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Abstract In this study, we developed a variant of the sup-
port vector machine (SVM) neural classifier and utilized it
to categorize clans in a genealogical dataset. For each of the
five kernels, all four variants, twin SVM (TSVM), proximal
SVM (PSVM), twin proximal SVM (TPSVM), and multi-
class SVM (MCSVM) classifier are simulated and tested.
The analysis of variance - radial basis function (ANOVA
RBF) kernel outperformed all other SVM variants, in terms
of classification accuracy with the lowest error value. Addi-
tionally, it is found that for the considered dataset, TPSVM
neural classifier with ANOVA RBF Kernel generated
98.91% classification accuracy, and the TPSVM classifier
has achieved the minimized mean square error (MSE) value
of 0.00015. The Twin Proximal SVM classifier has produced
enhanced classification accuracy with better precision and
F1-score in comparison to all other developed and simulated
SVM classifier models.
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1 Introduction

Analysis and understanding of genealogical networks may
benefit significantly from machine learning. Individuals can
be classified into different clans or groups utilising machine
learning techniques such as Support Vector Machines
(SVMs), decision trees, or neural networks based on naming
patterns, geographic locations, or additional characteristics
found in the genealogical data. Additionally, by learning
from recognized patterns in the data, machine learning sys-
tems can infer connections between individuals, like par-
ent—child, sibling, or cousin relationships.

Machine learning techniques have become growing in
popularity as possible answers to this issue in recent years.
SVM is a powerful supervised learning algorithm, which
can be used for classification. It is an excellent choice for
clan classification in genealogical data because it can handle
both linear and non-linear relationships in high-dimensional
feature spaces [1].

The process of categorizing data or items based on their
features or characteristics is referred to as classification.
Classification in machine learning is a type of supervised
learning where an algorithm is trained on a labelled data set
to predict the class or category of new data [2]. The basic
goal of classification is to develop a model that can accu-
rately categorize or label new data based on their features
[3]. Determining the optimum hyperplane to divide vari-
ous classes in the feature space is its primary goal. SVM
attempts to identify the hyperplane that maximizes the mar-
gin between the two classes in the context of binary clas-
sification. Support vectors are the data points that have the
closest connection to the hyperplane. The objective behind
SVM is to employ kernel functions to transform the data into
a higher-dimensional space where the classes are linearly
separable.
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A modification of the conventional SVM technique
used for classification problems is the Twin Support Vec-
tor Machine (Twin SVM) [4]. It has been proposed as an
approach for enhancing the performance of SVMs, espe-
cially when the data is imbalanced or contains noisy sam-
ples. Twin SVM was initially introduced in the 2007, by
Jayadeva et al [5]. In a typical SVM, the objective is to select
a hyperplane that maximizes the margin between classes
while best classifying them. Twin SVM improves on this
idea by employing two non-parallel hyperplanes for each
class instead of just one [6, 7]. In order to maximize the
distance between the two hyperplanes while simultaneously
ensuring that they accurately classify the training data, these
hyperplanes are improved. This may end up in better gen-
eralization as well as better management of datasets having
imbalances [8]. As a variant of the support vector machine
(SVM), the proximal support vector machine (PSVM) gen-
erates two non-parallel hyperplanes for classification [9].
In the proximal support vector machine (PSVM), the data
points are assigned according to their closeness to the hyper-
planes that are as distant as possible, instead of splitting
the space into separate areas for each class [10]. When the
labelled classes are provided with the hyperspectral datasets
with two proximal hyperplanes based on the distance from
their original hyperplanes, the twin proximal support vector
machine (TPSVM) classifier model is applied [11]. Binary
classification and splitting of data points into two classes
can be performed by multi-class classification using SVM.
After dividing the multiclassification problem into multiple
binary classification problems, the same technique is then
used to multiclass classification [12]. Each data instance
goes through to the kernel function, which converts the
original non-linear observations into a higher-dimensional
space from which they can be segregated. For the present
study, kernel functions such as Gaussian SVM kernel, Bessel
function kernel, ANOVA radial basis function (RBF) ker-
nel, Linear spline kernel, and Pearson VII universal kernel
(PUK) are used for the above classifiers [13].

