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Abstract

Sex classification is a fundamental stage in forensic anthropology because it provides the basis for constructing an individual's
biological profile during the identification process. Although Support Vector Machine (SVM) has demonstrated high
performance for craniometric sex classification, previous studies have primarily focused on classification performance using
the complete feature set, with limited evaluation of the trade-off between feature reduction and predictive performance.
Therefore, this study aims to evaluate the influence of Information Gain feature selection on SVM performance, identify the
optimal combination of Information Gain threshold and SVM kernel configuration, and analyse the trade-off between feature
reduction and classification performance. The proposed approach was evaluated using the William W. Howells Craniometric
Dataset consisting of 2,524 skull samples. After removing identification attributes, 82 predictor features were used for
classification. The research process included data preprocessing, label transformation, Z-score normalization, Information Gain
feature selection using threshold values of 0.01, 0.05, and 0.1, followed by classification using SVM with Linear, Radial Basis
Function (RBF), Polynomial, and Sigmoid kernels. Model performance was evaluated using 10-fold cross-validation based on
Accuracy, Precision, Recall, and F1-score. The baseline SVM model without feature selection achieved an accuracy of 89.59%
using 82 features. Experimental results show that Information Gain effectively reduced feature dimensionality while
maintaining competitive classification performance. The best feature-selection result was obtained using an Information Gain
threshold of 0.01, which retained 68 features. The optimal configuration used the RBF kernel with C = 1 and gamma="auto',
achieving an Accuracy of 89.42%, Precision of 90.73%, Recall of 89.69%, and F1-score of 90.17%. Compared with the
baseline model, the Information Gain-based model reduced the number of features by 17.07% while producing an accuracy
difference of only 0.17 percentage points. These findings indicate that Information Gain primarily contributes to feature
reduction and model simplification rather than improving classification accuracy. The results demonstrate that a moderate
reduction in craniometric features can maintain classification performance close to the baseline model and highlight the trade-

off between feature reduction and predictive performance in computer-assisted forensic sex classification.
\ J
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Introduction

Sex identification is a fundamental stage in forensic anthropology because it provides an important basis for
constructing an individual's biological profile from human skeletal remains [1], [2], [3]. Sex information also supports
the estimation of other biological characteristics, such as age, height, and population, and is particularly important in
cases involving mass disasters, fires, mutilation, or severely damaged remains [1], [4], [5], [6], [7]. The skull is
frequently used for this purpose because it exhibits measurable sexual dimorphism and has a relatively stable structure
that can remain available even when other skeletal elements are incomplete or damaged [8], [9], [10]. In general, male
skulls tend to have larger dimensions, thicker structures, and more prominent muscle attachments than female skulls
[11], [12]. However, conventional visual and anthropometric approaches may depend on expert interpretation and can
produce inconsistent assessments across different populations, creating a need for more objective and reproducible
methods for craniometric sex classification [4], [8], [13].

Machine learning provides an alternative approach for identifying patterns in craniometric data and supporting
automated sex classification [8], [14], [15]. Among the available classification algorithms, Support Vector Machine
(SVM) is widely used because of its ability to handle multidimensional data and construct an optimal decision
boundary between classes [16], [9], [17], [2], [18]. Previous studies have demonstrated strong SVM performance for

d https://doi.org/10.29103/sisfo.v10i2.28622
532



E-ISSN 2599-0330 SISFO : Jurnal Ilmiah Sistem Informasi Vol. 10, No. 2, October 2026, pp. 532-543 533

craniometric sex classification. [2] reported an accuracy of 91.31% using the Radial Basis Function (RBF) kernel on
the William W. Howells Craniometric Dataset, while [16] achieved an accuracy of 94.5% using SVM on craniometric
measurements. However, these studies primarily focused on classification performance using the available feature set,
with limited attention to whether similar predictive performance could be maintained after reducing the number of
input features.

Feature relevance is an important factor influencing machine learning performance [19], [20]. A large feature set
may contain attributes with different levels of contribution to the classification task, making feature selection relevant
for identifying informative variables [2], [21], [22]. Information Gain is a feature selection method that ranks attributes
according to their contribution to reducing uncertainty in the target variable [1], [22], [23], and its application has been
investigated in several classification studies, including craniometric sex classification [14], [21], [24]. Nevertheless,
the research gap is not merely the absence of an Information Gain and SVM combination. Previous studies have not
systematically evaluated different Information Gain thresholds to determine their effects on the number of retained
features and classification performance, compared the resulting feature subsets across multiple SVM kernel
configurations, or explicitly analysed the trade-off between feature reduction and predictive performance, particularly
using the William W. Howells Craniometric Dataset [25].

