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A B S T R A C T

Background: Sex estimation from human skeletal remains is a cornerstone of forensic anthropological analysis. 
Long bones, despite exhibiting less pronounced dimorphism than pelvis, serve as invaluable substitutes. How
ever, traditional statistical approaches for sex estimation from long bone measurements often lack the precision 
and case-specific reliability demanded by stringent legal standards. This study addresses these critical limitations 
by rigorously exploring the potential of machine learning (ML) to significantly enhance sex estimation from long 
bones.
Methods: We analyzed 16 osteometric measurements from the humerus, radius, femur, and tibia of 2969 in
dividuals (1207 females, 1762 males) across eight skeletal collections. Eleven ML algorithms were trained and 
cross-validated, then validated on an independent South African sample. To address the common issue of 
incomplete remains, we developed an “accuracy x-factors” approach. This method simulates missing data sce
narios and selects tailored training subsets, yielding individualized reliability assessments adapted to specific 
measurement availability.
Results: Linear Discriminant Analysis (LDA) consistently achieved the highest performance, with accuracies up to 
93 %. The “accuracy x-factors” approach proved effective in providing per-individual confidence measures, 
highlighting that prediction reliability varies with data completeness. Adjusting thresholds to higher confidence 
levels (e.g., >0.7) substantially reduced error rates, allowing a conservative yet legally robust classification of a 
smaller but more reliable subset of cases.
Conclusion: ML offers a powerful framework for sex estimation from long bones. The proposed “accuracy x- 
factors” approach introduces a significant methodological advance by delivering transparent, case-specific 
confidence levels. This strengthens both the forensic applicability and the legal admissibility of long bone- 
based sex estimation.

1. Introduction

Forensic anthropology currently navigates an increasingly complex 
landscape, characterized by evolving societal demands and progres
sively rigorous legal frameworks. The discipline is tasked with providing 
robust individual identifications in diverse contexts, ranging from mass 
disasters and migration crises to armed conflicts [1]. Concurrently, 
forensic practitioners must adhere to stringent legal admissibility stan
dards for expert testimony, most notably the Daubert criteria, which 

govern the admissibility of scientific evidence in court [2]. These 
converging pressures underscore the need for developing reliable and 
transparent methodologies for biological profile estimation from skel
etal remains, with sex estimation serving as a foundational component 
[3].

Sex estimation is indeed a pivotal step in forensic anthropological 
analysis [4–7], as it effectively halves the pool of potential identities and 
provides crucial guidance for subsequent estimations of age, stature, and 
population affinity. While DNA analysis remains the gold standard for 
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sex determination, its applicability is often limited by the degradation or 
ancient nature of remains [8], rendering skeletal assessment an indis
pensable tool. Traditionally, the pelvis has been recognized as the most 
reliable skeletal element for sex estimation due to its pronounced sexual 
dimorphism [9]. However, in numerous forensic cases, the pelvis is 
either incomplete or entirely absent, necessitating recourse to alterna
tive skeletal elements.

Among these alternatives, long bones have long been acknowledged 
as valuable indicators of sex, exhibiting a significant degree of sexual 
dimorphism second only to the pelvis. Previous research has extensively 
explored sex estimation using individual long bones [e.g., [10–24] or 
their combinations [e.g., [25–28], predominantly employing traditional 
statistical methods. Yet, these classical approaches often struggle to fully 
capture the intricate complexity of skeletal variation. Crucially, they 
may not meet the high standards of reliability and quantifiable error 
rates demanded by the Daubert criteria for admissibility in legal pro
ceedings. This deficiency highlights a critical gap in current methodol
ogies, particularly when dealing with the inherent variability and 
incompleteness of forensic evidence.

In light of these limitations, Artificial Intelligence (AI) and machine 
learning (ML) algorithms present a highly promising avenue for 
advancing forensic anthropological practices [29]. These sophisticated 
computational techniques excel at detecting subtle patterns within 
complex datasets, offering the potential to significantly enhance both 
the accuracy and reliability of sex estimation from long bone measure
ments. Furthermore, a key advantage of AI and ML methods is their 
inherent ability to provide objective measures of confidence in their 
predictions.