With respect to various clan models and classifiers, a
framework was modelled to explore simultaneous correla-
tion between social organization, settlement configuration
and the architecture of ancestral house in both regions of
Kerala and Minangkabau resulting in a social clan study
and analysis. The work presented a review on geopolitical-
based scholarly classification in the traditional and vernacu-
lar architecture studies in general, such as Southeast Asian
architecture and Indian architecture, and on discourse of cul-
tural diffusion such as “Indianized Southeast Asia” [14, 15].
An efficient algorithm using local monotone vertex property
functions for determining the cores decomposition of a given
social network has been carried out [16]. In a work of [17],
studied the genetic structure of an ethnic group occupying a
single village in north-eastern Ghana. The correspondence
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between chromosome lineages and clan membership due to
the combined effects of the strict patrilocal and patrilineal
structure has also been discussed here. A study on compara-
tive analysis of clan names and clan praises in Khumalo and
Msogwaba Settlements. A sample of twenty respondents or
informants from each settlement was considered for inter-
view in relation to their specific clan names and clan praises.
Random sampling was used to obtain the information which
represents the population of both settlements [18].

A work demonstrated by demystifying the classification
of various animal totems, categorising them into clans or
groups, and evaluating their distinct features or characteris-
tics and their impact on the human being. In this case also,
the ethnographic approach was used to collect data [19]. A
first-hand ethnographic data was employed to analyse the
kinship classifications of the Enawene-Nawe, an Aruak-
speaking people located in Meridional Amazonia. A formula
was derived for matrimonial alliance as a direct exchange
between two families [20]. A graphic comparison was
made based on spatial types and their provincial distribu-
tion characteristics, and analyzing them with the conflicts in
Fujian history, and then a dynamical relationship was arrived
between clan groups. Study was conducted over 459 historic
villages in this work [21]. Machine Learning (ML) algo-
rithms were used to predict individuals’ susceptibility to be
tricked by social engineering attacks. For each participant,
different types of social engineering scores were calculated
according to their responses. Along with simulations, ques-
tionnaires related to demographics, technology usage, and
personality traits were filled out by the participants and ML
algorithm resulted in better prediction accuracy [22, 23].
The applicability of machine learning algorithms has been
significantly increased for various domains which includes,
analysing brain activity patterns [24], opinions to be induced
for ontology treatments [25], analysis of nutrient quality in
foods [26], employability predictability for students using
support vector machine models [27], fault tolerance in ubig-
uitous networks [28] and so on [29, 30]. Always steps are
been taken to further improve the performance of machine
learning based neural network models, like in weight param-
eter adjustment and bias variations as discussed in the work
of [31]. Based on all the discussions made above and identi-
fying the importance of machine learning models, the social
network clan classification is done by variants of support
vector machine models in this work. Table 1 provides a lit-
erature review on few existing works and their limitations.

In this research paper, the problem under consideration is
to perform clan classification of the genealogical network,
to achieve better classification results, novel SVM neural
classifier and its variants are devised. The significance of
this research lies in its potential to accelerate ancestral line-
age analysis, assist genealogists to identify clan affiliations,
and uncover undiscovered familial connections. We hope
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Table 1 Literature review of existing works

Author and year

Methodology adopted

Limitations

Batagelj and Zaversnik. (2011)
Sanchez-Faddeev et al. (2013)

Silva (2022)

Qin et al. (2022)

Makgopa (2019)

Thwala (2018)

Huseynov and Ozdenizci Kose (2024)

Widiastuti and Vedamuthu (2009)

Decomposition technique based on k-cores
employing vertex property function

Gene sub-decomposition for skewed male popula-
tion substructure and pattern variation matching

Formulation of two interdictions: unions between
people from the same clan and between kin who
share close genealogical ties

Using spatial types and their provincial distribu-
tion characteristics, and analyzing them with the
conflicts in Fujian history

Indigenous knowledge systems (IKS) based rule
base formulation

Random sampling technique was employed for
analysis of clan names and clan praises in Khum-
alo and Msogwaba Settlements

Predictive classification and regression machine
learning models

Geopolitical-based scholarly classification in the
traditional and vernacular architecture and clan

Difficulty to handle large graphs and networks

Unable to identify and classify strict patrilocal and
patrilineal structure

Unable to locate indirect exchange between two

families

Difficulty in locating the morphological changes.

Computational complexity is high

Difficulty in grouping as the cultural life is to be
considered

Occurrence of global minima problem

Difficulty to obtain the contextual information of
clans

analysis

to contribute to the advancement of our understanding of
human history and legacy by utilizing the possibilities of
SVM in genealogy studies.

