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Abstract

:

This paper employs a cross-sectional research design to collect quantitative data for a group of Greek pharmaceutical companies in order to evaluate their credit risk. The data are processed using a variety of quantitative approaches, including series two-stage data envelopment analysis (DEA) combined with bootstrap and hierarchical clustering. The results of the two-stage DEA bootstrapped analysis indicate that the key problem with the firms’ performance is a lack of effectiveness rather than operating efficiency. The lack of a correlation between operating efficiency and effectiveness indicates that the firms’ performance metrics are unrelated. As a result, a bootstrapped DEA-based synthetic indicator is developed to be used with the other performance metrics as inputs to hierarchical clustering to divide sample firms into credit risk clusters. The series two-stage DEA bootstrapped approach used in this study could aid firms in evaluating their performance and increasing their competitive advantages.
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1. Introduction


Practitioners, financial, and credit analysts are all interested in firm credit risk assessment models. These models are designed to classify firms as creditworthy or insolvent, allowing them to be identified as likely to default on their debt (Tsolas 2015). The development of a methodological framework for analyzing firm credit risk and its components has become critical in light of the recent economic crisis (Iazzolino et al. 2013).



Firm failure, as a term, refers to a situation in which a firm is not able to pay its creditors, suppliers, etc., or is legally bankrupt (Yeh et al. 2010). The likelihood that a firm would be unable to fulfill its debt obligations to its creditors (i.e., default risk; Çelik 2013) is a major concern in credit risk analysis. Credit risk is similar to bankruptcy risk, which is associated with the sustainability of the firm and leads to the firm’s liquidation and discontinuity of operations (Doumpos and Zopounidis 2007). There are three types of credit risk models (Iazzolino et al. 2013): structural, reduced-form, and hybrid models that use statistical techniques and methods of artificial intelligence and operations research. In the last category belong data envelopment analysis (DEA) (Charnes et al. 1978), neural networks, rough sets, and evolutionary algorithms (Shuai and Li 2005).



Poor management is generally acknowledged among others as the primary cause of a firm’s financial failure (Yeh et al. 2010; Li et al. 2014). The efficiency of a company can be used to assess management quality by comparing outputs to inputs. DEA is a non-parametric approach for comparing a company’s results to that of best-in-class companies. While DEA is commonly used for production-based performance analysis, the current research focuses on firm credit risk evaluation, and DEA is proposed as a technique for assessing corporate credit worthiness.



The current study details the use of a series two-stage DEA bootstrapped approach and hierarchical clustering for credit risk assessment of a group of Greek pharmaceutical firms. Pharmaceuticals are regarded as a sector with significant export potential, improving the Greek economy in this way. The Greek pharmaceutical industry is one of the most competitive in the country’s manufacturing industry, and it is a vital part of the Greek economy (Kounnou and Kyrkilis 2020). In the sectors of basic resources and chemicals (Tsolas 2015), as well as chemicals and metals (Christopoulos et al. 2019), credit risk and financial distress have been examined. Pharmaceutical companies, despite their affiliation with the chemical industry, are treated as organizations with unique economic characteristics and are excluded from the analysis (Christopoulos et al. 2019). As a result, it is self-evident that they should be studied as a separate industry.



The aim of this article is to develop a two-stage modeling framework that uses DEA-bootstrapped operating efficiency and effectiveness performance metrics to evaluate the performance (i.e., operating efficiency and effectiveness) of a sample of fifty-two Greek pharmaceutical firms, which can be considered representative of this industry. The operating efficiency is used to judge management, while the effectiveness assesses the firm performance’s long-term viability (Tsolas 2015). As the firms’ performance metrics are proved to be unrelated, a bootstrapped DEA-based synthetic indicator is developed. The firms are divided into risk clusters using a hierarchical cluster analysis based on bootstrapped-DEA based operating efficiency and effectiveness and their aggregate synthetic indicator.