In this study, we adopt a broad and operational definition of “ma
chine learning” that includes both classical statistical classifiers (e.g., 
Linear and Quadratic Discriminant Analysis, Logistic Regression) and 
more recent algorithmic approaches (e.g., Random Forests, Gradient 
Boosting, Support Vector Machines). Although methods such as Linear 
and Quadratic Discriminant Analysis originate from traditional statis
tics, they are here considered part of the machine learning framework 
because they share the same supervised learning paradigm, training 
models from labeled data to predict unseen cases. This inclusive 
perspective aligns with current computational practice in data science 
and forensic applications, as reflected in widely used libraries such as 
scikit-learn in python.

A critical, yet often overlooked, consideration in the application of AI 
to forensic anthropology is the imperative for case-specific reliability 
assessments. While overall model accuracy provides valuable general 
insights, the unique nature of each forensic case demands a more 
nuanced approach. It is essential to determine the accuracy specific to 
each individual case, considering the unique combination of available 
skeletal measurements. This individual-level accuracy assessment be
comes particularly crucial when confronted with incomplete remains or 
missing data, scenarios that are regrettably common in forensic 
contexts.

Moreover, the establishment of appropriate prediction thresholds for 
each case is paramount not only to minimize errors [30] but also to 
ensure compliance with legal standards. By defining a confidence 
threshold below which predictions are deemed unreliable, practitioners 
are empowered to make more informed decisions regarding the appli
cation or withholding of sex estimations based on the available evi
dence. This nuanced approach not only bolsters the overall reliability of 
sex estimation but also provides a clear, quantifiable measure of the 
potential error rate.

In response to these critical considerations, this study aims to vali
date and significantly extend previous research on sex estimation from 
long bones by leveraging advanced AI techniques. We employ a range of 
machine learning classifiers to develop robust predictive models based 
on combined long bone measurements. Our comprehensive approach is 
meticulously designed to address several key considerations: reliability, 
generalizability across diverse populations, transparency of results, and 

practical utility in real-world forensic scenarios. By harnessing the 
power of AI while rigorously adhering to scientific and legal standards, 
we endeavor to develop a reliable and versatile tool for sex estimation in 
forensic anthropology. This research holds substantial potential to 
significantly enhance the field's capacity to provide accurate, legally 
admissible biological profiles in both ongoing forensic investigations 
and archaeological contexts. Ultimately, our overarching goal is to equip 
forensic anthropologists with advanced, transparent tools that not only 
effectively meet the complex challenges of modern casework but also 
rigorously satisfy the stringent requirements of the legal system.

2. Materials and methods

2.1. Data

This study examined four long bones (humerus, radius, femur and 
tibia) from a total sample of 2969 individuals, comprising 1207 females 
and 1762 males. The data was compiled in a common database used for 
model training, incorporating eight distinct collections while adhering 
to ethical standards. An independent test sample from Pretoria (South 
Africa) was utilized for model validation (Table 1).

Among these 7 collections composing our model training sample, 
three originate from French archaeological sites: Laudun, La Ciotat (LC- 
HOP) and Marseille Cimetière des Crottes (MPC). These collections are 
housed at the UMR ADES osteological library in Marseille and the 
"Ostéothèque DRAC PACA." The Goldman dataset, accessible online 
through Dr. Benjamin Auerbach, encompasses postcranial measure
ments from various geographical locations and historical periods. The 
Robert J. Terry Anatomical Collection, housed at the Smithsonian In
stitute's National Museum of Natural History in Washington, D.C., was 
also included. Detailed information on its history and composition can 
be found in the publication by Hunt and Albanese (2005) [31]. Nice 
collection includes 40 individuals who donated their bodies to the 
medical school, in accordance with French legislation permitting do
nations for teaching and research purposes. The Olivier collection is 
housed at the National Museum of Natural History (MNHN) in Paris and 
serves as a pivotal anthropological reference collection. A notable 
feature of this collection is that the majority of the specimens are 
accompanied by detailed biological profiles typically encompassing 
essential data such as the individual's sex, age at the time of death, and 
stature. The Pretoria Bone Collection (PBC) validation sample was a 
stratified random set of 360 individuals, comprising equal representa
tion across sex and ancestry groups [32]. The PBC was established in 
1942 with the foundation of the medical school and reorganized in 2000 
into a research-oriented resource with comprehensive demographic 
documentation. All remains derive from whole-body donations or un
claimed bodies, in accordance with the South African National Health 
Act, and include metadata such as sex, age, cause of death, and popu
lation affinity. For the present study, 360 postcranial skeletons were 
selected to ensure equal representation across sex and ancestry, 
including equal numbers of Black and White South African males and 
females.

