First, compared to
recent studies (e.g., Barboza et al., 2017, Jones et al., 2017), we use a very wide set of input
variables (including non-financial variables). Second, we analyze the effect of horizon length

(up to 10 years) on the comparative performance of different methods. Third, we assess the

value of the methods using the cost-return ratio for classification. Thus, we show the effect



of relative costs on the value of different methods. We demonstrate that LR and NN are the
most efficient methods in bankruptcy prediction for all the horizons in our data. Similarly, we
show that GB and DT lead to the least accurate prediction models.

The paper is organized as follows. In this introductory section, the motivation and
objectives of the study are briefly discussed. The second section reviews prior studies on
failure prediction with the use of different variable selection and estimation techniques. In
this section, we also draw research hypotheses. In the third section, the sample of bankrupt
and non-bankrupt firms, variables, variable selection methods, and estimation methods are
presented. The fourth section presents and discusses the empirical results on the accuracy
and value of different methods, while the last section summarizes our findings and presents

limitations of the study as well as challenges for future research.

2. Literature Review
This section presents a review of the literature divided into discussion of the

selection of variables and the use of different estimation techniques.

2.1 Selection of Variables

How to select variables properly and how many variables should be used are
important questions in failure prediction modeling. Balcaen and Ooghe (2006) reviewed
business failure studies from the last 35 years and concluded that there is a lack of any
theoretical framework for variable selection and little consensus on which financial variables
are the best for discriminating between failed and non-failed firms. In reality, variables
selected for a given failure prediction model are often sample and environment specific;
thus, the results are difficult to generalize. Bellovary et al. (2007) reviewed more than 150

bankruptcy studies and reported that, in total, 752 different variables were used. Karels and



Prakash (1987) emphasized that careful selection of variables is necessary to improve
performance of the models. In the same way, Zavgren and Friedman (1988) indicated three
drawbacks of previous studies, one of those being arbitrary selection of variables.

Financial variables are usually highly correlated with one another, which can be
disruptive for the accuracy of the model, especially in the validation set (Balcaen & Ooghe,
2006). Therefore, researchers have paid attention to non-financial variables, which typically
are not closely correlated with one another or with financial variables. In addition, these
variables are not exposed to window-dressing or smoothing in the same way as financial
variables. Therefore, non-financial variables are useful in small-business failure prediction
studies. These kinds of variables can be derived from different sources, such as credit
registers, other official registers related to business activity, market intelligence, press
announcements and even annual reports. In practice, their availability depends on the size
of the firm, its legal form, and the country-specific legal framework. Keasey and Watson
(1987) published one of the earliest tests of the usefulness of non-financial variables,
concluding that marginally better predictions may be provided by the use of non-financial
variables. Back (2005) also combined financial and non-financial variables, concluding that
the number of payment delays was statistically the most important factor. In addition,
Altman and Sabato (2007) pointed out that model prediction accuracy may be improved by
the use of non-financial variables. This line of research was continued by Altman et al. (2010,
2016), who reported that the default prediction power of risk models built specifically for
SMEs significantly exceeded that of generic models.

Because of the multitude of variables available, the selection of predictors for use in
bankruptcy prediction models is a relevant issue (du Jardin, 2009). Back et al. (1996a, 1996b)

compared stepwise discriminant analysis (DA), stepwise logistic regression (LR), and genetic



algorithm (GA) in the selection of predictors. They showed that these methods lead not only
to different predictors but also to a different number of predictors. These findings are
supported by du Jardin (2010), who compared three different selection methods that are
especially suitable for neural network (NN) analysis.

Acosta-Gonzélez and Fernandez-Rodriguez (2014) employed GA for variable selection
in order to improve the accuracy of logit modeling for the Spanish building industry. This
type of selection improved forecasts for failed firms and presented similar accuracy for non-
failed ones. Delen et al. (2013) used exploratory factor analysis (EFA) to identify underlying
dimensions of financial ratios that explained the best firms’ performance (ROE and ROA). In
that case, however, the selection of ratios had not been applied to bankruptcy prediction
but rather to explain financial performance.

