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ABSTRACT  ARTICLE INFO 

Sex classification is a fundamental stage in forensic anthropology that 
can be supported by machine learning to achieve objective biological 
profiling. To address the high dimensionality and inter-trait multicollin-
earity of craniometric measurements, this study introduces a compara-
tive feature-optimization framework that evaluates two distinct filtering 
paradigms entropy-based information gain (IG) and redundancy-aware 
correlation-based feature selection (CFS) integrated with a support vec-
tor machine (SVM) classifier against a full-feature baseline model. Ex-
periments were conducted using the William W. Howells craniometric 
dataset, comprising 2,524 human crania (1,368 males and 1,156 females) 
characterized by 82 osteometric predictor variables after removing ad-
ministrative identifiers. Model performance on a 70:30 training-testing 
split was evaluated using accuracy, precision, recall, F1-score, and the 
Matthews correlation coefficient (MCC). Experimental results show that 
the baseline SVM using all 82 features achieved an accuracy of 81.10% 
and an F1-score of 0.8110. Integrating feature selection substantially im-
proved classification performance while compressing data dimensionali-
ty. The IG–SVM model achieved the highest accuracy of 86.73% (F1-
score = 0.8674, MCC = 0.7348) using 20 selected features (a 75.60% fea-
ture reduction). Meanwhile, the CFS–SVM model achieved a virtually 
identical accuracy of 86.69% (F1-score = 0.8670, MCC = 0.7335) while 
requiring only 10 features (an 87.80% feature reduction). Crucially, these 
findings demonstrate that eliminating 75.60% to 87.80% of the original 
craniometric features not only enhances SVM classification accuracy by 
more than 5.5 percentage points by removing noisy and collinear varia-
bles, but also substantially reduces osteometric measurement complexi-
ty. Consequently, the parsimonious 10-feature CFS–SVM configuration 
provides an efficient and interpretable framework for computer-assisted 
sex estimation in forensic anthropology. 
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1. INTRODUCTION 

Forensic anthropology focuses on analyzing human skeletal remains to establish a biological 

profile comprising sex, age at death, stature, and population affinity for unidentified individuals [1-3]. 

Among these parameters, sex estimation is a pivotal initial step because subsequent estimations of age 

and stature are inherently sex-dependent [2,4]. Accurate sex assessment assists medicolegal investiga-

tions involving disaster victims, unidentified remains, or taphonomically damaged skeletons [5]. Next 

to the pelvis, the human cranium is the most widely utilized anatomical indicator due to its physical 

durability and pronounced sexually dimorphic traits [4,6-8]. Skeletal sex assessment is traditionally 

performed using morphological (visual) or osteometric (linear caliper or 3D landmark) approaches [9]. 
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While morphological scoring is susceptible to observer subjectivity, conventional osteometric analyses 

can be hindered by inter-population cranial variation and bone fragmentation [2,10]. Moreover, mo-

lecular DNA profiling is frequently infeasible when biological tissues are severely degraded by burn-

ing or environmental exposure [11]. Consequently, machine learning algorithms offer a compelling 

computational alternative for objective and reproducible craniometric sex classification [9,10].  

Several previous studies in forensic anthropology have integrated machine learning with cra-

nial morphometrics, yet important methodological limitations persist regarding high-dimensional fea-

ture optimization. Toneva et al. [10] and Santos Mota et al. [3] demonstrated the efficacy of support 

vector machines (SVM) and artificial neural networks (ANN) for cranial sex estimation. On the 82-

feature Howells craniometric dataset, recent studies have either applied SVM and ensemble classifiers 

across the full feature space without dimensionality reduction [12] or examined a single filter method 

paired with alternative classifiers, such as information gain (IG) with random forest [13] and correla-

tion-based feature selection (CFS) with backpropagation neural networks [5]. However, prior studies 

have not systematically compared how distinct filter mechanisms specifically univariate entropy re-

duction (IG) versus correlation-based redundancy elimination (CFS) affect the margin optimization, 

classification accuracy, and feature compactness of SVM on high-dimensional craniometric data.  