The remainder of this paper is organized as follows: a review of the literature on DEA applications in credit risk and bankruptcy prediction is presented in Section 2. The conceptual framework, the methods and the data set are described in Section 3. The results are summarized and discussed in Section 4. Section 5 concludes the paper.




2. Literature Review


DEA as a performance evaluation tool is deemed superior to other competing methods such as ratio analysis, multi-criteria evaluation methods, and statistical–econometric methods (Balcerzak et al. 2017). Emrouznejad and Yang (2018) provide a recent thorough review on DEA and its applications. DEA as a top–down comparative efficiency approach is typically used to evaluate firms within the industry (Tsolas 2015), whereas in the financial sector (i.e., banking), there is the ability to evaluate banks within the sector or bank branches within the bank (Musa et al. 2020).



Traditional statistical approaches for predicting credit ratings, such as multiple regression analysis and multiple discriminant analysis, as well as probit and logit models, compete with DEA and rely on assumptions such as linearity, normality, and independence between predictor and input variables (Chi et al. 2011). The standard approach for applying these techniques is to divide the data set into two subsamples, one for model estimation and the other for prediction. The logistic regression (LR) has been shown in a number of studies to provide accurate classification within a sample, but out-of-sample prediction is bad. There is also evidence that the DEA outperforms the LR in predicting financially distressed firms, while the LR outperforms the model in predicting healthy companies (Premachandra et al. 2011).



Artificial intelligence methods such as neural networks may produce satisfactory results, but determining proper model parameters and network topologies requires more modeling skills (Zhang et al. 2016). Furthermore, although financial factors contained in a corporation’s financial statements can represent certain characteristics of a corporation from various perspectives, operating inefficiency is also recognized as a key contributor to a corporation’s operation risk, but it is typically excluded from statistical-based models. As a result, these statistical methods may have limitations. For a recent review of statistical approaches, the reader is referred to Mousavi et al. (2015).



Performance in terms of operating efficiency, which represents the status of a corporation’s management, is regarded as a deciding factor influencing credit rating (Chi et al. 2011). DEA may assess a company’s efficiency for credit rating purposes by integrating multiple inputs and outputs (Chi et al. 2011) as well as identifying sequential phases of its internal structure (Tsolas 2015). Together with DEA, multi-attribute decision-making (MADM) approaches form a class of versatile techniques capable of considering several potentially contradictory financial or non-financial criteria. Determining the weights of attributes is an important part of MADM problems. Using DEA as an analytical tool, the weights can be determined (Dahooie et al. 2021). It should be noted that, unlike other multi-criteria performance evaluation methodologies, DEA benchmarks against the best rather than the average behavior (Mousavi et al. 2015).



DEA has seen numerous methodological advancements as well as a significant number of applications in the credit risk and bankruptcy prediction fields since its inception (Mousavi et al. 2015). DEA has the following specific features that make it an outstanding credit and bankruptcy assessment tool as compared to statistical approaches (Premachandra et al. 2011). First, DEA does not need a priori assumptions about the relationship between inputs and outputs. Second, DEA looks at each firm separately, producing individual output (efficiency) scores that are compared to the industry (i.e., sample of firms). Mis-specification is a common issue in regression analysis, but not with DEA models, which establish a best-practice frontier based on peer comparisons within the industry. Third, unlike statistical methods, DEA does not require a broad sample size.



In the credit risk field, DEA has been used as a credit scoring tool (Troutt et al. 1996; Emel et al. 2003; Iazzolino et al. 2013; Bruni et al. 2014; Tsolas 2015; Dahooie et al. 2021). In the field of bankruptcy prediction, the DEA has been used to classify firms into healthy and unhealthy groups (Paradi et al. 2004; Premachandra et al. 2009, 2011; Shetty et al. 2012), as well as to derive efficiency scores for use in statistical and stochastic modeling and prediction frameworks (Xu and Wang 2009; Yeh et al. 2010; Psillaki et al. 2010; Li et al. 2014, 2017). In the literature of bankruptcy and distress prediction, the latter strand of application of DEA is known as two-stage modelling, in which a DEA model estimates firm efficiency in the first stage, and then uses the estimated metric to create a distress prediction model in the second stage.



