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Abstract: In December 2017, the savings of 
Spanish families in financial assets amounted 
to 262,847 million in investment funds, 
111,076 million euros in pension funds 
and 4,199 million euros in life insurance 
premiums. The relevance of these data 
suggests approaching the study of the most 
determining factors that affect the decision by 
family units in Spain when contracting these 
financial products. Some multivariate analysis 
techniques can be very useful in this regard, 
together with data from the Bank of Spain’s 
Household Financial Survey.
Keywords: Financial entities; Collective 
Investment; Discriminant Analysis; Logistic 
regression

INTRODUCTION
At the end of 2017, the estimated assets of 

Collective Investment Institutions worldwide 
stood at 41.1 trillion euros and that of Pension 
Funds at 26.1 trillion, figures that represent 
an annual increase in 2017 of 7% in both 
cases. Taking into account the current macro-
financial perspectives, it is estimated that this 
growth path will continue to be maintained in 
the immediate future, estimating that at the 
end of 2018, in the case of Spain, the volume 
of assets in the case of the Institutions of 
Collective Investment stood at 510,000 million 
euros and that of the Pension Funds increased 
by around 2.6%, closing the year with assets of 
114,000 million euros (INVERCO, 2018).

These data encourage us to try to understand 
in greater depth what the determinants may be 
that shape the decision by family units in our 
country when it comes to contracting (or not) 
products that we could define as investment-
foresight, as such as Investment Funds, 
Pension Funds or voluntary Life Insurance. 
Obtaining a hiring predictor model, together 
with the predilection for its diverse typology, 
could allow marketing entities to develop 
more efficient policies when contacting their 

current and/or potential clients to offer them 
these products. This constitutes the essential 
objective of this work.

In the literature, these types of questions 
are usually addressed using discriminant 
analysis and logistic regression. We owe the 
first works on discriminant analysis associated 
with banking prediction to Beaver (1966), 
with Altman (1968) who would later develop 
them. For his part, Ohlson (1980) is the one 
who initially applied logistic regression to the 
study of the aforementioned problems.

Today the use of both methodologies 
continues to be widely spread in the financial 
field (Berger et al., 2016; Dutta et al., 2015; 
Ren et al., 2016).

Along with these techniques, this work 
considers a sample of 6,120 households from 
the 2014 Family Financial Survey prepared by 
the Bank of Spain.

To carry out the data processing, the 
statistical package IBM© SPSS© Statistics, 
Version 20.0 was used.

Starting from the current introductory 
section, the present study is structured as 
follows. Point 2 tries to provide some figures 
from the investment-providence products 
sector that show their importance. Section 3 
continues with the details of the objectives, 
data, variables and methodology used in the 
analysis. Next, section 4 shows the results 
obtained. Finally, point 5 collects the main 
conclusions of the research, while pointing 
out possible areas of future work. Finally, 
the bibliographic references used in the 
development of the study are collected.

SECTOR DATA
As reported by INVERCO (2018) in its 

annual report, in 2017, Investment Funds 
and Pension Funds have been shown to be 
the main financial instruments when it comes 
to channeling the investments of Spanish 
savers or complementing their savings for The 
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retirement. This has contributed to collective 
investment reaching historic levels in recent 
years, both in participant accounts and in 
volume. Thus, the number of participants 
and shareholders of Collective Investment 
Institutions (IIC) stood at 12.97 million at 
the end of 2017, which with a 23.6% growth 
compared to the previous year marks a new 
best historical record. Regarding volume, 
Figure 1 shows the evolution of the different 
components of Collective Investment in 
Spain. It shows how its assets increased in 
2017 by 73,905 million euros, up to 574,972 
million euros, mainly thanks to a growth of 
11.7% in domestic Investment Funds, and 
34.4% in IICs. foreigners.

For their part, the Pension Funds 
also recorded asset growth, although its 
evolution and cause is uneven depending 
on the categories, since while the Individual 
System grew by 5.5% (thanks to positive net 
contributions), the Employment System grew 
by 5.5%. he made only 1%, (due to the returns 
on his investments). Other interesting data 
are the 14.2 billion euros of mobilizations in 
2017 of rights consolidated in the Individual 
System, that the average age of the participants 
is over 50 years old and that 57.4% of the total 
participants are men (INVERCO 2018).

