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ABSTRACT 

This paper extends the theory of fuzzy dis-

eases´ predictions in order to improve cause 

detection by introducing Fuzzy Entropy, as 

an alternative measure for the analysis of 

causes. In this case, the fuzzy entropy allows 

to assess a level of uncertainty in the expert´s 

valuation of the firm and the visualization of 

certain problems in experts' valuation levels, 

which can cause higher levels of relative un-

certainty in the analysis of causes in business 

diagnosis. Also, with this extension, the 

model can be useful to develop suitable com-

puter systems for monitoring companies’ 

problems, warning of failures and facilitat-

ing decision-making. 

Keywords: Matrix of economic–financial 

knowledge; Economic–financial diagnosis; 

Symptoms and causes; Fuzzy relations; 

Fuzzy Entropy. 

 

1     INTRODUCTION 

The economic and financial diagnosis of companies, 

together with the prediction of insolvency, has been 

extensively discussed in the literature. The first models 

to predict the insolvency or failure of a company orig-

inated in the late sixties, from [1] and [2], and basically 

compare and classify companies according to quanti-

tative indicators to distinguish between healthy and 

unhealthy businesses. The methodologies for con-

structing the rankings of healthy and unhealthy com-

panies have been developed using a variety of models 

that combine different statistical and mathematical 

techniques (logit, probit, neural networks, expert sys-

tems, fuzzy sets, hybrid systems, genetic algorithms, 

clusters, survival models, data envelopment analysis, 

support vector machines, among others). 

However, due to the nature of the diagnosis problem, 

typically subjective because it uses a large number of 

qualitative variables or expert analysts’ opinions, it is 

very difficult to find a comprehensive solution using a 

classical method. That is why this field is suitable for 

tools taken from fuzzy logic, which allow working with 

qualitative variables, weak information and measur-

ing the expert’s knowledge. The fuzzy financial eco-

nomic diagnostic models emerge as an alternative in 

this context to overcome many of the restrictions of 

traditional models [3].  

The original fuzzy diagnostic model, through the use 

of fuzzy binary relations, was published in 2008 [4]. 

The model received a set of improvements that can be 

seen reflected in different contributions [5,6,7,8,9], 

and finally synthesized in [3]. The model developed, 

presents an analogy with the medical diagnosis of pa-

tients through the relationship between causes and 

symptoms [10], and contributions of that author are 

used, for the determination of the R matrix of financial 

economic knowledge. This work incorporates the no-

tion of Fuzzy Entropy, as an alternative measure for 

the analysis of causes, which allows to assess a level 

of uncertainty in the valuations of firms by the experts. 



2     FIRM ANALYSIS 

Following the model of Sánchez [10], the main analyt-

ical goal is to determine matrix R, which in this case is 

a matrix of economic–financial knowledge represented 

as a fuzzy binary relation between symptoms and 

causes.  

Definition 1 (Fuzzy binary relation). A fuzzy binary 

relation between two non-empty sets X and Y, is a 

fuzzy set R of X×Y, if: R : X×Y →[ 0,1]. Let F(X×Y) 

= {R : X×Y →[ 0,1]}.The value R (x,y) is interpreted 

as the degree or intensity of the relation R between x 

and y. 

Therefore, the elements in matrix R represent the de-

gree in which the occurrence of a symptom implies the 

occurrence, in a certain level, of a certain cause (dis-

ease). In the literature, the symptoms in economic–

financial diagnosis can be represented as ratios, while 

the causes are the problems which generate the relative 

state of the symptoms. In an analogy to medicine, at 

the moment of diagnosis the causes are unknown, 

while the symptoms are known; thus, knowing the rel-

ative state of symptoms will serve to determine the rel-

ative state of causes. In this way, fuzzy models not 

only determine the good or bad health of a company, 

but also the reason why a company may be sick. 

