E KnE Social Sciences

Corresponding Author:
Lucian Belascu

lucian.belascu@ulbsibiu.ro

Received: 17 November 2019
Accepted: 6 January 2019
Published: 12 January 2020

€ Stefania Cristina Curea
et al. This article is distributed

under the terms of the

which permits unrestricted use
and redistribution provided that
the original author and source

are credited.

Selection and Peer-review under
the responsibility of the EBEEC

Conference Committee.

&

enriching | engaging | empowering

EBEEC 2019
Economies of the Balkan and Eastern European Countries
Volume 2019

Conference Paper

'Bucharest University of Economic Studies, 6 Piata Romana, Bucharest, Romania
2Lucian Blaga University of Sibiu, 17 Calea Dumbravii, Sibiu, Romania
3University of Bucharest, 59 Calea Plevnei, Bucharest, Romania

Our research investigates the performance of companies from Central and Eastern
European (CEE) countries in the period after the Global Financial Crisis of 2007-2009
with the aim of identifying the driving factors behind accounting- and market-based
performance. We include in the analysis companies from various industries in
CEE countries that are European Union members and we study their performance
between 2008-2016 over the following areas of performance: liquidity, solvency
and indebtedness, operational profitability, global performance (through Return on
assets and Return on equity), returns available to shareholders and market-based
performance (through price/book value and Tobin Q ratio). Employing the hierarchical
and non-hierarchical k-means cluster analysis companies are segmented into various
homogeneous groups using various financial performance indicators as variables,
Euclidian distances and the Ward amalgamation method. Furthermore, the resulting
clusters have been grouped according to the country of origin and industry. Our findings
show that specific groups of companies in these countries share common attributes,
as evidenced by their performance indicators, which do not seem to be entirely
based on their countries of origin and industry. Moreover, our exploration of CEE
companies' performance dynamics after 2008 evidences the increased competition
in all industries particularly after 2009, as well as businesses' need to adjust their
activities after the losses incurred during the crisis period, but these phenomena is
present with different intensities depending on country of origin and industry. At the
same, we note the enhancement of global performance through improvements in the
operational performance instead of financial leverage and indebtedness, which is a
sound business approach by CEE companies.

financial performance, Central and Eastern Europe (CEE), statistical cluster
analysis, return to investors

The analysis of the financial performance has been the subject of discussion for decision
makers as managers, economists and academic staff since long many years. It will

continuously capture the interest of the economists and the accountants as a frequently
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debated issue in the economic field of the last decades, covering a very large spectrum
of different meanings and trends. In our study we analyze the financial performance
of Central and Eastern Europe (CEE) companies over the following areas: liquidity,
solvability, efficiency, profitability, aggregate performance and investment performance.
In the international literature that addresses companies' financial performance, different
multivariate statistical techniques have been proposed, such as: cluster analysis, princi-
pal components analysis, discriminant analysis and factor analysis. Thus, [1], using non-
parametric discriminant analysis, which assigns a set of weights to a linear discriminating
function that consequently generates a score regarding its belonging to a group,
compares the financial performances of a number of 147 companies without financial
difficulties with those of 24 companies in the American energy industry. [2] examine the
financial performances of companies from four Central and Eastern European countries
(Czech Republic, Hungary, Poland and Romania) and from five industries (financial
intermediation, beverage and food industry, energy, pharmaceuticals and chemicals),
and identify natural groups, and at the same time statistically significant, of companies
depending on their corporate performance. Another author, [3], uses a cluster analysis
to study 208 foreign direct investments made by West-European MNEs in the Central
and Eastern European region between 1996-2002 and finds that a positive relationship
between psychic distance and subsidiary performance is observed only in the absence
of market specific knowledge. [4] studies the successful performance of Indonesian
entrepreneurs using cluster analysis to map the pattern of growth mode and strategies.
[5] examine the entrepreneurial performance of transition economies in the European
context using a cluster analysis of EU Member States and identify various transition
economies barriers to productive entrepreneurship in the European context. [6] apply
cluster modelling to firm financial data and firm bribery practices with the purpose of
analyzing the relationship between ‘local bribery environments' and firm performance in
Central and Eastern European countries. [7] investigate the impact of foreign ownership
on stock market volatility in Vietnam using a K-mean cluster algorithm and hierarchical
clustering methods to visualize the analysis on net trading volume, price volatility and
return volatility ratio.