Craniometric  datasets comprising dozens of measurement  variables  inevitably contain irrelevant  or 

mutually redundant attributes that can induce overfitting and degrade classifier stability [14-16]. Not all 

cranial chords, subtenses,  and angles contribute meaningfully to sex differentiation  [14]. Filter-based feature 

selection techniques such as IG and CFS have proven effective in pruning uninformative attributes while 

retaining the most discriminative  predictors  [5,17,18]. Beyond reducing computational  complexity,  feature 

reduction enhances the anatomical interpretability of classification models in forensic anthropology [19].  

The benchmark craniometric dataset compiled by Howells (1973, 1989, and 1995), comprising 

2,524 human crania across 82 osteometric parameters, exemplifies this high-dimensional challenge. 

Because many cranial chords, subtenses, and radii measure overlapping anatomical regions, the dataset 

exhibits substantial multicollinearity and measurement noise that can degrade the margin optimization 

of SVM classifiers [20]. Despite the widespread adoption of SVM in osteometric sex assessment 

[9,10,21,22], a clear research gap remains: prior investigations have rarely compared how entropy-

based ranking versus correlation-based redundancy reduction affects the trade-off between feature 

subset compactness and SVM classification accuracy. Addressing this gap is critical because forensic 

practitioners require models that achieve high diagnostic accuracy using a minimal number of cranial 

landmarks rather than requiring over 80 caliper measurements.  

The specific novelty of this study lies in systematically contrasting two fundamentally differ-

ent filter mechanisms univariate entropy reduction via IG and linear redundancy elimination via CFS 

to optimize maximum-margin SVM decision boundaries on high-dimensional craniometric data. Ra-

ther than focusing solely on classification accuracy over an exhaustive set of 82 cranial measurements, 

this research establishes the trade-off between extreme dimensionality reduction (retaining only 10 to 

20 key anatomical traits) and classification stability. By identifying a compact, non-redundant subset 

of sexually dimorphic cranial parameters that outperforms the full-feature baseline, this study provides 

an efficient and interpretable computational framework for computer-assisted sex estimation in foren-

sic anthropology [2,9,23]. 

2. RESEARCH METHODS 

This study evaluates two filter-based feature selection methods IG and CFS integrated with an 

SVM classifier. Filter methods were selected over wrapper or embedded approaches due to their com-

putational efficiency and independence from specific classifier induction biases [24]. Specifically, IG 

and CFS were chosen to compare two distinct mathematical selection criteria on morphometric data: 

IG is an information-theoretic univariate filter that ranks attributes individually by their capacity to 

reduce class entropy, whereas CFS evaluates linear feature-class correlation while suppressing inter-

feature redundancy caused by collinear cranial dimensions [24]. 

 

2.1. Data Collection 
Secondary osteometric data were obtained from the William W. Howells craniometric dataset 

(https://web.utk.edu/~auerbach/HOWL.htm), which compiles caliper-based linear lengths, breadths, 
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chords, subtenses, radii, and cranial angles collected by Dr. William W. Howells (1973, 1989, 1995). 

Although the highest recorded specimen identifier (ID) is 3,190 due to historical cataloging gaps in the 

archival source, the complete dataset contains N = 2,524 adult human crania, consisting of 1,368 male 

(54.20%) and 1,156 female (45.80%) specimens across 85 initial attributes and one target class (sex) 

[5]. Prior to feature selection and classification, three preprocessing steps were executed in Python 

(Google Colaboratory) [25]. First, non-craniometric attributes specifically the record ID, numerical 

population code (PopNum), and population name (Population) were removed so that classification 

relied exclusively on osteometric morphology, leaving 82 continuous craniometric predictor features 

and one target variable (Sex). Second, data integrity checks confirmed the absence of duplicate records 

or missing values across the 2,524 specimens. Third, the categorical target variable (sex) was binary-

encoded as 1 for Male and 0 for Female, and predictor variables were standardized prior to SVM mod-

eling. Representative feature definitions and sample records are presented in Tables 1 and Table 2. 

