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Predicting financial bankruptcy by a (Robust) Principal Component Analysis based model: an empirical investigation.
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Abstract Starting by a series of financial ratios data we introduce in this paper a new composite index to identify over-indebted firms. First, we build up an over-indebtedness index which takes account of the firm’s debt level structure and at same time its sustainability, secondly, we investigate to what extent such over-indebtedness index predicts financial distressed companies. For the construction of such composite index a Robust Principal Component Analysis for skewed data is used. The results obtained in the empirical analysis are then compared with those of the popular Altman Z-Score which is instead based on Discriminant Analysis.

Abstract  A partire da una serie di rapporti finanziari viene proposto un nuovo indice che permette di stabilire quando un’impresa può considerarsi sovra-indebitata. Viene prima costruito un indice composito che misura il grado di indebitamento aziendale e al contempo la sua sostenibilità; si cerca quindi di comprendere quanto tale indice possa essere predittivo di sofferenza aziendale. Stante la notevole asimmetria caratterizzante solitamente la distribuzione dei rapporti finanziari, per la costruzione dell’indice è stato utilizzato un metodo di Analisi in Componenti Principali Robusta. Per un caso empirico i risultati ottenuti vengono confrontati con quelli del popolare indice Z-Score di Altman basato invece sull’Analisi Discriminante.
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1. Introduction
In the context of the current financial crisis with more companies facing bankruptcy or insolvency, this paper aims at findings methods to identify over-indebted firms by using a new composite index based on financial ratios. The understood idea is to provide an early warning index of probable failure. 
The literature about company default prediction methodologies is wide (see for example Brédart, 2014 for a review). Several bankruptcy prediction models using financial ratios as predictor variables and employing statistical techniques have been developed. Majority of these models make use of a selective set of financial ratios chosen according to some appropriate criteria framed by the individual investigators. In contrast, this study considers a rather large number of financial ratios irrespective of the industrial category and size, thereby dispensing with the cumbersome selection procedures used by its predecessors. Further, since financial ratios distributions are quite often highly asymmetric, we make use of Robust Principal Component Analysis (RPCA) approach to extract their principal components. In particular the ROBPCA (Robust Principal Component Analysis) for skewed data (Hubert et al., 2009) is used to build up a new composite (both including debt and its sustainability) over-indebtedness index. We then consider how and to what extent such over-indebtedness index predicts financial distressed companies for a real situation.
The paper is organized as follow. In Section 2 we introduce our over-indebtedness index: we first define a Debt index which considers the multifaceted  aspects of debt, next we define a Sustainibility index of such debt. In Section 3 we present results from an empirical analysis and we show how our index performs better in predicting financial bankrupt of the firms than the popular Z-score of Altman (Altman, 2002) based on Linear Discriminant Analysis.
2. A new over-indebtendness index
The financial and accounting literature suggests that firm’s financial condition is better evaluated by considering several aspects of the indebtedness phenomenon (leverage, indebtedness capacity, form of the financial debt, net financial position, etc.). Following this approach (Costanzo et al., 2013), we built up a DEBT index which considers the multifaceted aspects of debt:
=
Where: FD/N is the inverse of the capitalization degree; CL/FD is the  ratio between Current Liabilities and Total Financial Debt; FD/CF is the ratio between Total Financial Debt and Cash-Flow; TA/WK is the ratio between Total Assets and Working Capital; CL/CA is Current Liabilities over Current Assets; NFP/TA measures the incidence of the net financial debt; CL/PLAT is the rate of short-term financial debt over Profit after Taxation; NFP/PLAT is the ratio between Net Financial Position and Profit after Taxation; NTCA/N is the ratio between Net Technical Assets and Shareholders Funds; TFA/(LTD+N) is Total Fixed Assets over the sum of Long-Term Debt and Shareholders Funds. Next we built up a sustainibility index of such debt:
 
Where: IP is the Interest Paid, EBIT the Earnings Before Interest and Taxes, EBITDA the  Earnings Before Interest, Taxes, Depreciation and Amortization. 
Since the accounting literature provides for each financial ratio threshold values (see for example, Bartoli, 2006), these ones allow us to define when a firm is in a good, normal and bad financial condition. As an example, a value of  financial ratio FD/N ranging between 3 and 5 denotes normal financial status for such ratio. While values below 3 and over 5 denote good and bad financial conditions respectively. Once we have the values for both indexes of the weights associated to each financial ratio (i.e. the coefficients  and  by using Principal Component Analysis (PCA)), substituting the threshold values for each ratio in DEBTINDEX and NSDINDEX  allow us to define threshold values for such two indices and classify firms according to their degree of indebtedness. 