The present study attempts to examine financial performance in the Mining and
quarrying and Manufacturing sectors, at the level of Central and Eastern European
countries that are European Union members, to identify the driving factors behind their
accounting and market-based performance. To achieve this purpose we implement a k-

means cluster analysis using various financial performance indicators resulting from
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the financial reports of companies as variables, Euclidian distances and the Ward

amalgamation method.

Our research is based on data with annual frequency covering the period between
2008-2016, collected from the ORBIS Database. The collected data has been analyzed
and interpreted on the basis of different financial ratios. The remainder of the paper is
organized as follows: Section Il presents the data used in the analysis and the research

methodology, Section Il outlines the main results and Section IV concludes.

The data was collected from the ORBIS Database provided by Bureau van Dijk (BvD) and
covers the period between 2008-2016, with annual frequency. All data is in euro. The
sample includes a number of one hundred and sixty-four listed companies with available

data for the entire period, in the Mining and quarrying and Manufacturing sectors.

Table 1 shows the distribution of these companies according to the specific industry
and sector, based on the declared NACE main 2-digit code, and their origin coun-
tries (i.e., the countries where companies' headquarters are located). The number of
companies from each industry is variable, from one (BO5 - Mining of coal and lignite,
BO6 - Extraction of crude petroleum and natural gas, BO7 - Mining of metal ores,
B0O8 -- Other mining and quarrying, C12 - Manufacture of tobacco products, C15 -
Manufacture of leather and related products) to 22 (C12- Manufacture of food products).
Our research investigates the financial performance of these companies from the eleven
CEE countries, European Union members - Bulgaria (BG), Croatia (HR), Czech Republic
(C2), Estonia (EE), Hungary (HU), Latvia (LV) Lithuania (LT), Poland (PL), Romania (RO),
Slovenia (Sl) and Slovakia (SK).

The performance of companies included in our research has been described by a
number of 13 financial indicators, as follows: (1) Current ratio (CR) -- the ratio between
current assets and current liabilities (a liquidity indicator); (2) Quick ratio (QR) -- the ratio
between cash, short-term marketable investments and receivables, on one hand, and
current liabilities, on the other hand (a liquidity indicator); (3) Solvability ratio (Solv) -- the
ratio between total assets and total liabilities (a solvability indicator); (4) Total debt ratio
(Debt) -- the ratio between total debt and total assets (a solvability indicator); (5) Total
asset turnover (TAT) -- the ratio between turnover and net total assets (an efficiency
indicator); (6) Inventory turnover (STT) -- the ratio between turnover and net inventory
(an efficiency indicator); (7) EBITDA margin (Gprof) -- the ratio between EBITDA and
turnover (a profitability indicator); (8) EBIT margin (Oprof) -- the ratio between EBIT and
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TABLE 1: Selected industries, number of companies and origin countries.

NACE Industry Number of  Origin countries
code companies

BO5 Mining of coal and lignite 1 PL

BO6 Extraction of crude petroleum and natural gas 1 RO

BO7 Mining of metal ores 1 PL

BO8 Other mining and quarrying 1 PL

BO9 Mining and quarrying n.e.c. 2 HU, SI

C10 Manufacture of food products 22 EE, HR, LT, PL, RO, SK
cn Manufacture of beverages 6 HU, LT, LV, PL, RO
c12 Manufacture of tobacco products 1 BG

C13 Manufacture of textiles 4 LT, PL

C14 Manufacture of wearing apparel 6 EE, LT, PL

C15 Manufacture of leather and related products 1 HR

C16 Manufacture of wood and of products of wood 3 BG, PL

and cork, except furniture; manufacture of articles
of straw and plaiting materials

