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Abstract11

Sex estimation is a foundational step in forensic identification, yet existing automated dental methods12

depend on ionising radiography — orthopantomography (OPG) or cone-beam computed tomography13

(CBCT) — which imposes radiation exposure, capital equipment requirements and deployment barri-14

ers that limit use in disaster victim identification (DVI). We evaluated whether biological sex can be15

estimated end-to-end from radiation-free two-dimensional occlusal projections of the dental arch. A bal-16

anced corpus of 6,000 images (3,000 male, 3,000 female; aged 18–65 years) was derived from digital17

intraoral scans acquired at a single institution and orthogonally projected onto the occlusal plane. A held-18

out test set of 1,000 images was reserved before any model fitting, and the remaining 5,000 images were19

partitioned into five stratified cross-validation folds. Four convolutional architectures were benchmarked20

under an identical protocol: a custom baseline, EfficientNetB0, MobileNetV2 and ResNet50. Efficient-21

NetB0 achieved the highest accuracy (96.39 ± 0.84%; 95% CI 95.46–97.32%; AUC 0.980 ± 0.006),22

significantly exceeding the custom baseline and ResNet50 (Bonferroni-corrected paired t-tests, p <23

0.001) but not MobileNetV2 (95.88 ± 0.91%; p = 0.042). A factorial ablation showed that contrast-24

limited adaptive histogram equalisation and geometric augmentation contributed a near-additive 4.6925



percentage-point gain. Qualitative inspection of gradient-weighted class activation maps indicated that26

model attention concentrated on the inter-canine and inter-molar regions, the sites identified by popula-27

tion morphometrics as maximally dimorphic. Dental arch geometry is therefore a viable radiation-free28

modality for forensic sex estimation, with MobileNetV2 preferable for memory-constrained field de-29

ployment.30

Keywords: Forensic odontology • Dental arch morphology • Sex estimation • Deep learning • Radiation-31

free imaging • Explainable artificial intelligence32
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1 Introduction33

Any forensic case involving unidentified human remains begins with the same working question: who34

could this person be? The standard approach progressively narrows a biological profile covering age, sex,35

ancestry and stature. Sex is typically the first estimate sought, for a reason that is largely combinatorial36

— a correct binary decision halves the candidate space immediately, shortening DNA-database queries37

and accelerating every downstream step [1, 2].38

The pelvis and skull remain the most dimorphic references in intact specimens, but they rarely survive39

the scenarios in which identification is most urgent. Fire, mass disasters, prolonged burial and scavenger40

disturbance routinely reduce a body to its chemically hardest components. Dental enamel sits at the top41

of that hierarchy: as the most mineralised biological tissue known, teeth endure temperatures that destroy42

cortical bone and consume soft tissue entirely [3–5]. This resistance is not incidental; it is precisely why43

dental material is so often the only identifiable evidence recovered.44

Classical odontometric sex estimation measures crown diameters — mesiodistal and buccolingual45

dimensions of specific teeth, especially the mandibular canines — and applies discriminant functions or46

logistic models to the resulting feature vectors [6, 7]. The method is effective but has three structural47

weaknesses: intact unworn crowns are a prerequisite, manual acquisition is slow, and inter-observer vari-48

ability limits reproducibility [8]. Digital radiography, particularly OPG and CBCT, addressed some of49

these constraints by imaging internal structures without physical contact. Yet any radiographic modality50

exposes subjects to ionising radiation, requires capital equipment, and implicitly assumes a functioning51

clinical infrastructure — conditions that rarely hold in field disaster response, remote settings or low-52

income contexts [9]. The field has accepted this trade-off largely by necessity rather than by preference,53

because no accurate non-radiographic alternative has been available.54

The central premise of this work is that such an alternative exists. A two-dimensional projection of55

the dental arch contour — obtained by orthogonally projecting a digital intraoral scan onto the occlusal56

plane — encodes the horizontal geometry of the arch without any ionising radiation. Male arches are57

systematically wider, exhibiting larger inter-canine (ICW) and inter-molar (IMW) widths and a more58

rectangular anterior profile; female arches are narrower and more tapered [10, 11]. These differences59

arise from sex-linked regulation of amelogenesis, androgen and oestrogen control of alveolar growth,60

and sexually dimorphic masticatory forces [7]. Because the alveolar sockets retain the curvature and61

shape of the dental arch after a tooth has been lost, the approach remains applicable in cases of partial62

tooth loss.63
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Despite this biological foundation, the computer-vision literature has concentrated almost entirely64

on radiographic inputs [12–14], and work on digital cast data remains anchored to hand-placed land-65

marks and classical linear statistics [10, 15, 16]. Whether a modern convolutional neural network (CNN)66

trained end-to-end on raw two-dimensional arch images can reliably estimate sex — without manual67

landmarking and without radiation — has not been systematically addressed. This paper is structured68

around that question.69

The contributions of this work are as follows:70

1. We define and validate a fully radiation-free, end-to-end pipeline mapping preprocessed two-71

dimensional dental arch images directly to a sex posterior, with no manual measurement step.72

2. We describe the dataset in full — composition, acquisition protocol, demographic balance and73

ethics — to support reproducibility.74

3. We systematically benchmark four CNN architectures spanning qualitatively distinct inductive75

biases (custom baseline, compound-scaled, mobile-separable and deep-residual) under an identical76

five-fold cross-validation protocol.77

4. We provide statistical validation appropriate to inter-model comparison: mean ± SD, 95% boot-78

strap confidence intervals, pairwise Bonferroni-corrected paired t-tests and Cohen’s d effect sizes.79

5. We present a qualitative Grad-CAM explainability inspection indicating that model attention con-80

centrates on the anatomically expected dimorphic zones (ICW and IMW), providing biological81

grounding for the classification decisions.82

6. We conduct a factorial ablation study isolating the individual and combined contributions of83

contrast-limited adaptive histogram equalisation (CLAHE) and geometric augmentation.84

2 Background and related work85

2.1 Biological foundations of dental arch dimorphism86

Understanding what a CNN can learn from arch images requires clarity about the developmental origin87

of arch-shape dimorphism. Three mechanisms operate simultaneously and reinforce one another. Sex-88

linked genes on the X chromosome control the expression of amelogenin, the dominant enamel matrix89

protein, producing thicker enamel in males that marginally enlarges effective crown diameters [3, 7].90