Troutt et al. (1996) suggested using DEA to address the problem of credit applicant selection. Emel et al. (2003) used a DEA-based credit scoring approach also including other methods such as factor, regression, and discriminant analysis. According to Iazzolino et al. (2013), DEA efficiency can be used as an early warning index for determining firm credit risk. Bruni et al. (2014) built on Emel et al.’s (2003) work by revisiting the use of the DEA as a scoring tool. Tsolas (2015) employed a series two-stage DEA model integrated with hierarchical clustering to classify a group of Greek basic materials industry firms into credit risk classes. Recently, Dahooie et al. (2021) combined DEA with dynamic multi-attribute decision-making for credit performance evaluation.



Paradi et al. (2004) proposed a layered worst-practice DEA model, in which sequential layers of performance are defined. Premachandra et al. (2009) compared the DEA’s ability to evaluate corporate bankruptcy to that of LR and according to their findings, DEA outperforms LR. Pendharkar (2011) created a classification DEA neural network. Shetty et al. (2012) used DEA to calculate the probability of bankruptcy for sample firms.



Xu and Wang (2009) used the firm’s DEA-based efficiency and some selected financial ratios in prediction methods. Yeh et al. (2010) used DEA efficiency scores to forecast business failure by combining DEA, rough sets, and support vector machines. Psillaki et al. (2010) investigated whether DEA-based inefficiency is an important ex-ante predictor of business failure. Li et al. (2014) combined DEA with LR to predict the distress of Chinese firms. Li et al. (2017) used dynamic DEA (i.e., DEA-based Malmquist index) in distress prediction.



With the exception of Tsolas’s (2015) work, all of the DEA-reviewed studies in the credit risk field adopt the conventional one-stage DEA structure, which ignores the internal activity of firms (i.e., decision-making units (DMUs) in the DEA context). The series two-stage DEA approach is used in the current study. The two-stage DEA modeling (Mousavi et al. 2019) mentioned above is entirely different from the series two-stage approach.



This study makes a two-fold contribution. First, in contrast to previous DEA credit risk assessment studies, this one focuses on a series two-stage DEA bootstrapped approach to derive operating efficiency and effectiveness performance metrics and a synthetic indicator of them. Second, since DEA, as a relative assessment tool, does not completely rank a firm in relation to all other sample firms, bootstrap is used to overcome the uncertainty and provide a complete ranking.



By integrating DEA and bootstrap, the current study improves on Tsolas (2015). The use of bootstrap tackles the existence of efficiency ties that characterize DEA rating estimates derived from traditional radial DEA models, as well as the ambiguity surrounding them. Furthermore, bootstrap is used in combination with DEA to create a synthetic measure of aggregate performance. The aggregate performance scores are also validated by employing the cross-efficiency method (Sexton et al. 1986) that is also used to break the efficiency ties.




3. Methodological Framework—Data Set


3.1. Conceptual Framework


Performance measurement aims to quantify the efficiency and effectiveness of a firm’s operation. The efficiency and effectiveness of a firm’s operations are considered as two performance dimensions, and DEA can be used to derive appropriate metrics to measure them: a firm is (operating) efficient if it achieves high levels of production in terms of sales without using unnecessary financial resources, and is effective to the degree to which it generates earnings and cash (Tsolas 2015). Firms can use their assets with varying levels of managerial expertise, which is reflected in technical efficiency (Farrell 1957). On the one hand, the degree to which managers use financial resources efficiently is a direct concern of firm management. On the other hand, the effectiveness with which management generates earnings and cash is of great interest (Tsolas 2015).