2 Data

Data for this study was gathered through in-person inter-
views with a few learned members of Heche clan of the Galo
tribe of Arunachal Pradesh, India. Data is also compiled
from the genealogical book maintained by the clan in text
format for generations [32].

3 Methods

Machine learning algorithms, SVM are used for clan classifi-
cation. Basically, SVM classifier operates on formulating the
decision hyperplane and classifying the hyperspace to attain
required social network clans for the considered data model.
In SVM classification, always the separating margin between
the hyperplanes are kept maximal for better classification accu-
racy. This study focused on developing modified variants of
SVM classifiers with different kernels to carry out the clan
classification. In the existing SVM classifier models, modifica-
tions are made in respect of applying the kernel functions and
the new variants are devised. The following section presents
the variants of SVM kernels used in this study with the dif-
ferent kernels. The kernel functions of the SVM variants will
operate and handle the non-linearity in the considered social

network clan problem and even though the data is non-linearly
separable tends to achieve superior classification results.

3.1 Twin SVM classifier

In case of basic SVM classifier, only one hyperplane will be
formulated to classify the data samples, but in Twin SVM
(TSVM) model, two hyperplanes are attained based on the
distance metric and their equations corresponds to:

wix; + b, =0 (1)

wix;+ b, =0 @)

The w and b corresponds to the weights and bias, x; is the
data sample, based on all these parameters the decision
plane of SVM model is formulated. Each of the hyperplane
exists close to its data class samples and to the farthest from
the opposite data class sample. For the TSVM classifier,
the hyper-planes are obtained through the below given
equations:

min %(Pwl +vb) (Pwy +vby) + v’y (3)
suchthat —(Qw,+vb)+y>v, y=>0 4)
min %(sz + vbz)T(sz +vb,) + rszy %)
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suchthat —(Pw,+vbh))+y2>v, y2>0 (6)

In the above equations, y indicates the non-negative vec-
tor component and hence is greater than or equal to 0, v
specifies the error of the slack variable n and r, and r, are
the penalty parameters.

3.2 Proximal SVM classifier model

The linear support vector machine predictor model operates
using,

Minimize P(w,y) = %WTW +Ovly @)

Subject to D(Aw —eu)+y > e withy >0 8)

with, ¥y =70 -5 yp)T is the error variable and
e=(1,1,...,1)7 is a vector of ones pertaining to slack
variable of size n. Equation (7) represents the classifica-
tion problem with the constraint satisfied by Eq. (8). The
classifier solution lies at (w, y), for classifying the hyper-
planes using the support vectors. For any data vector of the
samples, the separating hyperplane acts as a classifier with
length n specified as,

> 0, then x € P+
xTw— y4 <0, thenx € P— 9)
=0, thenx € P+ orx € P—

Based on this linear SVM model, the proximal support
vector machine (PSVM) classifier is designed to operate on
the proximal support vectors. For an orientation vector, w,
and existence of the separating planes y, for maximization
of the margin of separation, L;-norm of error vector, &, gets
replaced by L,-norm and the inequality constraint will be
replaced by means of an equality constraint.

The tailored equality constraints for the classification
problem using the Proximal SVM is specified with,

L. 1 1
Minimize P"(w,é&,y) = E(ka +7r)+ §C||§||2 (10)

Subjectto  F(Z(Q,0")Bu—vy)+&=v (11)

Linear Proximal SVM classification problem solution is
evaluated based on the real time data set matrices Q, B and
some positive C, performing few algebraic simplifications,
and is given by (Fung and Mangasarian 2005):

L=B[Q-V] (12)
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E=BL=[0-V] (13)

W 7]" = (I,4,/C+E"E) " E'Bv (14)

In Egs. (12) and (13), the v vector (of length n) is appended
to the Q matrix (of size x X y) for a matrix of size x X (y + 1)
and I, | is the unit matrix of size (y + 1). The computation of
w and y involves matrix inversion of size (y + 1) which is sig-
nificantly smaller than x for a larger data-set. Figure 1, shows
the planes, wlx = y + 1, in case of Proximal SVM classifier
it will change their operations from general bounding clas-
sifying planes to proximal planes. Only at these proximal
planes the points of the classifying classes get grouped.
These ‘proximal’ planes margins get maximized by the first
term of the minimization function given in Eq. (10).