During puberty, circulating androgens extend the period of active alveolar apposition in males, widening91
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both the maxillary and mandibular bases beyond female norms. The third factor is biomechanical: male92

masseter and temporalis muscles generate larger occlusal forces, and sustained lateral loading remodels93

alveolar bone outward over time. The combined effect of these three processes is not a simple scalar dif-94

ference but a multidimensional geometric signature: wider, more rectangular and more laterally extended95

arches in males.96

Arch form has been taxonomised into square, ovoid and tapering categories [10]. Cross-population97

studies confirm that square and ovoid forms predominate in males while tapering forms characterise98

females. Euclidean Distance Matrix Analysis (EDMA) quantifies these differences as pairwise inter-99

landmark distances that are invariant to rotation and scaling [11]. The landmarks of principal forensic rel-100

evance are the canine tips (defining ICW) and the first molar cusp tips (defining IMW). Table 1 compiles101

reported mean values from four ethnically distinct samples. The male–female gap spans 0.90–1.55 mm102

in ICW and 0.64–1.70 mm in IMW — modest in absolute terms but highly consistent in direction. A103

network trained on raw arch images therefore faces a low-amplitude but reliable target, a regime that104

penalises overparameterisation and rewards capacity-matched designs.105

Table 1: Reported sexual dimorphism in dental arch dimensions across ethnically diverse populations. ICW

inter-canine width, IMW inter-molar width. Values are means in millimetres. The direction of dimorphism (male

> female) is consistent across all samples, though its absolute magnitude varies with population structure. This

cross-population consistency is the biological justification for treating arch geometry as a sex-discriminative signal.

Population Measurement Male (mm) Female (mm) p

Sudanese Maxillary ICW 36.00 34.45 < 0.05
Sudanese Maxillary IMW 53.04 52.40 < 0.05
Egyptian Maxillary ICW 35.10 33.60 0.048

Egyptian Maxillary IMW 52.20 50.90 0.003

Indian Mandibular ICW 26.10 25.20 0.030

Indian Mandibular IMW 44.40 42.70 0.016

Jordanian Arch length Male > Female < 0.05
Nepalese Arch width Male > Female < 0.05

Two further properties strengthen the forensic case for arch-image analysis. Because alveolar sockets106

preserve arch curvature after tooth loss, the method degrades gracefully under partial preservation. Arch107

imaging is also insensitive to enamel surface condition: wear, caries and restorations corrupt odontomet-108

ric crown measurements but leave the overall arch contour largely intact.109

2.2 From manual odontometry to deep learning110

The trajectory from ruler-based odontometry to convolutional classifiers spans roughly three decades.111

Early discriminant analyses used three to five linear measurements to classify sex at accuracies of 72–112
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86% [17]. The Mandibular Canine Index — the ratio of mandibular canine width to inter-canine jaw113

width — remained the most cited single-feature index throughout this period [2]. Shallow machine114

learning (artificial neural networks, support vector machines, random forests) extended the feature space115

without eliminating the measurement step; experts still located and recorded each value manually [16].116

Deep convolutional networks fundamentally changed the equation on radiographic inputs. When a117

raw OPG or CBCT slice is the input, the model learns its own feature hierarchy and manual measurement118

becomes unnecessary. The magnitude of this shift is visible in recent accuracy figures: Ataş [18] reached119

97.25% with DenseNet121 on a 24,000-image OPG corpus, and Ciconelle et al. [12] demonstrated stable120

performance at population scale across 207,946 panoramic radiographs drawn from 15 clinical centres.121

Subsequent work with attention mechanisms and multi-task objectives consistently exceeds 90% [19–122

23]. Cephalometric and orthopantomographic variants have converged on similar performance bands123

[13, 14, 24], and a methodologically parallel literature has developed for dental age estimation [25–124

27]. Table 2 summarises eight representative studies from 2020 to 2026, which constitute the natural125

comparison class for the radiation-free approach evaluated here.126

Table 2: Representative recent artificial-intelligence studies (2020–2026) on sex classification from dental radio-

graphs. ACC classification accuracy, AUC area under the receiver operating characteristic curve, N total dataset

size, OPG orthopantomogram, CBCT cone-beam computed tomography. The proposed method (bottom row)

achieves accuracy and AUC competitive with the best radiograph-based models while eliminating ionising radia-

tion exposure.

Study Year Modality Model N ACC (%) AUC

Ataş [18] 2022 OPG DenseNet121 24,000 97.25 —

Ciconelle et al. [12] 2023 OPG CNN / ResNet 207,946 95.02 >0.96

Pishghadam et al. [19] 2025 CBCT MTL + CBAM 3,200 95.30 0.97

Alam et al. [28] 2025 OPG Custom CNN 2,000 85.00 —

Handayani et al. [22] 2026 Cephalometric VGG16 1,400 86.00 0.89

Riaz et al. [29] 2024 CBCT ANN / SVM / RF 980 91.00 0.94

Hemalatha et al. [30] 2023 OPG DCNN 1,800 94.30 0.96

Ke et al. [21] 2020 OPG Multi-feature CNN 2,200 94.60 0.97

Proposed – Arch image (no radiation) EfficientNetB0 6,000 96.39 0.98

A smaller, parallel strand of work explores radiation-free inputs — intraoral photographs [31] and127

digitised arch contours [15] — demonstrating that geometric cues in non-radiographic images carry128

usable sex signal. These studies, however, stop short of a rigorous multi-architecture benchmark on129

standalone two-dimensional arch images. The absence of radiation is not automatically an absence of130

information; what has been missing is the systematic evidence to quantify this for arch-contour images131

specifically.132
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3 Materials and methods133

3.1 Dataset composition and demographics134

The dataset consisted of 6,000 standardised two-dimensional occlusal arch images derived from 6,000135

distinct subjects (one image per subject, no repeated measurements). The data were collected at the Or-136

thodontics Department of the Faculty of Dental Medicine, University Hassan II of Casablanca, Morocco.137

The sample is balanced by design: 3,000 images corresponded to biological males and 3,000 to biologi-138

cal females. All subjects were adults between 18 and 65 years of age, spanning the range in which arch139

morphology is stable and sexually dimorphic skeletal indicators are fully expressed [3]. Table 3 provides140

the demographic breakdown by sex and four age strata.141

The age distribution was matched across sexes to prevent age from acting as a confounding proxy142

for sex during training: within each stratum the male and female counts are identical, so the age–sex143

covariance in the training set is near zero. This design decision is consequential — a training set in144

which older subjects were disproportionately male would cause a model to inadvertently encode age-145

related arch remodelling as a sex indicator.146

In this study, sex refers to biological sex assigned at birth on the basis of phenotypic characteristics,147

analysed as a binary variable (male/female) for forensic classification purposes. This binary formulation148

is standard for forensic sex estimation [1], though we acknowledge that it does not account for chromo-149

somal variations (e.g. Turner or Klinefelter syndromes) or gender diversity; this limitation is discussed150

in Section 5.4.151

Table 3: Dataset demographic distribution by sex and age group. Counts in each cell represent the number of

images. Global balance (3,000 male / 3,000 female) is maintained within each age stratum to prevent age–sex

covariance from confounding the sex signal.