The methods used to determine sex in each collection are specified 
here. In the Goldman dataset, sex was estimated using the morpholog
ical methods of Bruzek (2002) [33] and Phenice (1969) [34]. In the 
French archaeological collections (Laudun, LC-HOP, and MPC), sex 
estimation followed the morphological approach of Bruzek (2002) [33]. 
For the Nice, Olivier, Terry and PBC collections, biological sex was 
documented. While some training data relied on estimated-sex collec
tions, all model validation and performance evaluations were conducted 
exclusively on known-sex individuals from the Pretoria Bone Collection, 
ensuring independent assessment.

2.2. Measurements

A total of 16 long bones measurements were selected for this study 
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(Table 2). These measurements followed Martin & Saller (1957) [35]
protocols and included maximum lengths, measurements taken at the 
proximal and distal epiphyses, and at the midshaft of long bones, using 
sliding calipers or osteometric boards. Data were collected on the left 
side of individuals, and if absent, the right side was utilized.

2.3. Classification

In this study, we employed both traditional statistical techniques and 
modern machine learning algorithms for classification. Classical 
discriminant analysis represents a parametric statistical method that 
assumes specific data distributions and uses analytical decision bound
aries derived from estimated parameters. In contrast, more recent Ma
chine Learning approaches (such as Random Forests or Support Vector 
Machines) are non-parametric and rely on computational learning from 
data patterns without requiring explicit model assumptions.

Throughout the manuscript, we therefore use the term “Machine 
Learning” to encompass both classical methods like LDA and contem
porary algorithmic approaches, emphasizing their shared data-driven, 
predictive nature while distinguishing them from purely descriptive 
statistical methods.

Eleven classification algorithms provided by the scikit-learn library 
for Python [36] were utilized: Logistic Regression (LR), Decision Tree 
(DT), Support Vector Machine (SVM), Gaussian Process (GP), Gradient 
Boosting (GB), Random Forest (RF), Extra Trees (ET), Gaussian Naive 
Bayes (GNB), Linear Discriminant Analysis (LDA), and Quadratic 
Discriminant Analysis (QDA). Extreme Gradient Boosting (XGB) was 

implemented using the external xgboost library. The models were con
structed using the training sample and the set of 16 variables, with 
cross-validation (5 folds) and hyperparameters optimization conducted 
through GridSearch.

2.4. Posterior probability

In the field of classification, determining the optimal decision 
threshold is a complex subject that extends beyond the simple use of a 
default value of 0.5 for the a posteriori probability. Recent research 
highlights the nuances and challenges associated with this approach 
[30,37]. In-depth analysis reveals that the uniform application of an 
overall accuracy rate to each individual in a sample is an over
simplification. In reality, there is a significant overlap between the 
distributions of male and female characteristics for various bone mea
sures and discriminant scores [38,39]. This overlap creates a ‘zone of 
uncertainty’ where distinguishing between the sexes becomes particu
larly difficult. The scientific literature highlights the limitations of a 
binary approach, which treats very different a posteriori probability 
(such as 0.51 and 0.99) as equivalent, while differentiating between 
very similar probabilities (such as 0.49 and 0.51) [3]. This method can 
lead to misleading interpretations, particularly in fields such as forensic 
anthropology where reliability is crucial. To overcome these limitations, 
researchers have proposed the use of multiple thresholds (e.g. 0.5, 0.7, 
0.8 and 0.95) to assess the reliability of classifications [4]. This approach 
allows for a more nuanced analysis, considering different levels of cer
tainty and providing a better understanding of the proportion of in
dividuals misclassified in each category. These considerations 
underscore the importance of a more sophisticated approach to the 
interpretation of a posteriori probabilities in classification, particularly in 
high-stakes accuracy domains.

2.5. Accuracy x-factors

In forensic anthropology, the pervasive challenge of incomplete 
skeletal remains necessitates a nuanced approach to sex estimation. To 
address this, we have developed an innovative method for calculating 
accuracy on a per-individual basis, meticulously considering the unique 
combination of available and missing data for each specimen. Our 
approach involves creating data subsets by starting with the complete 
data and systematically introducing missing data patterns that precisely 
reflect the actual patterns of available measurements for each individual 
in the test sample. We then validate our machine learning models on 
these tailored subsets, thereby obtaining a specific accuracy score for 
each unique combination of measures. This personalized accuracy score 
is subsequently associated with the sex estimation prediction for that 
individual, serving as a direct and personalized confidence measure.