In case of proximal support vector neural classifier, the
numbers of proximal support vectors are 15-30% of the
entire training dataset. In Proximal SVM classifier model,
epsilon ‘e’ support vectors are defined as the vectors of
predictive data point’s X; for which error &; is minimal than
its absolute value. The proximal epsilon support vector’s
tolerance parameter € is selected such that about 1% of
total data points form e-proximal SV and the number of
e-proximal support vectors are substantially smaller than
the support classifier vectors in basic SVM classifier.

XTw

& N
. 2 = o
margin = o= e a1
[ .
Separating plane: X'w =y N,

Fig. 1 Proximal support vector classifier model
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Fig. 2 Twin proximal SVM neural classifier

3.3 Twin proximal SVM classifier model

In the proximal support vector machine presented in Sect. 3.2,
proximal hyper-planes are formed by including a weight ori-
entation vector V,, along the position of the separation planes
(y) for maximization of the separating margins in the hyper-
space. This weight orientation vector locates the proximal
hyperplanes with the separation margins and obtains better
classification metrics. The variant Twin proximal support
vector machine (TPSVM) neural classifier model creates two
proximal hyperplanes with respect to the distance from their
original hyperplanes. The characteristics of the proximal SVM
and that of twin SVM models with two hyperplanes are com-
bined and the twin proximal support vector model with multi
kernel functions is derived and used for clan classification.
Twin PSVM deduces the two non-parallel proximal hyper-
planes considering the two set of labelled classes and the bal-
ance data samples are merged between a region of the above
optimal proximal hyperplanes. Consider the data samples
A € Rk pertains to the class ‘41’ and B € R%2*" represents

the class ‘—1" and the matrix C € R%>" represents the other
data points labelled to be ‘0’. The Twin proximal SVM deter-
mines two non-linear proximal kernel surfaces in the input
plane defined to be:

H (' N, v, +b, =0 (15)

HO" N yv_+b_=0 (16)

where, N = [A;B;Cl;v, and v_ € R" , ‘H,’ is the kernel
function and ‘¥’ represents the position of the proximal
hyperplanes. Here, the classification problem is the quad-
ratic problem and solution is obtained with the following
pair of equations corresponding to data points of the classes
‘A — +1’ and ‘B — —1". The two hyperplanes of Twin prox-
imal SVM is obtained from below given equations.

. 1
min —||Hk(A,N*T, X, + €1b+||2 + rlegﬂl + rzegal
(v4.b,.45,0)

such that:

— (H(B. N, v, +e,b ) + Ay > e,
—_ (Hk(C,N*T, Xy +esb)+o, >e3(l —€)

withA, > 0ando; >0

. 1 T ) . ’
min —||H,(B,N_, y)v_+e,b_||*+ r;e; 1, + ryezo
(v,,b,,/lz,oz)ZH i w0 ) 2b-|l 361 42 T 146507

such that:
(H(A,NT, pyv_+eb_ )+ 4, > ¢ (17)
— (H(C,NT, y)v, +esb_) + 0, > e5(1 —€) (18)

with 4, > 0and o, > 0.

In the above equations, ‘r —j’ (j = 1to 4) denotes the
real positive penalty factors, e — 1, e, and e; are the unit vec-
tors of specific dimensions and the slack variables includes
the 4,, o, and 4,, 0,. In the twin proximal SVM model,

Table 2 Multi-kernels used for

. X Multi-kernels
SVM variant classifiers

Kernel function definition

Gaussian SVM kernel

Bessel function kernel

ANOVA radial basis
function (RBF) kernel

Linear spline kernel

Pearson VII universal
kernel (PUK)

Kkemel(zm’ Zn) =1+ ZmZn min(zm + Zn) -

Kkernel(zm’zn) = [

K = 2=z, I
wernel @m> Zy) = €XP <_ T)
K = !
kemel(Zma Z,,) —BESSCl([qH)(o—”Zm _ Z,,IIZ)

Kt 2) = ( ZL, exp (~0(, - i,)z)>d

it (oo n op\2Y o Imti

2

1+

1
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Table 3 Algorithmic steps for the SVM classifier and its variants

Step 1
Step 2
Step 3
Step 4
Step 5
Step 6
Step 7
Step 8
Step 9
Step 10
Step 11
Step 12
Step 13
Step 14

Start

Initialize the necessary weight parameters, learning rate and kernel parameters

Set the maximum number of epochs(max_ epochs)

