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ABSTRACT
The objective of this work is to propose a topological method for predictive modeling
of machine learning, which is considered a technique serving Data Science, essential
for data modeling. The Topological Discriminant Analysis (TDA) proposed is ac-
cording to the type of data, quantitative, qualitative or mixed explanatory variables.
This decisional topological classification is a supervised clustering method attempts
to discover the intrinsic structures and discriminant information embedded in the
data. There are many predictive techniques, they are most often and most usefully
applied to various problems in many fields.

Classification is therefore the operation which allows each individual of the pop-
ulation studied to be placed in a class, among several predefined classes, according
to the characteristics of the individual indicated as explanatory variables.

The proposed topological approach of discrimination is based on the notion of
neighborhood graphs in a decisional context.

The explanatory variables are more or less correlated or linked depending on
whether the variables type, quantitative, qualitative or a mixture of both. This
topological model of discrimination analyzes the structure of the correlations or
dependencies observed in each class according to the explanatory variables.

To validate the effectiveness of our topological approach, a series of experiments
are performed on several UCI benchmark datasets, with quantitative, qualitative
and mixed explanatory variables. The results are compared to those of different
existing predictive modeling techniques of machine learning.

KEYWORDS
proximity measure; neighborhood graph; adjacency matrix; discriminant analysis;
predictive modeling.

1. Introduction

Topological Discriminant Analysis TDA proposed for quantitative or qualitative ex-
planatory variables, or TMDA for mixed explanatory variables, are predictive models
comparable to many existing machine learning techniques, a form of artificial intelli-
gence (AI) used to create predictive models. TDA and TMDA are notably compared
to classical Discriminant Analysis (DA), a classification method long used in many
contexts, to its rival, Logistic Regression (LR), as well as to other existing machine
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learning models [27], such as the most popular clustering algorithms: K-nearest neigh-
bors (KNN), Support Vector Machine (SVM), Random Forest (RF), Bayesian Network
(BN), Decision Tree (DT), Neural Network (NN).

Machine learning techniques are both explanatory and predictive. They can be used
to verify whether the groups to which individuals belong are distinct, to identify their
characteristics based on explanatory variables, and to predict the group to which a
new individual belongs.

Predictive modeling is widely used in various sectors and fields. In marketing, it
can predict consumer preferences, personalize promotional offers, and target online
advertising. In finance and insurance (credit scoring), predictive modeling plays a
key role in risk analysis, forecasting market trends, and investment management. In
health and medicine, this type of model can be used to predict medical diagnoses.
This helps identify health trends, personalize patient treatment, and improve medical
record management. Predictive modeling is also increasingly used in the technology
and internet sectors, human resources, and environmental sciences to improve decision-
making.

DA assumes that the explanatory variables are normally distributed and that the
within-group covariance matrices are equal. However, it is surprisingly robust to vio-
lations of these assumptions and is generally a good model of supervised classification
and decision making. There are approaches specific to discriminant analysis, but to
our knowledge none of these approaches have been proposed in a topological context.

The objective of this paper is to propose a topological approach of discriminant
analysis applied with quantitative, qualitative or mixed explanatory variables.

The choice of proximity measure among the many existing measures plays an im-
portant role in multidimensional data analysis [13, 20, 28]. It has a strong impact on
the results of any operation of structuring, grouping or classification of objects.

This study proposes a topological discriminant analysis, regardless of the type of
explanatory variables considered: quantitative, qualitative or a mixture of both.

The structure of correlation or dependence of the quantitative or qualitative vari-
ables of each data table, depends on the considered data. Results may change depend-
ing on the proximity measure chosen for each data table. A proximity measure is a
function that measures the similarity or dissimilarity between two objects or variables
within a set.

This document is organized as follows. In section 2, we briefly recall the basic no-
tion of neighborhood graphs, we define and show how to construct adjacency matrices
associated with proximity measures within the framework of the analysis of the corre-
lation structure of a set of explanatory variables, and We present the principle of the
TDA and TMDA approaches. This is illustrated in section 3 using an example based
on real data. The results of the proposed topological analyses are compared with those
of classical discriminant analysis (DA), logistic regression (LR) as well as other ma-
chine learning predictive models. Finally, Section 4 presents concluding remarks on
this work.

2. Topological context of discrimination

TDA or TMDA consists of simultaneously analyzing each data table associated with
each of the modalities-classes of the target variable to be discriminated.