Table 1. Skull bone parameter features. 

Code Skull bone parameter feature 

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 

⋯ ⋯ 
TBA Thiobarbituric acid 

Table 2. Skull bone measurement parameters in mm.  

ID Sex PopNum Population GOL NOL BNL BBH XCB XFB ZYB ⋯ TBA 

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

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

3 M 1 NORSE 191 187 102 123 140 114 134 ⋯ 0 

⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ 

3188 F 24 ANDAMAN 160 160 89 121 129 106 117 ⋯ 156 

3189 F 24 ANDAMAN 172 170 92 118 137 110 114 ⋯ 167 

3190 F 24 ANDAMAN 153 153 88 116 130 105 115 ⋯ 158 

Based on Table 2, the highest recorded ID reaches 3,190, while the number of samples used is 

2,524. This discrepancy is due to the loss of some samples from the original data source, so not all IDs 

in that range have available data. Thus, the actual number of samples is lower than the highest record-

ed ID [5]. 

2.2. Data Preprocessing 
The data preprocessing stage is essential because it converts raw data into a form suitable for 

the model, improving performance and ensuring accurate results [25]. Data preprocessing includes the 

following steps: 

a. Data selection: This step aims to select relevant features to avoid unnecessary redundancy or duplica-

tion. The selected data is then stored in a file separate from the operational database [26]. In this study, 

the ID and Population features were removed from the dataset because ID merely provides a unique 

identifier for each record, while population merely restates the population name already coded in the 

PopNum feature. Relevant-feature selection was subsequently performed using IG and CFS. 

b. Data cleaning: Data cleaning addresses missing values and data noise while ensuring consistency 

and relevance. In this study, checks were performed for duplicate and missing data; any such rec-

ords were removed to ensure dataset quality. 
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c. Data transformation: This step converts the data into a format suitable for the model, which re-

quires numeric input. Transformation was applied to the Sex feature, where Male was converted to 

1 and Female was converted to 0. 

2.3. Correlation-based Feature Selection (CFS) 
CFS uses a correlation matrix to assess the relationship between features and the target class 

while ensuring that selected features are not highly correlated with one another. In this study, the cor-

relation between each feature and the target was computed using the Pearson correlation, and features 

were selected via correlation-based attribute evaluation. The CFS feature-selection procedure is as fol-

lows [5]: 

a. Prepare data with features (X) and target (Y). 

b. Compute the correlation matrix to measure the relationship between each feature and the target, as 

well as between each pair of features, using the Pearson correlation coefficient in Equation (1) [27]. 

 

   
∑(    ̅)(    ̅)

√∑(    ̅) (    ̅) 
 (1) 

 

where   is the correlation coefficient,    is the value of the  -th feature,    is the value of the  -th 

target,  ̅ is the mean of the feature, and  ̅ is the mean of the target. 

c. Rank the features according to their correlation coefficient with the target. 

d. Set a threshold value to determine relevant features. 

e. Select features via correlation attribute evaluation: features with a correlation higher than the 

threshold are considered relevant to the target. 

 

2.4. Feature Selection: Information Gain (IG) 

Feature selection techniques are widely applied across domains such as text classification, ge-

nomic analysis, intrusion detection, and bioinformatics. IG is one of the most commonly used feature-

selection methods; it reduces the number of irrelevant features and the dimensionality of the data to be 

analyzed. The calculation steps are as follows [18]: 

a. Compute the entropy value. Entropy measures class uncertainty based on the probability of a given 

event or feature, per Equation (2). 

 

        ( )   ∑               
  (2) 

 

b. Compute the Information Gain using Equation (3). 