Load the respective social network clan dataset

While (number of epochs!=max_epochs) Do

Separate the input features and target variables

Build the SVM classifier. Use the respective hyperplane equations of the classifier and formulate the linear separable line

Define each of SVM kernels, Gaussian (z,,, z,,), Bessel (z,,,. z,), RBF (z,,, z,,), Spline (z,,, z,), PUK (z,,,» z,,)

Train the SVM classifiers using the kernel functions

Obtain the performance metrics for least MSE values

Check if the stopping condition is reached

If Yes, Goto next step 10 else Goto step 4

Output the performance metrics values for minimum MSE

Stop

The test for stopping condition may be the mean square error reaching the most possible least minimum value or the set number of
maximum iterations.

The algorithm is given for the classic SVM classifier and in this algorithm by changing the hyperplane equation, the other variants -
Proximal SVM, Twin SVM, Proximal Twin SVM and Multi-class SVM can be simulated for the clan classification.

Table 4 Parameters for SVM classifier variants

max ulé — %gTvl(QTQ)—'ogg suchthat 0 <& <D,

Parameters Metric values t=laf]
Learning rate 0.2 Where P = [Hk(A’ N:7 x)u]]’ Q = [Hk(QvNZ" X)uz] and
— T
Learning approach Supervised learning R =[HR,N, wr X Juzl,
Lea.rmn.g rule ‘ GradlenF De.scent‘ learmn.g . 0, =[Q:R); 0, =[P:R] (19)
Activation function Tangential sigmoidal activation
No. of epochs Until error convergence
No. of trials 36 Dy =Triugirausly - Dy = [rsugryus] (20)
Error convergence 1076
Neuron layers Based on data-sets used w=[¢,6] and ¢ =][a,p] (21)
o (kernel) 0.25
Uy = [u2;u3(1 - 5)] and (22)

optimality conditions are with respect to the Lagrangian

In the novel twin proximal SVM classifier, the weight ori-

multiplier given by, entation vector is calculated using,
T 1 v (PTpy-'oT hthat 0<w <D T P T B T
Jnax @ = S@ 1(P"P)" Oy such tha So<D; [0, = N +N'N | NTyu, (23)

Table 5 Performance metrics evaluated

Performance metric Evaluation formula

Precision

TP

(Correctly classified positive data samples, depends on both positive and negative samples)

TP+FP
F1-Score ZxPrecisionxRecall o 1 onic mean of the precision and recall)

Precision+Recall
Classification Accuracy (CA % (Number of correct classifications to the total number of classifications)?®
Mean Square Error (MSE) 11\/ Yo (04 — 0.)* (Mean square between the difference of the desired output and the actual

calculated output)®

TP (True Positive), TN (True Negative), FP (False Positive), and FN (False Negative)
®N (Total number of samples), O, (Desired Target Output), O, (Actual calculated output)

@ Springer
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Table 6 Clan classification

Proposed SVM Kernels used Precision F1-Score Classification ~ MSE
results accuracy

Variant

Neural Classifier

Modified - 0.7015 0.6934 71.54 5.9965

Convolutional

Neural

approach

Fairsna - 0.7127 0.7066 75.38 4.8624

technique

Traditional Gaussian kernel 0.8311 0.8453 87.22 5.9418

SVM Bessel kernel 0.7219 0.7451 77.90 5.0247

Classifier ANOVA RBF kernel 0.9278 0.9149 88.27 4.5168
Linear spline Kernel 0.8063 0.8206 81.51 4.3105
PUK Kernel 0.7849 0.7531 76.39 5.1453

Twin SVM Gaussian kernel 0.8941 0.9056 88.21 3.2417

Classifier Bessel kernel 0.7548 0.8549 79.65 3.0945
ANOVA RBF kernel 0.9315 0.9547 93.62 0.00128
Linear spline Kernel 0.8176 0.8379 84.56 0.9947
PUK Kernel 0.8053 0.7648 78.49 1.6648

Proximal SVM Gaussian kernel 0.8987 0.9236 90.22 1.2478

Classifier Bessel kernel 0.7719 0.8725 83.46 0.8849
ANOVA RBEF kernel 0.9549 0.9847 95.41 0.00349
Linear spline Kernel 0.8430 0.8414 87.02 0.0647
PUK Kernel 0.8277 0.7954 81.44 1.0148