Cc17 Manufacture of paper and paper products 7 BG, LT, HR, HU, PL, RO
C18 Printing and reproduction of recorded media 5 EE, HR, HU, PL, SI
C19 Manufacture of coke and refined petroleum 5 CZ, PL, RO, SK
products
C20 Manufacture of chemicals and chemical products 9 BG, HR, PL
C21 Manufacture of basic pharmaceutical products 5 BG, HR, HU, PL, SI
and pharmaceutical preparations
Cc22 Manufacture of rubber and plastic products 8 BG, HU, PL
Cc23 Manufacture of other non-metallic mineral 3 LV, PL
products
C24 Manufacture of basic metals 1 PL, RO, SK
C25 Manufacture of fabricated metal products, except 7 LV, PL
machinery and equipment
C26 Manufacture of computer, electronic and optical 4 LV, PL
products
Cc27 Manufacture of electrical equipment 13 BG, EE, LT, PL, RO, SI
C28 Manufacture of machinery and equipment n.e.c. 20 BG, HR, LV, PL, SK
C29 Manufacture of motor vehicles, trailers and 3 HU, PL
semi-trailers
C30 Manufacture of other transport equipment 7 BG, HR, LV, PL, RO
C31 Manufacture of furniture 2 LT, PL
C32 Other manufacturing 6 PL
Total 164 CEE

*According to the EU Glossary: List of NACE codes
(http://ec.europa.eu/competition/mergers/cases/index/nace_all.html)
Source: Author's own work

turnover (a profitability indicator); (9) Return on assets (ROA) -- the ratio between net

profit after taxes and net revenue (an aggregate performance indicator); (10) Return on
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equity (ROE) -- the ratio between net profit after taxes and shareholders' equity (an
aggregate performance indicator); (11) Price/Book value (PB) -- the ratio between market
price per share and book value per share (a aggregate performance indicator); (12) Tobin
Q ratio (TQ) -- the ratio between market capitalization and total assets (an aggregate
performance indicator); (13) Return on invest capital (ROIC) -- the ratio between net
operating profit after tax and net invest capital (an investment performance indicator)

(Table 2). These indicators were calculated by the authors for each company.

TABLE 2: Financial performance indicators.

Performance area Fmgnaal Calculation
indicators
. . Current assets
Liquidity Current ratio (CR) Current liabilities

Cash+Short-term marketable investments+Receivables
Current liabilities

Quick ratio (QR)

Solvabilit Solvability ratio Total assets
y (Solv) Total liabilities

Total debt ratio Total debt
(Debt) Total assets

Efficienc Total asset Turnover

y turnover (TAT) Net total assets
Inventory turnover _ Turnover
(STT) Net inventory
- EBITDA margin EBITDA

Profitability (Gprof) Turnover
EBIT margin EBIT
(Oprof) Turnover

Aggregate Return on assets Net profit after tax

performance (ROA) Net revenue
Return on equity Net profit after tax
(ROE) Shareholders’ equity
Price/Book value Market price per share
(PB) Book value per share

. . Market capitalization

Tobin Q ratio (TQ) Total assets

Investment Return o Net operating profit after tax

performance IS G Invested capital

(ROIC)

Author's own work

We use statistical cluster analysis (SCA) with the aim of detecting similarities in per-
formance of the companies from Central and Eastern European countries in the period
after the Global Financial Crisis of 2007-2009. Generally, the SCA objective resides
in identifying natural groups of entities (generally called cases) according to a specific
internal criterion, without knowing a priori the belonging of entities to clusters. SCA
assigns entities to clusters based on their similarity depending on a set of characteristics

(called variables) and the differentiation between entities included in a cluster and
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entities included in other clusters. SCA may be performed using a hierarchical clustering
algorithm or a k-means algorithm, but in our paper we have decided to accompany
the traditional hierarchical algorithm with an unsupervised learning algorithm, given our
objective of detecting patterns or structure of data that cannot be easily observed, using
a more sophisticated version of the K-means algorithms that is closer to the idea of neural
networks. The result of SCA, in our case, is the identification of homogeneous groups
of companies based on the financial performance indicators (variables) -- Current ratio,
Quick ratio, Solvability ratio, Total debt ratio, Total asset turnover, Inventory turnover,
EBITDA margin, EBIT margin Return on assets, Return on equity, Price/Book value, Tobin
Q ratio and Return on invest capital.

Specifically, the k-means algorithm proposed by [8] and discussed in [9], assigns
cases to identified clusters with or without a priori setting a number a clusters, so that
the means for all variables included in the algorithm are as different as possible from
each other. Cluster distances are based on simple Euclidian distances between cluster
centroids (that are vectors of the means of variables included in the analysis). We chose
to employ a version of the k-means algorithm under the "Generalized EM and k-Means
Cluster Analysis" module of STATISTICA software, which represents a data mining tool
for unsupervising learning and pattern recognition, based on Euclidian distances. These

distances are calculated using transformed (or rescaled) values of variables, X;, so that

X, -X
X, — J max
' Max (X;) - Min (X;)

where Min(X;) and Max(X) are the minimum and maximum values for variable .