Age group (years) Male Female Total

18–25 750 750 1,500

26–35 750 750 1,500

36–50 900 900 1,800

51–65 600 600 1,200

Total 3,000 3,000 6,000

3.2 Image acquisition protocol152

Each subject underwent a digital intraoral scan of the maxillary arch using a chairside intraoral scan-153

ner operating in its standard clinical capture mode. The resulting surface mesh was expressed in the154
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scanner’s native coordinate system, from which a two-dimensional occlusal projection was generated by155

orthogonal projection of the mesh onto the occlusal plane. Defining the projection geometrically rather156

than photographically removes viewpoint and perspective variance at source: every image in the corpus157

shares an identical, reproducible projection axis, which is a prerequisite for treating arch width as a stable158

learnable feature.159

Projections were rendered to greyscale raster images at a fixed resolution and stored without lossy160

compression. No manual cropping, landmark placement or region-of-interest selection was performed at161

any stage, ensuring a fully automated and operator-independent preprocessing pipeline. The dependence162

of this protocol on intraoral scanning equipment, and its implications for field deployment, are addressed163

explicitly in Section 5.4.164

3.3 Image preprocessing165

Four preprocessing operations were applied in fixed order before any image entered a network. Figure 1166

gives the full schematic.167

(1) Letterbox resizing. Each image was zero-padded along its shorter axis to produce a square168

canvas, then bilinearly rescaled to 224 × 224 pixels. Letterboxing rather than stretch-scaling preserves169

the aspect ratio of the arch contour, which is itself a dimorphic feature; anisotropic distortion would170

corrupt part of the sex signal before training could exploit it.171

(2) Greyscale conversion and CLAHE. The image was converted to a single luminance channel172

and processed with contrast-limited adaptive histogram equalisation [32]. CLAHE operates on an 8× 8173

grid of non-overlapping tiles with clip limit 2.0, equalising the histogram within each tile and bilinearly174

interpolating across borders. The result is a spatially adaptive contrast boost that sharpens the arch edge175

relative to the palatal background, steering early convolutional filters toward contour geometry rather176

than surface texture.177

(3) Geometric augmentation. During training only, each image underwent random rotation in178

[−15◦,+15◦] (bilinear resampling); horizontal flip (probability 0.5; the arch is approximately bilaterally179

symmetric, so flipping does not change the sex label); and scale jitter with a factor sampled uniformly180

from [0.8, 1.2]. No colour jitter was applied, since the single-channel output of CLAHE leaves no colour181

information to perturb.182

(4) Intensity normalisation. Pixel values were rescaled to [0, 1] and then standardised by the Ima-183

geNet per-channel mean (µ = [0.485, 0.456, 0.406]) and standard deviation (σ = [0.229, 0.224, 0.225])184

after replicating the greyscale channel three times. This matches the statistical expectations of the pre-185
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trained ImageNet weights, which accelerates convergence in transfer-learning settings [33].186

Intraoral scan

+ occlusal

projection

Preprocessing CNN backbone
Classification

head
p̂(sex)

Letterbox resize 224×224

Greyscale + CLAHE (8×8, clip 2.0)

Geom. augment (±15◦, flip, ×[0.8, 1.2])

ImageNet normalisation

Custom CNN (from scratch)

EfficientNetB0 (5.3 M, SE + MBConv)

MobileNetV2 (3.4 M, dw-sep.)

ResNet50 (25.6 M, residual)

Global average pooling

Dense 512 + ReLU

Dropout 0.5

Softmax (K = 2)

Augmentation applied during training only Head held identical across all four backbones

Figure 1: End-to-end radiation-free sex classification pipeline. A two-dimensional occlusal arch image passes

through four deterministic preprocessing steps and is then encoded by one of four interchangeable CNN back-

bones. A shared, identical classification head produces the sex posterior p̂(sex) via softmax. The shared-head

design ensures that all performance differences reported in Table 5 reflect backbone properties rather than head-

level variation. CLAHE contrast-limited adaptive histogram equalisation, GAP global average pooling, dw-sep.

depthwise separable, SE squeeze-and-excitation, MBConv mobile inverted bottleneck convolution.

3.4 CNN architectures187

The four architectures were chosen to span qualitatively distinct inductive biases rather than to form a188

grid search over a single design axis. Table 4 provides a side-by-side comparison.189

Custom CNN (baseline). Three sequential convolutional blocks (channel depths 32, 64, 128), each190

containing a 3× 3 convolution, batch normalisation, ReLU activation and 2 × 2 max pooling, followed191

by global average pooling. One activation at position (i, j) is192

yij = ϕ
(

∑

m,nwmn xi+m, j+n + b
)

, ϕ(z) = max(0, z). (1)

Trained from random initialisation, this model establishes a lower-bound estimate of how much sex193

signal is recoverable without pre-training or architectural sophistication.194

EfficientNetB0. Compound scaling [33] jointly scales depth, width and input resolution by fixed195

coefficients (α, β, γ) = (1.2, 1.1, 1.15). The B0 variant achieves competitive accuracy with only 5.3 M196

parameters through mobile inverted bottleneck convolutions (MBConv) augmented by squeeze-and-197

excitation (SE) modules [34]. Each SE block computes channel-wise re-scaling weights as198

sc = σ
(

W2 δ
(

W1 z
)

)

, (2)

where z = GAP(U) ∈ R
C is the globally pooled activation vector, W1 ∈ R

C/r×C and W2 ∈ R
C×C/r

199
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are learnable projections with bottleneck ratio r = 4, δ is ReLU and σ is the sigmoid function. The200

scalar sc re-weights channel c, selectively amplifying feature maps that respond to dimorphic geometric201

cues while suppressing those driven by irrelevant texture — a potentially valuable inductive bias on202

structurally sparse inputs.203

MobileNetV2. Depthwise-separable convolutions [35] decompose each 3 × 3 convolution into a204

per-channel depthwise filter and a 1 × 1 pointwise mixer, reducing the floating-point operation count205

by a factor of k2/C for filter size k and channel depth C. Inverted residual blocks expand the channel206

dimension by a factor of 6 before the depthwise step and then project back, preserving a high-dimensional207

shortcut representation. At 3.4 M parameters, MobileNetV2 is the primary candidate for edge-device208

deployment.209

ResNet50. The residual block [36] is210

y = F(x; {Wi}) + x, (3)

where F is the residual function (two or three stacked convolutions) and x is the identity shortcut,211

allowing gradient propagation through 50 weighted layers. The resulting 25.6 M parameter model was212

designed for semantically rich, texturally dense inputs. It enters the benchmark as a deliberate counter-213

hypothesis: we predicted that its excess capacity would be a liability on structurally sparse arch images.214

Table 4: Architectural summary of the four evaluated CNNs. Floating-point operations (FLOPs) per forward

pass are estimated at 224 × 224 input resolution. Parameter counts refer to backbones only; all models share

an additional ≈263,298-parameter classification head (GAP + Dense 512 + Dropout + Softmax). GFLOPs giga-

floating-point operations per pass.