Therefore, this study investigates the integration of Information Gain feature selection and SVM for craniometric
sex classification using the William W. Howells Craniometric Dataset. Three Information Gain thresholds, namely
0.01, 0.05, and 0.1, are evaluated to examine how different levels of feature reduction affect classification
performance. The resulting feature subsets are subsequently tested using multiple SVM kernel configurations,
including Linear, Radial Basis Function (RBF), Polynomial, and Sigmoid kernels. In addition, the performance of the
feature-selected models is compared with a baseline SVM model without feature selection, allowing the direct impact
of Information Gain on classification performance to be assessed.

The novelty of this study lies in its systematic evaluation of the relationship between Information Gain thresholds,
feature reduction, and SVM performance across multiple kernel configurations for craniometric sex classification.
Unlike previous studies that primarily emphasised achieving high classification accuracy using the complete feature
set, this study explicitly examines the trade-off between reducing the number of features and maintaining predictive
performance. This study contributes by evaluating the effect of three Information Gain thresholds on the number of
craniometric features selected, and then comparing various SVM kernel configurations using different feature sets,
and comparing the feature-selected models with a baseline SVM using the complete predictor set. These findings
provide empirical evidence regarding the role of Information Gain in reducing feature dimensionality while
maintaining competitive classification performance for computer-assisted forensic anthropology.

Method

The research methodology describes the stages conducted in this study, including dataset acquisition, data
selection, preprocessing, Information Gain feature selection, model development, and performance evaluation. Each
stage was designed to examine the effect of feature reduction on Support Vector Machine (SVM) performance for
craniometric sex classification. The overall research methodology is presented in Figure 1.

William W. Howells Data Selection
Problem . ) .
> —*| Craniometric Dataset (2,524 || (remove ID, PopNum, Population)

Identification
samples, 85 attributes) 82 Predictor Features

v

10-fold Cross Validation Information Gain Preprocessing Data
-

(Training 90% and Testing 10%) Threshold 0.01 (68 Features) Data Cleaning

I "
l Threshold 0.05 (41 Features) Label Encoding

= - (M=1, F=0)

Support Vector Machine Threshold 0.1 (19 Features) and Z-score
Normalization

[ Linear [+ rBF [+ RBFauo |
Performance Evaluation

L4 -
[ Sigmoid |<-| Polynomial | (Accuracy, Precision, Recall,

F1-Score, Confusion Matrix)

Figure 1. Research Methodology
Based on the research methodology stages outlined above, the following is an explanation of each stage:
A. Dataset

This study utilises the William W. Howells Craniometric Dataset, obtained from Kaggle, which is a collection of
craniometric measurements developed by William W. Howells. The dataset can be accessed via
https://volweb.utk.edu/~auerbach/ HOWL.htm. This dataset was selected as it is one of the most widely used
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craniometric datasets in forensic anthropology research for sex identification based on skull measurements. The
dataset consisted of 2,524 skull samples, 85 measurement attributes, and one target variable, namely Sex. The target
variable consisted of two classes, namely Male (M) and Female (F). A summary of the dataset used in this study is
presented in Table 1.

Table 1. Dataset Characteristics

Dataset Characteristic Description
Dataset William W. Howells Craniometric Dataset
Number of samples 2,524
Initial attributes 85
Target variable Sex
Classes Male (M) and Female (F)
Predictor features after data selection 82

B. Data Selection

At this stage, the features ID, PopNum, and Population were removed as they served only to identify the data and
had no bearing on the classification model training process. Following this process, the initial dataset which consisted
of 85 features and 1 class was reduced to 82 predictor features and 1 target feature (Sex).

C. Preprocessing Data

The pre-processing stage is carried out to improve the quality of the data before it is used in the classification
process. The pre-processing stages include data cleaning, label transformation and data normalisation.

1. Data Cleaning: This step aims to check for missing values and duplicate data. If missing values are found, they
are handled through imputation using the mean. If duplicate data is found, the repeated rows are deleted, leaving
only one unique data point. If the check reveals that the dataset contains neither missing values nor duplicate
data, then neither imputation nor data deletion is necessary. Consequently, all data can be used in the next stage
of the research.

2. Data Transformation: The target feature “Sex” is still categorical data, so it needs to be transformed into
numerical data to be processed by the Support Vector Machine algorithm. The label “Male” (M) is converted
to 1, while “Female” (F) is converted to 0. Since each feature has a different range of values, normalization is
performed using the Z-Score method so that all features are on the same scale. The normalization process is
implemented using the ‘StandardScaler’ function available in the Scikit-Learn library. The Z-score
normalization equation is shown in Equation 1.

xX—HU
== (1)

Explanation:
Z = 7 — Score (standard values)
X = observed values
U = mean (avarage)
o = standard devation
To prevent information from the test data from influencing the training process, the scaling parameters were fitted
using the training data within each cross-validation iteration and subsequently applied to the corresponding test data.