The main advantage of this approach is that this algorithm does not require, as in the
traditional k-means clustering amalgamation, the number of clusters to be specified a
priori; explicitly, we use a v-fold cross-validation scheme to identify the optimal number
of clusters. This validation scheme divides the overall samples in a number of v folds,
which represent sub-samples that are randomly drawn and the same procedure is
successively applied to the remaining v-1 folds. The results of the clustering algorithm
are applied to the fold that was not used to estimate the parameters and identify the
clusters in order to calculate an index of predictive validity. Eventually, the results of all
v-fold replications are aggregated into a single measure of model stability, for example,
the resulting average distance of the observations from their cluster centers. All data has

been standardized before the application of the clustering amalgamation techniques.
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Before the application of clustering amalgamation techniques to financial performance
data we consider necessary a brief depiction of financial performance at industries'

level across the CEE countries included in our study.

In Table 3 we present the descriptive statistics of the thirteen financial indicators at
CEE countries' level, based on the means and coefficient of variation values for each
company, between 2008-2016. The advantage of using the coefficient of variation is
that it can be compared across different variables because they are measured on the
same relative scale (ratio). The first noteworthy observation is the high variability in
indicators' values across CEE companies, particularly for ROE, ROIC and EBITDA and
EBIT margins; for example, ROE varies between -105.18 procent and 83.15 procent,
while ROIC varies between -95.71 procent and 101.06 procent. At the same time, for the
majority of indicators, the sample median takes values that are lower than the sample
mean, which indicates distributions that are skewed to the right. The only exceptions
are ROE, ROIC and Solvability, in whose case the sample seems dominated by a few

companies with higher values of these indicators.

The basic descriptive statistics of the variables show that: (i) Liquidity and solvability
ratios - current ratio (CR), quick ratio (QR) and solvability ratio (Solv) have an average
value of 1.2210, 1.9124 and 59.5923, respectively. This result shows that the compa-
nies included in the sample have a reasonably good ability to meet their short-term
obligations and to fulfill their long-term obligations; (ii) Efficiency ratios - total asset
turnover (TAT) and inventory turnover (STT) have an average value of 2.1985 and 11.4611,
respectively. This result shows that the industries included in our research have good
asset utilization efficiency, high inventory liquidity and the capital appropriating time is
low; (iii) The average level of gross profit margin (Gprof) and operating profit margin
(Oprof) indicate also good levels of profitability; (iv) The return on assets (ROA) and
the return on equity (ROE) are rather small, in terms of sample mean, which suggests
that the sample includes companies with very low performances. This is indicated also
by the high standard deviation of ROA and, to some extent, ROE, of the sample; (v)
Most likely, the small values of ROA and ROE across the sample are reflected in small
values of Price/Book value (PB) and Tobin Q ratio (TQ), which indicate the reduced
trust of market investors in the companies from the CEE; (vi) the high values of the
ranges and standard deviation indicate that there is a large dissimilarity between CEE
companies particularly for operational performance indicators, but to a lower extent

for what concerns liquidity and market indicators; (vi) the positive value of skewness
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for almost all indicators indicates a positive or rightward asymmetry; (vii) the values of
the coefficient of variation are above one for all indicators across the sample, which
suggests that, on average, the volatility of financial indicators for CEE companies, as
described by the standard deviation, is smaller than the average of the respective
indicators. The high diversity of indicators' values within our sample is also evidenced
by the Grubbs Test for outliers; with the exception of solvability means, all the other
values indicate the presence of outliers in our sample. We have decided to include
these outliers in our analysis, since excluding them would have dramatically reduced

the number of companies available.

TABLE 3: Descriptive statistics of financial indicators based on 2008-2016 means and coefficient of variation
values.