This method offers significant advantages in forensic contexts. It 
provides a more realistic assessment of prediction reliability by directly 
reflecting the available data for each specimen. Furthermore, it allows 
for flexible application across various forensic scenarios where the 
completeness of skeletal remains may vary considerably. Importantly, 
this approach offering a transparent, case-specific measure of potential 

Table 1 
Collections selected for this study.

Collection Location Time period Sex Females Males Total

Training sample

Goldman Europe Antiquity to the present day Estimated 543 985 1528
Laudun France 5th – 13th century Estimated 54 113 167
LC-HOP France 16th-19th Estimated 105 109 214
MPC France 18th – 20th century Estimated 57 47 104
Nice France 21st century Known 21 19 40
Terry USA 20th century Known 207 247 454
Olivier France 20th century Known 40 62 102

Test sample PBC South-Africa 21st century Known 180 180 360
Total Common database ​ Antiquity to the present day Estimated and known 1207 1762 2969

Table 2 
Long bones measurements selected for this study.

Anatomical 
localization Bone Abbreviation Measurement

Upper limb

Humerus

humxln Maximum length
humebr Distal epicondylar breadth

humhhd
Maximum vertical diameter 
of the head

hummxd Maximum diameter midshaft
hummwd Minimum diameter midshaft

Radius radxln Maximum length

​ radtvd
Transverse diameter at 
midshaft

​ radapd
Antero-posterior diameter at 
midshaft

Lower limb

Femur

femxln Maximum length
fembln Physiological length
femebr Epicondylar breadth

femhhd
Maximum diameter of the 
head

femmtv
Medio-lateral diameter of the 
midshaft

femmap Antero-posterior diameter of 
the midshaft

Tibia tibxln Lateral condyle - medial 
malleolus length

​ tibpeb
Maximum proximal 
epiphyseal breadth
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error rates. By implementing this x-factors accuracy calculation, we aim 
to enhance both the practical utility and legal admissibility of our sex 
estimation method. This approach not only improves the overall reli
ability of our predictions but also equips forensic practitioners with 
crucial, quantifiable information about the confidence level of each in
dividual estimation. Ultimately, this method represents a substantial 
step forward in addressing the complex challenges of sex estimation in 
forensic anthropology, particularly in cases involving incomplete or 
fragmentary remains.

3. Results

3.1. Overall accuracy

Table 3 summarizes the overall accuracy of various classification 
models under different training and test data configurations. The accu
racies range from 0.85 to 0.93, with Linear Discriminant Analysis (LDA) 
consistently delivering the best results. It achieves a maximum accuracy 
of 0.93 and remains the top-performing model across all combinations.

The most favorable results were observed when the training data 
included imputed values for missing cases, and the test data consisted 
solely of complete individuals (Configuration B). However, when test 
data includes imputed values for incomplete individuals (Configurations 
A and C), a noticeable decline in accuracy occurred, highlighting the 
potential negative impact of imputing missing data on model 
performance.

Imputing missing values in the training data proved beneficial for 
improving model reliability, as it mitigates biases caused by entirely 
excluding incomplete cases. Moreover, for the 85 incomplete individuals 
in the South African sample, analyzing their specific impact on model 
accuracy could provide additional insights into the robustness of the 
models under real-world conditions.

While overall accuracy offers valuable insights into general model 
performance, sensitivity (true positive rate) and specificity (true nega
tive rate) provide complementary information critical for forensic con
texts. Tables 4 and 5 show that LDA not only achieves high overall 
accuracy but also maintains a good balance between sensitivity (0.91) 
and specificity (0.91–0.95), indicating that it reliably identifies both 
male and female individuals across configurations. Other models show 
variable trade-offs between sensitivity and specificity, highlighting the 
importance of considering these metrics alongside accuracy, especially 
in high-stakes individual assessments where errors can have significant 

consequences.
The observed variability across overall accuracy, sensitivity, and 

specificity underscores the need for a nuanced, case-specific evaluation 
of model performance, particularly when dealing with missing or 
imputed data, as is common in forensic anthropology.

3.2. Accuracy 16 factors – complete individuals

To provide a more nuanced evaluation of model performance, we 
analyzed accuracy as a function of the prediction threshold for complete 
individuals, ranging from 0.5 to 0.99 (Fig. 1). The results indicate that 
LDA accuracy consistently increases as the confidence threshold rises, 
reflecting a critical trade-off between the percentage of the population 
retained for classification and the certainty of predictions.