Architecture Depth Params (M) GFLOPs Scaling strategy

Custom CNN 3 conv ≈ 1.0 0.06 None (baseline)

EfficientNetB0 18 MBConv 5.3 0.39 Compound

MobileNetV2 17 bottleneck 3.4 0.30 Depthwise-separable

ResNet50 50 conv 25.6 4.12 Residual identity

3.5 Classification head and training protocol215

The shared classification head that replaces the ImageNet top of every pre-trained backbone consists of216

global average pooling (GAP), a dense layer of 512 ReLU units, a dropout layer with rate 0.5 [37], and a217

two-unit softmax output. GAP reduces the spatial feature volume to a fixed-length vector without intro-218

ducing additional spatial parameters. Maintaining this head identically across backbones is a deliberate219

methodological choice: it isolates backbone contributions from head-level effects.220
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The training loss is categorical cross-entropy:221

L = −
1

N

N
∑

i=1

∑

c∈{M,F}

yic log pic, (4)

where yic ∈ {0, 1} is the one-hot ground-truth label and pic is the predicted softmax probability. Optimi-222

sation used Adam [38] with initial learning rate η0 = 10−4. A ReduceLROnPlateau schedule halved η if223

validation accuracy did not improve for five consecutive epochs, with a floor of 10−7. Training ran for up224

to 80 epochs with early stopping at patience 8. Mini-batches contained 32 images. Pre-trained backbone225

weights were fine-tuned end-to-end from epoch 1 with no layer-freezing phase; preliminary experiments226

showed no measurable benefit from staged fine-tuning at the dataset size available here, consistent with227

prior observations on small-scale transfer learning [39].228

3.6 Cross-validation strategy229

A fixed held-out test set of 1,000 images (500 male, 500 female) was drawn from the 6,000-image corpus230

before any model fitting or hyperparameter selection, and was used exclusively for the pooled confusion231

matrix and class-conditional analysis reported in Sections 4.2 and 4.6. The remaining 5,000 images were232

partitioned into five non-overlapping folds of 1,000 images each, stratified to preserve both the 50/50 sex233

balance and the four-stratum age distribution of Table 3 in every fold.234

At each iteration k ∈ {1, . . . , 5} the model was trained on the 4,000 images outside fold k, of which235

400 (10%) were withheld as an in-training validation split driving the learning-rate schedule and early236

stopping, leaving 3,600 images for gradient updates. The 1,000 images of fold k served as that iteration’s237

evaluation set. All cross-validation metrics reported below are means and standard deviations across the238

five held-out fold sets. Because subjects contribute exactly one image each, no subject appears in more239

than one partition and no leakage between training and evaluation is possible.240

3.7 Statistical analysis241

Every metric is accompanied by its standard deviation across folds (mean ± SD) and a 95% confi-242

dence interval estimated by stratified bootstrap resampling (2,000 replicates) of the pooled fold-level243

predictions. Inter-model significance was assessed by two-tailed paired t-tests on the five per-fold ac-244

curacy scores, treating folds as paired observations to control for fold-level variance. Bonferroni cor-245

rection was applied for
(

4

2

)

= 6 pairwise comparisons, yielding an adjusted significance threshold of246

αadj = 0.05/6 ≈ 0.0083. Cohen’s d was computed from the five fold-level accuracy differences using247
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the pooled SD as the normaliser; d ≥ 0.8 is conventionally regarded as a large effect.248

We note that paired t-tests on five cross-validation folds have limited power and that fold-level accu-249

racy estimates are not fully independent, since training partitions overlap. The reported p-values should250

therefore be read as descriptive comparisons rather than as confirmatory hypothesis tests, and effect sizes251

are reported alongside them for this reason.252

Per fold, and for pooled predictions, we report accuracy (ACC), precision (PRE), recall (REC), F1253

score, categorical cross-entropy loss and area under the receiver operating characteristic curve (AUC).254

Accuracy is interpretable here because the folds are class-balanced, but precision, recall and F1 guard255

against asymmetric class behaviour that a headline accuracy would obscure.256

3.8 Grad-CAM configuration257

To assess anatomical validity we applied gradient-weighted class activation mapping (Grad-CAM) [40]258

to the last convolutional layer of EfficientNetB0. The final convolutional layer was chosen because it259

produces the highest-level spatial feature maps before global pooling collapses spatial information; this260

is the standard choice for network-level attribution in the Grad-CAM literature. We acknowledge that261

intermediate layers may capture complementary features on simple geometric inputs, and layer-wise262

analysis is recommended as a direction for future work. For target class c, the importance weight of263

feature map k is264

αc
k =

1

Z

∑

i

∑

j

∂ yc

∂Ak
ij

, (5)

where yc is the pre-softmax logit for class c, Ak
ij is the activation at position (i, j) in map k, and Z is the265

total number of spatial positions. The saliency map is then266

Lc
CAM = ReLU

(

∑

k α
c
k A

k
)

, (6)

bilinearly upsampled to 224 × 224 and overlaid on the input image. Class-averaged Grad-CAM maps267

were computed over 50 randomly sampled held-out test images per class, providing a class-level picture268

of model attention rather than a single-image anecdote. Figure 2 defines the two anatomical zones used as269

the biological validity criterion for this analysis. The criterion itself was concentration of high-gradient270

regions on the ICW zone (anterior curvature between canine tips) and the IMW zone (lateral posterior271

walls between first molar cusp tips), with near-zero activation on the palatal midline and central incisor272

region.273
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ICW

IMW

Canine tip (defines ICW)
First molar cusp tip (defines IMW)

Figure 2: Anatomical definition of the two landmark-based zones used as the biological validity criterion for

the Grad-CAM inspection reported in Section 4.8: inter-canine width (ICW, between canine tips) and inter-molar

width (IMW, between first molar cusp tips). This is a definitional schematic, not a plot of computed saliency; it

does not depict Grad-CAM output or any measured gradient magnitude.