Twin Proximal Gaussian kernel 0.9025 0.9415 92.35 0.7714

SVM Classifier Bessel kernel 0.8144 0.8936 85.41 0.06473
ANOVA RBEF kernel 0.9965 0.9904 98.91 0.00015
Linear spline Kernel 0.8647 0.8719 90.63 0.00249
PUK Kernel 0.8295 0.8655 85.49 0.07516

Multi-class Gaussian kernel 0.8846 0.8741 86.42 6.5847

SVM Classifier Bessel kernel 0.7149 0.7266 77.59 4.1159
ANOVA RBF kernel 0.9028 09114 90.47 2.3149
Linear spline Kernel 0.8025 0.8149 82.11 42178
PUK Kernel 0.7691 0.7398 75.46 5.0064

, Qi , -1 , 3.4 Multi-class SVM classifier
(0,12 :<T +N N> NT yu, (24)

Figure 2 illustrates the classification mechanism of the pro-
posed Twin Proximal Support Vector Machine classifier. In
Fig. 2, the separating hyperplane O€VY = y + 1, changes the
basic SVM decision plane to that of the proximal separating
hyperplane using the twin support vectors. In the location of
these proximal support vector planes, each and every spe-
cific classifying data points gets grouped together.

Traditional SVM classifier is devised to handle binary classifi-
cation, which is capable of handling only two classes. For the
clan classification problem considered in this research study,
it may be required to handle more than two classes for social
network analysis. As a result, this work employed multi-class
support vector machine (MCSVM) classifier that handles
more than two classes, each class in MCSVM neural model
is formulated as an individual SVM classifier model. In the
proposed study of clan classification from a social network,
an MCSVM regression model is developed with N = @-1)
binary SVM classifiers. The multi-class SVM neural model is
solved with directed acyclic graph SVM. For the given training

@ Springer
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Fig. 3 Convergence plot using
basic SVM classifier model

Fig. 4 Convergence plot using
twin SVM classifier model
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Fig. 5 Convergence plot using Best Validation Performance is 4.9757 at epoch 9
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Fig. 7 Convergence plot for
clan dataset using MCSVM 103
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clan data samples, the multiclass regression problem is built
to be,

min 2677 () + ¢ X ey
subject to:
N ax)+b7>1-¢7 ity =i
N ax)—b7>1-8" ify, =i
N ax) +b67 > -1+¢) ify, =]
N a(x) = b7 > -1 +& iy, =
tij’ A[ij >0
where é,’,’j N ;j are the slack variables, ¢ is the trade-off param-
eter of the margin size and the error.

3.5 Kernel functions for the classifiers

The clan dataset of the considered social network is non-
linearly separable data and thus it is very tedious to obtain
the decision hyperplane of all the classifiers SVM, TSVM,
PSVM, TPSVM and MCSVM neural classifiers. All this
machine learning based support vector machine classi-
fiers are designed to classify the non-linearly separable
clan data. To achieve this, the best possible hyperplanes,
proximal hyperplanes, twin hyperplanes, kernels are used.

@ Springer
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In this study, 5 different kernels are considered to operate
with the proposed variants of the SVM classifiers. Each of
these kernels are defined with their specific parameters and
are tabulated in Table 2. All the variants of SVM classifiers
proposed in this research study operates using these kernels
to perform the clan classification.

The algorithm in a general form for the SVM and its vari-
ants employed in this research paper for social network clan
classification is given in Table 3.

4 Results and discussion

Variants of the SVM neural classifier developed in this
research study are applied to the datasets of the clan clas-
sification of the considered social network. All the four vari-
ants - Twin SVM classifier, Proximal SVM classifier, Twin
Proximal SVM classifier and Multi-class SVM classifier are
simulated and tested for each of the five kernels in respect of
the clan datasets. The parameters set for the modelled SVM
variants are listed in Table 4. Performance metrics evaluated
for testing and validating the novel SVM variant classifiers
over the clan datasets are presented in Table 5. Simulation
is carried out in MATLABR?2022b version in an Intel hard
core i7 2100 MHz 16GB processor and the classification
results are obtained to prove the superiority of the variants
of SVM neural classifiers.
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Fig. 8 Plot of precision for var- —¢— Traditional SVM Classifier == Twin SVM Classifier —#— Proximal SVM Classifier
ied percentage of data features
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Fig. 10 Plot of classification
accuracy for varied percentage
of data features
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Fig. 11 Plot of MSE for varied
percentage of data features
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sifier model