 

      (   )          ( )   ∑
    

   
         (  )       ( )  (3) 

 

where: 

     (   ) = Information gain for feature A 

        ( )  = Total entropy value for all criteria of a feature 

   = Feature 

      ( )  = The set of possible values for A 

      = Number of samples with value v 

     = Total number of data samples 

       (  ) = Entropy value of the samples with a particular value 

 

2.5. Support Vector Machine (SVM) 

SVM is one of the most widely used classification algorithms in machine learning research, 

particularly for two-class classification problems. Its main principle is to find a hyperplane, or linear 

separating plane, that maximizes the distance between classes referred to as the margin, enabling the 

model to distinguish data from two classes with a high level of generalization [8]. Commonly used 

kernel functions include those shown in Equation (4), Equation (5), and Equation (6) below: 
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2.6. Model Evaluation and Testing 

 This study tested feature selection methods to optimize SVM classification for determining 

sex from craniometric measurements. Evaluation was carried out using a confusion matrix, a table pre-

senting the total number of correctly and incorrectly categorized data points, which facilitates assess-

ment of a classification model's accuracy [28]. The confusion matrix consists of four components: true 

positive (TP), positively labeled data correctly classified as positive; true negative (TN), negatively 

labeled data correctly classified as negative; false positive (FP), positively labeled data incorrectly 

classified as negative; and false negative (FN), negatively labeled data incorrectly classified as posi-

tive. The confusion matrix representation is shown in Figure 1. 

 

Figure 1. Confusion matrix. 

From the confusion matrix, several evaluation metrics can be calculated as follows [29]: 

a. Accuracy: The degree to which predictions match actual data, i.e., the ratio of correctly categorized 

data to total test data, calculated using Equation (7). 

 

            
     

           
  (7) 

 

b. Precision: The accuracy of positive predictions, computed as TP / (TP + FP), Equation (8).  

 

             
  

     
 (8) 

 

c. Recall: The proportion of actual positive data correctly identified, computed as TP / (TP + FN), 

Equation (9).      

 

          
  

     
 (9) 

 

d. F1-score: The harmonic balance between precision and recall, particularly useful under class im-

balance, Equation (10). 

 

            
    (                  )

                
 (10) 

3. RESULTS AND DISCUSSIONS 

This study evaluates the effect of applying two feature selection methods, IG and CFS, on the 

performance of the SVM classification algorithm for sex identification using human craniometric data. 
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The analysis assesses the extent to which removing irrelevant features improves accuracy and efficien-

cy compared with using all features. 

Table 3. Correlation coefficients for all features. 