Aean Grubbs Test Median  Ainimum  Alaximum Eange Std.Dev. Skewness

ROE_mean 10053 50590 3.6081  -105.1863 83.1550  1BB.3422 209871 -1.3606
ROE_CV 10702 4.5079 0.6710 -1.8371 21080 10.2360 1.6035 1.3805
ROA_mean 25035 3.5340 1.8311 -17.9820 183377 36.3205 5.7954 -0.4321
ROA_CV 10851 54712 0.6622 -1.3341 10.8830 13.2172 1.7805 2.0800
TAT_maan 11885 79715 1.4620 0.2006 170085 17.7880 31365 6.3835
TAT_CV 63354 .69 66 4.0578 0.4042 66.4307 65.0365 61876 5.9552
STT_mean 11 4611 7.5488 7.5132 5520 1426015 141.1405 16.7180 5.5004
STT_CV 56743 51483 5.1183 0.4461 157338 15.2877 38063 1.6874
ROIC_mean 5.7086 65660 6.0112 -05.7140  101.0582  196.7731 14.7608 -0.6830
ROIC_CV 1.6420 4.2402 1.0731 -1.6404 L6170 11.2664 1BE0E 1.4870
QF._msan 19124 4.6769 1.5686 0.1874 7.5874 T.4100 11156 1.3082
QER_CV 54785 4.1562 4.5370 0.8B05 113683 11.4787 40638 1.7285
CE._mean 12210 5.5193 1.0334 0.0617 5.8060 5.8343 0.B455 1.6031
CR_CV 4 5420 4.2487 3.5058 0.8207 1B.E168 17.2081 33508 1.8286
Gprof_mean DBS553 4.3051 B.OT44 -13.3233 40,8342 54.1576 71850 00218
Gprof CV 35152 4.1972 1.6807 -0.7770 17.0503 17.8273 31248 1.5702
Oprof_mean 43888 3.7932 4.0420 -12.0070 214484 44.4563 6 0500 -0.8527
Oprof CV 120004 4.0824 1.1664 -1.75512 11.2465 13.0017 11883 1.5852
Solv_mean 54 2823 33387 54.9501 -1.6660 ©0. 7063 ©1.3723 16.7606 03748
Seolv_CV 10.1561 5.9052 T.e17R -0.1517 62.2661 62.4177 BB144 1.6604
Debt_mean 504876 4.1467 41,9543 12770 1B4.60B0  2B3.3310 54.2801 2.0730
Debt OV 18832 8.5367 11778 0.4504 30.4135 10,0631 18857 6.0520
PE_msan 12484 §.5050 0.9301 -1.5530 128717 14.5247 13637 4.6741
PE_CV 18610 4.3332 1.5611 -0.2087 103083 10.6070 17164 1.4806
TQ_m=an 0.6761 4.6640 0.4758 0.0040 3.5008 3.5847 0626 2.1362
TG _CV 18378 4.7311 1.584% 0.6326 10.2572 0.6246 15471 1.7434

Note: St. Dev -- standard deviation; Bolded Grubbs test shows statistically significant values at five
procent.
Source: Author's own work

As we have shown in our research methodology, using statistical cluster analysis we
group the objects, in our case the sample of 164 companies, based on the measurement
of distances or similarities among them. The grouping occurs naturally, since a desired
number of clusters is not required as an input. The amalgamation method starts from

164 clusters, represented by all the companies, which are to be linked progressively,
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relaxing the grouping criterion until it comes to one single cluster that contains all the
objects. We are constructing the clusters based on the coefficient of variation for each
indicator, given its ability to better compare variables that are measured differently. All
the reported results that follow, for hierarchical and k-means clustering alike, are based
on coefficients of variance for all the companies in the sample. Preliminary we calculated
the distances among the 164 companies included in the clustering amalgamation; the
lower the distance, the higher the similarity between the objects/classes. The lowest
distance is found between a PANN, a Hungarian company, and CIGA, a Polish company
(0.6405) and the highest between NOVI, a Polish company, and a previously created
cluster that includes all the 163 companies previously grouped.

In applying the clustering algorithm, we used Ward's amalgamation method, because
by this method the distribution of an object into a cluster minimizes the variance inside
the cluster. The first 15 stages of amalgamation are shown in Table 4. Initially, 164
companies were distributed in 164 clusters. The first step of the amalgamation is the
formation of a cluster between the first two companies. So, as a result of the first
iteration, we will have 164 clusters: one formed by companies PANN (PANNERGY NYRT),
a Hungarian company from the Manufacture of rubber and plastic products sector and
CIGA (CI GAMES S.A), a Polish company from the Other manufacturing sector, and other
162 clusters formed by the other 162 companies. The next step is grouping companies
VEFR (VEF RADIOTEHNIKA RRR AS), a Latvian company from Manufacture of electrical
equipment sector, with ABAD (ABADON REAL ESTATE S.A), a Polish company from
Manufacture of motor vehicles, trailers and semi-trailers sector, between which there is
a distance of 0.724. Now we have 162 clusters left: the one formed at the first iteration
(made up by companies PANN and CIGA), the other one that resulted at the second
iteration (formed by companies VEFR with ABAD), as well as other 160 clusters consisting
of the remaining companies. The amalgamation goes on in a similar manner. As a result

of the 163 iterations, all the 164 will form a single cluster.

