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ABSTRACT

The global financial crisis has shown the ability to predict bankruptcy to be a vital management
skill, and that the methodologies used for that purpose should be as close to reality as possible. This
study aims to develop a multiple criteria system to predict bankruptcy in small and medium-sized
enterprises (SMEs). It combines cognitive mapping with the measuring attractiveness by a
categorical based evaluation technique (MACBETH), resulting in a more complete and transparent
process for evaluating SMEs (and their risk of bankruptcy). What differentiates this framework
from previous ones is the fact that it is based on information obtained directly from managers and
bank analysts who deal with this type of adversity on a daily basis. The results highlight the
importance of financial and strategic aspects, among others; and demonstrate how cognitive
mapping can improve the understanding of the decision situation at hand, while MACBETH
facilitates the calculation of trade-offs among evaluation criteria.

KEYWORDS: Bankruptcy Prediction; Cognitive Mapping; MCDA; SMEs.
RESUMO

A previsdo de faléncia tem, nos Gltimos anos, demonstrado ser uma funcionalidade vital no suporte
a tomada de decisdo e a gestdo empresarial. A sua importancia cresce associada a rapida
atualizacdo dos mercados e fruto da crescente exigéncia dos consumidores, que colocam as
pequenas e médias empresas (PMESs) diariamente a prova. Tal cenario conduz a necessidade de
desenvolver modelos de avaliacdo da performance o mais préximos possivel da realidade e, neste
sentido, a presente dissertacdo propde-se a desenvolver um sistema de avaliacdo multicritério que
suporte a previsdo de faléncia em PMEs. Face a diversidade de modelos existentes para 0 mesmo
fim, o fator diferenciador decorre do facto de, neste estudo, a informacéo provir diretamente de
gestores e analistas bancéarios, que lidam no seu dia-a-dia com este tipo de adversidade. Na pratica,
dada a necessidade das metodologias utilizadas na previsdo de faléncia serem o mais robustas



possivel, de modo a que as classificagdes obtidas sejam bem-informadas, o presente estudo
combina técnicas de cartografia cognitiva com a abordagem Measuring Attractiveness by a
Categorical Based Evaluation Technique (MACBETH), tendo como finalidade tornar os processos
de avaliacdo e de previsdo de faléncia em PMEs mais completos e transparentes. Os resultados
praticos e as implicacdes para a gestdo sao também objeto de analise e discussao.

PALAVRAS-CHAVE: Analise Multicritério; Apoio a Decisdo; PMEs; Previsdo de Faléncia;
Mapas Cognitivos; MACBETH.

1. INTRODUCTION

The economic developments of recent decades have put bankruptcies and their consequences for economic
well-being under the spotlight; to the extent that it has been argued that the number of companies in default
can be an indicator of a country’s development (Zopounidis and Dimitras, 1998; Ferreira et al., 2013;
Gongalves et al., 2016). This, in turn, has highlighted the need for mechanisms for the assessment of
bankruptcy risk; particularly in the aftermath of the global financial crisis, and its effect on small and
medium enterprises (SMESs).

The need for such assessment mechanisms notwithstanding, Gordini (2014) notes that the risk prediction
models currently in use with regard to and within SMEs are often inaccurate or even non-existent, because
the information systems underlying these models are not adapted to the characteristics and specificities of
SMEs. In the absence of more tailored systems, SMEs are not able to reflect on their performance and results
in as much detail or with as much regularity as large companies; nor is their performance as transparent to
their parties. As such, several authors (e.g. Altman and Sabato 2007; Ciampi and Gordini, 2013; Zopounidis
et al., 2015) have emphasized the need for more consistent models to assess the risk of failure of SMEs. Such
models should allow both the number of bankruptcies and the information asymmetries between banks and
companies to be reduced. This, in turn, can be expected to lead to greater levels of confidence, lower interest
rates, higher financing facilities and better access to credit, thus potentially generating higher economic
growth (Lopez and Saidenberg, 2000).

There are difficulties associated with the development of bankruptcy risk prediction models for SMEs,
however. These relate to: (1) the fact that SMEs typically make less information publicly available than large
companies (Ciampi and Gordini, 2013); and (2) the subjectivity of managerial decisions. Managers can
influence company results through their leadership characteristics, management style, attitude toward
consumers or even level of risk aversion, which makes it difficult to interpret managers’ choices and/or
translate them into numbers (Morrison et al., 2003; Ciampi and Gordini, 2013). In addition, any such
performance or bankruptcy predictions would also need to take into account more qualitative variables, such
as managerial experience or competence, as well uncontrollable elements, such as external environment
conditions (Zopounidis and Dimitras, 1998); which means we are dealing with highly complex and
inherently subjective decision situations.