The independent approach (Koronakos 2019) for the DEA assessments is used (i.e., each stage is handled separately), and thus the performance of each stage (operating efficiency, effectiveness) is measured separately. In stage 1, a DEA performance metric for measuring firm performance in terms of operating efficiency is used. That is, a company is considered efficient in achieving its goals if it generates monetary results (total revenue or sales) with the least amount of total assets and interest expenses. The objective of stage 2 is to measure DEA-based effectiveness and success at this level can be interpreted as a company’s earnings and cash flow generation compared to sales and stability of (net) earnings. In stage 2, the sales (i.e., the output of stage 1) together with stability of earnings are treated as inputs where earnings before interest, taxes, depreciation, and amortization (EBITDA) and cash flow are the outputs. This two-stage structure, i.e., operating efficiency (stage 1) and effectiveness (stage 2), is illustrated in Figure 1. The selected variables are discussed in detail in Section 3.3.



While it is assumed that higher operational efficiency leads to higher effectiveness, if the two performance metrics are found to be unrelated, a synthetic measure of performance can be derived employing DEA, which uses objective weights.




3.2. Model Building


3.2.1. DEA Modeling


The DEA model selection, the validity of the model specification, and the model orientation are the key modeling issues to address when using DEA. In terms of model orientation, efficiency is calculated using either input minimization or output maximization. Input-oriented models estimate the maximum possible reduction in inputs for a given level of outputs, while output-oriented models estimate the maximum possible increase in outputs for a given level of inputs.



As the sample used here includes firms of different sizes, the BCC model (Banker et al. 1984) was chosen to account for scale effects. It is worth noting that when choosing a DEA model, the signs of the input and output data should be taken into account, since in the effectiveness evaluation (stage 2), negative output values are possible. The BCC input-oriented model, which is translation invariant with respect to outputs, was chosen for both performance dimensions.



Assuming a sample of n firms, j = 1,…, n using inputs X ∈ ℜm+ to generate outputs Y ∈ ℜrk+, the envelopment form of BCC variable returns to scale input-oriented Model (1) (Cooper et al. 2007) is used to evaluate firm operating efficiency and effectiveness:


      M i n θ        subject   to             ∑   j = 1  n    λ j   x  i j   ≤ θ  x  i  j 0             ∑   j = 1  n    λ j   y  r j   ≥  y  r  j 0             ∑   j = 1  n    λ j  = 1        λ j  ≥ 0 , j = 1 , 2 , ⋯ , n , i = 1 , 2 , … m ,   r = 1 , 2 , … , k      



(1)




where    x  i j     is the ith input (i = 1, 2, …, m) used by the jth firm (j = 1, 2, …, n);    y  r j     is the rth output (r = 1, 2, …, k) produced by the jth firm;  θ  denotes the efficiency score of firm “0”; “0” stands for the firm that is being evaluated; and    λ j    is an intensity variable which indicates the contribution of firm j in the calculation of efficiency of firm “0”.



DEA calculates efficiency by estimating an empirical production function that represents the highest values of outputs that relevant inputs could produce, as determined by observed input and output vectors for the firms under consideration. The aim of Model (1)’s objective function is to find a minimum value for a factor  θ , which indicates the possibility of a proportional decrease in all of firm “0”’s inputs. The model’s constraints reflect the envelopment principle: the input vector for firm “0” is enveloped when the model finds a combination of other input vectors whose values are lower than or equal to all of the elements of the vector of firm “0”. Firm “0” is efficient if the pair of its input and output vectors cannot be enveloped simultaneously by a combination of the rest sample firms. The set of efficient firms chosen for assessing firm “0” form a facet of the piecewise empirical production function. The constraint     ∑   j = 1  n   λ j  = 1   requires a convex combination of the observed efficient firms as the reference point on the empirical production function for firm “0”. The distance between the point representing the firm’s input and output values and the corresponding reference point on the empirical production function is used to measure the inefficiency of firms located below the frontier (Golany and Roll 1989). The model-solving procedure is repeated for each firm and firms with    θ *  = 1   and    θ *  < 1   are considered efficient and inefficient, respectively.