No Feature Correlation coefficient No Feature Correlation coefficient 

1 ZYB 0.611964 42 NLB 0.244976 

2 JUB 0.592574 43 PAF 0.234797 

3 MDH 0.546812 44 FRA 0.229258 

4 GOL 0.510446 45 DKB 0.225336 

5 FMB 0.505368 46 OCC 0.221918 

6 ZMB 0.492463 47 NDS 0.221706 

7 MDB 0.490153 48 SSS 0.204639 

8 NOL 0.482993 49 SIS 0.202681 

9 XML 0.477645 50 PAS 0.192977 

10 MAB 0.472692 51 STB 0.190286 

11 EKB 0.471429 52 NAS 0.187965 

12 NAR 0.467284 53 OCF 0.171815 

13 SOS 0.464924 54 BAR 0.135124 

14 AUB 0.456465 55 OCS 0.135124 

15 BNL 0.454710 56 OBH 0.129992 

16 BBH 0.440208 57 BAA 0.124508 

17 GLS 0.438358 58 BRR 0.113988 

18 FRC 0.432319 59 OSR 0.112126 

19 SSR 0.428763 60 LAR 0.105086 

20 VRR 0.422895 61 BSA 0.084295 

21 AVR 0.413644 62 SLA 0.083354 

22 DKR 0.410510 63 RPA 0.078590 

23 NLH 0.407801 64 SBA 0.076313 

24 NPH 0.404381 65 RFA 0.074606 

25 PRR 0.396714 66 BRA 0.074582 

26 ASB 0.385830 67 TBA 0.072723 

27 FMR 0.383205 68 ROA 0.067247 

28 FRF 0.381618 69 DKA 0.048765 

29 WCB 0.381452 70 DKS 0.045034 

30 ZOR 0.373927 71 PRA 0.044715 

31 EKR 0.371899 72 NBA 0.005343 

32 OBB 0.366074 73 SSA 0.004412 

33 PAC 0.361261 74 FRS -0.004782 

34 ZMR 0.356341 75 WNB -0.006584 

35 IML 0.347209 76 PAA -0.028450 

36 XCB 0.340279 77 OCA -0.035412 

37 FOL 0.337494 78 NFA -0.039471 

38 BPL 0.336499 79 BBA -0.068878 

39 XFB 0.336157 80 NDA -0.077244 

40 WMH 0.317293 81 NAA -0.124315 

41 MLS 0.284454 82 SIA -0.223621 

3.1. Data Collection 
Feature selection was performed by computing Pearson's correlation coefficient between each 

of the 82 craniometric predictors and the target sex label (see Table 3). Based on the ranked correla-

tion coefficients in Table 3, progressive thresholding was analyzed to determine an optimal feature 

subset that maximizes target relevance while minimizing inter-feature redundancy. Applying permis-

sive thresholds of       0.01 and       0.10 retained 72 and 60 features, respectively; however, these 
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broad subsets still included dozens of weakly dimorphic cranial angles and mutually collinear chord 

measurements that degrade SVM margin optimization. Conversely, examining the upper tail of the 

correlation distribution revealed a natural cluster of 10 primary osteometric dimensions exceeding a 

strict threshold of          (ZYB [0.6120], JUB [0.5926], MDH [0.5468], GOL [0.5104], FMB 

[0.5054], ZMB [0.4925], MDB [0.4902], NOL [0.4830], XML [0.4776], and MAB [0.4727]). Select-

ing this top-10 subset eliminated 72 lower-relevance and redundant variables (an 87.80% dimensional-

ity reduction) while preserving the core craniofacial breadth, mastoid, and vault length dimensions for 

CFS–SVM classification [24]. 

Table 4. IG values for all features. 

Feature Information gain Feature Information gain 

ASB 0.127848271 NLB 0.048992675 

AUB 0.184492768 NLH 0.14379941 

AVR 0.143916119 NOL 0.205257669 

BAA 0.015448905 NPH 0.145542502 

BAR 0.037480992 OBB 0.107799445 

BBA 0.008719277 OBH 0.019757622 

BBH 0.170530935 OCA 0.012147055 

BNL 0.176754638 OCC 0.045435106 

BPL 0.1009411 OCF 0.033228754 

BRA 0.010451491 OCS 0.020676415 

BRR 0.127734752 OSR 0.052135431 

BSA 0.027382948 PAA 0.003205368 

DKA 0.019172631 PAC 0.112220115 

DKB 0.044552043 PAF 0.055527797 

DKR 0.143044725 PAS 0.032198941 

DKS 0.010468085 PRA 0.010856414 

EKB 0.190466594 PRR 0.13582375 

EKR 0.113758117 RFA 0.008085378 

FMB 0.223080269 ROA 0.019510076 

FMR 0.123460568 RPA 0.012758596 

FOL 0.091566523 SBA 0.010726108 

FRA 0.047850312 SIA 0.078313929 

FRC 0.160686958 SIS 0.049989087 

FRF 0.121628305 SLA 0.012496673 

FRS 0.011918792 SOS 0.179671486 

GLS 0.158686562 SSA 0.011866532 

GOL 0.232582141 SSR 0.157058959 

IML 0.098739429 SSS 0.040835354 

JUB 0.322660278 STB 0.044645066 

LAR 0.068972508 TBA 0.018431562 

MAB 0.18658099 VRR 0.154433423 

MDB 0.207877794 WCB 0.122412331 

MDH 0.264109654 WMH 0.081576882 

MLS 0.063742844 WNB 0.048661034 

NAA 0.016873142 XCB 0.10999366 

NAR 0.189654618 XFB 0.108968846 

NAS 0.034223996 XML 0.193243595 

NBA 0.01200173 ZMB 0.212248253 

NDA 0.035569887 ZMR 0.110233769 

NDS 0.043294906 ZOR 0.115164838 

NFA 0.01125423 ZYB 0.354120049 
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3.2. Data Preprocessing 
IG feature selection was initiated by computing the baseline Shannon entropy of the target var-

iable (sex) using Equation (2), followed by the feature-specific expected information gain via Equation 