According to Balan (2012), the ultimate goal of a risk of bankruptcy forecasting model should be to allow the
manager to see if s/he will be able to obtain financing from banks or other financial institutions; or whether,
on the other hand, s/he needs to rethink the company’s capital structure and/or adopt a new strategy in order
to remain solvent. Thus, in using such models, managers reduce their risk of failure, and are able to more
clearly identify the organizations’ strength and weaknesses, to either persist with their current financial
strategies or adjust them. As such, the current study aims to identify and articulate the factors that can best
contribute to the development of a bankruptcy prediction model tailored to the needs of SMEs.

From a methodological point of view, this is done through the integrated use of cognitive maps with the
multiple criteria decision analysis (MCDA) approach. Indeed, the importance of cognitive maps in
supporting the structuring of complex decision problems is widely recognized, as is their ability to represent
and facilitate the understanding of the cause-and-effect relationships between decision criteria (Belton and
Stewart, 2002; Tegarden and Sheetz, 2003; Eden, 2004; Canas et al., 2015). The MCDA approach, in turn,
allows weights to be ascribed to those criteria, and trade-offs between them to be calculated (Roy, 1985;
Bana e Costa et al., 2001; Belton and Stewart, 2002; Martins et al., 2015; Ferreira and Santos, 2016).

The next section presents an overview of the relevant literature, followed in section three by a description of
the methodological approach adopted. Section four then presents the key results, indicating the most common



and/or significant variables for the development of a bankruptcy prediction model. Finally, section five
concludes the paper, presenting its limitations and suggestions for further research.

2. LITERATURE REVIEW

There are many interested parties in what pertains to an organization’s state of solvency or insolvency. It is
therefore important to try to determine the underlying causes of such states. Watson and Everett (1998) and
Han et al. (2012) identify the most frequently cited causes of bankruptcy in the literature as those relating to
market elements, such as a fall in consumption levels or increased competition; and factors linked to the
macro-level external environment, such as financial or political crises. Undoubtedly, however, there are
many more variables underlying such outcomes.

The first bankruptcy prediction methods were multivariate models, initially developed using discriminant
analysis (Bellovary et al., 2007). This allowed organizations to be classified as bankrupt or not bankrupt,
based on the ratios that were analyzed. With the emergence, in the 1970s, of non-linear logistic regression
analysis, bankruptcy prediction models underwent some changes. This type of analysis was different,
because although it still classified companies as bankrupt or not, it did so based on the predicted probability
of these events occurring. Over time, yet another change in the type of models used occurred, this time with
the emergence of neural networks. According to Bellovary et al. (2007), these were built so as to replicate the
human characteristic of pattern recognition. Designed as neurons, these networks analyze inputs and try to
find patterns in order to develop models capable of generating decisions. The most common is the Multi-
Layer Perceptron (MLP) network. Table 1 presents a set of studies and applications in this field, as well as
their main contributions and limitations.



Table 1 — Contributions and limitations of bankruptcy prediction models.

AUTHOR METHOD CONTRIBUTIONS LIMITATIONS
A . Demonstrated the importance of studying bankruptcy A - Lo .
Beaver (1966) Univariate Dlsgrlmlnant predictions, and led to a “boom” in the development of such Ambiguity arising from_the individual analysis of data.
Analysis models Poor source of information.
A N Used only financial data.
Altman (1968) MultlvarE;ZIDl?grlmlnant Solved the problem of ambiguity in univariate analysis. Calculation of coefficients through empirical tests.
¥ Poor source of information.
. . . . Used only financial data.
Ohlson (1980) Logit Bypassed the assumption of normality of the variables. Lost precision.
Zmijewski (1984) Probit Overcame the problem of the influence of the sample on Was better at identifying organizations with financial

model development.

difficulties than organizations at risk of bankruptcy.

Recursive Partitioning
Algorithm (RPA) —
Decision Tree

Frydman et al. (1985)

Reduced the cost of errors.

Considered discreet groups.
Did not allow comparisons between organizations.

ANN - Back-Propagation

Ronald et al. (1986) Network

Model in continuous learning.
Did not assume normality of variables.

Lack of transparency with regard to the use of the
variables in the net of correlations.

Support Vector Machines

Shin et al. (2005) (SVM)

Good for generalizations.
Generate excellent results.

Choice of the kernel function, which allows the sample to
be reduced.

Slow development.

Discreet data.

Hu and Chen (2011) MCDA - PROMETHEE Il

Exceeded previous models in terms of precision for two and
three years prior to bankruptcy.
Served as a good decision support for credit attribution.

Could not go beyond three years prior to bankruptcy.
The cut-off points did not distinguish classes of risk.

Fuzzy c-means and
Multivariate Adaptive
Regression Splines (MARS)

Andrés et al. (2011)

Used hybrid methods able to generate better results.
Repeated probability classifications for better results.