10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
PERCENTAGE OF DATASET FEATURES

Training: R=0.92886 Validation: R=0.91583

o
-

o

D
o
(=2}

0.86*Target + 0.057
>
0.85*Target + 0.061
o
o

04 0.4
|} 03 ] 2.3
1 1
502 5 0.2
g g
6 01 ( O 0.1

02 0.4 0.6 02 0.4 0.6
Target
Test: R=0.91144
S07 2
g O Data g
7 OO +
Qo5 ®
g g
§04 g
S 03 S
|} 1]
« 02 L
2 a
501 5
o o -
02 04 06 0.2 0.4 06
Target Target

@ Springer



526

Int. j. inf. tecnol. (January 2025) 17(1):513-528

Fig. 13 Error histogram plot
with TPSVM classifier model
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Figures 3, 4, 5, 6 and 7 shows the sample convergence
plots simulated using the proposed classifier models for
the clan dataset with different SVM kernels. Among all
the kernel functions employed for this non-linearly sepa-
rable data, it was noted that the ANOVA radial basis func-
tion kernel outperformed all the other kernels. In respect
of all the SVM variants - TSVM, PSVM, TPSVM and
MCSVM neural classifiers, ANOVA RBF kernel resulted
in better classification accuracy with minimized error
value proving its superiority over other kernels. This is
due to the fact that the regularization aspect in RBF ker-
nel is increased due to the closest neighborhood points
considered in the radius for the attaining the maximal
separating margins. 5-fold cross validation was used for
the considered clan datasets of the particular social net-
work. Table 6 confirms that better classification accu-
racy is obtained using the TPSVM neural classifier with
ANOVA RBF Kernel with 98.91% for the considered
dataset. As well the minimized MSE value of 0.00015
has been attained using the Twin PSVM classifier com-
pared with the other proposed variants. Among all the
designed and simulated SVM classifier models, the Twin
Proximal SVM classifier has resulted in superior classi-
fication accuracy with better precision and F1-score than
other methods compared. Compared to the other methods
from the literature as shown in Table 6, [9] that employed
modified convolutional neural network and [31], that pro-
posed Fairsna, the ANOVA RBF Kernel has resulted in
better clan classification accuracy.

Table 7 presents the evaluated results using the variants
of SVM classifiers with respect to the percentage of clan
dataset features. For about nearly 70-100% of the dataset
features, superior results are evaluated and among all the
variants modelled, twin proximal support vector machine
classifier attains better classification accuracy with mini-
mized mean square error value. In Table 7, all the SVM,
TSVM, PSVM, TPSVM and MCSVM neural classifiers
are simulated with ANOVA radial basis function kernel
as this kernel outperformed all other kernels used as given
in Table 6. For varied percentage of features, the classifier
models intend to achieve most suitable clan classification
mechanism. Figures 8, 9, 10 and 11 illustrates the plot of all
SVM classifier models for the considered dataset for varied
percentage of dataset features. It is inferred from Table 7
and Figs. 8,9, 10 and 11 , that the modelled twin proximal
support vector machine has resulted in better performance
metrics than the other compared variants of SVM neural
classifiers. Figure 12 provides the regression plot of the out-
performed twin proximal support vector neural classifier for
the clan dataset. Figures 13 and 14 shows the error histo-
gram plot of TPSVM classifier model and plot of training,
testing and validation data using TPSVM classifier model
respectively.

In many areas, SVM classification can be a beneficial
tool for genealogical studies. Based on genealogical data,
SVM algorithms may help classification of individuals into
different ancestral lineages or clans. SVM may identify pat-
terns that are characteristic of particular ancestral groups
by analyzing particular genetic markers or characteristics,
enabling researchers to trace the genealogy of individuals or
families. By utilizing the possibilities of SVM in genealogy
studies, the present work is an attempt to classify clans by
employing SVM algorithms, which in turn will improve our
understanding of human history and heritage.

The future scope of this research study is to apply the
SVM model and its variants to other different social clan
networks. Also, to develop better machine learning models
with improved weight update criterion or tuning the weights
appropriately to achieve better classification accuracy of the
clan networks. Development of stochastic population based
optimization algorithms and applying it to the parameter
optimization of machine learning models for attaining an
effective social clan network classifier.
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