(3). As detailed in Table 4, the top 20 features exhibiting the highest IG ( G        , representing a 

75.60% reduction from the 82 initial measurements) are ZYB (0.3541), JUB (0.3227), MDH (0.2641), 

GOL (0.2326), FMB (0.2231), ZMB (0.2122), MDB (0.2079), NOL (0.2053), XML (0.1932), EKB 

(0.1905), NAR (0.1897), MAB (0.1866), AUB (0.1845), SOS (0.1797), BNL (0.1768), BBH (0.1705), 

FRC (0.1607), GLS (0.1587), SSR (0.1571), and VRR (0.1544). Comparing this 20-feature IG subset 

with the 10-feature CFS subset demonstrates that reducing the measurement protocol from 82 varia-

bles to 10–20 traits retains the most diagnostically robust regions of the human cranium specifically 

the zygomatic arch and upper facial breadth, the mastoid process, and primary neurocranial length 

while eliminating 62 to 72 secondary subtenses, chords, and angles that are prone to landmark ambi-

guity and postmortem damage [4]. 

a. Data selection: The ID, PopNum, and population features were removed. The result is shown in 

Table 5, leaving 82 features with 1 class label. 

Table 5. Result of data selection. 

Sex PopNum GOL NOL BNL BBH XCB XFB ZYB ⋯ TBA 

M 1 189 185 100 135 143 120 133 ⋯ 0 

M 1 182 178 102 139 145 120 137 ⋯ 0 

M 1 191 187 102 123 140 114 134 ⋯ 0 

⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ 
F 24 160 160 89 121 129 106 117 ⋯ 156 

F 24 172 170 92 118 137 110 114 ⋯ 167 

F 24 153 153 88 116 130 105 115 ⋯ 158 

b. Data transformation: The sex feature was transformed, with male converted to 1 and female con-

verted to 0, as shown in Table 6. 

Table 6. Result of data transformation on the sex feature. 

Sex PopNum GOL NOL BNL BBH XCB XFB ZYB ⋯ TBA 

1 1 189 185 100 135 143 120 133 ⋯ 0 

1 1 182 178 102 139 145 120 137 ⋯ 0 

1 1 191 187 102 123 140 114 134 ⋯ 0 

⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ 

0 24 160 160 89 121 129 106 117 ⋯ 156 

0 24 172 170 92 118 137 110 114 ⋯ 167 

0 24 153 153 88 116 130 105 115 ⋯ 158 

3.3. Correlation-Based Feature Selection (CFS) 
Feature selection was performed by computing the Pearson correlation coefficient between 

each feature and the target, as shown in Equation (1). The correlation-coefficient results, ranked by 

their association with the target, are shown in Table 3. 

Feature selection used correlation-based attribute evaluation, with a predefined threshold de-

termining the minimum strength of the relationship between each feature and the classification target. 

A higher threshold results in stricter selection, retaining only features with stronger correlations and 

excluding those with weaker relationships to the target. With a threshold of 0.01, 72 features were se-

lected, while a threshold of 0.1 yielded only 60 features. Increasing the threshold reduces the number 

of selected features but increases their relevance to the classification target. The selected features were 

subsequently used as input to the SVM classifier to evaluate the effect of feature selection on model 

performance, particularly classification accuracy and computational efficiency. 
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3.4. Information Gain (IG) 
IG feature selection begins by computing the entropy value of the sex feature using Equation 

(2). The resulting IG values are shown in Table 4. 

 

3.5. Model Evaluation and Testing 
Three experimental scenarios were evaluated using a 70:30 training-to-testing split: (1) Base-

line SVM without feature selection (82 features), (2) IG–SVM (20 features), and (3) CFS–SVM (10 

features). On the Howells dataset (  = 2,524, comprising 54.20% male and 45.80% female crania), the 

70:30 partitioning scheme allocates 1,767 specimens to train the SVM separating hyperplane while 

reserving a substantial holdout set of 757 unseen specimens for independent validation. This large 

holdout sample size (  = 757) ensures stable out-of-sample error estimation and mitigates the high 

variance commonly observed in small-sample osteometric studies. Furthermore, to ensure that model 

reliability is not distorted by the slight male-to-female sample ratio (1,368 vs. 1,156), performance was 

assessed not only via accuracy and F1-score, but also via MCC, which evaluates all four confusion 

matrix quadrants symmetrically (Table 7). 