Did not assess organizations free of risk; only those in
risk, and so could not generate ratings for credit
concession to profitable businesses.

du Jardin (2015) Discriminant analysis, logit,

survival analysis and ANN
—MLP

Increased data reliability with a smaller number of
indicators.

Divided organizations into groups and applied the methods
accordingly.

Defined prototypical bankruptcy processes to differentiate
between classes of risk, however, did not use these to
evaluate organizations.

ANN — MLP e Self-

Iturriaga and Sanz (2015) organized maps (SOMs)

Describes the critical characteristics of banks in trouble.
Developed a visual tool.
Exceeded previous methods.

Required many complex calculations.
Did not consider macroeconomic factors.




The studies described in Table 1 reflect the difficulties found in defining the variables in bankruptcy risk
assessment models, which stem from the inherent complexity and subjectivity of such evaluations. In some
cases, the models were not able to take into account potentially important variables for bankruptcy
forecasting, and in other cases, such variables had to be excluded, despite the fact that they might have
increased the models’ explanatory power. The other challenge apparent in Table 1 is that of assigning
weights and calculating trade-offs between variables. There appears to be room, then, for the application of
further methodological approaches. The one proposed in the current study encompasses the integrated use of
cognitive mapping with multiple criteria decision support techniques. Although there is no such thing as a
perfect methodology, such that new proposals should be seen as complementing rather than trying to replace
previous models, we believe the combination of methodologies proposed here can help overcome some of
the limitations of previous contributions (for discussion, see Smith and Goddard, 2002; Santos et al., 2008).

In particular, cognitive maps not only allow for a comprehensive identification of variables (in this case, the
determinants predictive of bankruptcy), but can also provide the basis for the definition of the variables to be
included in an evaluation framework. The use of multiple criteria techniques, in turn, allows weights to be
allocated to these variables, in order that they can be ranked. Indeed, it has been argued that combining
methodologies can produce significant benefits, because real-world problems are inevitably
multidimensional, and different methodologies are often more effective at different stages of the process of
decision support (Mingers and Rosenhead, 2004; Howick and Ackermann, 2011). In addition, the application
of different methods can allow the contributions of previous approaches to be integrated for the generation of
new developments.

The next section presents the methodology used in the current study, namely: the combined used of cognitive
maps with the measuring attractiveness by a categorical based evaluation technique (MACBETH).

3. METHODOLOGY

Figure 1 illustrates the articulation of the methodological procedures followed in this study.

Soft Approaches for -\
Problem Structuring

k.

Tree of Fundamental
Points of View

Creation of Descriptors Structuring
Phase

Construction of Local \

Performance Scales

Trade-offs Calculation

Elaboration of Recommendations

Identification of Impact
Profiles

Results Analysis Evaluation
Phase /
Elaboration of ‘/
Recommendations

Recommendations Phise

Figure 1 — Structure of the methodological processes.
Source: Ensslin et al. (2000, adap.).

Because they fall within the scope of MCDA (see Belton and Stewart, 2002), the methodological procedures
followed in this study can be divided into three main stages: (1) the structuring phase, which corresponds to
the problem definition stage, through the use of cognitive mapping techniques; (2) the evaluation phase, in
which the MACBETH technique is applied to obtain value functions and calculate trade-offs between
evaluation criteria; and (3) the recommendations phase, where the results obtained are considered and
suggestions formulated accordingly.



3.1. Brief Background on Cognitive Mapping

The epistemological basis of this study is constructivist in nature. Constructivism is based on the idea that
knowledge must be built by the learner, rather than shaped by the ideas of the person conveying it (Ben-Ari
and Yeshno, 2006; Porcaro, 2010).

One of the tools that can aid the process of knowledge acquisition, and the consequent collaborative problem
solving, is cognitive mapping. According to Eden (2004), cognitive maps draw what someone thinks about a
particular problem. The result is a visual “network of nodes and arrows, where the direction of the arrow
implies believed causality” (Eden, 2004: 673). Figure 2 illustrates the functional logic of a cognitive map,
where the dots represent concepts and the arrows represent cause-and-effect relationships between those
concepts.

‘Negative . ‘Negative
Y Goals' . Goals’

_ Likely Central
- Statement

‘Tails’

Figure 2 — Functional logic of a cognitive map.
Source: Eden (2004: 676).

The process of developing a cognitive map is based on the negotiation between the facilitator (i.e. the
scientist or researcher) and the decision maker/s (Eden, 2004), and encompasses three stages: “eliciting the
different views and belief sets as individual cognitive maps, drawing together this expert opinion in the form
of a composite map and, using the composite map in a work-shop setting to explore the policy arena and the
possible policy options™ (Eden, 2004: 618).