On the vertical axis in Figure 1 we have the distances from the first column of Table 4
and on the vertical axis are represented the 164 iterations. We notice that the distance
between clusters is rather similar for the first 150 clusters approximately, then increases
significantly, particularly after the 160 iteration. This suggests a high similarity between
the clusters created in the first 150 iterations of the by amalgamation algorithm and a
high dissimilarity for the companies included last in the amalgamation.

Preliminarily, we were interested in observing the result of a hierarchical clustering
-- see Figure 2 (the figure suggests visually where the clustering process should end

naturally). The formation of three important natural clusters is evident, but within these
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TABLE 4: Amalgamation Schedule based on Ward's method.

No Distances Obj. No.1 Obj. No.2 Obj. No.3 Obj.No.4 Obj. No.5 Obj. No.6
0.6405 PANN CIGA

=N

2 0.7242 VEFR ABAD

3 0.7659 BROD SECO

4 0.7769 SILV STAP

5 0.7909 ALFA DALE

6 0.8057 ARCT ZAKP

7 0.8119 VIDA KCIS

8 0.8228 ENER ZAME

9 0.8567 DITT VEFR ABAD
10 0.8568 FORM FERR

" 0.8934 MANG SYNT

12 0.9001 DIET PANN CIGA
13 0.9053 TIMS VIST

14 0.9167 POLS RADP

15 0.9520 ELZA KGHM

Source: Author's own work

Pict of ILinkage Dstandes. aonss Sleps
Exliean dsianes

BO

Linkage Distance

Figure 1: Plot of linkage distances across steps (Source: Author's own work).

three main clusters other smaller and more similar clusters are also formed. Overall,
Figure 2 suggests that the number of clusters resulting from the clustering algorithms
might vary between 2 and 15, approximately, depending on their degree of similarity.
The k-means algorithm will confirm or not this result.

Rather interesting, when the k-means clustering algorithm is applied (see Table 5)
it results in only 2 clusters. 36 cases are included in the first cluster (21.95% of cases)
and 128 in the second (78.05%). Table 6 also shows how the 13 indicators we used

are represented in each cluster's centroid and we observe that Cluster 1 centroid
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120

20

Lirkage Dutance
[

Trests Deagraem for 164 Cases
Wand's medfod
Euclidean distances

Figure 2: Tree diagram based on Ward's method (Source: Author's own work).

has positive values for all indicators, while for Cluster 2 these values are negative.

Quite straightforward, the k-means algorithm separates companies depending on their

positive versus negative values for the variables included in the clustering algorithm,

for example, the coefficient of variation of indicators' values between 2008-2016, with

21.95 procent of cases/companies included in Cluster 1 and the remaining 78.05 procent

of them included in Cluster 2.

Source: Author's own work

TABLE 5: Centroids for k-means clustering.

Indicators
ROE_CV
ROA_CV
TAT_CV
STT_CV
ROIC_CV
QR_CV
CR_CV
Gprof_CV
Oprof_CV
Solv_CV
Debt_CV
PB_CV
TQ_CV

Number of cases

Percentage (%)

Cluster 1 Cluster 2
1.2516 -0.3520
1.2100 -0.3403
0.7805 -0.2195
0.9687 -0.2724
1.2824 -0.3607
0.9389 -0.2640
0.9586 -0.2696
1.3324 -0.3747
1.4279 -0.4016
0.5289 -0.1486
0.4099 -0.1152
0.5010 -0.1409
0.3679 -0.1034
36 128
21.95 78.05

At the same time, Clusters 1 and 2 seem to record a rather low dissimilarity, based

on distances between clusters' centroids (shown in Table 6).
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TABLE 6: Distance between centroids of k-means clustering.