To illustrate this relationship, the predictive model was applied to six 
randomly selected individuals, with results presented in Table 6. This 
analysis demonstrates that two individuals were incorrectly classified, 
both with confidence thresholds below 0.7. This finding critically 

Table 3 
Accuracy of classification models under different training and test data 
configurations.

Models

Accuracy with PP ¼ 0.5

A 
Train = 2609 
Test = 360

B 
Train = 2609 
Test = 275

C 
Train = 1678 
Test = 360

D 
Train = 1678 
Test = 275

RF 0.90 0.91 0.88 0.88
GBC 0.90 0.90 0.87 0.87
SVM 0.91 0.93 0.89 0.91
LR 0.91 0.93 0.89 0.91
DT 0.86 0.86 0.87 0.87
GPC 0.89 0.91 0.87 0.89
ADA 0.89 0.90 0.88 0.89
ET 0.89 0.91 0.87 0.88
GNB 0.86 0.87 0.85 0.86
LDA 0.91 0.93 0.89 0.92
XGB 0.89 0.91 0.86 0.87
QDA 0.89 0.91 0.88 0.89

A: Training data = all individuals – Test data = all individuals
B: Training data = all individuals – Test data = complete individuals only
C: Training data = complete individuals only – Test data = all individuals
D: Training data = complete individuals only – Test data = complete individuals 
only

Table 4 
Sensitivity of classification models under different training and test data 
configurations.

Models

Sensitivity with PP ¼ 0.5

A 
Train = 2609 
Test = 360

B 
Train = 2609 
Test = 275

C 
Train = 1678 
Test = 360

D 
Train = 1678 
Test = 275

RF 0.88 ​ 0.87 0.87 0.86
GBC 0.86 ​ 0.85 0.85 0.83
SVM 0.91 ​ 0.92 0.88 0.87
LR 0.91 ​ 0.92 0.91 0.92
DT 0.84 ​ 0.82 0.87 0.86
GPC 0.87 ​ 0.86 0.89 0.89
ADA 0.88 ​ 0.88 0.91 0.91
ET 0.90 ​ 0.89 0.89 0.89
GNB 0.94 ​ 0.95 0.96 0.96
LDA 0.91 ​ 0.91 0.91 0.91
XGB 0.86 ​ 0.85 0.82 0.80
QDA 0.91 ​ 0.91 0.89 0.88

A: Training data = all individuals – Test data = all individuals
B: Training data = all individuals – Test data = complete individuals only
C: Training data = complete individuals only – Test data = all individuals
D: Training data = complete individuals only – Test data = complete individuals 
only

Table 5 
Specificity of classification models under different training and test data 
configurations.

Models

Specificitiy with PP ¼ 0.5

A 
Train = 2609 
Test = 360

B 
Train = 2609 
Test = 275

C 
Train = 1678 
Test = 360

D 
Train = 1678 
Test = 275

RF 0.91 ​ 0.94 0.88 0.90
GBC 0.93 ​ 0.95 0.89 0.90
SVM 0.91 ​ 0.95 0.90 0.94
LR 0.90 ​ 0.94 0.86 0.90
DT 0.87 ​ 0.89 0.87 0.87
GPC 0.91 ​ 0.94 0.85 0.89
ADA 0.89 ​ 0.92 0.86 0.88
ET 0.88 ​ 0.92 0.84 0.88
GNB 0.77 ​ 0.79 0.74 0.77
LDA 0.91 ​ 0.95 0.88 0.92
XGB 0.93 ​ 0.96 0.91 0.93
QDA 0.88 ​ 0.91 0.88 0.91

A: Training data = all individuals – Test data = all individuals
B: Training data = all individuals – Test data = complete individuals only
C: Training data = complete individuals only – Test data = all individuals
D: Training data = complete individuals only – Test data = complete individuals 
only
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highlights the importance of considering both overall model accuracy 
and the percentage of individuals retained at varying confidence 
thresholds, particularly in forensic contexts where false positives or 
negatives carry significant weight.

3.3. Accuracy x-factors – incomplete individuals

This analysis was further extended to cases with imputed missing 
values. Among the 85 incomplete individuals in our South African test 
sample, we identified 39 unique combinations of missing variables. To 
rigorously assess the impact of these missing data patterns, we artifi
cially introduced these 39 combinations of missing data into our 275 
complete individuals from the test sample. This approach allowed us to 
simulate a wide range of realistic forensic scenarios while maintaining a 
consistent baseline for comparative analysis. It is important to note that 
our models were initially trained on the complete dataset, resulting in a 
single model for each classification method. The observed variation in 
accuracy, therefore, stems from the validation process, where different 
combinations of missing data were applied to a population. This meth
odology enables us to comprehensively evaluate how each model per
forms across various patterns of missing data, providing a more 
comprehensive and realistic assessment of their reliability in forensic 
applications. By doing so, we gain a deeper understanding of the limi
tations and strengths of each model when confronted with incomplete 
skeletal remains, a pervasive challenge in forensic anthropology.