As a methodology, cognitive mapping is characterized by its ability to: (1) deal with both qualitative and
quantitative factors; (2) structure difficult or complex decision problems; and (3) provide support for the
working group, so that it can be of use for the development and implementation of strategic directions.
Cognitive maps thus allow subjectivity to be incorporated into the decision making process, and are able to
identify cause-and-effect relationships between concepts.

3.2. The MACBETH Approach

The aim of the MACBETH technique is to measure the difference in attractiveness between choice
alternatives, based on a series of non-numerical pairwise comparisons (Bana e Costa and Vansnick, 1994;
Bana e Costa et al., 2012). The technique encompasses seven categories of difference of attractiveness,
namely: Co — null (indifference); C; — very weak; C, — weak; C; — moderate; C, — strong; Cs — very strong;
and Cg — extreme; and uses qualitative judgments of difference in attractiveness to order the alternatives.

This evaluation of alternatives or potential actions is one of the main stages of the decision process
(“building interval value scales is a crucial part of multiple criteria decision analysis™ (Bana e Costa and
Chagas (2004: 323)), because it is where actions start being ordered according to preferences (Bana e Costa
and Vansnick, 1994; Ferreira et al., 2011; Bana e Costa et al., 2012). From there, a model of local
preferences can be built, and replacement rates (or trade-offs) determined (Bana e Costa et al., 2012); a
procedure which consists of two phases. In the first, a model of local preferences for each of the evaluation
references is developed; and in the second, local preference judgments are aggregated into an overall
evaluation model.

The MACBETH methodology is based on the mathematical principles of Doignon (1984) and pertains to
“numerical representations of semi-orders for multiple thresholds™ (Ferreira et al., 2014b: 9). That is, based



on a point of view PV;, the numerical representation of preferences follows a structure of m binary relations
[PW, ..., PO . P™] (where P® is a preference which is the stronger the higher k). The MACBETH
procedure then consists of associating each element of X (where X = {a, b, ..., n} is a finite set of n actions) to
a value x (resulting from v(.): X — R); such that differences such as v(a) — v(b) (where a is more attractive
than b (i.e. a P b)), are made as compatible as possible with the decision makers’ judgments.

In order to proceed with setting the intervals between consecutive categories of differences in attractiveness,
the subsequent step is then to calculate the limits s,, which can be interpreted as transition thresholds
(Ferreira et al., 2014a). Here, bearing in mind the issue of the numerical representation of multiple semi-
orders by constant thresholds, multiple semi-orders can easily be introduced by a function v, and the
thresholds sy follow formulation (1):

aP®b: s <v(@)-v(b)<s,, (1)

The definition of the intervals between the semantic categories of attractiveness is made easier, both because
the s, thresholds are real positive values and, between the origin (i.e. s; = 0) and sn, an infinite number of
categories and boundaries can be set. To illustrate, if a decision maker considers an action a more attractive
than b, and the difference between the two actions is weak, then (a, b) € C,.

The design of an evaluation system should therefore be based on these semantic categories and, for
consistency, formulations (2) and (3) (see Junior, 2008; Ferreira et al., 2014b) should be analyzed based on
decision-makers’ value judgments.

Va,be X :v(a) > v(b) < aPb )

vk, k" €{1,2,3,4,5,6},va,b,c,d e X com (a,b)eCy

(3)
e(c,d)eCyx k2K +1= v(a)—v(b) = v(c) - v(d)

Next, linear programming is applied, in conformity with formulation (4) (cf. Junior, 2008; Ferreira et al.,
2014b), in order to generate an initial scale, to be presented to decision makers for discussion.

Minv(n)
ST.:Va,be X:aPb=v(a)>v(b) +1
Va,be X :alb= v(a) =v(b)
V(a,b),(c,d) e X, if thedifference of attractiveness between
aandb isbigger than between candd, then :
v(a) —v(b) >v(c) —v(d) +1+ 6(a,b,c,d)
v(a )=0
where :
nisanelement of X sothatVva,b,c,...e X :n(Pul)a,b,c,...

a isanelement of X sothatVva,b,c,...eX :a,b,c,...(Pul)a™
6(a,b,c,d) istheminimal number of categoriesof difference of attractiveness
between the difference of attractiveness between aandband the

difference of attractiveness between candd. @)

This last formulation aims to minimize the value of n in order to reduce the basic scale. In practice, n
represents the most attractive option of X, whereas a, represents the least attractive alternative, which is
associated to the zero of the scale (Bana e Costa et al., 2008). This process is repeated until a local preference
scale for each descriptor has been defined and accepted by the decision makers. Then, a simple additive
model can be applied, following formulation (5), to obtain an overall score for each of the alternatives under
assessment.

n n
V(a)= Xw;jvj(a) with >w; =1 and w; >0 and

=1 =1

vj (Good;) =100 (5)
vj(Neutralj) =0



In addition, it is common to use: (1) sensitivity analyses, to assess the framework’s sensitivity to changes in
the weight of any given criterion; and (2) robustness analyses, to assess the impact of simultaneous changes
in the weights of two or more criteria. These analyses form the basis of recommendations phase.