Finally, it must be noted that the premium 
volume estimated by ICEA (2018) at the end 
of 2017 for the Life Insurance typology shows 
an annual growth of 0.04%, up to 4,207 million 
euros in the life-risk branch, and a drop of 
6.45%, reaching 25,194 million euros, in the 
life-savings branch. The number of insured 
by modalities increased in risk by 2.03% to 
reach 20.17 million insured, in dependence 
by 5.17% to 39,544, while savings-retirement 
rates fell by 3.77% to something more than 9.5 
million.

OBJECTIVES AND 
METHODOLOGY

STUDY OBJECTIVES
In light of the aforementioned data, it 

seems interesting to delve into the study of 
the determinants that shape the decision by 
family units in Spain when contracting (or not) 
products that we could define as investment-
provident (PIP) products, such as Investment 
Funds (FI), Pension Plans (PP) or voluntary 
Life Insurance (SV). 

Thus, the main objective of our work is to 
find out if, based on a series of basic questions, 
it is possible to find some “formula” capable of 
improving the prediction of whether or not a 
given family will have a PIP. Furthermore, as a 
secondary objective, to be able to predict which 
of the previous typologies (FI, PP or SV) would 
be your preference to be hired.

The improvement in the prediction of 
whether or not to contract a PIP would allow 
the entities marketing these financial products 
to develop tools in their organizations that 
would help their sales forces to improve the 
effectiveness of each contact with their current 
and/or potential clients. when offering these 
products. What’s more, this contact would 
be much more efficient if the product offered 
in the first option coincided with the “most 
foreseeable” one of being accepted.

DATA AND VARIABLES

DATA
The data used in this study comes from the 

2014 Family Financial Survey (EFF14), the 
last one available. This is an official survey by 
the Bank of Spain included in the National 
Statistical Plan, which allows obtaining direct 
information on the financial conditions of 
Spanish families. The sample of this survey 
includes 6,120 households, with no missing 
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Figure 1: Evolution of Collective Investment in Spain. 

Source: INVERCO (2018).

(1) Data estimated by the institution; includes institutional investors.

Figure 2: Construction scheme of the TPIP variable.

Figure 3: Frequencies of cases in the “Hire” and “TPIP” variables.
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values in it. 

EXPLAINED VARIABLES
In this work, fictitious dependent variables 

have been created: “Hire” and “TPIP”, which 
represent, respectively, whether or not the 
interviewed family unit has a PIP and, if so, 
what type it is. The questions of the EFF2014 
questionnaire from which the aforementioned 
dependent variables have been developed 
have “Yes” /“No” answers for all observations, 
their statements being:

• P.4.27. Do you have shares in investment 
funds or other collective investment 
institutions (excluding pension funds) 
in your household?

• P.4.41. Some people deposit money 
in credit institutions, securities 
companies and agencies, and portfolio 
management companies, so that a 
person specialized in investments can 
manage it for them. The manager makes 
most day-to-day decisions or consults 
with the account owner. Apart from 
pension funds or insurance contracts 
or investment funds, do you have any 
managed portfolio of this type?

• P.5.1. Are you or another member of 
the household enrolled in any type of 
pension plan? Include those pension 
plans that you have subscribed to, 
even if you are not currently making 
contributions.

• P.5.9a. And does any member of the 
household have life insurance taken 
out by their own decision?

Accordingly, “TPIP” includes 8 possible 
levels depending on whether the answer is 
“Yes” or “No” in none, some or several of the 
questions P.4.27, P.4.41, P.5.1, and P.5.9a of the 
questionnaire (see Figure 2).

For its part, “Contract” will take the value 
“0” when the “No” family has a product from 

those evaluated (coinciding with the value 
“0” in “TPIP”), and “1” when “Yes” possesses 
them (if “TPIP” takes a value other than “0”).  

Figure 3, for its part, summarizes the 
frequency and percentage of cases of each of 
the indicated variables:

EXPLANATORY VARIABLES
Quantitative and fictitious (dummy) 

variables have been created from the EFF2014 
questionnaires. Its name and description 
along with the reference to the corresponding 
question of the questionnaire that provides 
the data and its construction method are 
summarized in Figure 4.

The assumptions of randomness, 
normality, and homoscedasticity are generally 
desirable for the application of multivariate 
techniques. In our case, randomness is 
assumed when collecting data from an already 
randomized study. Normality, evaluated 
using Kolmogorov-Smirnov, was rejected 
for all independent variables, although it 
was expected given the dichotomous nature 
of most of them. Likewise, Levene’s Test for 
equality of variance was only significant for 
the variables “ECPar”, “ECDiv”, “GEsp1”, 
“VJoya12m”, “PensR”, “BecasR”, “Indemn”, 
“Nautpc” when 95% and “Iextra” at 99% 
confidence.