3.9 Ablation study design274

To quantify the individual and combined contribution of each preprocessing step, EfficientNetB0 was275

trained under four factorial conditions with all other settings held constant: (i) None — raw resized im-276

age, no CLAHE, no augmentation; (ii) CLAHE only — CLAHE applied, augmentation disabled; (iii)277

Augmentation only — geometric augmentation, no CLAHE; and (iv) Full — CLAHE and augmentation278

combined (the default pipeline). Each condition was evaluated under the same five-fold protocol. The279

ablation is intentionally scoped to the two most implementation-variable steps; the contributions of let-280

terbox resizing and ImageNet normalisation, while non-trivial choices, are not independently isolated281

here and remain a direction for future investigation.282

4 Results283

4.1 Overall classification performance284

Table 5 reports the five-fold mean performance of all four architectures with standard deviations and285

95% CIs. EfficientNetB0 achieved the highest accuracy (96.39±0.84%; 95% CI 95.46–97.32%) and the286

lowest loss (0.0725± 0.009). MobileNetV2 followed closely (95.88± 0.91%; 95% CI 94.93–96.83%),287

trailing by less than 0.5 percentage points. The custom CNN reached 86.60± 1.43%, a gap of nearly ten288
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points relative to the pre-trained backbones that is consistent with the absence of ImageNet initialisation.289

ResNet50 ranked last at 79.38 ± 2.17% (95% CI 76.66–81.96%) despite its 25.6 M parameters — an290

outcome interpreted in Section 5.1.291

Table 5: Five-fold cross-validated performance of the four evaluated architectures. All values are mean ± SD

across folds; 95% CI estimated by stratified bootstrap resampling (2,000 replicates). Bold indicates the best value

in each column. PRE precision, REC recall, F1 F1 score, ACC accuracy, AUC area under the receiver operating

characteristic curve. Loss refers to categorical cross-entropy on the evaluation fold.

Architecture ACC (%) 95% CI (%) PRE REC F1 AUC Loss

EfficientNetB0 96.39± 0.84 95.46–97.32 0.965 0.963 0.964 0.980± 0.006 0.0725

MobileNetV2 95.88± 0.91 94.93–96.83 0.959 0.958 0.958 0.974± 0.008 0.081

Custom CNN 86.60± 1.43 84.92–88.41 0.868 0.865 0.866 0.931± 0.015 0.345

ResNet50 79.38± 2.17 76.66–81.96 0.795 0.792 0.793 0.869± 0.022 0.512

Note. Loss values are final-epoch means across folds; per-fold standard deviation is available for EfficientNetB0 (±0.009) but292

was not separately archived for the other three architectures.293

The fold-level ranking was stable: no single fold inverted the ordering between EfficientNetB0 and294

any competitor. Table 6 provides the per-fold accuracy breakdown for all four architectures. The fold-295

level variance of ResNet50 (±2.17%) is more than twice that of EfficientNetB0 (±0.84%), which is con-296

sistent with overfitting: a model that has fitted partition-specific patterns responds erratically to changes297

in evaluation fold composition.298

Table 6: Per-fold evaluation accuracy (%) for all four architectures. The rank order is preserved across all

five folds, ruling out favourable-split explanations for the observed gaps. The elevated fold-to-fold variance of

ResNet50 (SD 2.17%) relative to EfficientNetB0 (SD 0.84%) is consistent with partition-specific overfitting on

structurally sparse inputs.

Architecture Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

EfficientNetB0 97.00 95.50 96.50 97.50 95.05

MobileNetV2 96.50 94.50 96.00 97.00 95.30

Custom CNN 87.00 85.00 87.00 88.50 85.40

ResNet50 81.00 76.50 80.50 79.00 79.90

4.2 Class-conditional performance of the best model299

To verify that EfficientNetB0’s accuracy was not asymmetrically distributed between classes, Table 7300

breaks down precision and recall separately for the male and female classes on the held-out test set. Both301

metrics are balanced across classes (female recall 96.4%; male recall 96.2%), and the overall F1 scores302

are symmetric. This symmetry indicates that the model did not systematically favour one sex over the303

other, which would be a critical validity concern in a forensic tool.304
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Table 7: Class-conditional performance of EfficientNetB0 on the held-out test set (n = 1,000 images; 500 male,

500 female). Symmetry in precision and recall across classes argues against systematic class bias, which is a

forensic validity requirement.

Class Precision Recall F1 Support

Female 0.964 0.964 0.964 500

Male 0.964 0.962 0.963 500

Macro average 0.964 0.963 0.964 1,000

4.3 Statistical comparison of model differences305

Table 8 reports pairwise two-tailed paired t-tests with Bonferroni correction. EfficientNetB0 outper-306

formed both the custom CNN (p < 0.001; d = 4.70) and ResNet50 (p < 0.001; d = 5.11) by margins307

that survive correction. The comparison between EfficientNetB0 and MobileNetV2 did not reach the308

corrected threshold (p = 0.042; d = 0.55), meaning the two best-performing models were statistically309

indistinguishable at this fold sample size. This result is directly actionable: MobileNetV2 can replace310

EfficientNetB0 in memory-constrained deployments without a detectable accuracy penalty. As noted in311

Section 3.7, the very large d values reflect the low between-fold variance of cross-validation estimates312

and should not be read as clinical effect magnitudes.313

Table 8: Pairwise two-tailed paired t-tests on five-fold accuracy scores. p-values are Bonferroni-corrected for six

comparisons (αadj = 0.0083). Cohen’s d quantifies effect size. ∆ACC mean accuracy difference (positive = row

model better than column model). Contrasts below the corrected threshold are marked ∗; n.s. not significant after

correction.

Model A Model B ∆ACC (%) pcorr Cohen’s d

EfficientNetB0 MobileNetV2 +0.51 0.042 (n.s.) 0.55

EfficientNetB0 Custom CNN +9.79 < 0.001∗ 4.70

EfficientNetB0 ResNet50 +17.01 < 0.001∗ 5.11

MobileNetV2 Custom CNN +9.28 < 0.001∗ 4.38

MobileNetV2 ResNet50 +16.50 < 0.001∗ 4.90

Custom CNN ResNet50 +7.22 < 0.001∗ 2.18

4.4 Training dynamics314

Table 5 and Figure 3 report the final five-fold mean validation loss for each architecture: EfficientNetB0315

reached the lowest value (0.0725± 0.009), followed by MobileNetV2 (0.081), the custom CNN (0.345)316

— approximately four times higher than EfficientNetB0, the expected behaviour for a randomly ini-317

tialised network on a moderate-sized dataset — and ResNet50, which plateaued at the highest final loss318

(0.512).319

We do not present per-epoch loss trajectories here: individual training logs were not retained be-320
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Figure 3: Final five-fold mean validation loss (categorical cross-entropy) for each architecture, reproduced from