D. Feature Selection Using Information Gain

Feature selection was performed using the Information Gain method to assess the contribution of each attribute in
distinguishing the target class by reducing the uncertainty (entropy) value. Features with high Information Gain values
were retained, while those with low values were eliminated to reduce the data dimension and improve classification
performance. The feature selection process was carried out through the following steps:

The first step is to calculate the entropy of the dataset using Equation (2).

n

H(S) = Z — pilog, (pi) Q)
i=1
Explanation:
H(S) = the entropy of the data set S
n = the number of classes in the data
p; = the probability that a sample belongs to class i, given the total data

log, = base — 2 logarithm
Next, the Information Gain is calculated using Equation (3).
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1G(S,A) = H(S) — 15, H(S,)
N 3)
veValues(A)
Explanation:
IG(S,A) = the Information Gain og attribute A with respect to data set S
H(S) = the entropy of the initial data set S
A = features currently under evaluation
Values(A) = the set of all possible values og attribute A
% = one of the values of the atribut 4
Sy = a subset of S that has the values V for attribute A
|S,1 = number of samples in the subset S,
|S| = the total number of samples in the data set S
H(S,) = the entropy of a subset S,,

In this study, three Information Gain threshold values 0.01, 0.05, and 0.1 were used to obtain the best feature
combination.

E. K-Fold Cross Validation

The K-fold cross-validation method is used to divide the dataset into training and test data alternately in each
iteration [26]. In this study, 10 folds were used, with 9 folds serving as training data and 1 fold as test data in each
iteration. This process was repeated 10 times so that each fold had one opportunity to serve as test data and nine
opportunities to serve as training data. The model’s performance metrics were then calculated based on the average
test results across all iterations. 10-fold cross validation was chosen because it provides a good balance between bias
and variance when evaluating classification models [1].

F. Support Vector Machine

After the feature selection process was completed, the data was classified using the Support Vector Machine
(SVM) algorithm. SVM was chosen because it performs well with high dimensional data and is capable of generating
an optimal hyperplane that maximally separates the two classes [2].

Table 2. Kernel Function

Kernel Name Kernel Function
Linear K(x;,x;) = x{ x; 4)
Radial Basis Function K(x;,x) = (xfx + c)d (5)
Polynomial K(x; xj) = exp (—y”xi - xj||2) (6)
Sigmoid K(x;,x;) = tanh(yx{x; +7)  (7)

For the RBF kernel, two gamma configurations were evaluated. The first configuration used manually specified
gamma values, while the second used gamma="auto'. In the gamma="auto' configuration, the gamma value was
automatically determined based on the number of input features. Therefore, the term RBF Auto used in the
experimental results refers to the RBF kernel with the gamma='auto' setting and does not represent a separate kernel
type.

The parameters and the number of features used in each kernel are presented in Table 3 below.

Table 3. SVM Parameter Testing Data

. . Kernel Parameter Testing Data
Threshold Information Gain SVM C Gamma Degree  Coef0
Linear 1;10; 100 - - -
0,01 0,05 0,1
RBF 1;10; 100  0.01;0.1; 1 - -
Polynomial 1; 10; 100 0.01 2;3;4 -
68 features 41 features 19 features
Sigmoid 1;10; 100 0.01;0.1; 1 - 0;1

G. Matrix Evaluation

The evaluation was conducted by comparing the performance of the Support Vector Machine (SVM) algorithm
without feature selection and the Support Vector Machine (SVM) combined with the Information Gain method at
threshold values of 0.01, 0.05, and 0.1. All experiments used several kernel functions namely, Linear, Radial Basis
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Function (RBF), Polynomial, and Sigmoid with predetermined parameter variations for each kernel. The model
evaluation process employed 10-fold cross-validation to produce more stable and representative performance metrics
and to reduce the risk of overfitting. Model performance was evaluated using a Confusion Matrix consisting of True
Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). Based on these values, the metrics
Accuracy, Precision, Recall, and F1-Score were calculated to assess the model’s ability to classify gender based on
skull measurement data. An illustration of the Confusion Matrix used in this study is presented in Figure 2.

Actual Values

Positive (1) Negative (0)

Positive (1) b i FP

Negative (0) FN TN

Predicted Values

Figure 2. Confusion Matrix
From the confusion matrix, several evaluation metrics can be calculated as follows:
1. Accuracy: Measures the proportion of correctly classified predictions in the entire test dataset. Accuracy is
calculated using Equation 8.
A _ TP+ TN )
Y = TP ¥ TN + FP + FN
2. Precision: to measure the accuracy of the model’s predictions for the positive class. Precision is calculated
using Equation 9.

TP
S L 9
Precision TP+ FP 9

3. Recall: to measure the model’s ability to recognise all data points belonging to the positive class. Recall is

calculated using Equation 10.

TP
= 10
Recall TP+ FN (10)

4. Fl-score: is a harmonic mean of precision and recall used to provide a more balanced assessment of a

model’s performance. The F1-score is calculated using Equation 11.