2.1. THE SYMPTOMS 

The set of symptoms S consists of various symptoms, 

, i.e., S={si}, where i=1, 2,...,n. The symptoms are as-

sociated with economic and financial ratios. These ra-

tios reflect aspects of profitability, productivity, liquid-

ity, leverage, solvency, financial structure, debt cover-

age, economic structure, activity, turnover, efficiency 

and self-financing. Also, for companies listed on the 

capital markets, aspects related to shares and yields 

can be included. The ratios can be easily measured and 

taken from the firm’s financial statements. A recom-

mended list of symptoms is presented in an annex, at 

the end of the work or http://fuzzybusinessdiagno-

sis.blogspot.com.ar. 

 

Using the ratios, the cardinal matrix of symptoms (S) 

is obtained that shows the nominal level of the symp-

toms for each company i.e., E ={Eh}, where h 

=1,2,3,...,m.  

   s1 s2 - si - sn   

  E1 s11 s12 -- s1i  - s1n   

  E2 s21 s22 -- s2i - s2n   

 S= --- --- --- -- --- - ---  (1) 

  Eh sh1 sh2 -- shi - shn   

  --- --- --- -- --- - ---   

  Em sm1 sm2 -- smi - smn   

 

Having the nominal set of symptoms, the following 

procedure is applied to obtain the membership func-

tion that reflects the incidence of each symptom over 

the firm. 

(i) Determine the sign of property pi with respect to 

symptom si. For example, if symptom si is liquid-

ity, its sign is positive, so a higher liquidity repre-

sents a better financial condition for the firm. 

Therefore, the lowest membership level (that is, 

the firm shows a low intensity level of the symp-

tom) corresponds to the most liquidity firm; in 

other words, the firm exhibits a low level of liquid-

ity problems. According to this, the determination 

of the sign is extended to all the ratios of matrix S. 

(ii) Then, establish a complete ordering on each symp-

tom si according to the sign determined in (i). That 

is, if the sign of the property is positive, the ele-

ments are ordered from highest to lowest; and if 

the sign of the property is negative, the elements 

are ordered from lowest to highest. 

(iii) Once the elements have been ordered, the inci-

dence level of symptom si for firm Eh, shi, is esti-

mated by the ratio between the ordinal—within 

the ordering established in (ii)—of symptom si for 

that firm and the cardinal of the set (i.e., the num-

ber of firms). 

 

That is:  

  qhi = |shi|/|Eh| = |shi|/m         (2) 

Example 1. If the return on assets (ROA) of five firms 

are s= {s1, s2, s3, s4, s5} 

s= {0.11, 0.05, 0.31, 0.46, 0.18} for {E1, E2, E3, E4, 

E5}.  

They are ordered from highest to lowest (0.46> 0.31> 

0.18> 0.11> 0.05) 

Hence, the level of incidence of the symptom si is q= 

{q1, q2, q3, q4, q5} 

q= {0.20, 0.40, 0.60, 0.80, 1.00} for {E4, E3, E5, E1, 

E2}. 

 

http://fuzzybusinessdiagnosis.blogspot.com.ar/
http://fuzzybusinessdiagnosis.blogspot.com.ar/


(iv) After repeating this procedure for every symptom, 

the membership matrix of symptoms, Q= [qhi], is 

obtained. The order of this matrix is m×n (m firms 

by n symptoms) and it shows the intensity levels 

of each symptom for each firm. 

   s1 s2 -- si - sn   

  E1 q11 q12 -- q1i - q1n   

  E2 q21 q22 --- q2i - q2n   

     Q = --- --- --- --- --- - ---  (3) 

  Eh qh1 qh2 --- qhi - qhn   

  --- --- --- --- --- - ---   

  Em qm1 qm2 --- qmi - qmn   

2.2. THE CAUSES 

 