To illustrate this detailed analysis, we randomly selected six in
dividuals with x + 1 missing variables, representing a common missing 
data pattern. Fig. 2 demonstrates that across all combinations, accuracy 

tends to improve with higher confidence thresholds, albeit with a 
reduction in the population percentage retained. We observe that 
depending on the combination of missing imputed values, the starting 
accuracy (threshold set at 0.5) is variably impacted; for example, com
bination 4 shows an initial accuracy of 86 %. Table 7 provides a detailed 
breakdown for these six randomly selected individuals. These results 
clearly demonstrate that the confidence threshold required for reliable 
classification varies significantly depending on the combination of 
missing values. Additionally, as illustrated in Fig. 2, this variability 
directly impacts the accuracy x-factors assigned to each prediction, 
underscoring the individualized nature of reliability.

We utilized these six example cases to illustrate the calculation of 
these accuracy x-factors, but the underlying principle dictates that this 
process should be applied to every individual, particularly each of the 85 
incomplete cases. This comprehensive approach ensures that the sex 
predicted for each individual is rigorously supported by a reliable per
formance measure, precisely reflecting the exact availability of data and 
its direct impact on model performance for that particular case.

4. Discussion

Our study provides a comprehensive analysis of sex estimation using 
long bone measurements and various machine learning algorithms, with 
a particular focus on addressing the pervasive challenges of incomplete 
skeletal remains and the critical need for case-specific accuracy assess
ments in forensic anthropology. The findings have profound implica
tions for both fundamental research and practical applications within 
the field.

Fig. 1. Accuracy and Percentage of population as a function of threshold with LDA when test sample are complete individuals (configuration B) ( Individual).

Table 6 
Accuracy 16 factors in six random complete individuals.

Random case x-factors Missing values Real Sex Predicted Sex Level of confidence Accuracy Sensitivity Specificity Percentage of population

1

16 -

Male Male 0.99 1 1 1 33 %
35 Female Female 0.91 0.98 0.98 0.99 68 %
73 Female Female 0.81 0.97 0.95 0.98 80 %
31 Female Male 0.60 0.94 0.92 0.96 97 %
17 Male Female 0.56 0.98 0.92 0.95 98 %
189 Female Female 0.77 0.96 0.95 0.98 99 %
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Fig. 2. Accuracy and Percentage of population as a function of threshold with LDA in six random incomplete combinations ( Individual). Missing values imputed: 1: 
hummxd. 2: femebr, tibpeb. 3: femebr, tibxln, tibpeb. 5: radxln, radtvd, radapd, femmtv. 5: humxln, humebr, humhhd, hummxd, hummwd. 6: femxln, fembln, 
femebr, femhhd, femmtv, femmap.

Table 7 
Accuracy x- factors in six random incomplete individuals.

Random 
Case

x- 
factors Missing values

Real 
Sex

Predicted 
Sex

Level of 
confidence Accuracy Sensitivity Specificity

Percent-age of 
population

22 1 hummxd Male Male 0.99 0.99 0.97 1 34 %
78 2 femebr tibpeb Male Female 0.64 0.96 0.94 0.98 93 %

229 3 femebr tibxln 
tibpeb

Female Female 0.73 0.97 0.96 0.98 86 %

238 4 radxln radtvd radapd 
femmtv

Female Male 0.92 0.97 0.98 0.96 58 %

302 5
humxln humebr humhhd 
hummxd hummwd Female Female 0.87 0.97 0.97 0.97 75 %

339 6
femxln fembln femebr femhhd 
femmtv femmap

Male Male 0.89 0.97 0.97 0.98 72 %
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4.1. Machine learning and robust performance

The high accuracies achieved by the models across different data 
configurations underscore the significant potential of machine learning 
approaches in sex estimation, understood here broadly to include both 
classical statistical classifiers and modern non-linear or ensemble algo
rithms. Notably, the models demonstrated remarkable robustness when 
tested on an independent and geographically remote population, rein
forcing their applicability across diverse forensic contexts. Linear 
Discriminant Analysis (LDA) consistently outperformed other models, 
achieving accuracies as high as 93 %, depending on the data setup. 
While this highlights the robustness of LDA, it also illustrates that more 
complex modern machine learning algorithms such as random forests, 
gradient boosting, or SVMs do not necessarily outperform classical 
linear classifiers in sex estimation. This observation is consistent with 
prior studies [40–43] suggesting that the choice of algorithm should 
consider interpretability, simplicity, and context-specific performance 
rather than assuming that more complex methods are inherently supe
rior [43].