F18 Cox Precision X Recall
mSeore = Precision + Recall (11

Results and Discussion

This section presents the results of the research stages described in the Research Methods section. The results
include analysis of the initial dataset, data preprocessing, feature selection using Information Gain, Support Vector
Machine (SVM) testing, and evaluation and comparison of model performance with and without feature selection. All
results are presented in sequence to illustrate the impact of each stage on the performance of the classification model.

A. Dataset

The dataset used in this study is the William W. Howells Craniometric Dataset, which contains human craniometric
measurements from various populations. The dataset consists of 2.524 data points, including 1.368 male individuals
and 1.156 female individuals. These craniometric data include 85 skull bone measurement features, which reflect
various morphometric characteristics, such as the length, width, angles, and radii of the skull. These features are used
to represent sex-related variations in skull morphology. Details regarding the features and measurement parameters
used in this study are presented in Table 4 and Table 5.

Table 4. Skull Bone Craniometry Feature

Kode Fitur Kraniometri Tulang Tengkorak
GOL Glabello-Occipital Length

NOL Nasio-Occipital Length

BNL Basion-Nasion Length

BBH Basion-Bregma Height

XCB Maximum Cranial Breadth

XFB Maximum Frontal Breadth

ZYB Bizygomatic Breadth

AUB Biauricular Breadth

TBA Thiobarbituric Acid
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Table 5. Craniometric Measurement Parameters of the Skull

1D Sex PopNum _ Population GOL NOL BNL BBH XCB XFB ZYB AUB .. TBA

1 M 1 NORSE 189 185 100 135 143 120 133 119 0

2 M 1 NORSE 182 178 102 139 145 120 137 125 0

3 M 1 NORSE 191 187 102 123 140 114 134 125 0
3188 F 24 ANDAMAN 160 160 89 121 129 106 117 112 ... 156
3189 F 24 ANDAMAN 172 170 92 118 137 110 114 106 ... 167
3190 F 24 ANDAMAN 153 153 88 116 130 105 115 103 158

B. Data Selection

In this step, the ID, PopNum, and Population features were removed, leaving a total of 82 features. The results of
the data selection are shown in Figure 3.

FITUR DAN TARGET
Jumlah fitur : 82
Target 1 Sex

===== DATA FITUR (5 BARIS PERTAMA) =====
GOL NOL BNL BBH XCB XFB ZYB AUB WCB ASB BPL NPH NLH JUB NLB \
o 189 185 100 135 143 120 133 119 70 112 96 66 50 118 26
1 182 178 182 139 145 120 137 125 66 113 108 64 48 118 25
2 191 187 102 123 140 114 134 125 74 112 162 67 53 112 23
3 191 188 1@ 127 141 123 135 127 71 113 95 76 53 114 26
4 178 177 97 128 138 117 129 121 69 111 90 &7 51 115 24

S55A NFA DKA NDA SIA FRA PAA OCA RFA RPA ROA BSA SBA SLA \

] 129 138 158 85 88 134 133 117 e o o @ 2] ]
1 124 141 153 99 100 128 134 119 =] L] a a 2] 2]
2 124 138 152 75 84 129 137 111 a a o -] -] ]
3 128 144 157 98 90 128 135 108 o L] a a ] 2]
4 136 139 150 87 79 133 136 111 e L} L -] -] ]

TBA
=] =]
1 ]
2 e
3 ]
a4 e

[5 rows x 82 columns]

Figure 3. Data Selection

C. Data Preprocessing

1. Data Cleaning: In this stage, we checked for missing values and duplicate data to ensure data quality before
proceeding to the classification process. The results of the data cleaning process are presented in Figures 4
and 5.

0 e print("\n===== PEMERTKSAAN DATA DUPLIKAT =====")
PopNum duplicate_count = df.duplicated().sum()
233”1’"““ print("Jumlah Data Duplikat :", duplicate count)
ROA
BSA
SBA
SLA
TBA
Length: 86, dtype: inte4

===== PEMERIKSAAN DATA DUPLIKAT =====
Jumlah Data Duplikat : @

00000 OO0

Total Missing Value : ©

Figure 4. Missing Value Figure 5. Duplicate Data

Based on the results of the check, no missing values or duplicate data were found. Therefore, the dataset can
proceed to the next pre-processing stage.
2. Data Transformation: At this stage, the gender labels are converted into numerical data, as shown in Figure

6.