While symptoms are considered to be the precursor 

signals of a possible disaster that are shown in finan-

cial statements, causes are the factors that generate 

problems. C is defined as the set of causes, i.e., C = 

{cj}, where j =1,2,...,p. These causes, objective and 

subjective measured, are detected through a mapping 

methodology using the Balanced Scorecard- BSC- fol-

lowing [6]. This allows detecting a vast list of causes 

classified according to the key areas stablished in the 

BSC. This use of the BSC allows a permanent and con-

tinuous monitoring of all the areas of the firm. And this 

instrument that is known and used by the firms facili-

tates the auto-diagnosis (i.e. The key areas for the 

tracking may be business learning, innovation and 

technology, labor quality, cost optimization, results of 

activity, risk management, use of assets, technical ef-

ficiency, purchase policies, logistics, exogenous 

change, commercial management, consumer satisfac-

tion, quality and prices, and sectorial evolution). Con-

sequently, there are multiple factors or causes within 

each key area that can be disaggregated and measured 

either objectively or subjectively.  

Subjective causes are proposed to be obtained by con-

structing linguistic labels, in a scale between [0, 1] that 

reflect the opinion of experts about the impact of the 

cause over the firm’s performance. According to [11] 

higher degrees correspond to causes that have greater 

incidence level.  

That means:  

•A set of linguistic labels is given to each expert, with 

which the existence of the cause in each firm must be 

assessed. 

•The expert chooses between the groups of linguistic 

labels that are translated into a quantitative scale which 

shows the incidence level of the cause. 

•Each label represents a level of incidence that depends 

on the number of alternatives, or linguistic labels mak-

ing up the scale. This incidence level is constructed 

through the cumulative frequency of the label in each 

scale. 

 

Example 2. Let’s suppose there are five states sorted 

from lowest to highest (always, often, sometimes, 

rarely and never), the scale is distributed linearly 

among the five states, corresponding 20% of the scale 

to each state. The quantitative scale is {0.20; 0.40; 

0.60; 0.80; 1.00}. If there are seven states, the inci-

dence levels would be {0.14; 0.29; 0.43; 0.57; 0.71; 

0.86; 1.00}. This means that the incidence level 

changes according to the number of states established 

by the researcher for each cause. Also, it is possible to 

use the same number of states for all causes.  

The objective causes must be ordered in the sense of 

impact (if the sense is positive, they are ordered from 

lowest to highest, and if it is negative, they are ordered 

from the highest to the lowest level). Then, once the 

elements are ordered, the cause incidence level is esti-

mated through the ratio between the ordinal cause cj 

established for the firm in the order and the cardinal of 

the set, which is the number of firms. 

That is:  

  phj = |chj|/ m            (4) 

 

After repeating the procedure for every cause, the 

membership matrix of causes, P= [phj], is obtained.  

   c1 c2 -- cj - cp   

  E1 p11 p12 - p1j  - p1p   

  E2 p21 p22 -- p2j - p2p   

    P= --- --- --- -- --- - ---  (5) 

  Eh ph1 ph2 -- phj - php   



  --- --- --- -- --- - ---   

  Em pm1 pm2 -- pmj - pmp   

 

2.3. ECONOMIC-FINANCIAL 

KNOWLEDGE MATRIX R FOR ONE PE-

RIOD 

Once matrices Q and P have been constructed, which 

measure, respectively, the incidence of symptoms and 

causes for each one of the m firms for a given year, the 

next step is to find matrix R. The elements of R= {rij} 

measure the intensity of the incidence of the symptom 

si over the cause cj.  

 

R matrix is obtained through P = Q ∘ R, where “∘” is 

the composition of two fuzzy relations Q and R. Given 

that P and Q are known, therefore the method for solv-

ing the fuzzy equations P and Q are known, so the 

method for solving fuzzy equations developed by [10] 

is used to find the largest solution presented in (6).  

 

                               R = QT 𝛼 P,                       (6) 

Where,  

QT= [qhi]T =[qih],  

That is:  

R= QT 𝛼 P = [qih] 𝛼 [phj] = [rij].  