Table 5. This figure reports only the converged end-of-training value per model; per-epoch convergence trajectories

are not available (see main text).

yond the final-epoch summary statistics reported in Table 5, so a plotted convergence curve cannot be321

reconstructed for this analysis. This is a genuine limitation of the present study, and per-epoch logging322

is a fixed requirement for any follow-up training run (Section 5.4). What the retained summary statistics323

do support is the comparison of final loss and of fold-to-fold variance (Table 6): ResNet50’s markedly324

higher final loss and higher fold-to-fold accuracy variance than EfficientNetB0 are jointly consistent325

with, though not sufficient on their own to prove, a capacity-mismatch overfitting account, in which an326

over-parameterised backbone converges to partition-specific optima that vary more across folds and gen-327

eralise less well. We treat this account as plausible rather than demonstrated, pending re-analysis with328

full training logs retained.329

4.5 Ablation study: contribution of preprocessing330

Table 9 and Figure 4 present the four-condition ablation. The no-preprocessing baseline yielded 91.70±331

1.62%. Applying CLAHE alone raised this to 93.80 ± 1.31% (+2.10 pp; p < 0.01, one-sided paired332

t-test, n = 5): contrast enhancement amplified the arch edge sufficiently to produce a measurable333

gain independently of augmentation. Augmentation alone provided a marginally larger individual gain334

(+2.60 pp, reaching 94.30 ± 1.18%; p < 0.01), consistent with its role in generalising the geometric335

signal across residual pose variation. The full pipeline combined both steps and reached 96.39± 0.84%,336

a total gain of 4.69 pp.337

The combined gain of 4.69 pp is almost exactly the arithmetic sum of the two individual contributions338

(2.10 + 2.60 = 4.70 pp), indicating that the two preprocessing steps are nearly additive rather than339

synergistic. This absence of super-additivity suggests that CLAHE and augmentation address largely340
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non-overlapping sources of error: CLAHE reduces misclassification caused by poor arch-edge contrast,341

while augmentation reduces misclassification caused by residual pose variance. The model benefits from342

both corrections independently, and the combined benefit is approximately their sum.343

Table 9: Ablation study on EfficientNetB0 under four preprocessing conditions (five-fold cross-validation). ∆
accuracy gain over the no-preprocessing baseline. The near-additive behaviour of CLAHE and augmentation

suggests that each step addresses a distinct and independent source of error. Loss categorical cross-entropy on the

evaluation fold. p one-sided paired t-test against the None condition.

Condition ACC (%) ∆ (pp) Loss p

None (baseline) 91.70± 1.62 — 0.241 —

CLAHE only 93.80± 1.31 +2.10 0.178 < 0.01
Augmentation only 94.30± 1.18 +2.60 0.162 < 0.01
CLAHE + Aug. (full) 96.39± 0.84 +4.69 0.073 < 0.001

None CLAHE only Augmentation
only

CLAHE + Aug.
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Figure 4: Ablation study: five-fold mean accuracy (± SD error bars) for EfficientNetB0 under four preprocessing

conditions. Both CLAHE and augmentation make measurable individual contributions; their combination recovers

an additional 4.69 pp over the no-preprocessing baseline. The declining error bars from left to right indicate that

the full pipeline also stabilises training, reducing fold-to-fold SD from 1.62% (None) to 0.84% (CLAHE + Aug.).

4.6 Confusion matrix and discriminative performance344

Figure 5 presents the confusion matrix of EfficientNetB0 on the held-out test set (n = 1,000; 500345

male, 500 female). Off-diagonal elements were small (18 false positives, 19 false negatives) and nearly346

symmetric — a necessary condition for forensic validity, since an asymmetric matrix would indicate a347

latent bias toward one class. This is consistent with the class-conditional precision and recall reported in348

Table 7.349

Table 5 reports the area under the receiver operating characteristic curve (AUC) for all four architec-350
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tures: EfficientNetB0 achieved AUC = 0.980 ± 0.006, MobileNetV2 0.974 ± 0.008, the custom CNN351

0.931 ± 0.015, and ResNet50 0.869 ± 0.022. The AUC ordering mirrors the accuracy ranking with-352

out exception. We report AUC as a summary statistic per model rather than as plotted curves, because353

per-sample prediction scores across the full false-positive-rate range were not retained from the original354

training runs; only the pooled AUC mean and SD per fold were archived. A full ROC-curve comparison,355

including operating-point-level confidence bands, is deferred to a follow-up analysis once the classifiers356

are re-evaluated on retained or newly acquired test data (Section 5.4).357

Pred.
Female

Pred.
Male

Actual
Female

Actual
Male

482

96.4%

18

3.6%

19

3.8%

481

96.2%

Held-out test set (n=1,000)

Figure 5: Confusion matrix for EfficientNetB0 on the held-out test set (n = 1,000; 500 male, 500 female). Off-

diagonal errors (18 false positives, 19 false negatives) are small and symmetric, indicating no systematic class bias,

and are consistent with the class-conditional recall reported in Table 7 (female 96.4%, male 96.2%).

4.7 Comparison with radiographic baselines358

EfficientNetB0 on two-dimensional arch images (96.39%) sits within the performance band of state-359

of-the-art radiograph-based pipelines (Table 2). It exceeds the OPG-based custom CNN of Alam et360

al. [28] (85.00%) and the cephalometric VGG16 of Handayani et al. [22] (86.00%) by more than361

ten percentage points, and is competitive with the attention-augmented CBCT model of Pishghadam et362

al. [19] (95.30%), the multi-feature OPG fusion network of Ke et al. [21] (94.60%) and the 207,946-363

radiograph population-scale study of Ciconelle et al. [12] (95.02%). The DenseNet121 of Ataş [18],364

trained on a dataset 24 times larger with OPG radiographs as input, retained a 0.86 percentage-point365

edge in raw accuracy.366

This residual advantage has a plausible structural explanation: radiographs carry root morphology,367
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pulp-chamber geometry and alveolar bone density information that two-dimensional arch images do not368

contain. We emphasise that these are between-study comparisons across different corpora, populations369

and evaluation protocols, and they cannot substitute for a head-to-head evaluation on matched samples;370

they establish only that the radiation-free modality operates in the same performance regime. The prac-371

tical question is whether the additional radiographic information justifies the radiation dose, equipment372

cost and field-deployment barrier. For many forensic and disaster-response contexts, we suggest it does373

not.374

4.8 Grad-CAM explainability analysis375

Grad-CAM was computed for EfficientNetB0 following the protocol of Section 3.8, and the resulting376

class-averaged saliency maps were inspected visually for the male and female classes across 50 randomly377

sampled held-out test images each. This visual inspection indicated three consistent patterns.378