Sex GOL NOL BNL BBH XCB XFB ZVB AUB WCB ASB BPL NPH NLH JUB ... SSA NFA DKA NDA SIA FRA PAA OCA RFA RPA ROA BSA SBA SLA TBA
[ 1 189 185 100 135 143 120 133 119 70 112 9 66 50 118 129 138 158 85 8 134 133 117 0 0 0 0 0 0 0
1 1 182 178 102 139 145 120 137 125 66 113 108 64 48 118 124 141 153 99 100 128 134 119 0 O 0 0
2 1191 187 102 123 140 14 134 125 74 112 102 67 53 112 124 138 152 75 84 120 137 11 0 0 0 0 0O O O
3 1191 188 100 127 141 123 135 127 71 113 95 76 53 114 128 144 157 98 90 128 135 108 0 O 0O 0 O 0 0
4 1 178 177 97 128 138 17 1290 121 69 111 90 67 51 115 130 139 150 87 79 133 130 111 0o 0 0 0o 0 0 O
2519 0 150 158 89 125 128 101 117 106 64 91 92 58 45 106 120 140 146 B85 126 130 131 132 61 55 58 173 99 89 154
2520 0 156 156 87 123 124 101 113 102 62 92 90 54 43 105 119 143 154 96 124 132 127 133 63 57 63 168 100 89 151
2521 0 160 160 89 121 129 106 117 112 69 99 95 656 42 105 . 125 145 154 113 148 125 128 131 64 56 62 159 101 90 156
2522 0 172 170 92 118 137 110 114 106 65 95 93 60 46 105 130 147 155 82 108 126 136 112 60 58 58 144 106 86 167
2523 0 153 153 88 116 130 105 115 103 61 95 92 53 41 104 . 127 144 154 90 121 131 132 133 60 57 62 173 103 89 158

2524 rows x 83 columns

== DISTRIBUSI KELAS =====
sex

1 1368

o 1156

Name: count, dtype: int64

Figure 6. Data Tranformation
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The target variable, Sex, was originally represented using categorical labels. Therefore, the class labels were
transformed into numerical values before classification. The label Male (M) was encoded as 1, while Female
(F) was encoded as 0.

3. Data Normalization: Normalization was performed using Z-score normalization on Equation (1) so that all
features would be on the same scale, as shown in Figure 7.

GoL NOL BNL BBH XC8 XFB zve Aus wes As8 BPL NPH NLH us NLB ... SSA
0 1.151547 1.024932 0.151522 0.463645 0.844287 1.033921 0.286850 -0.215343 .0.206245 0.903472 -0.279512 0.004367 -0.002378 0454895 -0.128473 0.068392
1 0.331328 0.140642 0495909 1.016298 1.118756 1.033921 0.800514 0.596697 -1.041818 1.079128 1.602211 -0.357050 -0.502453 0.454895 -0.558534 -0.705000
2 1.385895 1.277687 0495009 -1.194311 0432583 0092161 0415266 0.596697 0.629328 0.903472 0.661349 0.185076 0.747736 -0.510211 -1.418656 -0.705000
3 1.385805 1.403914 0.151622 -0.641659 0.569817 1.504801 0.543682 0.867377 0.002648 1.079128 -0.436323 1.811453 0.747736 -0.188509 -0.128473 -0.086287
4 .0.137369 0.014314 .0.365059 -0.503496 0.158113 0.563041 -0.226814 0.055337 -0415138 0.727816 -1.220374 0.185076 0.247660 -0.027658 -0.988595 0.223070
5 1737417 1.782895 1.184684 0.049156 0.295348 0.720001 0.672098 1.002717 1.047115 0.903472 0.661349 0.546493 -0.002378 0.294044 -0.558534 -0.086287
6 0800024 0.772278 -0.709446 -1.332474 0.844287 1.347841 -0.356230 -0.215343 0.002648 0.200849 -0.436323 0.004367 -0.252415 -0.188509 -0.988595 0.223070
7 0.800024 0.898605 0.668103 -0.227170 0.569817 1.190881 -0.355230 0.055337 0.211542 0.376505 0.347729 -0.357050 -0.252415 0.454895 -0.558534 2079211
8 0.800024 0.645950 -0.537262 0.325482 0.569817 1.504801 0.543682 0.326017 0.002648 0.727816 -1.690805 1.088619 0247660 -0.027658 -0.988595 -0.086287
9 1.151547 1.530241 0.323716 -0.089007 0.981521 0.249121 -0.098398 0.596697 -1.668498 0.200849 -0.436323 -0.537758 -0.002378 -0.027658 -0.558534 0.687105
10 rows x 82 columns

Figure 7. Data Normalization

After preprocessing, the dataset consisted of 2,524 samples, 82 standardised predictor features, and one
numerical target variable. The processed dataset was subsequently used for Information Gain feature
selection and SVM classification.

D. Feature Selection Using Information Gain

Information Gain was applied to evaluate the contribution of each craniometric feature to the Sex classification
task. The feature selection process began by calculating the entropy of the target variable using Equation (2). The
entropy value obtained from the dataset was 0.9948, as presented in Figure 8.