4.2. Impact of missing data

The observed variability in model performance across different data 
configurations highlights the critical importance of robust validation 
procedures. Our results demonstrate that accuracy can reach 91 % when 
considering all individuals and up to 93 % when restricting predictions 
to complete cases. However, the noticeable decline in accuracy when 
test data includes imputed values for incomplete individuals vividly il
lustrates the challenges posed by missing data in forensic contexts. This 
finding underscores the importance of data quality and the careful se
lection of imputation methods when developing and applying predictive 
models in forensic anthropology.

To address this challenge, we meticulously simulated various com
binations of missing data using the South African dataset, enabling us to 
evaluate model reliability under realistic conditions. By artificially 
introducing unique patterns of missing variables, we demonstrated that 
while some models exhibit greater robustness to missing data, the choice 
of approach should always be guided by the specific attributes and 
available data for each case. This approach fills an important gap in 
previous research, which has often relied on ideal conditions with 
complete skeletal remains or lacked detailed assessments of imputation 
accuracy— a gap precisely addressed by our "accuracy x-factors" 
methodology.

These "accuracy x-factors" provide forensic practitioners with a 
powerful tool to reinforce predictions on a case-by-case basis, improving 
the reliability of sex estimates by tailoring them to the specific data 
completeness and quality of each individual case.

4.3. Reliability of sex labels and training data composition

Another potential limitation concerns the inclusion of several 
training collections in which sex was estimated anthropologically rather 
than documented. Although this introduces a small degree of label un
certainty, its impact on model reliability appears negligible. Impor
tantly, all validation and performance assessments were conducted on 
independent samples with known biological sex, thus avoiding any 
circularity between training and testing phases. When estimated-sex 
datasets such as Goldman were excluded from training, overall accu
racy decreased (from 93 % to about 90 % on the South African test 
sample), indicating that the gain in generalization from including these 
collections outweighs the minor potential bias. The possible error rate in 
the estimated labels is likely below 5 %, which is more than compen
sated by the increased sample diversity and representativeness. This 
interpretation is further supported by the independent study of Knecht 
et al. (2025) [43], which applied a similar model trained on same mixed 
collections to an Italian sample of known sex, achieving 95 % accuracy. 

Together, these findings suggest that the inclusion of high-quality esti
mated-sex data can enhance model robustness without compromising 
forensic reliability.

4.4. Threshold-based predictions

One of the most notable contributions of our study is the emphasis on 
adjusting prediction thresholds to reduce error rates, a topic recently 
highlighted by Koterova et al. (2024) [30]. Our findings reveal that 
setting a higher prediction threshold (e.g., 0.95 instead of 0.5) 
dramatically reduces errors, with profound implications for practical 
applications. By implementing a more conservative approach, pre
dictions are only made when the model demonstrates a high degree of 
confidence, thereby providing additional guidance relevant to consid
erations of error rate under the Daubert criteria [2]. This 
threshold-based strategy introduces a quantifiable measure of uncer
tainty that may support considerations of reliability and admissibility of 
sex estimation evidence in legal contexts. Given the high stakes in 
forensic anthropology, where misclassifications can have profound 
legal, ethical, and social implications, avoiding errors must remain the 
paramount concern. Moreover, our findings confirm that adjusting the 
prediction threshold increases accuracy, but as an inherent trade-off, 
reduces the sample size retained. While this compromise aligns with 
recent studies emphasizing the impact of confidence thresholds on error 
rates, we strongly recommend setting a high threshold—at least 0.7 in 
forensic contexts—depending on the specific model used. This flexibility 
allows for the adjustment of the model's accuracy, ensuring it does not 
provide answers in uncertain cases, thereby enhancing the overall reli
ability of the prediction. This conservative approach minimizes error 
risk while maintaining robust confidence in predictions.