The next section presents our application of the methodologies described above for the development of a
bankruptcy risk assessment framework, as well as the results obtained.

4.  APPLICATION AND RESULTS

The aim of this study was to use a multiple criteria approach to develop a bankruptcy prediction framework.
According to Zopounidis et al. (2015), this approach allows financial indicators to be combined with
constructivist instruments, for an analysis that not only includes indicators of financial performance, but
incorporates operational and strategic indicators as well. This allows diverse stakeholders to give their
contribution to problem definition and resolution, helping generate greater clarity with regard to alternative
actions and facilitating the establishment of a hierarchy of goals.

In order to ensure that the variables included in the SMEs bankruptcy prediction model and their respective
coefficients could be as close to reality as possible, three framework development sessions were carried out,
with the average duration of four hours each. The sessions were attended by an insolvency management
expert (i.e. a credit risk analyst with senior responsibilities) from one of the largest banks operating in
Portugal and five SME managers. Eden and Ackermann (2001a: 22), note that with such methodologies “the
consultant [i.e. facilitator] will relate personally to a small number (say, three to ten persons)”; so while the
number of participants is not large, it falls within the recommended guidelines for this type of study. The
sessions were conducted by two trained facilitators, who coordinated the whole process.

4.1. Developing the Cognitive Map

This stage of the process was bound with structuring the decision problem and aimed to identify the
determinants or criteria that decision makers considered important to assess an SME’s risk of failure. The
session began with a brief presentation of the main objectives of the study and the basic elements of the
methodological approach followed, after which the panel was presented with the following trigger question:
“Based on your personal opinion and experience, what are the variables which increase an SME’s risk of
bankrutpcy?”’. This question served to kick start the exchange of ideas among the panel members.

In operational terms, the “post-its” technique was applied (Eden and Ackermann, 2001a). The experts (i.e.
panel members) were asked to write the criteria being discussed (“the variables which increase an SME’s risk
of bankruptcy™) on post-its, with the rule that each post-it should contain only a single criterion. If the causal
relationship between a criterion with the issue at hand was negative, a negative sign (-) was added to the
upper right corner of the post-it. This process was heavily discussion-based, with the panel members sharing
ideas and professional experiences, as well as their reasons for identifying each criterion and its perceived
influence on SMEs’ operational, financial and/or strategic stability.

Having identified the criteria, the participants were then asked to group the post-its into clusters (or areas of
concern); and then to analyze each cluster individually in order to reorganize the criteria within it and
identify the cause-and-effect relationships between them. Once this had been concluded, the Decision
Explorer software (http://www.banxia.com) was used to create the group cognitive map, which served to
support further discussion on how the problem had been structured. Following Eden and Ackermann’s
(2001a and 2001b) guidelines, the decision makers were given the opportunity to adjust the map if they did
not fully agree with its content or form. Figure 3 shows the final version of the group cognitive map, as
validated by all the members of the panel.
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The next step in the structuring phase, in accordance with Keeney’s (1992) methodological guidelines, was to
identify Fundamental Points of View (FPVs). Based on the cognitive structure developed by the panel
members and represented in the map, they were able to identify the main areas of interest, which then gave
rise to the following six FPVs: Management Skills; Product, Marketing and Sales; Financial Aspects;
External Factors; Structure and Employees; and Strategic Aspects (Figure 4).

.EE'“"'_.’.::_. Prediction
4|:|Management Skills
4|:|Pmduc1, Marketing and Sales
4|:|Financial Aspects
4|:|External Factors
4|:| Structure and Employees
4|:| Strategic Aspects

Figure 4 — Tree of fundamental points of view.

The FPVs represented in Figure 4 thus constitute the evaluation references which, from the expert panel
members’ point of view, are the key elements for predicting an SME’s bankruptcy. FPV1 — Management
Skills refers to factors related to a manager’s ability or level of responsibility, such as level of experience or
qualifications. FPV2 — Product, Marketing and Sales — reflects the manner in which the company shapes the
market’s perspective of the product (for instance, image, after-sales service or brand value). FPV3 -
Financial Aspects — comprises indicators of the company’s financial position (e.g. cost structure, access to
credit or fiscal management). FPV4 — External Factors — brings together factors reflective of the
macroeconomic context in which the organization operates (e.g. legislation, financial background or political
instability). PVF5 — Structure and Employees — comprises factors related to the organizational team, such as
cohesion, motivation levels or automation. Finally, FPV6 — Strategic Aspects — includes characteristics
relating to the organization’s strategy (e.g. research and development, reinventions or synergy).