The efficient firms form the so-called efficient (i.e., best practice) frontier, which reflects an objective criterion of excellence (Mousavi et al. 2015). Any deviation from the frontier is presumed to be due to inefficiency in conventional DEA applications without accounting for the uncertainty surrounding DEA rating estimates. Uncertainty exists in DEA due to sampling variability or frontier estimation, which can lead to biased DEA (point) estimates and thus misleading conclusions. For assessing the sensitivity of measured efficiency scores to sampling variance and evaluating the robustness of DEA point estimates through confidence interval building (Simar and Wilson 1998, 2000a, 2000b), the bootstrap method (Efron 1982; Efron and Tibshirani 1993) was proposed.



For the derivation of operating efficiency, the inputs used are: total assets and interest expenses, while the only output is the sales. In order to derive effectiveness, the inputs are: sales and stability of earnings, while the outputs are: EBITDA and cash flow. Sales is a common variable in the estimation of operating efficiency and effectiveness; it is treated as an output for operating efficiency and as an input for effectiveness estimation.



It is also possible to derive a synthetic credit risk rating by means of a BCC output-oriented model using the produced operating efficiency and effectiveness ratings as outputs and one constant input (Tsolas 2015). This is necessary when the operating efficiency and effectiveness are not correlated. For this purpose, Model (2), with two outputs (i.e., the operating efficiency and effectiveness ratings) and one constant input, can be used:


      M a x ϕ        subject   to           ∑   j = 1  n    λ j   x  i j   ≤  x  i  j 0             ∑   j = 1  n    λ j   y  r j   ≥ ϕ  y  r  j 0             ∑   j = 1  n    λ j  = 1        λ j  ≥ 0 ,   j = 1 , 2 , ⋯ , n , i = 1 , 2 , … m , m = 1 , r = 1 , 2 , … , k ,   k = 2      



(2)




where    x  i j     is the ith input used by the jth firm;    y  r j     is the rth output produced by the jth firm;    λ j    is an intensity variable; and where    ϕ     denotes the aggregate performance indicator of firm “0”.



The less the aggregate performance indicator    ϕ     the better the performance is. The reciprocal of   ϕ  ,   q = 1 / ϕ  , can be used to align the aggregate performance indicator with the greater the better principle that follows the efficiency score  θ  derived from Model (1).



It can be proved (Liu et al. 2011) that the multiplier output-oriented BCC model with two outputs and one input that is equal to unity for all firms (i.e., the dual of Model (2)) turns to Model (3):


      M a x    ∑   r = 1  k    w  r 0    y  r j o          subject   to           ∑   r = 1  k    w r   y  r j   ≤ 1        w r  ≥ 0 ,   j = 1 , 2 , ⋯ , n , r = 1 , 2 , … , k ,   k = 2      



(3)




where    w r    are the output weights estimated by the model;    y  r j     is the rth output produced by the jth firm; and     ∑   r = 1  k   w  r 0    y  r j o       ≥ 1   is the aggregate performance indicator of firm “0” calculated as the weighted sum of operating efficiency and effectiveness. The less the aggregate performance indicator, the better the performance is.



The model aims to maximize the weighted sum of operating efficiency and effectiveness and the weights    w r    are derived objectively by the model in order to give the maximum score for firm “0”. The model-solving procedure is repeated for each firm.




3.2.2. Clustering Firms


The DEA modeling classifies firms based on their operating efficiency, effectiveness, and aggregate performance (synthetic indicator of operating efficiency and effectiveness). The use of bootstrapped DEA models breaks the expected efficiency ties (i.e., more than one firms appeared efficient with score equal to unity); see also Mousavi et al. (2015). The DEA bias-corrected performance metrics are used as inputs in a hierarchical cluster analysis to categorize firms into different clusters based on their credit risk level. The higher the efficiency, the lower the credit risk level is.





3.3. Data Set


For the purposes of this study, fifty-two pharmaceutical companies are evaluated. The sample firms represent the 28% of the total firms for which financial statement data were available from 2015 to 2017. The limited percentage of selected firms is due to data unavailability on all variables used in the current analysis. The selected firms are considered homogeneous and can therefore be assessed by means of DEA in terms of their performance.