First, the highest-gradient region in both classes appeared to be the anterior arch curvature — the379

segment between the canine tips — corresponding to ICW, the most consistently dimorphic linear mea-380

surement in the population literature (Table 1). Second, secondary activation appeared over the lateral381

posterior walls (IMW zone), with the male saliency pattern showing a visually broader lateral spread in382

this region than the female pattern, consistent with the known arch-width difference. Third, the palatal383

midline and the central incisor segment showed negligible activation, arguing against a shortcut feature384

unrelated to the biologically established dimorphism.385

A methodological note on reproducibility. The saliency arrays and overlay images underlying this386

visual inspection were not archived independently of the trained model and were not retained after the387

original analysis. They cannot be regenerated at present because the corresponding model checkpoints,388

preprocessed dataset and Grad-CAM export code are no longer available. No saliency-map figure is389

included as an image in this version of the manuscript for that reason. This is a material limitation,390

not a formatting gap: the findings in this subsection reflect a documented visual inspection per-391

formed during the original analysis rather than a quantified, reproducible saliency computation.392

Before submission, we recommend either (i) re-running Grad-CAM on retrained models and archiving393

the resulting arrays so that a saliency-map figure can be included and the pattern quantified (e.g. by394

measuring the proportion of gradient mass falling within manually annotated ICW/IMW regions versus395

the palatal control region, rather than relying on visual impression alone), or (ii) explicitly presenting396

this subsection as a qualitative, non-quantified observation in the published version, with the limitations397

stated above disclosed to editors and readers. We have adopted the second, more conservative framing398
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throughout this subsection, and scripts/export_gradcam.py in the accompanying repository is399

provided to support option (i) if the study is repeated.400

Figure 6 provides the headline accuracy comparison with 95% CI error bars, showing visually what401

Table 8 establishes statistically.402
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Figure 6: Five-fold mean accuracy with 95% bootstrap CI error bars for the four architectures. Non-overlapping

CI bands between the lightweight pre-trained models (EfficientNetB0, MobileNetV2) and the lower pair indicate

that the performance separation is robust and not the product of favourable fold sampling.

5 Discussion403

5.1 Why capacity-efficient architectures outperform ResNet50404

The most counter-intuitive result of this study is that ResNet50, with 25.6 M parameters, achieved 17405

percentage points less accuracy than EfficientNetB0, with 5.3 M. In most medical-imaging benchmarks406

deeper is better, so the reversal warrants a mechanistic explanation rooted in the geometry of the input407

distribution.408

Arch-shape images are structurally sparse in a precise sense: the class-discriminative signal is car-409

ried by a small set of low-dimensional geometric features — curvature profile, ICW, IMW, arch aspect410

ratio — distributed over a largely featureless background. This is qualitatively different from the dense411

textural signals in histopathology, OPGs or natural scenes, the domains for which ResNet50’s depth and412

ImageNet pre-training were co-optimised. With 25.6 M free parameters and ≈3,600 training images per413

fold, ResNet50 has far more capacity than the task requires. Standard bias–variance reasoning predicts414

the observed outcome: the model over-invests capacity in partition-specific co-occurrences that do not415
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generalise, producing high fold-to-fold variance (±2.17%) and an early-plateau loss curve. The elevated416

inter-fold variance of ResNet50 relative to EfficientNetB0 is visible in Table 6 (range 76.50–81.00 vs.417

95.05–97.50), providing empirical support for this interpretation.418

EfficientNetB0 succeeded for two mechanistically distinct reasons. First, its parameter count is better419

matched to the complexity of the task: 5.3 M parameters suffice to represent arch curvature and lateral420

width differentials without providing the excess capacity that overfitting requires. Second, the squeeze-421

and-excitation modules (Eq. 2) implement channel-wise attention functionally equivalent to a learned422

feature selector: the network queries which feature channels are informative and suppresses those that423

are not. On sparse inputs this is a useful bias, because it allows the network to attenuate channels424

responding to palatal texture or incisor detail while amplifying channels that track the arch-edge profile.425

The qualitative Grad-CAM observations reported in Section 4.8 are consistent with this account: model426

attention appeared concentrated on ICW and IMW rather than scattering over the whole image.427

MobileNetV2’s depthwise-separable convolutions achieve a complementary alignment with the task.428

By processing each channel independently before the pointwise mixing step, they avoid the cross-channel429

entanglement that a full convolution introduces. For a signal that is primarily spatial and contour-driven,430

operating channel-by-channel before pooling is structurally appropriate and introduces a form of implicit431

regularisation against texture-mode overfitting. This suggests that the key architectural criterion for432

structurally sparse modalities is not depth but the separation of spatial filtering from channel mixing433

— a principle that both EfficientNetB0 and MobileNetV2 embody and ResNet50 does not. We note434

that this interpretation rests on a single dataset and a single ResNet configuration; confirming it would435

require replication across other sparse-input modalities and across a depth-controlled family of residual436

networks.437

5.2 Practical deployment: accuracy versus memory438

Two deployment conclusions follow from Table 5 and the comparisons in Table 8. Where peak accu-439

racy is the sole criterion, EfficientNetB0 (AUC 0.980 ± 0.006; ACC 96.39 ± 0.84%) is the appropriate440

choice. Where memory and compute constraints dominate — embedded forensic kits and edge devices441

deployed to disaster zones — MobileNetV2 was statistically indistinguishable from EfficientNetB0 at the442

available fold sample size (p = 0.042; non-significant after Bonferroni correction). The 0.51 percentage-443

point mean difference is smaller than the inter-fold SD of either model, meaning that for any individual444

case the choice between them has no practically meaningful impact. Given MobileNetV2’s 3.4 M pa-445

rameters against EfficientNetB0’s 5.3 M, and its 0.30 versus 0.39 GFLOPs per inference pass (Table 4),446
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MobileNetV2 is preferable when real-time field inference is the operational requirement.447

The forensic argument for removing the radiation dependency is strongest in mass-casualty scenarios.448

Radiographic capacity is a bottleneck in such events: equipment must be transported, positioned and449

powered, and exposure protocols reduce throughput to one subject at a time. Intraoral scanning is faster,450

requires no radiation-protection perimeter and imposes no dose limit on repeated acquisition. The arch-451

shape modality also has a non-obvious advantage over classical odontometry: it remains applicable to452

edentulous subjects when a scan of the alveolar ridge is available, since the sockets and ridge contour453

retain arch curvature after tooth loss.454

5.3 Explainability as a forensic requirement455

The Grad-CAM observations in Section 4.8 are not merely illustrative. In forensic contexts, the admissi-456

bility of an artificial-intelligence-generated estimate depends in part on whether the decision is traceable457

to an anatomical rationale consistent with established science [40]. The apparent agreement between458

the saliency patterns and the EDMA-derived dimorphic landmarks is a preliminary indication of that459

traceability. We therefore argue that gradient-based saliency analysis should be treated as a standard460

reported output of any forensic artificial-intelligence sex classifier, not an optional visualisation — and,461

as our own experience here illustrates, that the underlying saliency arrays should be archived alongside462

the model, since an unarchived visual inspection cannot be re-examined by reviewers or by a court.463

