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Abstract

We identify a company as being in financial distress if it cannot pay-off its financial obligations
or it has difficulties to repay them. This situation is often considered as a dichotomous state,
i.e. eithera company is financially distressed, or it is not. However, we believe that
this phenomenon is naturally multilevel one and the levels can be revealed by studying values
of various financial indicators in time points preceding the occurrence of financial distress,
focusing on changes in these indicators over time.

Based on our previous work, we decided to use: The Equity, Current ratio and Earnings after
taxes as three financial ratios defining the financial distress of a company.

In our contribution, we analyze the past trends of these selected financial indicators and
their impact on financial distress of companies. We identify the patterns in these trends by using
the two-step clustering algorithm named CIuMP and compare the results with the K-means
based clustering method KML. Focusing on similar patterns in trends of financial indicators
from previous time periods, we can refine the rough distress definition.
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Introduction

When we attempt to create financial distress prediction models, the core piece of the puzzle we
need to solve is to select an appropriate operational definition of financial distress for data at
hand which on one hand reflects the general concept of financially distressed enterprises, i.e.
enterprises which cannot pay-off their financial obligations or has significant difficulties to
repay them, and on the other hand takes into account restrictions of available enterprise data
and their socio-economic environment specifics, i.e. is very context dependent and data driven.
We usually base such definitions on combination of various financial and economic indicators
connected to enterprises themselves and their socio-economic environment as well as legal
definitions of financial distress and bankruptcy. As many researches focused their research on
the area of financial distress modelling, we can find multiple attempts to provide such definition
in the literature. Among others, Baixauli et al. (2010) used four financial indicators of

profitability and expert opinion, Li and Liu (2009) based their definition on negative economic
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results for two consecutive years and Alfaro-Cid et al. (2009) for three consecutive years,
Stachova et al. (2015) identified as financial distress situation in which a company went
bankrupt, has some ongoing liquidation or has some overdue obligations. In the paper, we adopt
definition financial distress used in (Bod’a and Uradnigek, 2016) where authors consider

company being financially distressed if all the following conditions are fulfilled simultaneously

a) its Equity was negative,
b) its Earnings after taxes (EAT) was negative,
c) its Current ratio attained a value lower than 1.

The problem with all above mentioned definitions is that they are in their nature static
ones and describe a state of the company in one particular time point neglecting a path the
enterprise underwent to reach that state. As we often characterize the financial distress of the
company via multiple financial indicators, we can associate a multidimensional longitudinal
pathway to each company and we assume that closer inspection of this pathway via specialized
micro-panel clustering algorithms could bring valuable additional pieces of information to the
definition of financial distress at hand in the form of patterns identification in pathways of
companies. This additional information could result in further modification or even rejection of
that definition.

The aim of our contribution is to investigate feasibility of such pathway inspection in
the case of Slovak enterprises using two different clustering algorithms: micro-panel clustering
algorithms: the two-step clustering algorithm CluMP and k-means based clustering algorithm
KLM.

1 Data and Methodology

In our analysis, we used data that contains information of three numeric financial distress
indicators — Earnings after taxes (EAT), Current ratio and Equity from 59 064 Slovak
companies. These enterprises cover economic activities manufacturing, construction and
wholesale according to SK NACE classification (C, F, G). The data are related to a range of
five fiscal periods from 2013 to 2017.

We believe, that the significant changes in the values of each of these three (Equity,
EAT and Current ratio value) criteria can indicate the changes in financial health of a monitored
company especially if they decrease rapidly over the time.

In order to fulfill the goal of our paper we use two algorithms. First, the K-means

partitioning to cluster the time trajectories of selected outcomes which is implemented in the R
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(R Core Team, 2020) package “kml” (Genolini & al., 2015) using the function kml(). Second,
the feature-based clustering algorithm implemented in the R package CIuMP (Fojtik, Grishko
and Sobisek, 2020).

1.1 K-means clustering for longitudinal data
This subsection recollects a short introduction to K-means algorithm as presented in (Stachova
and Sobisek, 2016)

The K-means clustering applied in the “kml” package is modified for the longitudinal
data. This algorithm is based on the original K-means clustering (MacQueen, 1967). This
method minimizes the utility function iteratively for the time t, N objects according to an
assumption of C clusters. The utility function can be expressed as follows:

N C
min Zzuictdiit’ (1)

i=1 c=1
where uict is a degree of appropriateness of the i-th object into the K-th cluster in the time t with

conditions:
C
Zuict :1’Vi’t’ (2)
c=1
Vuict ‘U, = {1 ”Xit - hct” =drg mini”xit - hct”.
0 elsewhere

We used the Euclidean distance dict =|[Xit- het| between i-th vector of objects
Xit = (Xitt, ..., Xijt, ..., Xig)” and K-th centroid het = (hett, ..., hejt, ..., hexr)” in the time t. We
applied the algorithm to the standardized values of variables.