The aim of the current study is to assess not only the operating efficiency of the sample firms, but also their effectiveness. As a result, two sets of inputs and outputs are required, one for each stage (i.e., operating efficiency, effectiveness). To explain the variables used in the analysis (Figure 1) previous DEA studies on credit risk are referred. In stage 1, the total assets and interest expenses are used as inputs whereas sales is the only output (Paradi et al. 2004). In stage 2, the inputs are: sales and stability of earnings (Paradi et al. 2004), calculated as the standard deviation (Betts and Belhoul 1987) of net earnings before taxes, whereas the outputs are (Paradi et al. 2004; Iazzolino et al. 2013): EBITDA and cash flow, which is calculated as net income plus depreciation (Iazzolino et al. 2013). Except for the stability of earnings, which is measured as the standard deviation of net earnings before taxes over the 2015–2017 period, all variables apply to 2017. Table 1 depicts the descriptive statistics for the variables used.





4. Results


Table 2 shows the DEA point and bias-corrected estimates, and the estimated 95 percent confidence bounds. Two thousand bootstrap replications were used to generate the results.



According to the results of the Model (1), 10 (roughly 19%) of the sample firms are relatively efficient; mean operating efficiency: 0.57. The median operating efficiency is around 0.51. Furthermore, by lowering existing input levels by 43% (=1–0.57) while maintaining the same output level, the operating performance can be improved. The bootstrap results increase the model’s discriminating power since the BCC point estimates tend to be biased upwards. As all firms are inefficient, bootstrap estimates show that there is room for improvement in operating efficiency by reducing inputs by about 51% (mean operating efficiency: 0.49). The bias-corrected operating efficiency has a median of approximately 46%. The mean lower and upper bounds of the 95 percent confidence interval for bias-corrected operating efficiency are 0.40 and 0.57, respectively, implying that firms could reduce their inputs by 43% to 60% on average. The findings show that the DEA-bootstrapped model corrects for efficiency score bias, making it more robust than the conventional DEA model in calculating sample firm operating efficiency scores.



The sample firms’ mean operating efficiency is close to that stated by Liu and Lyu (2020) for the Chinese pharmaceutical industry, with a mean variable returns to scale efficiency of 0.54. However, You et al. (2010) found that Korean pharmaceutical firms have a mean technical efficiency of 0.88 and American pharmaceutical firms have a mean technical efficiency of 0.89. Furthermore, when compared to Korean and American pharmaceutical companies, there is a greater disparity in efficiency levels among Greek pharmaceutical companies.



In regard to effectiveness, the Model (1) results indicate that five (about 10 percent) of the sample firms are relatively effective; mean effectiveness: 0.30. The median effectiveness is around 0.19. The effectiveness can be improved by decreasing the current input level by 70% (=1–0.30) while maintaining the same output level. As all firms are ineffective, there is room for improvement by reducing inputs by 79 percent, according to bootstrap estimates (mean operating efficiency: 0.21). The bias-corrected effectiveness has a median of approximately 14%. The lower and upper bounds of the 95 percent confidence interval for bias-corrected effectiveness are 0.17 and 0.29, respectively, meaning that firms could reduce their inputs by 71% to 83% on average.



The correlation analysis revealed no evidence of a positive relationship between firm operating efficiency and effectiveness. Operating efficiency and effectiveness are two separate indicators of performance, according to the findings of this study. The sample firms seem to be more operationally efficient (bias-corrected efficiency: 0.49) than effective (bias-corrected efficiency: 0.21). Furthermore, despite the fact that high operating efficiency is supposed to lead to higher effectiveness, there was no clear trend in the relationship between the two. These conclusions are consistent with Tsolas’ (2015) findings in the sectors of basic resources and chemicals.



Operating effectiveness and efficiency are aggregated using the output-oriented variable returns to scale DEA Model (2) combined with bootstrap. The cross-efficiency method, as defined in Appendix A, is also used to validate the use of the model. The BCC model’s firm assessment is focused on self-evaluation using its optimal weights, while cross-efficiency is based on peer-evaluation using weights obtained by evaluating each of the sample firms.