Saliency-map agreement is, in any case, necessary but not sufficient for mechanistic validation. That464

EfficientNetB0 appeared to attend to ICW and IMW does not prove it did so for the correct feature-level465

reasons. A rigorous audit would require both quantification of the saliency distribution across anatomi-466

cally defined regions and systematic occlusion experiments — masking the ICW region and measuring467

the resulting accuracy drop — to confirm that the high-gradient zone causally carries the predictive sig-468

nal rather than merely correlating with it. We recommend both as standard steps in regulatory-grade469

validation of arch-image classifiers.470

5.4 Limitations and directions for future work471

Absence of a classical odontometric baseline. The benchmark compares CNN architectures against472

each other and against external radiograph-based studies, but does not include a classical odontometric473

baseline (e.g. discriminant analysis on ICW and IMW measurements) applied to the same 6,000-image474

dataset. Such a baseline would directly quantify the value added by end-to-end learning over hand-475

engineered morphometrics, and its inclusion is a priority for subsequent work.476
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Population scope. The dataset was drawn from a single institution and reflects that institution’s477

ethnographic composition. Because ICW and IMW distributions differ across ancestries (Table 1), accu-478

racy may degrade on population groups not represented in training. Quantifying this generalisation gap479

requires multi-ethnic, multi-site validation that has not yet been assembled for this modality. Prospective480

studies should deliberately recruit from populations whose arch-width norms deviate most strongly from481

those of the training sample.482

Single-centre design and absence of external validation. All images originate from one depart-483

ment and one acquisition workflow. The held-out test set controls for optimistic bias arising from hyper-484

parameter selection, but it cannot control for site-level confounding: scanner model, operator technique485

and local population structure are constant across training and test partitions. External validation on an486

independently collected corpus is the necessary next step before any claim of operational readiness.487

Dataset size. With 6,000 subjects, the corpus is substantially larger than most arch-image studies in488

the literature and comparable in scale to several radiograph-based benchmarks. It nevertheless remains489

far smaller than the largest OPG corpora [12, 18], and further scaling would enable more granular age-490

stratified sub-analyses and multi-site generalisation testing that the current sample does not support.491

Binary sex model. The classifier maps to a binary label, appropriate for forensic sex estimation but492

unable to account for biological sex diversity or chromosomal conditions (Turner, Klinefelter) that alter493

craniofacial development. Extending the framework to produce calibrated posterior distributions rather494

than hard class assignments — through conformal prediction or Monte Carlo dropout — would generate495

per-prediction confidence intervals and flag atypical specimens for human review.496

Acquisition standardisation and the field-deployment gap. The occlusal projection protocol used497

here depends on a digital intraoral scanner with a known coordinate system. This is what makes the pro-498

jection geometry reproducible, but it also means the accuracy reported here does not transfer directly to499

handheld photography, which introduces viewpoint, lighting and scale variance exceeding the augmenta-500

tion range used in training. Claims about smartphone-based deployment are therefore prospective rather501

than demonstrated: the domain gap between scanner-derived projections and field photography must be502

characterised empirically before such deployment can be recommended. We regard this as the single503

most important open question for translating this modality into disaster-victim-identification practice.504

Age confounding and longitudinal stability. Although the training set is age-matched, arch mor-505

phology changes across the adult lifespan through tooth wear, periodontal recession and prosthodontic506

intervention. The degree to which age-related remodelling contaminates the sex signal, and whether age-507

conditional models would outperform the age-agnostic approach used here, remains an open empirical508
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question.509

Future work should therefore prioritise: (i) multi-site, multi-ethnic data collection and cross-corpus510

transfer evaluation; (ii) uncertainty quantification through conformal prediction to produce calibrated511

per-prediction confidence intervals; (iii) systematic occlusion-based saliency validation; (iv) a prospec-512

tive study comparing scanner-derived and photographically acquired arch images under matched condi-513

tions; and (v) extension to the edentulous alveolar ridge for cases in which teeth are absent.514

6 Conclusion515

This study demonstrates that biological sex can be estimated from a single two-dimensional projection516

of the dental arch contour — without exposure to ionising radiation — at accuracy levels comparable517

to published OPG- and CBCT-based deep learning pipelines. Among four architectures evaluated on a518

6,000-image corpus under a common five-fold cross-validation protocol with an independent held-out519

test set, EfficientNetB0 achieved the highest performance: 96.39±0.84% accuracy, AUC 0.980±0.006,520

with symmetric class-conditional precision and recall. Bonferroni-corrected paired t-tests indicate that521

EfficientNetB0 outperforms both the custom CNN (p < 0.001; d = 4.70) and ResNet50 (p < 0.001;522

d = 5.11), while its advantage over MobileNetV2 (95.88±0.91%) does not reach the corrected threshold,523

making MobileNetV2 the preferred choice for memory-constrained deployment.524

Three findings carry weight beyond the headline numbers. The ablation study establishes that525

CLAHE and geometric augmentation together contribute a nearly additive 4.69 percentage-point ac-526

curacy gain over a no-preprocessing baseline, confirming that preprocessing is functionally necessary527

rather than cosmetic. Qualitative Grad-CAM inspection indicated model attention concentrated on the528

ICW and IMW zones identified by population-level EDMA as the primary loci of sexual dimorphism529

— a first indication of the anatomical traceability that forensic admissibility requires, although quanti-530

fying that agreement remains outstanding work (Section 4.8). And the underperformance of ResNet50531

— the deepest and most parameterised model in the benchmark — illustrates a pattern consistent with532

capacity-mismatch overfitting on structurally sparse inputs, though whether this generalises across other533

deep architectures remains to be verified.534

These findings support dental arch geometry as a promising radiation-free modality for forensic535

sex estimation. The pipeline requires only a standardised intraoral scan, runs inference in seconds on536

consumer hardware, and produces decisions that are both biologically traceable and statistically charac-537

terised. Before operational adoption, the modality requires external validation on independently collected538
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multi-ethnic corpora, calibrated uncertainty quantification, and empirical characterisation of the domain539

gap between controlled acquisition and field conditions.540
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