We consider the data table Xk associated with the set of explanatory quantitative
variables p Ek = {x1, · · · , xj , · · · , xp} of the nk individuals among n =

∑q
k=1 nk,
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having the modality k of the target discriminant variable to explain y = {yk; k = 1, q}
with q modalities-groups.

We can, by means of a proximity measure uk, define a neighborhood relationship,
Vuk

, to be a binary relationship based on Ek × Ek. There are many possibilities for
building this neighborhood binary relationship.

Thus, for a given proximity measure uk, we can build a neighborhood graph on Ek,
where the vertices are the variables and the edges are defined by a property of the
neighborhood relationship.

Many definitions are possible to build this binary neighborhood relationship. One
can choose the Minimal Spanning Tree (MST) [18], the Gabriel Graph (GG) [24] or,
as is the case here, the Relative Neighborhood Graph (RNG) [26].

Given a set Ek of p variables of the data table Xk and a proximity measure uk, for
continuous or binary data, we can construct the associated adjacency binary symmet-
ric matrix Vuk

of order p, where, all pairs of neighboring variables in Ek satisfy the
following RNG property:

Vuk
(xl , xr) =

 1 if uk(x
l , xr) ≤ max[uk(x

l , xt), uk(x
t , xr)] ;

∀xl, xr, xt ∈ E, xt ̸= xl and xt ̸= xr

0 otherwise.

This means that if two variables xl and xr which verify the RNG property are connected
by an edge, the vertices xl and xr are neighbors.

For a given neighborhood property (MST, GG or RNG), each measure ui generates a
topological structure on the objects in E which are totally described by the adjacency binary
matrix Vui .

2.1. Reference adjacency matrices

The objective is to analyze in a topological and discrimination way the correlation or depen-
dancy structures of the explanatory variables [2] of the data considered.

The expressions of the suitable adjacency reference matrices described according to the type
of explanatory variables considered, quantitative or qualitative or a mixture of both.

We will use the following notations:
- Y(n,q) is the data matrix associated with the q dummy variables {yk; k = 1, q} of the

explain qualitative variable y with q modalities-groups to discriminate,
- X(n,p) is the data matrix associated with the p continuous explanatory variables, associated

with the set of the p discriminant variables {xj ; j = 1, p}, with n =
∑q

k=1 nk rows–individuals
and p columns–variables,
- Xk(nk,p) is the data matrix associated with the p explanatory variables of the nk individuals
having the kth modality of y,
- Z(n,r) is the data matrix associated with the r categorical explanatory variables, associated

with the set of the r discriminant variables {zj ; j = 1, r}, with n =
∑r

k=1 nk rows–individuals
and r columns–variables
- Zr(nk,r) is the data matrix associated with the r explanatory variables of the nk individuals
having the kth modality of y.
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2.1.1 Quantitative explanatory variables - TDA

We assume that we have at our disposal a set {xj ; j = 1, · · · , p} of p quantitative variables
and n individuals-objects. And y = {yk; k = 1, q} a target qualitative variable to explain with
q modalities-groups.

The interest lies in whether there is a topological correlation between all the variables
considered [10].

We construct the adjacency matrix denoted by Vu⋆ , which corresponds to the correlation
matrix. Thus, to examine the correlation structure between the variables, we look at the
significance of their linear correlation coefficient. This adjacency matrix can be written as
follows using the t-test or Student’s t-test of the linear correlation coefficient ρ of Bravais-
Pearson:

For each data table Xk = (X/Y = k), we construct the reference adjacency matrix noted
Vu⋆

k
, in the case of quantitative variables, from the correlation matrix of data table Xk.
To examine the correlation structure between the variables of data table Xk, we look at

the significance of their linear correlation coefficient. This adjacency matrix can be written
as follows using the t-test or Student’s t-test of the linear correlation coefficient ρ of Bravais-
Pearson:

Definition 2.1. For each quantitative data table Xk, the reference adjacency matrix Vu⋆
k

associated to reference measure u⋆
k is defined as:

Vu⋆
k
(xl, xr) =

{
1 if p-value = P [ | Tn−2 | > t-value ] ≤ α ; ∀l, r = 1, p (1)
0 otherwise.

Where p-value is the significance test of the linear correlation coefficient for the
two-sided test of the null and alternative hypotheses, H0 : ρ(xl , xr) = 0 vs. H1 :
ρ(xl , xr) ̸= 0.