Table 2: Over-indebtendess index and Financial Status
	
	< threshold1
	thr. 1<<thr. 2
	> threshold2

	<threshold1 
	OI=1   (Optimal)
	OI=2
	OI=3

	thr.1<<thr. 2
	OI=4
	OI=5 (Normal)
	OI=6

	>threshold 2
	OI=7
	OI=8
	OI=9 (Bad)



In Table 2 when the composite OIINDEX  takes values from 1 to 5, the firm can be considered in a good to normal health financial status; when the OIINDEX takes values from 6 to 9, the firm’s financial status is fragile and it deteriorates as the OIINDEX index increases.  We define OVER-INDEBTEDNESS a firm’s financial condition characterized by: OIindex = {DEBTindex>treshold2 and NSDindex>treshold2}.
To cope with skewness and outlyingness of financial ratios and robustly estimate α and δ coefficientes of DEBT and NSD, we make use in the following section of the modified ROBPCA algorithm for skewed data by Hubert et al 2009.
3. An empirical investigation
In the following Table 3 we present results for the Italian Centre-North manufacturing firms included in the Amadeus Database (Bureau van Dijk). We used data on the 27204 manufacturing firms for Large and SMEs (in terms of turnover) in the 2008-2010 period.  To mitigate the effect of firm size on the variables, we first divided each variable in each group (big, medium and small enterprises) by its mean turnover value in the group, we then build up the financial ratios. ROBPCA algorithm produced the following results (see Hubert et al. 2009 for details): 
• About DEBTINDEX (for a coverage α=0,75) the first three eigenvalues are: λ1=70.073; λ2= 14.6057; λ3=9.5987, with an explained variance by the first PC equal to 65,84%;
• About NSDINDEX (for a coverage α=0,75) the first three eigenvalues are:  λ1=8.8357 ; λ2= 2.6932; λ3=1,6307 with an explained variance by the first PC equal to 93,54%
By retaining in both cases only the first eigenvalues we get the DEBT and NSD (robust principal component) indices defined by the following coefficients (robust eigenvector):

=

 .

Table 3: Distribution of firms by DEBT Index and NSD Index, Centre-North (mean values 2008-2010)
	             


	Good
NSD<0,3864
	Normal
0,3864<NSD<0,8499
	Bad
NSD>0,8499
	Total

	Good
DEBT<1,6584

	7110
(26,1%)
	2095
(7,7%)
	3426
(12.6%)
	12631
(46,4%)

	Normal
1,6584<DEBT<3,1140

	1160
(4.3%)
	839
(3,0%)
	3907
(14,4%)
	5906
(21,7%)

	Bad
DEBT>3,1140
	1391
(5,1%)
	696
(2,6%)
	6580
(24.2%)
	8667
(31,9%)

	Total
	9661
(35,5%)
	3630
(13,3%)
	13913
(51,2%)
	27204
(100%)



Since our analysis consider the Italian manufacturing firms (Large and SMEs) we compare our DEBT-NSD indices with Z-score of Altman (about Z-score see for example Altman 2006). The cut-off value of Z-score is equal to 2,675; while the score interval [1,81; 2,99] represents the gray-area where misclassification can be observed. The Z-score results for our 27204 firms are shown in Table 4.
Table 4: Distribution of firms by Z-Score, Centre-North (mean values 2008-2010)
	
	
	
	

	Pathologic status
	Z<1.81
	10854
	40%

	Grey area (Pathologic status)
	1.81<Z<2.675
	8467
	31%

	Grey area (Health status)
	2.675<Z<2.99
	2121
	8%

	Health status
	Z>2.99
	5582
	21%

	TOT
	
	27204
	100%



In order to compare the two “models” we considered the predicted group membership for the same firms in the year 2011 where we knew that 109 of them failed. By the Z-score index we get:

	
	Classification Z-score

	Actual group membership
	No bankrubpt
	Bankrupt

	No bankrupt
	28,3%
(7669) 
Correct decision (1-β)
	71,7%
(19426)
 Type 2 error (β)

	Bankrupt
	31,2%
(34)
 Type I error (α)
	68,8%
(75)
Correct decision (1-α)



That is, Z-score correctly predicts 28,47% of the firms in 2011: 28,3% of the health firms and 68,8% of the pathological firms. By our OIindex score we get:

	
	Classification OIindex

	Actual group membership
	No bankrubpt
	Bankrupt

	No bankrupt
	41,2%

(11169) 
Correct decision (1-β)
	58,8%

(15926)
 Type 2 error (β)

	Bankrupt
	31,2%

(35)
 Type I error (α)
	68,8%

(74)
Correct decision (1-α)



OIindex correctly predicts 41,3% of the firms in 2001: 41,2% of the health firms and 68% of the pathological firms. That is, with the same Type I error our index get a very lower Type II error.
Further, for a paired sample of 109 out of 27204 active firms in 2011 chosen on a stratified by size random basis, we considered both a “logit prediction” and the Area Under the ROC-Curve (AUC) criterion (Engelmann, et al. 2003) for OIindex and Z-score  respectively. Results showed in Table 5 confirm the better performance of our index. 

Table 5: DEBT-NSD vs Z-score. Logit prediction: the mean percent of correct classification
	OBSERVED
	PREDICTED      DEBT_NSD
	PREDICTED     Z-score

	
	 0
	1 
	Right Percent
	0
	1
	Right Percent

	 
	 
	0 (not failed)
	92
	17
	84,4
	67
	42
	61,5

	
	
	1 (failed)
	76
	33
	30,3
	59
	50
	45,9

	
	Tot Percent
	 
	 
	57,3
	
	
	53,7
	

	
	ROC CURVE
	AUC=0,60
	AUC=0,51
	


4. Concluding Remark
Taking into account both the firms’ debt level structure and sustainability, we develop a new composite DEBT-NSD index based on financial ratios to identify over-indebted firms. We propose Robust Principal Component Analysis for skewed data to estimate such new index, and compare it with the Z-score in terms of prediction default performances. Our research can be improved following at least two directions: first, a comparison with other well-known rating systems; second, a development of a more general logit model of company default prediction including also non-financial variables.
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