 

Where, following [10], the operation R = QT α P is 

defined as 

[rij]= h [qih 𝛼 phj]          (7) 

 

Where, 

If qih < phj  rij=  qih 𝛼 phj =1  

If qih > phj rij=  qih 𝛼 phj =phj  

  

Through this operation, the R matrix of economic-

financial knowledge is calculated using the α fuzzy re-

lations operator or Godel implication. Thus, the ana-

lysts use their knowledge and the information availa-

ble (either historical or prospective) to determinate R, 

R∈ F(Q×P), where R is a matrix of order n×p and rep-

resents the fuzzy relation between symptoms and 

causes. Each element of matrix R(rij) represents the de-

gree (or intensity level) to which a symptom si implies 

a cause cj; and it is represented by the value of the rij, 

where rij ∈ [0, 1]. Therefore, the matrix R can be rep-

resented as: R= [rij] with i= 1,...,n and j= 1,...,p., ac-

cording to (5). 

 

 

   c1 c2 - cj - cp   

  s1 r11 r12 -- r1j - r1p   

  s2 r21 r22 -- r2j - r2p   

 R = -- --- --- - -- - ---  (8) 

  si ri1 ri2 - rij - rip   

  -- --- --- - -- - ---   

  sn rn1 rn2 - rnj - rnp   

 

2.4. THE AGGREGATE MATRIX () 

 

Having found R*, that is, the matrix R for a given year, 

from which any possible inconsistencies have been re-

moved, the next step is the aggregation of the matrices 

R* computed for each period Tk. By this a matrix of 

economic-financial knowledge () is obtained that is 

representative of all firms and every year under con-

sideration. 

 

The choice of the best operator for the aggregation de-

pends on whether the series of matrices for each year 

exhibits a trend. The behavior of each rij is evaluated 

in order to determine the aggregation process depend-

ing on the trend experienced by each component. 

 

If [rij
k
 - rij

k-1= 0; rij
k
 = aggregate rij  (řij) 

If [rij
k
 - rij

k-1 0; řij is determined by the indicator , 

which varies between –1 and 1. 



 

Thus, before choosing an operator, it is necessary to 

analyze whether these trends exist according to Eq. 7. 

ξ= ∑ ([rij]k
-[rij]k-1

)t
k=2 ∑ |[rij]k

-[rij]k-1
|t

k=2⁄          (9) 

 

Then,  

If ξ= 1, an increasing trend is assumed and the opera-

tor (10) must be used for the aggregation. 

 řij = ((rij)k-1
∘  (rij)k

) =

              max(min ((rij)k-1
;  (rij)k

).                          (10) 

 

If ξ= -1, a decreasing trend is observed and the opera-

tor (11) is proposed. 

řij=((rij)k-1
∘ (rij)k

)= min (max ((rij)k-1
; (rij)k

))         (11) 

 

Since there is an increasing or decreasing trend (and in 

order not to amplify) it is taken a conservative operator, 

the minimum or the maximum that reflects the trend 

(maximum of the minimum or the minimum of the 

maximum). 

If -1< ξ< 1, there is no trend and the generalized means 

operator is proposed to be used for aggregation accord-

ing to Eq. (12). That is because it is a continuous, sym-

metric and idempotent aggregation operator. 

 

řij= [∑ (rijk

φ) /kt
k=1 ]

1/φ

 (12) 

 

Having chosen the best operator for aggregation, the 

Tk matrices R* are aggregated to get the matrix  of 

economic-financial knowledge.  

 

 

 

 

 

 

 

 

   c1 c2 -- cj - cp  

  s1 ř11 ř12 -- ř1j - ř1p  

  s2 ř21 ř22 -- ř2j - ř2p  

 = -- --- --- -- --  ---  (13) 

  si ři1 ři2 -- řij - řip  

  -- --- --- -- -- - ---  

  sn řn1 řn2 -- řnj - řnp  

          

These řij are consistent and significant, and explain the 

true relationship between causes and symptoms. 