Let Tn−2 be a t-distributed random variable of Student with ν = n − 2 degrees of
freedom. In this case, the null hypothesis is rejected with a p-value less or equal a
chosen α significance level, for example α = 5%. Using linear correlation test, if the p-
value be very small, it means that there is very small opportunity that null hypothesis
is correct, and consequently we can reject it. Statistical significance in statistics is
achieved when a p-value is less than a chosen significance level of α. The p-value is the
probability of obtaining results which acknowledge that the null hypothesis is true.

Whatever the type of variable set being considered, the built reference adjacency
matrix Vu⋆

k
is associated with an unknown reference proximity measure u⋆k.

The robustness depends on the α error risk chosen for the null hypothesis: no linear
correlation in the case of quantitative variables, or positive deviation from indepen-
dence in the case of qualitative variables, can be studied by setting a minimum thresh-
old in order to analyze the sensitivity of the results. Certainly the numerical results
will change, but probably not their interpretation.

2.1.2 Qualitative explanatory variables - TDA

Let an explanatory qualitative data Z(n,r) = {zl; l = 1, .., r}, a set of r ≥ 2 quali-
tative variables and partitions of n =

∑r
l=1 nl individuals-objects into ml modalities-

subgroups and y = {yk; k = 1, q} the target qualitative variable to explain with q
modalities-groups. The interest lies in whether there is a topological association be-
tween all these variables [? ].

- Z(n,m) = [Zm1| · · · |Zml| · · · |Zmr ] global matrix, juxtaposition of the r matrices
Zml, with n rows-objects and m =

∑r
l=1ml columns-modalities,

- Zk(nk,m) = (Z/Y = k) the disjonctif table associated to the m dummy variables
and nk individuals having the kth modality of y.
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- Bk(m,m) =
tZk Zk the symmetric Burt matrix of the two-way cross-tabulations of

the m binary variables.
For each data table Zk, we construct the reference adjacency matrix denoted Vu⋆

k
,

from the significant association between the modality variables of the table Zk.
The dissimilarity matrix associated with a proximity measure is computed from

data given by the Burt table Bk. The attributes of any two points’ modalities’ zh and
zl in {0, 1}nk of the proximity measures can be easily written and calculated from the
Burt matrix.

A contingency table is one of the most common ways to summarize categorical data.
Generally, interest lies in whether there is an association between the row variable and
the column variable that produce the table; sometimes there is further interest in
describing the strength of that association. The data can arise from several different
sampling frameworks, and the interpretation of the hypothesis of no association de-
pends on the framework. The question of interest is whether there is an association
between the two variables.

In this case, we build the adjacency matrix Vu⋆
k
, which corresponds best to the Burt

table Bk. Thus, to examine similarities between the modalities we examine the gap
between each profile-modality and its average profile, that is, the gap to independence.
This best adjacency matrix can be written as follows:

Definition 2.2. For each data table Zk, the reference adjacency matrix Vu⋆
k
associated

to reference measure u⋆k is defined as:

Vu⋆
k
(zht, zls) =

{
1 if Bht ls

Bht ..
≥ Bht ..

nq2 ; ∀h, l = 1, r ; t = 1,mh and s = 1,ml (2)

0 otherwise.

Bht ls = Σn
i=1z

ht
i zlsi , element of the Burt matrix that corresponds to the number of

individuals who have the modality t of the variable h and the modality s of the variable
l,
Bht .. = Σr

l=1Σ
ms

s=1bht ls is the row margin of the modality t of the variable h,
Bht ls

Bht ..
is the row profile of the modality t of the variable h,

Bht ..

nq2 is the average profile of the modality t of the variable h, nq2 being the total
number.

2.1.3 Mixed explanatory variables - TMDA

In this case, the explanatory variables can be a mixture of both quantitative and
qualitative variables.

Let {xj ; j = 1, · · · , p} and {zl; l = 1, · · · , r} be two sets with p quantitative variables
and r qualitative variables respectively, with partitions of n =

∑r
l=1 nl individuals-

objects into ml modalities-subgroups which total m =
∑r

l=1ml modalities. The inter-
est lies in whether there is a topological dependency between all the mixed variables.

Simultaneous treatment of mixed data (quantitative and qualitative) cannot be
achieved directly by conventional methods of data analysis. So, firstly we transform
qualitative data into quantitative data [11, 12]. This transformation is based on mul-
tivariate analysis of variance (MANOVA) and on the maximization of the mixed cri-
terion, proposed in terms of correlation squares by Tenenhaus [25] and geometrically
in terms of square cosines of angles by Escofier [16].