Having identified the FPVs, mutual preferential independence tests were carried out between them, to ensure
that the additive model presented in formulation (5) could be applied (for further discussion, see Bana e
Costa et al. (2012) and Ferreira et al., 2014c). Having done this, and validated the tree of FPVs, the next step
was then to build a descriptor, i.e. a set of ordered performance impact levels, for each of the FPVs. This
process was carried out during the second group work session.

The descriptors created in this second session were intended to operationalize the FPVs. Fiedler’s scale
(1967) was applied, in order to define levels of partial performance as well as reference levels (i.e. Good and
Neutral) for each descriptor. Figure 5 illustrates one of the descriptors and its respective levels of impact, as
built for the problem under consideration.

Descriptor FPV03 - Financial Aspects [FA] Level Description

Consistently negative business margins 1234567 8  Consistently positive and high business margins L1 Index FA € [35-40]

Total and permanent lack of liquidity 12345678  Consistent cash surplus Good Index FA € [26-34]

Excessive and inadequate debt 12345678 Absence of debt Neutral Index FA £ [20-25]

Unsustainable fixed costs 12345678 Completely adequate fixed costs L4 Index FA € [13-19]

Completely inadequate cost structure 12345678  Completely adequate cost structure L5 Index FA € [5-12]

Figure 5 — Descriptor and levels of impact for FPV3.

As Figure 5 shows, FPV3 — Financial Aspects — was operationalized through a Financial Aspects (FA) index
encompassing the five factors which, from the panel members’ point of view, are most important to assess
the SME financial situation, namely: business margins; liquidity levels; debt levels; fixed costs; and cost
structure. Five levels of impact were then defined for this descriptor, ranging from L1, which is the best
possible performance; to Good and Neutral, the reference levels which define ranges considered good and
neutral, respectively; and L4 and L5, which reflect the worst possible performance levels. Once descriptors
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had been defined for all the FPVs in the framework, the structuring phase was considered concluded, and the
process proceeded to the evaluation stage.

4.2. The Evaluation Phase

The evaluation phase began in the third group session, in which the MACBETH methodology was applied,
both for the calculation of the weights of the FPVs and for the construction of local scales for each descriptor
of each FPV. In order to obtain a preliminary ordering of the FPVs, the session began with pairwise
comparisons between FPVs, taking into account their differences in overall attractiveness. Thus, panel
members were asked, for each two FPVs, FPVi and FPVj, which from their point of view should be globally
preferred. An ordering matrix was then filled in, by asking the panel members to attribute the value *1”
whenever a FPVi was generally preferable to a FPVj (i # j), and “0” otherwise. This generated further
discussion among the decision makers and resulted in Table 2.

Table 2 — Matrix of overall preferences.

Management Skills

Product, Marketing and Sales
Financial Aspects

External Factors

Structure and Employees
Strategic Aspects

Having ordered the FPVs, the next step was to fill in a second matrix. This matrix used the semantic
categories of difference in attractiveness associated with the MACBETH technique, to obtain the weights (or
replacement rates) of the FPVs. Figure 6 illustrates the resulting matrix, obtained using the M-MACBETH
software (www.m-macheth.com/).

Weighting (Bankruptcy Prediction) it
[FPvo] | [FPvO2] | [FPYO3] ‘ [FPY0E] | [FP05] ‘ [FPv04] | Meutral Csucf;‘fgt EHETE

[ FFVO1 ] very weak, weak weak-mod strong w. gtrong positive 25.27 ﬂ

[ FPWO2 ] - weak, weak-mod strang shrg-wslr positive ZE6.583 ﬁ

[FFW03] - weak, moderate | moderate pozitive 19_51

[FPYOE] - wieak, moderate | positive 14.63

[ FPWOA ] - weak-mod positive 7.32

[FPYO4] PR positive 2.4

Metral - 0.00

Consistent judgements

£ O @ 2]5d 51 BiniEed o 4 2 W

Figure 6 — Matrix of value judgments of the FPVs.

As can be seen in Figure 6, the FPV considered to most contribute to an SME’s bankruptcy risk was FPV1
(Managerial Skills), with a weight of 29.27%. This was followed by FPV2 (Product, Marketing and Sales)
with a weight of 26.83%; FPV3 (Financial Aspects) with a weight of 19.51%; FPV6 (Strategic Aspects) with
14.63%; FPV5 (Structure and Employees) with 7.32%; and, finally, FPVV4 (External Factors) with 2.44%.
The calculation of these coefficients was required for the application of the additive formula shown in (5). It
should be borne in mind that these values are based on semantic judgments and, therefore, should be
analyzed with caution. In this sense, they were presented to the panel members for analysis, discussion and
validation.