To improve the accuracy of a prediction model, it may be beneficial to ensure that
the criteria used in variable selection are related to the criteria used in modeling (du Jardin,
2010). In this study, we only compare two commonly used selection methods: a filter
method (the linear R-squared method) and a wrapper method (the logistic stepwise LR). The
filter method neglects potential interactions among variables, while the wrapper method
allows us to detect possible interactions among variables. SVM, GB, and DT methods include
their own respective mechanisms for variable selection. We can expect that the (linear) filter
method will be outperformed by the (non-linear) wrapper method, since we will not use
linear estimation methods (for example DA) in this study. The potential superiority of the
wrapper method is also supported by the expected interactions between the (financial and
non-financial) predictors, which are neglected by the filter method. The weaker the
symptoms of bankruptcy are, the more important it is that the variable selection method be

consistent with the modeling method and detect potential interactions. These characteristics



are of relevance to our research on the prediction accuracy for several horizons, since the
longer the horizon, the weaker the symptoms of bankruptcy. We expect that, especially for
longer horizons, the filter method will be outperformed by the wrapper method, as the
latter is more closely related to the modeling in this study and takes into account variable
interactions. Therefore, we present the following two-part research hypothesis (H1):
Hypothesis Hla: The filter method is outperformed by the wrapper method in
selecting variables for failure prediction models.
Hypothesis H1b: The difference in performance between the wrapper method and the

filter method increases with the prediction horizon.

2.2 Comparing Estimation Methods

There are a great many studies on failure model estimation methods. One of the first
studies providing a wide review of various modeling techniques was carried out by Dimitras
et al. (1996). At that time, multiple DA and LR prevailed as tools for bankruptcy prediction.
Bellovary et al. (2007), using 165 studies from 1930 onwards, showed trends in bankruptcy
prediction tools from the univariate approach in the 1930s through the discriminant analysis
of the 1960s and 1970s to the logit analysis and neural networks of the 1980s and 1990s.
Kumar and Ravi (2007) underlined that traditional statistical tools have to be replaced by
artificial intelligence (Al) techniques. Do Prado et al. (2016) ran a bibliometric analysis of
research indexed on Web of Science from 1968 to 2014, showing that the most often cited
methods were NN, LR, and DA. On the other hand, after 2008, highly cited research mainly
referenced SVM. Moro et al. (2014) applied text mining and Dirichlet allocation to the
analysis of business intelligence in banking over the 2002—-2013 period. The leading roles
were played by credit risk analysis and bankruptcy prediction, with relevant topics dedicated

to NN and SVM. Due to the high level of interest of many stakeholders in improving
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accuracy, there are still new approaches emerging to predict bankruptcies. Some recent
studies present hybrid models, combining statistical methods with artificial intelligence (Li et
al., 2016; Pal et al., 2016).

There are a number of studies comparing the performance of different estimation
methods in bankruptcy prediction. Initially, the analysis was limited to different statistical
techniques (e.g., DA, LR); however, it has been moving gradually toward artificial
intelligence. Laitinen and Kankaanpaa (1999), for example, compared six alternative
methods (DA, LR, recursive partitioning, survival analysis, NN, and the Human Information
Processing (HIP) approach), reporting that there was a statistically significant difference in
predictive accuracy only between LR and survival analysis one year prior to the failure. Two
and three years prior to the failure, statistically significant differences were not found. They
concluded that none of the statistical methods was superior to any other.

Balcaen and Ooghe (2006) concentrated on classic methods and concluded that
despite the extensive research, there seemed to be no superior modeling method in
bankruptcy prediction. They further claimed that most studies reach heterogeneous
conclusions. As a result of this lack of consensus, the selection of the modeling method is left
entirely to the researcher. Du Jardin (2009) analyzed 190 papers on bankruptcy prediction
and found that more than fifty methods were used in those studies. The results usually
revealed only minor differences in prediction accuracy among the methods.

Chen (2011), using data for Taiwanese companies, employed LDA, LR, DT, NN, SVM,
and evolutionary computation techniques, supported by the selection of ratios with the use
of principal component analysis (PCA). The conclusions were that traditional statistical

methods were better in handling large datasets, while Al techniques performed better with



small datasets. Moreover, SVM with evolutionary computation provided a good balance of
high accuracy in the short and long term as well as for distressed and non-distressed firms.

Du Jardin (2015) used five popular methods (DA, LR, NN, survival analysis, and self-
organizing mapping) to predict bankruptcy for horizons of one, two, and three years for
French firms. He did not test the differences in accuracy among the methods statistically, but
his research proved intuitively that the differences are minor and dependent on the industry
and the prediction horizon. Especially with a short horizon, the differences are negligible.
With a very short horizon, the signs of bankruptcy may be so obvious that any statistical
method can make an accurate prediction. When the horizon increases and the symptoms of
bankruptcy become weaker, the differences in accuracy among the methods can increase.

Gordini (2014) compared performance of GA, LR, and SVM for the prediction of
bankruptcy of Italian SMEs. This study showed that GA was more efficient than the two
other methods, especially in reducing Type Il error. GA outperformed LR and SVM in total
predictive performance as well as for bankruptcy and non-bankruptcy cases in different
settings (according to size or geographical area).