Then secondly, we build the adjacency matrix Vu⋆ , associated to reference proximity
measure u⋆, from the correlation matrix of all variables, quantitative and transformed
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qualitative variables, according to the definition 2.1. Then secondly, we build the ad-
jacency matrix Vu⋆ , associated to reference proximity measure u⋆, from the correlation
matrix of all variables, quantitative and transformed qualitative variables, according
to Definition 2.1.

2.2. Topological Discriminant Analysis - Notations

Figure 1. RNG - Adjacency matrices for topological discrimination

Figure 1 presents an illustrative example with five quantitative explanatory variables
{xj ; j = 1, 5} and y = {yk; k = 1, 3} a target qualitative variable to explain with three
modalities-classes. From the data tables of each class X1 = (X/Y = 1), X2 = (X/Y =
2) and X3 = (X/Y = 3) we establish the associated binary adjacency matrices Vu1

, Vu2

and Vu3
, according to the neighborhood structure and proximity measures chosen u1, u2

and u3.
For example, for the data table X1, we can see that for the first and the fourth

variables Vu1
(x1, x4) = 1, it means that on the geometrical plane, the hyper-Lunula

(intersection between the two hyperspheres centered on the two variables x1 and x4)
is empty.

We will use the following matrix notations:

X(n,p) =



X1(n1,p)

· · · · · ·
...

· · · · · ·
Xk(nk,p)

· · · · · ·
...

· · · · · ·
Xq(nq,p)


Z(n,r) =



Z1(n1,r)

· · · · · ·
...

· · · · · ·
Zk(nk,r)

· · · · · ·
...

· · · · · ·
Zq(nq,r)


Y(n,q) =



Y1(n1,q)

· · · · · ·
...

· · · · · ·
Yk(nk,q)

· · · · · ·
...

· · · · · ·
Yq(nq,q)


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R(qp,p) =



R1(p)

· · · · · ·
...

· · · · · ·
Rk(p)

· · · · · ·
...

· · · · · ·
Rq(p)


Vu⋆

(qp,p)
=



Vu⋆
1(p)

· · · · · ·
...

· · · · · ·
Vu⋆

k(p)

· · · · · ·
...

· · · · · ·
Vu⋆

q (p)



X̂(n,p) =



X1Vu⋆
1

· · · · · ·
...

· · · · · ·
XkVu⋆

k

· · · · · ·
...

· · · · · ·
XqVu⋆

q


- X(n,p) is the data matrix of the quantitative explanatory variables,
- Y(n,q) is the data matrix associated to the target qualitative variable to explain

with q modalities,
- Xk(nk,p) = (X/Y = k) is the explanatory data matrix with nk individuals having

the kth modality of the target variable y,
- Rk is the correlation matrix of the data table Xk,
- Vu⋆

k
is the symmetric within class adjacency matrix of order p, associated with the

reference proximity measure u⋆k, which best summarizes the structure of the correla-
tions Rk of the data table Xk,

- X̂(n,p) = Diag[X]Vu⋆ = XVu⋆ is the projected data matrix with n individuals and
p variables,

- Mp is the matrix of distances of order p in the space of individuals,
- Dn = 1

nIn is the diagonal matrix of weights of order n in the space of variables.

We first analyze, in a topological way, the correlation structure of the variables
using a Topological PCA, which consists of carrying out the PCA [14, 19] triplet

( X̂ , Mp , Dn ) of the projected data matrix X̂ = XVu⋆ , then we proceed with a
discriminant analysis method on the significant principal components of the previous
Topological PCA.

Definition 2.3. TDA or TMDA consists of performing a discriminant analysis on the
significant factors of the topological PCA of the triplet (X̂,Mp, Dn).

3. Illustrative example

o illustrate the TDA and TMDA approaches and compare them to other existing su-
pervised models, we use a Benchmark of several datasets[7, 8] extracted from the UCI1

Machine Learning Repository on different themes and different data dimensions. . The
proposed topological approaches were tested on fifteen real databases. The obtained
results, presented in Table 7, were compared to other machine learning models. The
credit bank data of the illustrative example concerns an evaluation study organized
by a banking establishment as part of a real estate loan.

Descriptive statistics of the mixed explanatory variables are presented in Table 1
as well as the target variable to be discriminated in Table 2. In this case, we perform
the TMDA approach.

The within classes reference adjacency matrices Vu∗
1
and Vu∗

1
are given in Table 3.