3 APPLICATION OF  TO PRE-

DICT DISEASES 

The economic-financial knowledge matrix  can be 

used to make economic and financial predictions. That 

is, given the symptoms of a firm (stated as diverse ra-

tios),  can be used to predict the incidence level of 

each cause cj defined in the model. Therefore, this 

methodology allows determining and examining the 

possible “diseases” that a firm may be suffered. This is 

proposed through the max-min operation between the 

membership matrix of symptoms (Q´) and the aggre-

gate matrix of economic-financial knowledge () ac-

cording to (14). 

 

P´= Q´ α  = p´hj    (14) 

Being , 

p´hj= max (min (qhi , řij)), 

Where, 

q´ih are the coefficients of incidence of the symptom 

for any period.  

 

This operation able to detect all the diseases (or causes) 

of firms into the period that  is valid to predict [12], 

that means two or three years after the estimation of . 



The estimation of the causes facilitates the early diag-

nosis of the firm to correct its situation. The degree of 

adjustment of the diseases is proposed to be tested 

through a goodness index that compares P with P´, that 

is ‖𝑃= P´‖ = ‖𝑃 𝑃´‖˄‖𝑃´ 𝑃‖  with is represented 

by (12). 

      [P =P´]=1-1/m ∑ |p
hm

- p´
hm

|m
p∈P         (15) 

 

Although, according to the quantity of causes identi-

fied in the model, this could be a difficult task because 

of the amount of information involved.   

 

4. THE APPLICATION OF OWA 
Therefore, in monitoring terms it is useful to concen-

trate the information in an aggregate number of key ar-

eas that represent the disaggregate firm’s diseases. The 

OWA operators [13] are introduced to synthetizes 

causes and easily detect possible diseases in firms. 

Once a warning indicator in some area of the firm is 

detected, it is possible to disaggregate this key area 

into each of the causes or critical factors that generate 

problems, in order to evaluate and correct the situation.  

There are defined a set of key areas, e.g., W ={ Wz}, 

where z =1,2,...,s; the OWA operators are applied to  

to calculate the possible diseases of firms.  

 

Mean operator: The Mean matrix is obtained by apply-

ing the arithmetic mean to the causes within each mon-

itoring area according to (16). 

𝑀𝑒𝑎𝑛 = ∑ ř𝑖𝑗 
𝑧
𝑤=1 𝑧⁄    (16) 

 

Maximum operator:  with maximum membership 

values of each area (Max) are calculated through the 

maximum selection of řij incidence levels within each 

group of causes. 

𝑀𝑎𝑥 = max ((řij)1 ,(řij)2, … , (řij)𝑧) (17) 

 

Minimum operator: In this case, Min selects the mini-

mum membership values of each area.  

 
𝑀𝑖𝑛

= min ((řij)1
,(řij)2

, … , (řij)𝑧
)  (18) 

 

This grouping allows the prediction of diseases con-

centrated in key areas to reduce the information in-

volved. The OWA operators are used to reduce the 

diseases in key areas. Thus, the membership matrices 

of causes (or diseases) are obtained in three levels of 

incidence (minimum (P´Min), maximum (P´Max) and av-

erage (P´Mean)) (Eq. 19 to Eq. 21), finding the minimum 

ratio of the operation for each incidence value, de-

pending on the minimum, the maximum or the aver-

age.. 

p´iz
Min=  [(qih ∘ ř min

h1),(qih ∘ ř min
h2),.,(qih ∘ ř min

hz)   (19) 

p´iz
Max=  [(qih ∘ řmax

h1),(qih ∘ ř max
h2),.,(qih ∘ ř max

hz)    (20) 

p´iz
Mean=  [(qih ∘   ř mean

h1),(qih ∘ ř mean
h2),....,(qih ∘ ř 

mean
hz)              (21) 

The option of monitoring through key areas (con-

sistent with the disaggregated estimation of the 

model) allows a continuous and comprehensive track-

ing of the business areas using the fuzzy logic ad-

vantages. 