Cluster 1 Cluster 2
Cluster 1 0.000000 0.748128
Cluster 2 0.748128 0.000000

Source: Author's own work

Figure 3 shows the normalized means for the two clusters and we notice that cluster 1
is a a cluster with higher normalized means for all vairables, while cluster 2, that has the
highest number of members, has lower normalized means for all variables. The highest
differences in the normalized means of the variables between the two clusters are found
for ROIC and Operational profitability, while the lowest differences are identified for Debt
and TAT. Interestingly, ANOVA shows that all variables are significant differentiatiors

within clusters and between clusters, as shown in Table 7.

os

Meemakzad mesns

ROE_Cv Ta¥_ov ROaC v CR_Cv Oprel_C Dabi_Cv
Dprod_CT Sabv_TW PO_CN

-t Chuster 1
~ Chuster 2

Vanables

Figure 3: Graph of means for continuous variable (Source: Author's own work).

The distribution of CEE companies in the two clusters depending on their country of
origin and industry of operations is presented in Table 8. As it can be easily observed,
there are a few countries, such as CZ, LT, RO and SK, whose companies are present
only in the second, less performing cluster. At the same time, 20 Polish companies
and seven Hungarian companies belong to the more performing Cluster 1. In terms of
industry, Cluster 1includes companies from 13 out of 28 industries, the highest number
of companies coming from C27 -- Manufacture of electrical equipment, followed by C10
- Manufacture of food products and C28 - Manufacture of machinery and equipment
n.e.c. It is also interesting to see that almost all companies from the extractive industry
are grouped in the second cluster, except for one company from BO9 - Mining and

quarrying n.e.c.
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TABLE 7: ANOVA results for k-mean clustering.

Between df Within df F p value
ROE_CV  72.26622 1 90.7338 162 129.0272  0.0000
ROA_CV 6753157 1 95.4684 162 114.5940  0.0000
TAT_CV 28.10072 1 134.8993 162 33.7460  0.0000
STT_CV 43.28763 1 119.7124 162 58.5787 0.0000
ROIC_CV 75.86646 1 871335 162 141.0521 0.0000
QR_CV 40.66883 1 122.3312 162 53.8567  0.0000
CR_CV 42.38550 1 120.6145 162 56.9289  0.0000
Gprof_CV  81.89503 1 811050 162 163.5781  0.0000
Oprof_CV  94.05185 1 68.9481 162 220.9835 0.0000
Solv_CV  12.88769 1 150.1123 162 13.9083 0.0003
Debt_CV  7.75080 1 155.2492 162 8.0878 0.0050
PB_CV 11.57827 1 151.4217 162 12.3871 0.0006
TQ_CV 6.24629 1 156.7537 162 6.4553 0.0120

Source: Author's own work

Our paper analyzed the financial performances of the companies from Central and
Eastern European countries, from two main economic sectors: Mining and quarrying
and Manufacturing. The objective of the research resided in identifying natural groups
of companies depending on their corporate financial performance between 2008-2016.
The company's financial performance was described by a set of thirteen indicators that
comprehensively addressed all areas of performance: liquidity, solvability, profitability,
efficiency, investment performance and aggregate performance.

Our results show the high diversity of corporate performance in CEE countries in the
rather turbulent years after the Global financial crisis of 2007-2009. At the same time,
both the hierarchical clustering algorithm and the k-means algorithm evidenced that
what seems diverse at first sight in terms of corporate performance is actually more
homogeneous when all performance indicators are taken into account. Moreover, the
research methodology employed supports the conclusion that neither the country of
origin nor the industry are strong differentiators of corporate performance between CEE
companies. At the same time, though, all financial indicators included in our analysis
discriminate between companies and sustain their inclusion in one of the two clusters.

Certainly, our research has limits that need to be addressed in further research, based
on data availability. One of the limits refers to the small number of companies included
in the analysis, determined by the need to work with listed companies, whose financial

reports are more trustworthy and for whom data is more available. Also, the analysis
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included one year of the crisis -- 2008 -- and the turbulent years of the European

sovereign debt crisis (after 2010), which have impacted the results of these companies.

Moreover, a comparison with similar peers from the Western Europe is needed and will

be further tackled.

Country
BG
Ccz
EE
HR
HU
LT
LV
PL
RO
Sl
SK
Total

Source: Author's own work
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TABLE 8: Companies' distribution in clusters.
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