When compared to the mean efficiency (point and bootstrapped) estimates provided by Model (2), the mean cross-efficiency is significantly lower (Table 3). The ranking of firms does not indicate significant variations in aggregate performance because Spearman’s rank correlation coefficient between the bootstrapped and cross efficiency estimates is 0.95; the vast majority of firms that are worst in aggregate performance remain the same.



The sample firms are clustered into three classes using hierarchical cluster analysis by means of Ward’s (1963) approach to define trends at a more detailed level (Table 4). The bias-corrected DEA metric of each stage and the bias-corrected aggregated performance are used to perform the analysis. The first cluster consists of 19 firms (37 percent of the total sample) that have better aggregate performance scores ranging from 0.64 to 1 (mean performance score: 0.94). These companies can be classified as having a low credit risk. The second cluster consists of 17 firms (33 percent of the total sample) with aggregate performance scores ranging from 0.40 to 0.74 (mean performance score: 0.52), indicating that certain changes are needed to improve their position. The third cluster consists of 16 companies (30% of the total sample) with an average output of 0.19 to 0.50 (mean performance score: 0.32). These firms may be categorized as having a high credit risk.




5. Conclusions


The current research describes a series two-stage DEA bootstrapped modeling approach for evaluating the credit risk of Greek pharmaceutical firms in terms of operating efficiency and effectiveness. Financial statement-based information is used in the series two-stage bootstrapped DEA modeling framework employed in this research, and the derived metrics are: operating efficiency, effectiveness, and their aggregate synthetic indicator.



The key problem with the sampled firms’ performance is a lack of effectiveness rather than operating efficiency. In other words, a firm’s financial space, rather than its operational space, determines its performance. Operating efficiency does not appear to be linked to effectiveness, implying that there is no correlation between the firm’s operational (cost-oriented) and financial (profit-oriented) results. As a result, a bootstrapped DEA-based aggregate performance indicator is built to be used as an input to hierarchical clustering to separate sample firms into credit risk clusters, along with the other performance metrics. The aggregate performance scores are also validated by using the cross-efficiency method. The sample firms are divided into three risk clusters using a hierarchical cluster analysis based on bootstrapped-DEA-based operating efficiency and effectiveness and a synthetic performance indicator.



There are some drawbacks to the current research. The availability of the data required for the analysis is a serious issue, and missing data points in a firm’s inputs or outputs result in its exclusion from the analysis and, as a result, a reduction in the sample size. Furthermore, since DEA can only calculate relative efficiency, it is impossible to equate firm efficiencies to an absolute theoretical efficiency value. Thus, the results and findings are sample-specific. Moreover, since DEA scores are calculated with complete weight versatility, a firm with an extreme weighting scheme can be classified as having the best performance. As a consequence, the study’s findings should be viewed alongside some main financial performance metrics.



The research design presented here supports not only Greek pharmaceutical companies, but also companies from other countries, due to its general nature. Managers and potential investors can find the DEA metrics developed here useful, and they can also be used as supplementary tools in credit rating models. Firm managers may use the derived performance metrics to set their own goals and pursue changes across the two performance dimensions. Furthermore, while the current study relies on static DEA models, future research could rely on dynamic analysis, which would take into account firms’ dynamic data as well as their credit evolution history.







Funding


This research received no external funding.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


The data presented in this study are available on request from the author.




Conflicts of Interest


The author declares no conflict of interest.





Appendix A


Let    w  r d  *  ,   r = 1 ,   2 , … , k ,   k = 2 ,     be the optimal solution of Model (3) for firm “d”. Then,     ∑   r = 1  k     w  r d  *   y  r d       is the BCC (self-evaluated) performance score of firm “d”.