4.1. The goodness index 
 

A goodness index is introduced to enrich the diagnos-

tic fuzzy model. This index also is useful to evaluate 

which the OWA aggregate method is more efficient. 

The index is based on the Hamming distance, which is 

adapted to check the functionality of the model and the 

estimations results. That is, if the estimated causes by 

the model represent the true situation of the firm.  

 

The index represents the comparison between the orig-

inal set of causes (P) aggregated into minimum (PMin = 

Min (phw)), maximum (PMax = Max (phw)) and average 

(PMean = (1/z)  (phw)) incidence levels and the set of 

estimated causes (P´). For this, P´ also is aggregated in 

the same way as the original causes (P).   

 

Therefore, the goodness index between P and P´ is rep-

resented by Eq.22.  

[𝑃 = 𝑃´] = 1 − 1/𝑧 ∑ |𝑝ℎ𝑤 −  𝑝´ℎ𝑤|𝑧
𝑥∈𝑋  (22)  

 

The main advantage of using distance measures in de-

cision making is that is possible to compare the alter-

natives of the problem with some ideal result, and 

therefore select the rule with the closest result to the 

optimal choice. 

Therefore,  

[P= P´]Min = [1- 1/z  ( |ph1 – p´h1| + |ph2 – p´h2| 

+ …+ |phw – p´hw|) 

[P= P´]Max = [1- 1/z  ( |ph1 – p´h1| + |ph2 – p´h2| 

+ …+ |phw – p´hw|) 



[P= P´]Mean = [1- 1/z  ( |ph1 – p´h1| + |ph2 – p´h2| 

+....+ |phw – p´hw|) 

 

Where, 

P*Min selects the minimum degree of incidence within 

the group of causes for each company;  

P*Max chooses the maximum degree of incidence 

within the group of causes for each company; and, 

P*Mean shows the average of the causes within the 

group or key area of monitoring. 

 

This test is useful to identify the best mechanism for 

aggregating causes using OWA operators and to esti-

mate the degree of adjustment of the predictions to 

diseases that are present in the companies. In other 

words, it is helpful to prove this model’s capacity (or 

any other) to predict insolvency situations and evalu-

ate the three alternatives of synthesizing causes pro-

posed above.  

 

5. ENTROPY AS A MEASURE OF 

THE CAUSES´ VALUATION 
Entropy is a measure of the uncertainty or infor-

mation contained in a data source, based on consid-

ering the average amount of information contained in 

the symbols used, where symbols with lower proba-

bility of occurrence provide more information. In the 

case where all symbols have the same probability of 

occurrence (flat probability distribution), then the en-

tropy will be maximum. Unlike other areas of 

knowledge, in this case, symbols that appear less fre-

quently provide more information. In terms of infor-

mation theory, in a text, a word that appears only 

once may be the most important for understanding its 

meaning. 

Entropy is also known as Shannon entropy [14], it is 

widely used in the field of information theory, both in 

data coding, cryptography, and communication of in-

formation; as well as in fields such as physics and bi-

ology to describe the complexity of systems and the 

information contained in them. It is also used in ther-

modynamics, statistical mechanics, and entropy-

based security. It is mathematically defined as the 

sum of the probability of each symbol in a set of data 

multiplied by the negative logarithm of that probabil-

ity. A greater Shannon entropy suggest a greater de-

gree of uncertainty or amount of information con-

tained in the data. 

The traditional entropy measure was developed by 

[14], but although there have been different 

complementary measures [15,16,17], it can be 

affirmed that the most widely used one is Shannon's 

measure (Eq. 23) 

 𝐻 = ∑ 𝑃𝑖 . 𝑙𝑜𝑔2(𝑃𝑖)𝑘
𝑖=1   (23) 

Where, 

𝑃𝑖  is the probability of finding the element i in the 

dataset. 