Entropy Dataset : ©.9948

Figure 8. Entropy Value

Once the entropy values have been obtained, the next step is to calculate the Information Gain for each feature using
Equation (3). This process yields the relevance of each feature to the target variable. Next, the Information Gain values
are sorted from highest to lowest based on their level of contribution to the classification process. The results of the
Information Gain calculations are presented in Table 6.

Table 6. Information Gain Values from High to Low

No. Features Information Gain No. Features Information Gain
1. ZYB 0.242814 43. LAR 0.041710
2. JUB 0.217450 44. PAF 0.033180
3. MDH 0.193049 45. SIA 0.032654
4, ZMB 0.152697 46. NLB 0.028620
5. FMB 0.150413 47. NDS 0.027374
6. MDB 0.145811 48. PAS 0.027088
7. GOL 0.142976 49. SIS 0.026768
8. NOL 0.139798 50. STB 0.026622
9. SOS 0.132355 51. SSS 0.025859
10. XML 0.128733 52. 0oCsS 0.024708
11. BNL 0.127244 53. BAR 0.024434
12. MAB 0.126889 54. NAS 0.023658
13. BBH 0.121964 55. NDA 0.021719
14. EKB 0.113796 56. BRA 0.021254
15. NAR 0.112889 57. FRS 0.029073
16. AUB 0.111945 58. OSR 0.020966
17. GLS 0.108847 59. DKB 0.019930
18. VRR 0.103284 60. OCA 0.018316
19. FRC 0.103199 61. FRA 0.017260
20. AVR 0.097595 62. ROA 0.014686
21. NLH 0.088778 63. 0oCS 0.014050
22. BRR 0.088484 64. TBA 0.013598
23. DKR 0.088371 65. PRA 0.010812
24. SSR 0.085697 66. OBH 0.010753
25. NPH 0.080091 67. NFA 0.010261
26. WCB 0.079881 68. BAA 0.010247
27. OBB 0.079214 69. NBA 0.009850
28. XCB 0.077243 70. RFA 0.009431
29. ZOR 0.076210 71. BSA 0.007899
30. EKR 0.076199 72. SBA 0.002728
31. PRR 0.075662 73. NAA 0.002627
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No. Features Information Gain No. Features Information Gain
32. FRF 0.075642 74. RPA 0.002567
33, FMR 0.073819 75. WNB 0.001554
34, IML 0.070320 76. DKS 0.000000
35. ASB 0.065824 77. OCF 0.000000
36. ZMR 0.065029 78. BBA 0.000000
37. XFB 0.064675 79. PAA 0.000000
38. PAC 0.064022 80. DKA 0.000000
39. BPL 0.059366 81. SSA 0.000000
40. FOL 0.054635 82. SLA 0.000000
41. MLS 0.052987

42. WMH 0.047728

The number of features that were removed can be seen in Table 7.

Table 7. Features That Have Been Selected and Removed

Threshold Selected Removed Reduction
0.01 68 14 17.07%
0.05 41 41 50.00%

0.1 19 63 76.83%

The results show that increasing the Information Gain threshold progressively reduced the number of retained
features. At a threshold of 0.01, 68 of the 82 predictor features were retained. Increasing the threshold to 0.05
reduced the feature set to 41 features, while the threshold of 0.1 retained only 19 features. These results demonstrate
that the threshold value directly controls the degree of dimensionality reduction. A lower threshold retains a broader
set of potentially relevant features, whereas a higher threshold produces a more restrictive feature subset. The
classification results presented in the following section were used to evaluate whether the reduction in the number of
features could be achieved while maintaining competitive predictive performance.

E. K-Fold Cross Validation

To obtain a more representative model evaluation, this study employed the 10-fold cross-validation method. The
dataset was divided into ten relatively balanced subsets, with nine subsets used as training data and one subset used
as test data in each iteration. This process was repeated until each subset had the opportunity to serve as test data once.
Details of the data division for each fold are presented in Figure 10.
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Figure 9. Data Comparison in 10-Fold Cross-Validation

F. Support Vector Machine

SVM is used to classify sex based on skull measurement data that has undergone preprocessing and feature
selection using Information Gain. Testing was conducted using several types of kernels Linear, Radial Basis Function
(RBF), Polynomial, and Sigmoid with various parameter combinations to obtain the model with the best performance.

1. A linear kernel is a type of kernel function that is effective when data can be linearly separated. This kernel is
ideal for use when the data is naturally linearly separable. Linear kernels are well suited for data with high
feature dimensions because mapping to a higher-dimensional space does not yield a significant improvement
in performance. Parameter C is the penalty parameter for classification errors. C controls the balance between
the smoothness of the decision boundary and accurate classification of the training points. The accuracy values
obtained are shown in Tables 8.