This global reference adjacency matrix Vu⋆ , associated with the proximity measure u⋆

11The UCI dataset is a data repository maintained and made available by the University of California, Irvine,

which is widely used for machine learning and data mining research..
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Table 1. Summary statistics of mixed explanatory banking variables
Credit bank Data Standard Coefficient
Continuous variables Mean Deviation of variation Min Max
Savings Amount 1040.79 2884.77 2.77 0.00 21000.00
Years Seniority 6.17 5.35 0.87 0.50 28.00
Average outstanding 759.18 381.24 0.50 145.00 2315.00
Average Banking Transactions 5277.01 3950.83 0.75 450.00 17500.00
Average cumulative debits 70.02 43.50 0.62 8.00 187.00

Modalities of Categorical variables Frequency Percentage Cummuled
Domiciled salary 316 67.52 67.52
Non-domiciled salary 152 32,48 32.48
Total 468 100.00 100.00
Authorized-Overdraft 202 43.16 43.16
Prohibited-Overdraft 266 56.84 56.84
Total 468 100.00 100.00
Authorized-Checkbook 415 88.68 88.68
Prohibited-Checkbook 53 11.32 11.32
Total 468 100.00 100.00

Table 2. Statistics of the target variable
Modality Frequency Percentage Cummuled
Good customers 237 50.64 50.64
Bad customers 231 49.36 49.36
Total 468 100.00 100.00

adapted to the data considered, is constructed from the correlation matrices of X1 and
X2 data according to Definition 2.1.

In this case of mixed explanatory variables, the qualitative data were first trans-
formed into quantitative data, then consider all quantitative data, i.e. all quantitative
and transformed qualitative variables.

Table 3. Global correlation and reference adjacency matrices

R =


R1 0

0 R2

 Vu∗ =


Vu∗

1
0

0 Vu∗
2


Vu∗ =

1 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 1 0 1 0 1 −1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
1 0 1 1 0 0 0 0 0 1 −1 0 0 0 0 0 0 0 0 0 0 0
1 1 1 1 0 1 −1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 1 0 0 −1 1 0 0 0 0 0 0 0 0 0 0 0 0 0
0 1 0 1 0 1 −1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 −1 0 −1 0 −1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 −1 0 0 1 −1 1 −1 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 1 0 0 −1 1 −1 1 0 0 0 0 0 0 0 0 0 0 0
0 0 1 0 0 0 0 1 −1 1 −1 0 0 0 0 0 0 0 0 0 0 0
0 0 −1 0 0 0 0 −1 1 −1 1 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 −1 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 1 1 1 0 −1 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 1 1 0 1 1 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 1 1 −1 1 1 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 1 −1 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 −1 0 0 0 −1 1 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 −1 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 −1 1 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 −1
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 −1 1



Note that two positively correlated quantitative variables are related and two nega-
tively correlated variables are related, but distant, we will therefore take into account
the sign of the correlation between variables in the adjacency matrix.
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We first carry out a Non-standardized Topological PCA to identify the correlation
structure of the all quantitative variables, a discriminant analysis is then applied on
the significant principal components of this Topological PCA of the projected data.

Figure 2 presents on the first factorial plane, the correlations between principal
components-factors and the original variables.

Figure 2. Representation of the mixed explanatory variables

We can see that these correlations are slightly different, as are the percentages of
the inertias explained on the first principal planes of Topological PCA. The two first
factors explain 79.84% and 19.68%, respectively, accounting for 99.53% of the total
variation in the data set. Thus, the first two factors provide an adequate synthesis of
the mixed data, i.e. banking characteristics of the agency’s clients.

Table 4 shows the confusion matrix with a percentage of well-classified more than
ninety-seven percent (97.01%).

Table 4. Confusion matrix
TMDA Predicted classification
Actual Good Bad
classification customers customer Total
Good customers 228 9 237
Bad customers 5 226 231
Total 233 235 468

% of well classified: 97.01% AUC-ROC: 0.974

Table 5 summarizes the significant profiles of the two groups of customers; with
a risk of error less than or equal to 5%. For the profiles of the customer groups, a
Fischer’s Discriminant Analysis was applied on the mixed explanatory variables.

The coefficients of the discriminant function which discriminate significantly be-
tween good and bad customer groups, were ranked, according to the value of the
t-student test, in Table 5. Moreover the sign of the coefficients indicates the state of
the customer.