Therefore, if the probability distribution is flat (for 

example, rolling a die), the 𝑃𝑖  values are equal, and 

therefore the entropy is maximum. That is, the 

outcome of the experiment is uncertain for each 

possible extraction of the elements. For example, if we 

roll a die, the entropy of that experiment according to 

H is 3.32. However, if for some reason, two faces of 

that die have triple the probability of occurring 

𝑃(0.3; 0.1; 0.1; 0.1; 0.1; 0.3), so H is now 2.37. The 

appearance of differential elements reduces entropy. 

In the field of fuzzy mathematics, there has also been 

development of fuzzy entropies. Fuzzy entropy 

developed by [18] is presented en Eq. 24.  

 𝐷𝑓 = K. ∑ 𝑆(𝑓(𝑥ℎ)𝑘
ℎ=1   (24) 

Where, 

𝐷𝑓 is the fuzzy entropy, K is a constant, S is the Shan-

non entropy function, and 𝑓(𝑥ℎ) represents the mem-

bership function of each element h of x. [18] prove that 

𝐷𝑓 under the max-min t-norm, satisfies the conditions 

of a membership function, with some particular limi-

tations. 

The calculation of entropy according to the fuzzy def-

inition has different peculiarities. While for Shannon 

entropy, the maximum entropy for a set of n equal el-

ements is 𝐻 = −𝑛
1

𝑛
 𝑙𝑜𝑔2(𝑃𝑖), with 𝑃𝑖 = 1/𝑛. In the 

case of fuzzy entropy, this condition is not fulfilled. In 

𝐻, the summation of 1/𝑛, in n is equal to 1 (and can 

never exceed the unit). However, in the case of 𝐷𝑓, the 

sum of the elements of the membership function 𝑓(𝑥ℎ) 

can exceed the unity, obviously depending on the num-

ber of elements considered. 



For a set of n=5, the hypothetical value of 𝐷𝑓 was es-

timated, assuming that the membership values of Df 

range between 0.9 and 0.1. The results are presented in 

table 1. 

Membership 

value 
𝑫𝒇 

0.9 1.62541487 

0.8 2.50201212 

0.7 3.05432151 

0.6 3.36505834 

0.5 3.4657359 

0.4 3.36505834 

0.3 3.05432151 

0.2 2.50201212 

0.1 1.62541487 

Table 1: The membership value and the fuzzy entropy. 

 

The fuzzy entropy value reaches its maximum level at 

a membership value of 0.5, which seems very reason-

able since a value of 0.5 implies an indeterminacy in 

the valuation, and therefore, it is the least useful value. 

In the case of firms´ diagnosis, fuzzy entropy can be 

used to analyze expert opinions about the presence of 

a cause in a particular firm. Let us assume that to con-

struct the Q matrix of the causes, a valuation is carried 

out with a number F of experts´ opinion about the pres-

ence of a cause in a set of m firms. In this case, each 

element of the P = [phj] is calculated considering the 

assessment of the presence of a cause P in each firm 

doing by each expert in the set F.  

 

  f1 f 2 --- f j --- f F   

 E1 p11 p12 --- p1j  --- p1F   

 E2 p21 p22 --- p2j --- p2F   

  phj= --- --- --- --- --- --- ---  (25) 

 Eh ph1 ph2 --- phj --- phF   

 --- --- --- --- --- --- ---   

 Em pm1 pm2 --- pmj --- pmF   

In this case, the expert assessments are located in each 

column, and each row represents the assessments of 

the F experts for the presence of the cause phj in each 

firm h. 

The use of the Df function can be applied in different 

ways. Firstly, the presence of the highest level of en-

tropy can be evaluated when the assessments of all ex-

perts are close to 0.5. In this case, it would be neces-

sary to consider the treatment given to the cause since 

it has the maximum level of uncertainty regarding its 

presence or absence. Another alternative, it is to ana-

lyze all the assessments that an expert suggests about 

each firm. In this case, a certain trend of the expert to-

wards extremes can be analyzed when the entropy 

value reaches the minimum possible values. 