The subsequent step was to apply the same procedures to build local performance scales for each of the
previously defined descriptors. As exemplified in Figure 7, FPV1 was assigned a value function which
attributed 166.67 points to the highest level (L1). L2 was defined by the panel members as constituting the
level Good, having been given 100 points. L3 was regarded as the neutral level, and obtained zero points.
The L4 level was assigned -100 points, and the worst level (L5) obtained -233.33 points. The same procedure
was followed for all the descriptors of all the FPVs.

11



| Good Neutral‘ L4 ‘ L5 Curerit | [
ICAlE | —
¥_. strong

L1 weak moderate | v, strong extreme 166.87

strong
Good - moderate strong extreme 100.00 |
moderate
MHeutral - moderate w. strong 0.00
L4 - weak-mod ||-100.00

Consistent judgements

S O 9 2[5 &1 BIEE A E ] W

Current | MACBETH | MACEETH

scale anchared bazic
L1 166.87 186.87 12.00
Good | 100.00  100.00 10.00
Heutral 0.00 0.00 7.00
L4 | -1o0.00 | -100.00 4.00
LA -233_.33 | -233.33 0.00

Figure 7 —Value judgments and proposed scales for FPV3.

In order to test and legitimize the model, the panel members were asked to assess their own businesses and
define a level of impact for it for each of the descriptors. These partial evaluations were then aggregated to
get an overall score for each of the SMEs evaluated, as shown in Figure 8 (where the evaluated SMEs are
identified as “Alphas”).

Optionz werall FP01 FPw02 FF03 FFW04 FP05 FP0E
Alpha 1 36,59 0,00 | 100,00 0,00 | 100,00 | 100,00 o, 00
Alpha 2 7,32 0,00 0,00 0,00 0,00 | 100,00 o, 00
Alpha 3 117,8% | 100,00 | 166,67 100,00 100,00 100,00 @ 100,00
Alpha 4 85,98 | 100,00 | 100,00 0,00 | 100,00 | 175,00 | 100,00
Alpha 5 39,03 | 100,00 0,00 | 100,00 [-100,00 | 100,00 —-10G, 00
Alpha b 60,98 | 100,00 | 100,00 @ 100,00 0,00 0,00 —100,00

Good 100,00 | 100,00 @ 100,00 | 100,00 | 100,00 | 100,00 | 100,00
Meutral 0,00 0,00 0,00 0,00 0,00 o,00 o, 00

Weights 02927 02683 01951 00244 00732 01463

Figure 8 — SMEs’ partial and overall attractiveness scores.

As can be seen in Figure 8, among the evaluated SMEs, Alpha 3 stands out with an overall score which
exceeds the level Good, and as such reflects an SME in very good standing. The worst score appears
associated with Alpha 2. However, the firm cannot be classified as being at risk of bankruptcy, because its
overall score is still higher than the neutral level.

Bearing in mind the posture of learning assumed in this study (see Smith and Goddard (2002) and Santos et
al. (2008) for a deeper theoretical discussion), it is worth noting that the evaluation system created also
allows for the identification of those FPVs in which improvements are crucial for the survival of each Alpha.
Figure 9 exemplifies this through the partial performances of Alpha 05 and Alpha 06.
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Figure 9 — Impact profiles of Alpha 05 and Alpha 06.

Sensitivity and robustness analyses were also carried out at this stage. According to Ferreira et al. (2011) and
Bana e Costa et al. (2012), sensitivity analyses allow the impact of changes in individual FPVs on the overall
framework to be assessed; while robustness analyses are used to analyze the impact of simultaneous changes
to the framework. Figure 10 illustrates one of the sensitivity analyses carried out.

[ Intersection
Alpha1 -
Alpha 2 =

100

120 A
110 A

Overall scare

IBIDI

70

o

0100 %

"
1 wl
Alpha 3
Alpha 4
Alpha B
Alpha B
Good
FPW02 FR0R
FP 03 FR4 04
33300 3329 2352 2454 16Kl 16,39
3054 256 214 16ES 930 174
b A 1853 125 S02 00z
Alpha 1 ETI TR 0o 004 002

aohe || B £ 172 1 [0 [y [§” v| "

Figure 10 — Sensitivity analysis on the weight of FPV1 and FPVs’ coefficient variation intervals.

The red line on the left hand side of Figure 10 represents the current weight of the FPV (i.e. 29.27%), and the
dashed lines define a variation range for that FPV’s coefficient. The analyses confirmed the robustness of the
evaluation framework developed, insofar as changes in the weights of the FPVs within the identified ranges
do not compromise the Alpha’s ranking, nor the panel members’ value judgments.

In addition to the sensitivity analyses, several robustness analyses were also performed, as exemplified in

Figure 11.
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Figure 11 — Robustness analysis for the overall framework.