Martínez (2008) states that multivariate 
analysis with multiple predictors and a 
categorical dependent variable is sensitive to 
the lack of normality of the data, although he 
points out that, in general, this assumption is 
difficult to maintain with most of the sets. of 
real data.

METHODOLOGY
As already indicated in the Introduction 

section, the type of problem posed here allows 
an approach using different multivariate 
analysis techniques, such as discriminant 
analysis (DA) or logistic regression (RL). 
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DISCRIMINANT ANALYSIS
As is well known, AD is a multivariate 

analysis technique (Hair et al., 1998), where 
from a set of elements that belong to different 
previously established groups, the aim is to 
obtain one or more discriminant functions D_i 
resulting from combinations linear variables of 
the m independent variables considered, with 
a double purpose: explanatory and predictive. 
The membership of the elements under 
study to one group or another is introduced 
into the analysis through a qualitative 
variable that takes as many values as there 
are existing groups. The initially available 
information is synthesized into discriminant 
functions, which are nothing more than linear 
combinations of the discriminant or classifier 
variables constructed through a mathematical 
maximization process to discriminate 
between the analyzed groups. One of the most 
common, and which we used in the study, is 
the Fisher method, which seeks to maximize 
the ratio:

The discriminant functions will be 
expressed by equations such as:

Where:
Di = Score of the i–th discriminant function

aj = Discriminant weight for the jth 
variable (j = 1, ..., m)

Xj = Independent or predictor variable
The objective pursued is that the values of 

this function differ as much as possible from 
one group to another and, at the same time, 
are very similar for the elements of the same 
group. 

LOGISTIC REGRESSION
As stated by Silva and Barroso (2004), 

citing, among others, Hosmer et al. (1991), 
RL appears as one of the most used statistical-
inferential techniques in contemporary 
scientific production, which is why it is widely 
known. In it, the dependent variable must 
present two categories, in case of occurrence 
or non-occurrence of the event defined by the 
dependent variable.

As regards the independent variables, no 
restriction is established, and they can be 
quantitative, both continuous and discrete. 
This technique uses the logistic function to 
estimate the probability that the event will 
occur or that an individual will choose option 
one of the dependent variable. The predictive 
capacity of the RL model is assessed by 
comparing the observed group membership 
with that predicted by the model, which 
classifies individuals in each group defined by 
the dependent variable based on a cut-off point 
established for the predicted probabilities. 
based on the estimated coefficients and the 
value that the explanatory variables take for 
each individual (Mures et al., 2005).

The main benefits of RL over AD are 
based on fewer restrictions on modeling 
assumptions. Thus linearity, normality, or 
independence between independent variables 
are not required in the RL approach, which 
leaves greater flexibility when working with 
real data.

The first reported RL prediction results were 
of lower predictive power than those reported 
in AD studies. Later, studies have shown 
that RL is a robust and powerful statistical 
approach for modeling dichotomous concepts 
(Nikolic et al., 2013).
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RESULTS
This section shows the details of the 

approaches carried out using the AD and RL 
techniques already mentioned. Below is a 
description of the models developed, both for 
the “Hire” variable and for “TPIP”.

MODELING OF THE “HIRE” 
VARIABLE

MODELING OF THE “TPIP” 
VARIABLE
In all models, 6,120 cases have been 

processed (3,503 “Number”; 2,617 “Yes”), all of 
which were used in the calculations of results. 
Below we describe the simulated models:

1) Discriminant analysis of “Hire” vs. 
all independent variables using 
the stepwise inclusion method and 
calculations of prior probabilities 
considering all groups equal (GI). 
According to this specification, in each 
step the variable that minimizes the 
global Wilks lambda is introduced, 
until the level of F is insufficient to 
continue the calculations and the 
iterations. In this case, the model has 
obtained it in step 24.

1b) Idem as above, but with calculations 
of prior probabilities according to 
different group sizes (GD), that is, 
weighted by the number of cases 
present.

1c) Logistic regression including the 
variables obtained in model 1.

2) Logistic regression of “Hire” vs. all 
independent variables. Method: 
by steps forward (Conditional). A 
constant is included in the model. The 
estimation includes variables and ends 
at step 23, iteration number 6, because 
the parameter estimates have changed 

by less than 0.001.