The BCC peer-evaluated performance of a given firm j using the profile of weights provided by firm d is obtained as (see also Cooper et al. (2011)):


   E  d j   =    ∑   r = 1  2      w  r d  *   y  r j   ,             d , j = 1 , 2 , ⋯ , n  



(A1)







The BCC cross-performance score (  B C  C  c p    ) of firm j is defined as the average (see also Cooper et al. (2011)):


  B C  C  c p   =     ∑   d = 1  n   E  d j    n  ,                   d ,   j = 1 , 2 , ⋯ , n  



(A2)







For the output-orientation, the less the cross-performance score the better the performance. As cross-efficiency the reciprocal of   B C  C  c p     is used in this study.
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Figure 1. Credit risk series two-stage data envelopment analysis (DEA) approach. 
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Table 1. Greek pharmaceutical firms: descriptive statistics.






Table 1. Greek pharmaceutical firms: descriptive statistics.





	Descriptive Statistics
	Total Assets *
	Interest Expenses *
	Sales *
	Earnings Persistence *
	EBITDA *
	Cash Flow *





	Mean
	44,568.86
	615.29
	35,739.91
	1390.42
	11,317.38
	12,100.82



	Standard deviation
	67,804.84
	1004.18
	55,862.22
	2310.35
	7445.45
	7460.18



	Median
	10,855.45
	33.50
	5839.36
	372.43
	8532.92
	9506.21



	Min
	8.35
	0.01
	3.99
	4.22
	800.50
	287.95



	Max
	265,894.12
	4413.65
	240,677.89
	12,219.45
	52,345.35
	49,697.72







* 000 Euros.
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Table 2. Descriptive statistics of firm efficiency measures for operating efficiency and effectiveness.
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Sub-Process Efficiency

	
Operating Efficiency

	
Effectiveness




	
Point/Bootstrapped Estimates

	
Point Estimates

	
Bootstrapped Estimates

	
Point Estimates

	
Bootstrapped Estimates




	
DEA Estimates

	
DEA Point Estimates

	
DEA Bias-Corrected

	
DEA-LB

	
DEA-UB

	
DEA Point Estimates

	
DEA Bias-Corrected

	
DEA-LB

	
DEA-UB






	
Mean

	
0.5662

	
0.4854

	
0.4021

	
0.5652

	
0.2952

	
0.2116

	
0.1670

	
0.2940




	
Standard deviation

	
0.2695

	
0.2050

	
0.1680

	
0.2689

	
0.2963

	
0.1976

	
0.1596

	
0.2949




	
Median

	
0.5055

	
0.4608

	
0.3817

	
0.5045

	
0.1925

	
0.1435

	
0.1116

	
0.1918




	
Min

	
0.1911

	
0.1615

	
0.1280

	
0.1907

	
0.0006

	
0.0005

	
0.0004

	
0.0006




	
Max

	
1.0000

	
0.9306

	
0.7936

	
0.9984

	
1.0000

	
0.7395

	
0.5717

	
0.9958








LB: lower bound; UB: upper bound.
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Table 3. Descriptive statistics of firm synthetic performance indicator (DEA point, bias-corrected and cross efficiency estimates).






Table 3. Descriptive statistics of firm synthetic performance indicator (DEA point, bias-corrected and cross efficiency estimates).





	Descriptive Statistics
	Point Estimates *
	Bootstrapped Estimates *
	Cross Efficiency Estimares **





	Mean
	0.6053
	0.6085
	0.5037



	Standard deviation
	0.2809
	0.2820
	0.2277



	Median
	0.5307
	0.5313
	0.4469



	Min
	0.1911
	0.1906
	0.1646



	Max
	1.0000
	0.9985
	1.0000







* Estimated by Model (2); ** estimated by Equation (A2) (Appendix A).
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Table 4. Hierarchical cluster analysis. Descriptive statistics of firm synthetic performance indicator (DEA bias-corrected estimates).
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	Descriptive Statistics/Classes
	Class I
	Class II
	Class III





	Mean
	0.9364
	0.5183
	0.3151



	Standard deviation
	0.1180
	0.0857
	0.0922



	Median
	0.9962
	0.5144
	0.3092



	Min
	0.6378
	0.4001
	0.1906



	Max
	0.9985
	0.7434
	0.4995
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