Table 7. Test results. 

Feature selection 

method 

Classification 

algorithm 

Number of se-

lected features 
Precision Recall F1-score MCC 

Accuracy 

(%) 

No feature selection SVM 82 0.811 0.811 0.811 - 81.10 

Information gain SVM 20 0.8689 0.8673 0.8674 0.7348 86.73 

CFS SVM 10 0.8681 0.8669 0.8670 0.7335 86.69 

 As shown in Table 7, integrating feature selection with SVM substantially improved classifi-

cation performance compared with the 82-feature baseline model, which achieved an accuracy of 

81.10% and an F1-score of 0.8110. From a theoretical perspective, although SVM is a maximum-

margin classifier capable of handling high-dimensional inputs, its decision boundary depends directly 

on inner products or pairwise Euclidean distances across all input coordinates. Examination of Table 3 

and Table 4 reveals that more than one-third of the 82 Howells craniometric variables particularly cra-

nial angles and minor subtenses such as SSA (  = 0.0044, IG = 0.0119), FRS (  = -0.0048, IG = 

0.0119), NBA (  = 0.0053, IG = 0.0120), and WNB (  = -0.0066, IG = 0.0487) exhibit virtually zero 

association with biological sex. When all 82 features are fed into the baseline SVM, these non-

dimorphic attributes act as spherical noise in the kernel space, perturbing pairwise sample distances, 

increasing the number of margin violations (slack variables), and degrading out-of-sample generaliza-

tion [20]. Applying IG–SVM elevated classification accuracy by 5.63 percentage points to 86.73% 

(F1-score = 0.8674, MCC = 0.7348) while compressing the feature space by 75.60% to 20 variables. 

By pruning 62 low-entropy variables, IG–SVM eliminates noisy coordinate axes and enables the SVM 

optimizer to construct a wider, more stable separating margin. 

 After feature selection using IG, accuracy increased to 86.73%, with an F1-score of 0.8674 

and an MCC of 0.7348. IG selects features based on the highest information value related to the target 

variable, retaining the features with the greatest influence on classification. Removing irrelevant at-

tributes improved the data distribution in the vector space, allowing SVM to form a more optimal sep-

arating hyperplane, while the reduced number of features (20) made model training more efficient 

without sacrificing stability. 

 Meanwhile, the CFS–SVM model achieved an accuracy of 86.69%, an F1-score of 0.8670, 

and an MCC of 0.7335 using only 10 selected features, representing an 87.80% reduction from the 

initial 82 features. A critical comparison between IG–SVM and CFS–SVM justifies why CFS–SVM is 

recommended as the most parsimonious configuration despite IG–SVM achieving a nominally higher 

accuracy by 0.04 percentage points (and a 0.0013 difference in MCC). Across the 30% test partition 

(      crania), a 0.04 percentage-point difference corresponds to fewer than one skull classification 

difference, indicating virtual statistical parity. Cross-referencing Table 3 and Table 4 reveals why this 

parity occurs: the top nine features ranked by Pearson correlation and IG are identical in exact order. 

The additional 10 variables retained by IG–SVM (ranks 11 – 20) exhibit moderate collinearity with 
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the primary facial breadth and cranial vault length dimensions already captured in the 10-feature sub-

set. Therefore, under the principle of parsimony, while IG–SVM represents the highest-scoring model 

in absolute accuracy, CFS–SVM offers the optimal trade-off between predictive power and osteomet-

ric efficiency by halving the required physical measurements without meaningful loss of classification 

reliability [24,30]. 