6 CONCLUSIONS      
This paper summarizes and complete the fuzzy model 

of economic and financial diagnosis developed by [3-

9]. In this contribution is presented the latest version 

of the model with all the extensions considered. 

Lastly, it is proposed the use of entropy measure-

ments of expert opinions, based on a Fuzzy Entropy 

indicator provided by [18]. The estimation of Fuzzy 

Entropy allows the visualization of certain problems in 

the experts' valuation levels, which can cause higher 

levels of relative uncertainty in the analysis of causes, 

mainly when the valuation of the cause approaches 

0.5. 

It should be noted that cause valuation levels close to 

0.5 do not provide much utility from the perspective of 

identifying fuzzy relationships between symptoms and 

causes. In this case, it may be important to redefine the 

valuation strategy.  

All the upgrades proposed are defined and incorpo-

rated to complete this theory, especially in the treat-

ment of causes, because there has been a significant 

amount of research focused on the evaluation of symp-

toms and their relationship to causes, the evaluation of 

causes themselves has received relatively less attention 

in the literature. Therefore, the accurate identification 

and evaluation of causes is essential for effective deci-

sion-making in the diagnosis and treatment of eco-

nomic and financial issues in firms. Like in medical 

diagnosis of a patient, the business diagnosis is done 

through the relationship between causes and symptoms 



and the capacity of the expert (or the model) to reduce 

the significant information for the analysis. This helps 

in the diagnosis of the disease or in monitoring the 

treatment to avoid economic and financial distress.  

Finally, and although the results are still incipient, it 

must be analyzed more deeply how to correctly apply 

the new concept. One possibility is that entropy will be 

used to evaluate different expert opinions regarding 

the existence of a disease. However, it is a new field to 

continue investigating. 
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ANNEX 

List of economic and financial ratios (symptoms) 

Profitability 

 

 

 

 

Return on assets (EBIT/ Asset) 

Return on equity (Net profit/ Net equity) 

Profit margin (Net profit/ Sales) 

Net profit/ Asset 

Investment/ Net profit 

Productivity 

 

 

Sales/ number of employees 

Staff costs/ Sales 

Staff costs/ Non- current asset 

Liquidity Liquidity (Current asset/ Current liabilities 

Current asset- stocks/ Current liabilities 

Cash/ Current liabilities 

Leverage, solvency, financial 

structure and debt coverage 

 

 

 

 

 

 

 

 

 

Total debt/ Liabilities 

Total debt/ Working capital 

Total debt / Net equity 

Solvency (Net equity/ Asset) 

Liabilities/ Net equity 

Long term debt (Non- current liabilities/ Net equity) 

Short term debt (Current liabilities/ Net equity) 

Noncurrent asset/ Asset 

Working capital/ Sales 

Current asset- Current liabilities/ Asset 

Shareholder`s remuneration (Dividends (1-taxes)/ Net equity) 

Financial costs/ Liabilities 

Dividends/ Net equity 

Coverage of interests (EBT/ Interests) 

EBIT/ Interests 

Economic structure 

 

Current Asset/ Non-current asset 

Quick ( Current asset +  month sales/( Cost of sales- amortization + adminis-

trative and commercial costs + interests)/12) Activity, turnover and efficiency 

 

 

Asset turnover (Sales/ Asset) 

Capital turnover (Sales / Net equity) 

Stocks/ Sales 

Cost of sales/ Stocks 

Leverage (Asset/ Net equity * EBT/EBIT) 

Current asset/ Sales 

Sales/ Non-current asset 

Account receivable/ Sales 

Account receivable/ Stocks 

Operating income/ operating costs 

Self- financing Retained earnings/ Asset 

Retained earnings/ Net equity 

Lag without credit ((Current asset – Stocks – Current liabilities) / (Operating 

costs – Amortizations – Provisions) )  
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