In the robustness analysis, the 4 symbol indicates the presence of classical dominance, where Alpha X
dominates Alpha Y globally and independently of the FPV coefficients. The symbol = in turn indicates
additive dominance, whereby Alpha X dominates Alpha Y in terms of the weights of the coefficients, but
does not do so for all the FPVs (Bana e Costa et al., 2005). Various simulations were carried out to assess the
robustness of the evaluation framework developed. As we can see in Figure 11, there can be simultaneous
variations of +16% and +14% in the scores of FPV4 and FPV6, respectively, without changing the
dominance relationships among the Alphas. Although the results are context dependent, meaning that any
generalization should be carried out with due caution, this allowed the framework to be considered quite
robust by the participating decision makers.

4.3. Final Validation, Recommendations and Managerial Implications

A consolidation meeting was held with an insolvency management expert, whose experience and perceptions
were considered of great value for the practical validity of our framework. Specifically, in addition to being a
senior insolvency manager in one of the largest banks in Portugal, she had first-hand knowledge of the
current practices of bankruptcy prediction, and was able to serve as a neutral evaluator of the evaluation
framework developed in this study. In this sense, this final session was important to: (1) strengthen the
practical lessons and managerial implications obtained from the evaluation framework created; (2) increase
understanding of the current assessment practices regarding bankruptcy prediction; (3) discuss the results
obtained and the extent to which our methodological proposal could add value to the current practices; and
(4) obtain overall feedback on the practical relevance of the evaluation system developed.

According to the expert interviewed, the assessment mechanisms currently in place for bankruptcy prediction
are generally grounded on the same criteria used for SME credit appraisal and risk analysis. This suggests
that there is no well-established mechanism to address bankruptcy prediction in particular, something our
expert partially agreed with. Although cognitive mapping and MACBETH were new to her, the expert
recognized that their integrated use facilitates interaction between stakeholders and allows cause-and-effect
relationships between criteria to be identified and better understood. She also felt that the use of cognitive
references — i.e. Good and Neutral — brought realism to the appraisal exercise, allowing the full potential of
the framework to be reinforced. This feedback was extremely encouraging in terms of consolidating the
results, namely because she also agreed with the rankings obtained, and noted that ““the current practices of
bankruptcy prediction used by the bank do not offer an assessment as complete and consistent as the one
developed in this study™.
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The results obtained are idiosyncratic, meaning that they cannot be extrapolated to other contexts without
caution and proper adjustments. Notwithstanding, the framework proposed in this study was seen as more
complete and consistent than the bank’s current assessment practices, which are generally grounded on the
same criteria used for SME credit appraisal and risk analysis. Furthermore, the outcomes support previous
studies that highlight the importance of integrating different operational research (OR) techniques when
developing performance evaluation mechanisms (e.g. Santos et al., 2008; Filipe et al., 2015; Goncalves et al.,
2016; Jalali et al., 2016).

5. CONCLUSIONS

Given the global economic landscape, where bankruptcies are discussed on an almost daily basis, and bearing
in mind the importance of SMEs for a country’s economy, this study intended to develop a multiple criteria
framework for the assessment of the bankruptcy risk of SMEs. This was done through the combination of
cognitive maps with the MACBETH technique, a methodological option which resulted from cognitive
maps’ ability to comprehensively identify evaluation criteria, and the ability of the MACBETH approach to
allow weights to be attributed to these criteria. According to Gumparthi et al. (2010: 364), “to avoid
erroneous applications of bankruptcy prediction models in the future, it is necessary for researchers not only
to understand the uses of prediction models, but also to understand the limitations of the models”.

Taking into account the results obtained, the approach proved useful and effective in evaluating SMES’ risk
of bankruptcy. The development of the cognitive map allowed the problem to be more clearly structured, and
often overlooked criteria to be identified; while the MACBETH technique allowed key criteria to be ordered
and weighted. The resulting framework was not only more comprehensive than many of the tools currently in
use, but tailored to the issue of SME bankruptcy prediction in particular, which is often not the case.

Although developing such frameworks is not without its challenges, including the difficulty sometimes found
in obtaining a consensus among the panel members, such discussions add to the learning such methodologies
can create. Furthermore, the resulting framework is flexible enough to allow for the addition of new data as it
arrives; and the process followed can be replicated with different groups of experts in different settings.

In terms of future research, it would be of interest to conduct similar studies using other multiple criteria
methods, such as Analytic Hierarchy Process (AHP), Multi-Attribute Value Function (MAVF) or the
Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS); as well as carrying out
comparative studies (for further reading on different MCDA methods, see Belton and Stewart, 2002;
Zopounidis and Doumpos, 2002; Zavadskas and Turskis, 2011; Zopounidis et al., 2015). Any such efforts
can be seen as marking a step forward in supporting the prediction of bankruptcy risk in SMEs.
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