2b) GI discriminant analysis considering 
the variables provided by step 2.

2c) GD discriminant analysis considering 
the variables provided by step 2.

3) Logistic regression of “Hire” vs. all 
independent variables. Method: by 
steps backwards (Conditional). A 
constant is included in the model and 
a dummy variable is left out for each 
category of the dummies created to 
avoid a singular matrix in step 1 when 
using all the data.

3a) It is not its own model per se, but the 
continuation of model 3 (Logistic 
regression of “Hire” vs. all independent 
variables. Method: backward steps, 
conditional) once taken from the 
complete model designed in Step 1 
the independent variables that do not 
contribute significance to the model. 
In step 52 the estimation has ended 
at iteration number 6 because the 
parameter estimates have changed by 
less than 0.001.

3b) GI discriminant analysis considering 
the variables provided by step 3a.

3c) GD discriminant analysis considering 
the variables provided by step 3a.

Error graphs have been prepared at the 95% 
confidence level to explore the differences in 
means between the different levels assigned to 
the “TPIP” variable. However, these suggest 
that, although it does not seem feasible to 
find a model capable of collecting the choice 
in the contracting of “TPIPs”, they do allow 
us to think of the differentiation between 
product groups as acceptable. For this reason 
we propose 2 alternative modeling: one to 
analyze FI vs. PP and another for FI vs. SV, 
which we will consider next.
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MODELING OF “FI VS. PP
The different variants considered in this 

case have been the following:
1) AD with variables selected from GI 

error plots.

1b) AD with variables selected from GD 
error plots.

1c) RL with variables selected from error 
plots.

2) RL with all variables. Forward method. 
Step 14.

2a) RL with all variables (excluding the 
selection of dummy variables to avoid

singular matrix). Backward Method Step 1.

2b) RL with all variables (excluding the 
selection of dummy variables to avoid

singular matrix). Backward Method Step 
58.

3) RL with variables from models 1 and 2.

3b) AD GI with variables from models 1 
and 2.

3c) AD GD with variables from models 1 
and 2.

MODELING OF “FI VS. “SV”
In this section, the different models 

developed were the following: 

In this section, the different models developed were the 
following:

1) AD withvariables selected from GI error plots.

1b) AD with variables selected from GD error plots.

1c) RL with variables selected in model 1.

2) RL with all variables. Forward method. Step 12.

2b) RL with all variables (excluding the selection of 
dummy variables to avoid singular matrix). Backward 
Method Step 1.

The results of the variables included in 
each of the models, with the coefficients of 
the different equations/functions, can be seen 

in Figure 8 for the case of “Contract” and in 
Figures 9 and 10 for “FI vs. PP” and “FI vs. 
SV”, respectively.

Previously, Figures 5, 6 and 7 collect, 
respectively, the results of the classification 
in each of the different experiments of the 
different modeling considered, breaking down 
the correct membership in the cases that were 
estimated “No” and were actually “No” and for 
those who predicted “Yes” and they were.

CONCLUSIONS AND FUTURE 
LINES
Given the growing importance that 

investment in investment-prediction products 
(PIP) has achieved by Spanish households in 
recent years, in this work we set out as an initial 
objective to try to model which are the main 
factors that influence the decision to contract 
(or not) these products, as well as, if so, see 
what type of product is chosen. To this end, 
we have considered the data corresponding to 
2014 from the Family Financial Survey of the 
Bank of Spain, in conjunction with different 
multivariate analysis techniques; specifically, 
discriminant analysis (DA) and logistic 
regression (RL). With this, different alternative 
modeling has been built and comparisons 
have been established between them, to try 
to obtain the best predictive results that allow 
the design of more efficient marketing policies 
for financial managers.

After an exhaustive analysis, and based on 
a large sample of cases (6,120 households) 
and variables considered, we can conclude 
that a large number of such variables do not 
have differentiating power when contracting 
a PIP. This is demonstrated by the fact that 48 
of the 87 variables that we have developed are 
not selected by any of the proposed models, as 
they do not contribute to the choice between 
the groups that do/do not contract a PIP; 39 
in the case of the model of choice between 
investment funds and pension funds (“FI vs. 
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Figure 5: Table of classification results. No. variables (including constant). “Hire” Models.