23



Journal of Statistics Optimization and Data Science Abdesselam

Table 5. TMDA - Topological Discriminant Analysis on mixed variables
Fisher linear function Coefficient function Standard Ratio
Variable Discriminant Deviation t-Student

Good customers
Domiciled salary 0.0001 0.0000 3.40**
Authorized-Overdraft 0.0000 0.0000 3.37**
Authorized-Checkbook 0.0001 0.0000 15.44**

Bad custoers
Savings Amount -0.0001 0.0000 -0.94
Years Seniority -0.0000 0.0000 -0.94
Average outstanding -0.0001 0.0000 -0.94
Average Banking Transactions -0.0001 0.0000 -0.94
Average cumulative debits -0.0001 0.0000 -19.76**
Non-Domiciled salary -0.0001 0.0000 -3.40**
Prohibited-Overdraft -0.0000 0.0000 -3.37**
Prohibited-Checkbook -0.0001 0.0000 -15.44**
Constant -0.6680 -0.2536

D2 = 5.5666 T2 = 651.1898 PROBA = 0.001

Significance level α : ∗∗α ≤ 1% ; ∗α ∈]1%; 5%]

Table 6. Comparisons

Machine learning model Abbreviation Ranking % Well classified AUC - ROC
Topological Mixed Discriminant Analysis TMDA 1 97.01 0.974
Mixed Discriminant Analysis MDA 2 95.94 0.976
Support Vector Machine SVM 3 94.66 0.969
Neural Networks NN 4 87.39
Random Forest RF 5 83.76 0.929
Decision Tree DT 6 80.77
Discriminant Analysis DA 7 77.78 0.840
Logistic Regression LR 8 76.28 0.848

This method enables us to identify which modalities have a significant influence on
the characteristics of the good customer group and the nature of the link (positive or
negative). It is thus possible to build a prediction model of the type of customer based
on the significant characteristics of the customer group profiles. Among the 8 mixed
explanatory variables introduced into the model, only 4 variables are significantly
discriminating.

The first group of 237 ”good customers” is characterized by direct debit of salary
in the bank branch, and overdraft and checkbook authorizations. The second group
composed by 231 ”bad customers” is characterized by a high average cumulative
debits, with salary not domiciled in the bank branch, and overdraft and checkbook
prohibitions.

For comparison, we considered 8 most popular supervised learning approaches,
namely, classical Discriminant Analysis (DA), Mixed Discriminant Analysis (MDA),
Logistic Regression (LR), k-nearest neighbors (k-NN), Support Vector Machine
(SVM), Random Forest (RF), Decision Tree (DT), Neural Network (NN).

Tables 6 and 4 and Figure 3 summarize the performance of the predictive models
applied to the considered mixed data. They present the confusion matrices, ROC
(Receiver Operating Characteristic) curves, and AUC (Area Under the Curve) results
of the proposed TMDA and the main machine learning models used. The TMDA
topological predictive model, followed by the MDA [12] and SVM [22] models, yield
very good discrimination results.
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Figure 3. ROC Curves

Table 7 summarizes the performance of machine learning techniques applied on fif-
teen (15) datasets for binary classification, with different types of explanatory variables
and different data dimensionality. Experiments on this benchmark confirm the excel-
lent performance of the TDA & TMDA topological predictive model, which ranked
first in nine out of fifteen cases (9/15) and outperforms the SVM (5/15), RF and NN
(2/15) models.

Table 7 lists the public datasets [7] that are considered in this work. These datasets
have diverse number of instances, number of explanatory features and percentage of
well classified.

4. Conclusion

This paper proposes a new topological discriminant analysis (TDA) which can enrich
classical data analysis methods within the framework of the predictive models. The
performance of topological TDA or TMDA models, based on the concept of neigh-
borhood graph and obtained from a reference database, is much higher than that of
other existing and popular machine learning models, according to the criteria of the
percentage of correctly classified objects and the area under the ROC curve.

These topological models can be implemented using principal component analysis
and discrimination procedures in SAS, SPAD, or R software. It would be interesting to
extend this topological approach to other predictive data analysis models, particularly
in the context of multiple regression.
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Table 7. Benchmark - Datasets
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TDA: Topological Discriminant Analysis DA: Discriminant Analysis
TMDA: Topological Mixed Discriminant Analysis MDA: Mixed Discriminant Analysis
LR: Logistic Regression RF: Random Forest
SVM: Support Vector Machine NN: Neural Networks
DT: Decision Tree k-NN: K-nearest neighbors
BN: Bayesian network
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