Li et al. (2016) built up a hybrid model using LR and NN for Finnish SMEs (based only
on financial variables) over the 2004-2012 period. This hybrid model provided higher
accuracy (84.59%) than models based on each technique taken separately (71.55% and
75.44%, respectively). In the same stream of hybrid models, Pal et al. (2016) combined
hybrid regression (powerful stepwise for variable selection and linear for modeling expert
rating) with SVM to predict the business health of 198 multinational manufacturing
companies. The results of their four-stage experiment generated an accuracy rate exceeding

95%.



Du Jardin (2016) employed DT, DA, LR, and NN for data on French firms from 2002 to
2012 to build single models as well as ensembles of models (using bagging, boosting, and
random subspace). He assumed that there is no single bankruptcy path and that different
profiles should be taken into account and therefore introduced profile-based models.
Previous studies indicated that traditional and hybrid ensemble models outperformed single
models in accuracy. However, du Jardin showed that on the one hand, profile-based models
outperformed ensemble models in most of the cases and, on the other hand, ensemble
models were more accurate than single ones.

Jones et al. (2017) examined the predictive performance of several “simple
classifiers” (LR, DA, and probit), “more advanced techniques” (NN, SVM), and “new age”
methods (random forests, AdaBoost, and generalized boosting) in a large U.S. public
company data set. While LR and DA performed reasonably well, the “new age” methods had
superior predictive performance. Similar evidence was provided by Barboza et al. (2017),
who tested, on a large set of North American firms, the performance of machine learning
methods (SVM, bagging, boosting, and random forest), showing they outperformed
traditional LDA, LR, and NN.

So far, the results of studies designed for comparing the performance of different
methods have been mixed. However, the overall conclusion has been that artificial
intelligence and hybrid models outperform traditional statistical techniques. Not much
attention has been paid to the long-term horizon, but keeping in mind the PD lifetime
required by IFRS 9, failure prediction modeling should move in this direction. In this study,
we try to fill this gap. We expect that with a short prediction horizon, the symptoms of
failure are so obvious that the differences in accuracy among alternative methods will not be

significant. However, when the horizon increases, the symptoms become weaker and,
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consequently, the differences in performance among the methods of varying sophistication
increase. The longer the horizon, the larger the differences in performance between less and
more sophisticated modeling methods. Therefore, we set the following three-part
hypothesis (H2):

Hypothesis H2a: With a short horizon, there are no differences in the prediction

performance of different estimation methods.

Hypothesis H2b: The difference in the prediction performance of different estimation

techniques increases with the prediction horizon.

Hypothesis H2c: More sophisticated methods perform better than less sophisticated

methods with a longer horizon.

3. Data and Statistical Methods
3.1 Empirical Data
3.1.1 Firms

Over the analyzed period, the macroeconomic situation in Finland changed
considerably due to the consequences of the global financial crisis. Up to 2008, the
macroeconomic environment was satisfactory, but in 2009, the GDP fell by 8.5%. In the
following years, the Finnish economy was sluggish. Therefore, the number of bankruptcies is
significant.

This study is based on financial statements and non-financial data provided by a
credit information company (Suomen Asiakastieto Oy (SA)) as of the end of 2003, with the
following restrictions and selection criteria. As of the cross-section date (end of 2003), the
maximum acceptable age of the most recent financial statement was set to 24 months.
Private proprietors, foundations, associations, financial firms, and housing companies were

not included. If the company age was not recorded or if turnover or total asset figures were
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missing, the firm was dropped. Two consecutive most-recent financial statements were
needed to calculate the cash-flow and the annual change-based variables, which left out
very young startups from the data. We have gathered follow-up data regarding the future
statuses and status change years for the 2004—-2013 period.

The total number of observations fulfilling our criteria is 59,099. Over the 2004-2013
period, some of those firms (10,183) ceased operations due to a merger, voluntary
liquidation, or diffusion. The number of firms that were active at the end of 2013 is 46,949.
This comprises 79.4% of the original data set, whereas 1,967 firms (3.3% of the data set)
went bankrupt, and the remaining firms dissolved for various reasons.

3.1.2 Variables

This study is based on a large set of both financial and non-financial variables in order
to produce results that are as general as possible. The list of variables and their definitions
are presented in Appendix 1. We have selected the two sets of variables on the basis of
relevant prior studies. When selecting the financial variables, we paid special attention to
Edmister (1972), Ohlson (1980), Beaver (1966), Altman (1968), and Bellovary et al. (2007).
The available set of variables includes 15 financial variables classified into seven groups
(profitability, liquidity, solvency, cash flow, size, growth, and changes in ratios). It should be
noted that almost all the firms in the data are private, limited companies. Therefore, market-
based ratios are not included in the analyses (as in Hillegeist et al., 2004; Chava & Jarrow,
2004; and Reisz & Perlich, 2007). Since the basic data are cross-sectional, only one year’s
growth is considered as a measure of growth. The distributions of most financial variables

are skewed so that medians provide better insight on average values than do means.
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