Figure 6: Table of classification results. Number of variables (including constant). Models “FI vs. PP”.

Figure 7: Table of classification results. No. variables (including constant). Models “FI vs. “SV.”



16
Scientific Journal of Applied Social and Clinical Science ISSN 2764-2216 DOI 10.22533/at.ed.216326230310

PP”); and 31 in the case of choosing between 
investment funds and voluntary life insurance 
(“FI vs. SV”)1. Even so, it is obtained that 
any of the models proposed for the choice of 
contracting (or not) a PIP can determine in 
just over 3 out of 4 cases whether a family unit 
will have said PIP or not. The final choice of 
the classifier model for this election, collected 
by the “Hire” variable, will have to be made 
by the decision maker, since while model 3 
proposed in this case (RL backwards step 1) 
provides the greatest predictive value (76.8%), 
models 2c and 3b achieve, with an AD, 76.4% 
global prediction along with a smaller number 
of variables (24 and 26), and the maximum 
prediction in the selection of No or Yes hiring, 
with 82.8% and 75.2%, respectively.

Something similar happens in the 
comparison “FI vs. PP”, since while model 2a 
proposed in this case (RL backwards step 1) 
is the one that provides the best percentage of 
global prediction (84.2%) and success in PP 
(91.1%), it achieves it at cost of the greatest 
number of explanatory variables. Another 
criterion could select model 3b (AD GI) 
to focus on the appropriate selection of FI 
1. The variables not selected by any model, other than the backward RL step 1 that includes all, are the following in the different 
models (superscript 1: Hire; 2: FI vs. PP; 3: FI vs. SV): 
ECSol2,3, ECCas3, ECSep2, ECViu1, ESal1,3, ESalB1,3, ESalM1,2,3, Esatisf1,2,3, EsatisfB3, EsatisfM1,2, RVPAlq1,2, RVPPro2, RVPCes1,2,3, 
PrestNoAI1, OTR11,2, OTR21,2, OTR31,2,3, OTE21, OTE31,2,3, GEsp21,3, GEsp31,2,3, AhEsp11, AhEsp22,3, AhEsp31,2, IPer11, 2, 
IPer31,2,3, IFPer11, IFPer21,2,3, IFPer31,2, Desemp1, JubeIP1, Inac1,2,3, Gender1,2, Ref12m1,2,3, VAI12m1,2,3, VtaMT12m1,2,3, Gsummes2, 
EqHog12m2,3, PagoDom2,3, CJoya12m1,2, NoPrest24m1,2,3, Credito1,2,3, Negocio1,3, AccNoBolsa1, CtaOrd1,2,3, Dinafav1,2, OtroAF1,2, 
SVNoS1, Iperiod1, BT1,2,3, RExtraR1,2,3, AyudaR1,2,3, RMRNoUF1,2,3, Consejo1, AñoViv1, M2Viv1, NOMTpc1,2,3.

(80.6%) or maximize the prediction with 
the lowest consumption of variables, in this 
case being 2 and 2b (both RL) with 15 and 
19 variables respectively, which with 83.1% 
and 83.6% overall success would fulfill that 
purpose. We would have the same reasoning 
for the modeling of “FI vs. SV”, where the 
model with the highest prediction is 2a (RL 
backward step 1), with 87% overall and 91.4% 
for the choice of FI, while 1 (AD GI) is the one 
with the greatest achievement achieves in the 
SV classification.

In summary, very similar results are 
obtained with both methodologies, and 
although they improve the prediction of 
prior probabilities and, consequently, provide 
more information to decision makers when 
directing marketing strategies on a certain 
group based on the indicated characteristics, 
we believe that they leave room for 
improvement in their predictability. For this 
reason, it seems interesting to propose future 
lines of treatment for the problem raised 
through the use of other techniques, such as 
those developed by Akkoç (2012), Blanco et 
al. (2013) or Shinmura (2015).