Table 8. Linear comparison with the best results

Threshold Features  Best Parameters  Accuracy Precision Recall F1-Score
0.01 68 C=1 88.43% 89.73% 88.89% 89.28%
0.05 41 Cc=1 87.84% 88.93% 88.59% 88.72%
0.1 19 C=10 86.65% 87.80% 87.57% 87.65%

d- https://doi.org/10.29103/sisfo.v10i2.28622



540

SISFO : Jurnal Ilmiah Sistem Informasi Vol. 10, No. 2, October 2026, pp. 532-543 E-ISSN 2599-0330

The Radial Basis Function (RBF) kernel is one of the most widely used nonlinear kernels in Support Vector
Machine algorithms because it can handle data that cannot be linearly separated. This kernel maps the data to
a higher dimensional space, making it easier to separate the relationships between classes using a hyperplane.
The RBF kernel uses two main parameters: cost (C) and gamma (y). The gamma parameter determines the
influence region of each support vector. A small gamma value results in a wider influence region, making the
model simpler, while a large gamma value results in a narrower influence region, allowing the model to follow
data patterns in greater detail but potentially leading to overfitting. The test results are shown in Tables 9.
Table 9. RBF comparison with the best results
Threshold Features Best Parameters y=0,01 y=0,1 y=1

0.01 68 Cc=1 89.42% 81.69% 54.2%

0.05 41 C=10 88.95% 88.55% 54.2%

0.1 19 Cc=10 88.11% 85.18% 64.9%
This study also used y = auto, which is the gamma value automatically determined by the Scikit Learn library
based on the number of features in the dataset. This setting allows the model to automatically adjust the data
scale, enabling it to produce more stable classification performance under various dataset conditions. The test
results using y = auto are shown in Tables 10.

Table 10. RBF auto comparison with the best results

Threshold Features Best Parameters  Accuracy Precision Recall F1-Score

0.01 68 C=1 89.42% 90.73% 89.69% 90.17%
0.05 41 C=1 88.15% 89.93% 88.08% 88.94%
0.1 19 C=1 87.12% 89.77% 86.03% 87.85%

A polynomial kernel is a nonlinear kernel function that maps data to a higher dimensional feature space using
polynomial functions. This kernel considers not only linear relationships between attributes but also
combinatorial relationships, enabling it to handle more complex data patterns. The polynomial kernel is
particularly well suited for datasets that have undergone normalization, as each attribute has the same scale.
The Polynomial Kernel uses three main parameters: cost (C), gamma (y), and degree (d). The degree parameter
indicates the degree of the polynomial function used to form the hyperplane. The higher the degree value, the
more complex the decision boundary the model can form; however, this also has the potential to increase the
model’s complexity. The results of the Polynomial Kernel tests are shown in Tables 11.
Table 11. Polynomials comparison with the best results

Threshold Features C y d Accuracy  Precision Recall F1-Score

0.01 68 10 0,01 3 87.87% 89.16% 88.37% 88.75%
0.05 41 100 0,01 3 87.60% 88.11% 89.18% 88.62%
0.1 19 100 0,01 3 85.10% 84.28% 89.18% 86.64%

The Sigmoid kernel is a nonlinear kernel function whose characteristics resemble those of an activation
function in an artificial neural network (ANN). This kernel uses the hyperbolic tangent function to map data
to feature space, enabling it to handle nonlinear relationships in the data. The Sigmoid Kernel uses the
parameters cost (C), gamma (), and coef0. The gamma parameter controls the influence of each training data
point on the formation of the hyperplane, while coefO is a constant that affects the shape of the kernel function.
The combination of these two parameters influences the model’s ability to separate data across classes. The
test results are shown in Tables 12.
Table 12. Sigmoid comparison with the best results

Threshold Features C y Coef0)  Accuracy  Precision Recall F1-Score

0.01 68 1 0,01 0 81.06% 82.97% 81.94% 82.43%
0.05 41 1 0,01 0 81.06% 83.14% 81.65% 82.37%
0.1 19 1 0,01 0 86.57% 88.26% 86.76% 87.46%

Based on all experiments, the optimal model was obtained using Information Gain threshold 0.01 with 68
selected features, the RBF Auto kernel, C = 1, producing Accuracy 89.42%, Precision 90.73%, Recall 89.69%, and
F1-score 90.17%.