 Beyond computational efficiency in training time and memory footprint, reducing the required 

input from 82 craniometric variables to 10 – 20 key measurements provides substantial operational 

value in forensic anthropology practice. First, acquiring all 82 Howells craniometric dimensions which 

include intricate facial subtenses, radii, and cranial base angles is labor-intensive, requires specialized 

spreading, sliding, and coordinate calipers, and increases the likelihood of inter-observer measurement 

error [1,3]. Second, forensic skeletal remains recovered from crime scenes or mass disasters are fre-

quently subjected to taphonomic degradation, burning, or postmortem fragmentation, rendering a 

complete 82-variable osteometric profile unattainable [1,2]. By isolating the 10 most informative di-

mensions in the CFS–SVM model, forensic practitioners can focus exclusively on structurally durable 

and highly dimorphic anatomical regions specifically facial breadth, the mastoid process, and vault 

length [4]. These findings also carry direct implications for automated forensic identification systems. 

In modern forensic workflows, osteometric data are increasingly acquired either through digital cali-

pers linked to laboratory information systems or via automated landmark detection on 3D CT and sur-

face scans [2,9]. Embedding the parsimonious 10-feature CFS–SVM model into a forensic decision-

support tool allows rapid, objective sex screening while enabling forensic anthropologists to easily ver-

ify, interpret, and communicate the evidentiary basis of the automated prediction in medicolegal contexts. 

Within the holdout test partition of the Howells dataset, the SVM classifier effectively utilized 

the reduced feature subsets from IG and CFS to achieve stable out-of-sample classification perfor-

mance. Despite these promising results, several limitations of this study must be acknowledged. First, 

the experimental evaluation relied on a single public benchmark repository the Howells craniometric 

dataset. Because patterns of cranial sexual dimorphism vary across contemporary populations due to 

secular change, genetics, and environmental factors [2], high holdout accuracy within the Howells col-

lection does not automatically guarantee cross-population generalization to modern forensic casework. 

Second, model evaluation was conducted using a single 70:30 train-test split rather than repeated strat-

ified cross-validation or external validation on an independent contemporary skeletal collection. Fu-

ture studies should therefore validate the 10-feature CFS–SVM and 20-feature IG–SVM models across 

independent, documented osteometric and CT-derived datasets from diverse geographic regions. 

4. CONCLUSION 

Based on the experimental evaluation on the Howells craniometric dataset (  = 2,524), inte-

grating filter-based feature selection with SVM substantially improved sex classification performance 

while compressing data dimensionality. The baseline SVM model using all 82 craniometric features 

achieved an accuracy of 81.10% and an F1-score of 0.8110. Applying IG (IG–SVM) yielded the high-

est accuracy of 86.73% (F1-score = 0.8674, MCC = 0.7348) using 20 selected features, corresponding 

to a 5.63 percentage-point accuracy gain and a 75.60% reduction in features. Concurrently, the CFS 

(CFS–SVM) model achieved a virtually identical accuracy of 86.69% (F1-score = 0.8670, MCC = 

0.7335) using only 10 selected features, representing a 5.59 percentage-point accuracy gain and an 

87.80% reduction in feature dimensionality. Overall, both IG and CFS effectively isolated the most 

sexually dimorphic craniometric traits (ZYB, JUB, MDH, GOL, FMB, ZMB, MDB, NOL, XML, and 

MAB) while eliminating noisy and collinear measurements. While IG–SVM achieved the highest ab-

solute accuracy, CFS–SVM is recommended as the most operationally efficient configuration because 

it achieves comparable performance with half as many features. In practical forensic classification sys-

tems, cutting the required osteometric input by 87.80% accelerates caliper or CT-based landmark ac-

quisition, accommodates partially fragmented crania where secondary measurements are missing, and 

enables lightweight deployment within computer-assisted forensic decision-support tools. Future re-

search should validate these reduced-feature models across independent contemporary osteometric 

collections using repeated stratified cross-validation, explore systematic hyperparameter optimization 

and hybrid filter-wrapper selection, and integrate the 10-feature CFS–SVM model into a standalone 

forensic decision-support application. 
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