17
Scientific Journal of Applied Social and Clinical Science ISSN 2764-2216 DOI 10.22533/at.ed.216326230310

REFERENCES
AKKOÇ, S. (2012). “An empirical comparison of conventional techniques, neural networks and the three stage hybrid Adaptive 
Neuro Fuzzy Inference System (ANFIS) model for credit scoring analysis: The case of Turkish credit card data.” European 
Journal of Operational Research, 222(1), 168–178. https://doi.org/10.1016/j.ejor.2012.04.009

ALTMAN, E. (1968). “Financial ratios, discriminant analysis and the prediction of corporate bankruptcy.” The Journal of 
Finance. Disponible en: http://onlinelibrary.wiley.com/doi/10.1111/j.1540-6261.1968.tb00843.x/full

BEAVER, W. (1966). “Financial ratios as predictors of failure.” Journal of Accounting Research. Disponible en: http://www.jstor.
org/stable/2490171

BERGER, A. N., IMBIEROWICZ, B., Y RAUCH, C. (2016). “The Roles of Corporate Governance in Bank Failures during the 
Recent Financial Crisis.” Journal of Money, Credit and Banking, 48(4), 729–770. https://doi.org/10.1111/jmcb.12316

BLANCO, A., PINO-MEJÍAS, R., LARA, J., Y RAYO, S. (2013). “Credit scoring models for the microfinance industry using neural 
networks: Evidence from Peru.” Expert Systems with Applications, 40(1), 356–364. https://doi.org/10.1016/j.eswa.2012.07.051

DUTTA, A., BANDOPADHYAY, G., Y SENGUPTA, S. (2015). “Prediction of stock performance in indian stock market using 
logistic regression.” International Journal of Business and Information, 7(1). Disponible en: http://ijbi.org/ijbi/article/view/68

HAIR, J. F., BLACK, W. C., BABIN, B. J., ANDERSON, R. E., Y TATHAM, R. L. (1998). “Multivariate data analysis”. 5(3), 
207–219. Upper Saddle River, NJ: Prentice hall.

HOSMER, D. W., TABER, S., Y LEMESHOW, S. (1991). “The importance of assessing the fit of logistic regression models: a case 
study.” American Journal of Public Health, 81(12), 1630–1635. Disponible en: http://www.ncbi.nlm.nih.gov/pubmed/1746660

ICEA (2018). “Primas y otros datos. Enero a Diciembre 2017”. Información extraída del estudio Evolución del Mercado Asegurador. 
Estadística a diciembre. Año 2017. Actualizado 17/01/2018. Disponible en: https://www.icea.es/es-ES/informaciondelseguro/
AlmacenDeDatos/Evolucion%20del%20Sector/2017/4T17/primas_12M17.xls

INVERCO (2018). “Las Instituciones de Inversión Colectiva y los Fondos de Pensiones. Informe 2017 y Perspectivas 2018”. 
13/02/2018. Disponible en: http://www.inverco.es/archivosdb/c87-ahorro-financiero-de-las-familias-iics-y-fp-2017.pdf

MARTÍNEZ, R. (2008). “El análisis multivariante en la investigación científica.” Cuadernos de Estadística, 1. Editorial La 
Muralla. Madrid.

MURES, M. J., GARCÍA, A., Y VALLEJO, M. E. (2005). “Aplicación del análisis discriminante y regresión logística en el 
estudio de la morosidad en las entidades financieras : comparación de resultados.” Pecvnia : Revista de La Facultad de Ciencias 
Económicas y Empresariales, Universidad de León, 0(1), 175. https://doi.org/10.18002/pec.v0i1.746

NIKOLIC, N., ZARKIC-JOKSIMOVIC, N., STOJANOVSKI, D., Y JOKSIMOVIC, I. (2013). “The application of brute force 
logistic regression to corporate credit scoring models: Evidence from Serbian financial statements”. Expert Systems with 
Applications, 40(15), 5932–5944. https://doi.org/10.1016/j.eswa.2013.05.022

OHLSON, J. (1980). “Financial ratios and the probabilistic prediction of bankruptcy.” Journal of Accounting Research. 
Disponible en: http://www.jstor.org/stable/2490395

REN, Y. Y., ZHOU, L. C., YANG, L., LIU, P. Y., ZHAO, B. W., Y LIU, H. X. (2016). “Predicting the aquatic toxicity mode of action 
using logistic regression and linear discriminant analysis.” SAR and QSAR in Environmental Research, 27(9), 721–746. https://
doi.org/10.1080/1062936X.2016.1229691

SHINMURA, S. (2015). “A Trivial Linear Discriminant Function.” Statistics, Optimization & Information Computing, 3(4), 
322–335. https://doi.org/10.19139/soic.v3i4.151

SILVA, L. C., Y BARROSO, I. M. (2004). “Regresión logística.” Cuadernos de Estadística, 27. Ed. La Muralla, Hespérides.

https://doi.org/10.1016/j.eswa.2013.05.022