While the default threshold of 0.5 may be appropriate in some 
research or archaeological contexts, we strongly advise against its use in 
forensic settings, as it can lead to an unacceptably high error rate. By 
empowering practitioners to customize the threshold based on their 
specific needs, our approach enables experts to prioritize either accuracy 
or the quantity of predictions, depending on the specific case re
quirements. For example, archaeologists may opt for lower thresholds to 
maximize sample size for broader population studies, whereas forensic 
scientists must unequivocally prioritize accuracy in sensitive forensic 
applications. This flexibility allows field experts to adapt the tool to their 
expertise and case requirements while ensuring that accuracy remains a 
top priority in sensitive forensic applications.

4.5. Contributions of accuracy x-factors

The development of “accuracy x-factors” represents a significant 
advancement in forensic anthropology. By providing tailored accuracy 
measures for each case based on available skeletal measurements, this 
approach offers a realistic and transparent evaluation of prediction 
reliability. Furthermore, verifying predictions against accuracy levels 
derived from simulated missing data scenarios establishes a robust 
framework for assessing model reliability in real-world cases. This 
methodology enhances the scientific rigor of forensic anthropology 
while directly aligning with the growing emphasis on quantifiable 
measures of certainty in forensic science a core tenet of legal 
admissibility.

4.6. Limitations and future research

Despite the promising results, our study has some limitations that 
warrant further investigation. One key limitation is the imperative to 
validate the utilization of these “accuracy x-factors” across diverse 
populations. Population-specific variations in sexual dimorphism 
remain a significant challenge in forensic anthropology, and future 
studies should evaluate these methods in a broader range of global 
populations [28,44]. For instance, the work of Kranioti et al. (2017) 
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demonstrated substantial differences in sex-related traits across pop
ulations, emphasizing the need for population-specific standards [45]. 
Similarly, Spradley and Jantz (2011) highlighted significant variability 
in the accuracy of sex estimation methods when applied to different 
population groups [5]. In addition, in the context of the South African 
validation sample, it is important to consider findings from Kruger et al. 
(2017) [26], who reported variable levels of sexual dimorphism be
tween different population groups within this sample. This variation 
may affect the performance and generalizability of predictive models 
and underscores the necessity of population-specific validation, even 
within a single geographic region.

These observations are consistent with the recent findings of Zeng 
et al. (2024) [46], who showed a decline in accuracy when models 
trained on European-derived datasets were applied to South African 
samples. While such results reinforce the need for population-specific 
evaluation, they also illustrate a fundamental challenge in forensic 
casework, namely, that the ancestry or population affinity of skeletal 
remains is often unknown in practice. For this reason, our approach 
prioritizes the development of a generalizable model capable of robust 
performance across diverse populations, rather than one optimized for a 
single ancestry group.

To mitigate the uncertainty introduced by population variability, we 
incorporated a posterior probability thresholding approach, allowing 
the model to produce classifications only when the confidence level is 
sufficiently high. This conservative strategy minimizes misclassification 
risk and supports cautious, case-by-case interpretation, thereby 
enhancing the forensic and legal reliability of the results.

While our models demonstrated a degree of robustness to population 
variability, the establishment of truly universal methods remains a sig
nificant challenge. As global migratory flows increase and skeletal re
mains become more diverse, forensic scientists require models capable 
of addressing this inherent complexity. This study contributes to that 
overarching goal but highlights the continued need for further research 
to confirm the broad applicability of these methods in highly hetero
geneous contexts.

Additionally, future research should focus on developing more so
phisticated imputation techniques for handling missing data. Advanced 
machine learning-based imputation methods such as those leveraging 
deep learning, could potentially further enhance the accuracy of sex 
estimations in cases with incomplete skeletal remains [47]. This avenue 
of research is crucial for maximizing the utility of available evidence in 
challenging forensic scenarios.

5. Conclusion

Our study demonstrates the substantial potential of machine learning 
approaches to improve sex estimation in forensic anthropology, even in 
the face of incomplete data. By directly addressing key challenges such 
as missing data, the judicious application of prediction thresholds, and 
the critical need for case-specific accuracy assessments, we provide a 
robust and transparent framework for practical applications. The 
introduction and utilization of “accuracy x-factors” represents a signif
icant methodological leap forward, empowering forensic practitioners 
to tailor predictions to individual cases while maintaining unparalleled 
transparency and reliability. As forensic science increasingly demands 
quantifiable measures of certainty and rigorous validation, our approach 
makes a substantial contribution to the development of more rigorous, 
reliable, and ethically sound methods for sex estimation, thereby 
strengthening the scientific foundation of forensic evidence in legal 
proceedings.
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