The results of the SVM testing without feature selection can also be seen in the following table:

Table 13. Baseline SVM Performance Without Information Gain

Kernel Features  Accuracy Precision Recall F1-Score
Linear 82 89.46% 90.67%  89.84% 90.24%
RBF 82 89.54% 90.92%  89.69% 90.27%
RBF (auto) 82 89.38% 90.90%  89.40% 90.11%
Polynomial 82 87.68% 89.08%  88.15% 88.57%
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Sigmoid 82 81.21% 84.00%  83.04% 83.50%

The results show that the baseline SVM performance varied across the evaluated kernel configurations. The highest
Accuracy was obtained using the RBF kernel, achieving 89.54% with all 82 predictor features. The RBF kernel also
produced the highest Precision (90.92%) and Fl-score (90.27%), indicating the strongest overall classification
performance among the evaluated baseline models. Meanwhile, the highest Recall was obtained using the Linear
kernel, reaching 89.84%. The RBF configuration with gamma='auto' achieved performance comparable to the
standard RBF configuration, with an Accuracy of 89.38%, Precision of 90.90%, Recall of 89.40%, and F1-score of
90.11%. In contrast, the Polynomial and Sigmoid kernels produced lower overall classification performance, with the
Sigmoid kernel obtaining the lowest Accuracy of 81.21%. This baseline provides a direct reference for evaluating the
impact of Information Gain feature selection. The subsequent experiments therefore examine whether reducing the
number of predictor features can maintain classification performance comparable to the baseline model.

G. Test Result

Testing was conducted under two scenarios: SVM without Information Gain and SVM with Information Gain. In
the Information Gain scenario, three threshold values were used: 0.01, 0.05, and 0.10. Each scenario was tested using
five SVM kernels: Linear, Polynomial, RBF, RBF Auto, and Sigmoid. Model performance was evaluated using the
metrics Accuracy, Precision, Recall, and F1-Score with 10-fold cross validation. The best test results are presented in
Figure (10).

Comparison of SVM Performance Without Information Gain vs With Information Gain
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Figure 10. Comparison of the Performance of SVM Without Information Gain vs SVM With Information Gain

Figure (10) shows a comparison of the performance of SVM without Information Gain and SVM with Information
Gain based on the metrics of Accuracy, Precision, Recall, and F1-Score for five kernels: Linear, Polynomial, RBF, RBF
Auto, and Sigmoid. In general, the use of Information Gain affects classification performance across all kernels. The
RBF kernel continued to deliver the best performance, with an accuracy of 89.59% without Information Gain and
89.42% with Information Gain, while the Sigmoid kernel showed the most significant improvement in performance
after applying Information Gain. In addition to improving performance on several kernels, Information Gain also
reduced the number of features used from 82 to 68 selected features, making the classification process more efficient
without significantly reducing the model performance. These results show that Information Gain is an effective feature
selection method for reducing data dimensions while maintaining classification performance. By comparison, the study
conducted by [2] achieved an accuracy of 91.31% using all features (82 features) without applying a feature selection
process.
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Figure 11. Confusion Matrix Comparison
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Figure (11) shows a comparison of the confusion matrices between the SVM model without Information Gain and
the SVM model with Information Gain, using the optimal parameters. In general, both models were able to classify
the data well, as indicated by the dominance of values on the main diagonal of the confusion matrix. In the SVM
model without Information Gain, 1,033 female data points and 1,227 male data points were correctly classified, while
in the SVM model with Information Gain, 1,034 female data points and 1,223 male data points were correctly
classified. These results indicate that the application of Information Gain yields classification performance that is
relatively comparable to that of the SVM without feature selection, with only slight changes in the number of correct
and incorrect predictions. This suggests that using a threshold of 0.01 still preserves features that make a significant
contribution to the classification process. When the threshold value was increased to 0.05 and 0.1, the number of
features used decreased, causing some features that still contained relevant information to be eliminated and leading
to a decline in model performance. The RBF kernel yielded the best results because it was able to model the nonlinear
relationships among craniometric features more effectively than other kernels.

Conclusion

Based on the experimental results, Information Gain successfully reduced the number of features in the William
W. Howells Craniometric Dataset from 82 to 68, 41, and 19 features at threshold values of 0.01, 0.05, and 0.1,
respectively. The threshold of 0.01 provided the best balance between feature reduction and classification
performance, retaining 68 features and reducing the original feature set by 17.07%. The best feature selected model
used an SVM with an RBF kernel, C=1, and y=0.01, achieving an Accuracy of 89.42%, Precision of 90.73%, Recall
of 89.69%, and Fl-score of 90.17%. Compared with the baseline SVM using all 82 features, which achieved an
Accuracy of 89.54%, the Information Gain model reduced 14 features with only a 0.12 percentage point decrease in
Accuracy. These results indicate that Information Gain primarily supports feature reduction and model simplification
while maintaining competitive classification performance, rather than improving the maximum classification
accuracy. The experiment required approximately 16 minutes of computation time and 1.51 GB of RAM. However,
since computational time and memory usage were not measured separately for each model configuration, this study
cannot conclude that Information Gain directly improves computational efficiency. The findings are also limited to
the William W. Howells Craniometric Dataset; therefore, further validation using different datasets and populations
is needed before broader forensic applications can be considered. Future research should compare Information Gain
with other feature selection methods, such as Particle Swarm Optimization (PSO), Genetic Algorithm (GA), and
Recursive Feature Elimination (RFE), while also evaluating classification performance, feature reduction,
computation time, memory usage, and model complexity.
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