1.2  Feature-based partitioning for micro-panel data clustering (CluMP)
Feature-based clustering of micro-panel data (CluMP) algorithm is described in detail in
working paper (Sobisek, Stachova and Fojtik, 2018).

It is a two-step characteristic-based approach designed for this type of data. In the first
step, the panel data are transformed into static data with lower dimension using a set of the
proposed dynamic characteristics, representing different features of the time course of the
observed variables. In the second step, the elements are clustered by clustering techniques
designed for static data.

The used characteristics are:

- Average triangular difference between the two consecutive measurement values,
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- Selective standard deviation of triangular differences between the two consecutive
measurements,

- Average absolute triangular difference between the two consecutive measurements,

- Selective standard deviation of absolute triangular differences between the two
consecutive measurements,

- Selective standard deviation of absolute triangular differences between the two
consecutive measurements,

- Average growth coefficient,

- The ratio of positive to negative changes,

- The value of maximum angle between the line connecting peripheral measurements

and the one between the inner point and the first measurement (in radians).

2  Results

If we follow the static expert’s definition of financial distress as in (Bod’a and Uradni&ek, 2016)
and apply it to our data from the year 2017, we will find the 10 112 (17%) companies being in
financial distress. In the next subsection we describe the results obtained by two mentioned
clustering methods for longitudinal data.

We apply the K-means clustering on all three indicators and we obtained two clusters.
The means of trajectories of created clusters and the percentage of values in each cluster are
shown in Figure 1. Numbers 1-5 stand for years 2013-2017 respectively.

It can be seen that in case of all three indicators the “B” cluster contains slightly higher
values. This fact could indicate that this cluster contains companies with lower risk of financial
distress. But this could be misleading. As we can see on profile plots, this method acts very
roughly as it created one large cluster and a very small second one. Moreover, the huge cluster
“A” contains not only the companies that tend to be at the risk of financial distress, but also

almost all financially healthy companies.
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Fig. 1: Estimated cluster specific mean longitudinal profiles for EAT, Equity and Current

ratio (K-means)
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As the next step, we applied the CIuMP clustering algorithm on all three indicators and
we again obtained two clusters for each of them. The means of trajectories of created clusters
and the percentage of values in each cluster are shown in Figure 2.

In case of EAT clustering, we obtained cluster “2” that contains 72% of companies and
cluster “1” containing the rest. In the cluster “1”, according the profiles mean, we can find also
companies that are not labeled as being financially distressed from static’s point of view, but
they may end up in the state of distress because of their trend in time.
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Fig. 2: Estimated cluster specific mean longitudinal profiles for EAT, Equity and Current
ratio (CluMP)
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In case of Equity clustering, we obtained cluster “1” that contains 70% of companies

and cluster “2” containing the rest. The results are similar as those in case of EAT clustering.

In Figure 2, we can also see the results for Current ratio clustering. We obtained cluster
“1” that contains 92% of companies and cluster “2” containing the rest. The partitioning is not
as proportional as the results for EAT and Equity, but still more reasonable in comparison to

results obtained by K-means clustering.

Conclusion

In the paper, we demonstrated identification of trend patterns in multidimensional longitudinal
pathways formed by longitudinal trends of financial indicators of potentially financially
distressed companies using two micro-panel clustering algorithms: the two-step clustering
algorithm CluMP and k-means based clustering algorithm KLM. The presented results indicate

the application of such algorithms can provide us with supportive information for further
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refinement of financial distress definition we used in the case of Slovak enterprises. They also
seem to be in favor of using CluMP algorithm which was able to identify two meaningful
clusters of pathways over KML method which failed to reveal any patterns of interest.
Unfortunately, as only a one particular distress definition and restricted number of financial
indicators were investigated, we cannot provide any definitive recommendation which of the
algorithms utilized in the paper should be regarded as preferable. Therefore, our general
recommendation is that multiple micro-panel clustering algorithms should be definitely used as
a standard part of exploratory analysis when we attempt to predict financial distress to scrutinize
or further refine the intended definition of financial distress. The results of such analysis can be
seen as informal data driven validation that appropriate definition of financial distress has been
chosen. In the future research, we would like to further investigate properties and potential of
the micro-panel clustering algorithms using an extensive simulation study based on various
plausible economic scenarios and supported by pieces of information extracted from available

data of Slovak enterprises.
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