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Abstract

In the field of  forensic  anthropology,  researchers  aim to identify anonymous human remains and 
determine the cause and circumstances of death from skeletonized human remains. Sex determination 
is a fundamental step of this procedure because it influences the estimation of other traits, such as age  
and  stature.  Pelvic  bones  are  especially  dimorphic,  and  are  thus  the  most  useful  bones  for  sex  
identification.  Sex estimation methods are  usually  based on morphologic  traits,  measurements,  or  
landmarks on the bones. However, these methods are time-consuming and can be subject to inter- or  
intra-observer bias. Sex determination can be done using dry bones or CT scans. Recently, artificial  
neural  networks  (ANN) have attracted attention in  forensic  anthropology.  Here  we tested a  fully 
automated and data-driven machine learning method for sex estimation using CT-scan reconstructions 
of coxal bones. We studied 580 CT scans of living individuals. Sex was predicted by two networks 
trained on an independent sample: a disentangled variational auto-encoder (DVAE) alone, and the 
same DVAE associated with another classifier (Crecon). The DVAE alone exhibited an accuracy of 
97.9%, and the DVAE + Crecon showed an accuracy of 99.8%. Sensibility and precision were also high 
for both sexes. These results are better than those reported from previous studies. These data-driven 
algorithms  are  easy  to  implement,  since  the  pre-processing  step  is  also  entirely  automatic.  Fully 
automated methods save time, as it only takes a few minutes to pre-process the images and predict sex,  
and does not require strong experience in forensic anthropology.
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Introduction

In  forensic  anthropology,  researchers  aim  to  identify  anonymous  human  remains  and 
determine the cause and circumstances of death from skeletonized human remains. When there is no  
ground supporting an a priori assumption of identification, anthropological examination can provide 
demographic  information  about  the  individual.  Sex  determination  is  a  fundamental  step  of  this 
procedure,  because it  influences the estimation of  the other  traits,  such as age and stature [1,  2].  
Although many bones can be used to estimate sex, the most accurate are pelvic bones (>95%), femur  
(90–95%), and skull (80–85%) [2]. Pelvic bones are the most useful, as they are especially dimorphic 
due to parturition [1].

There are multiples methods for sex estimation, with the most common being morphological 
methods (e.g., Phenice’s or Işcan and Derrick’s) and metric methods [1, 2]. More recently, geometric  
morphometric methods have been developed, thanks to advances in computer science. These methods 
are  based  on  computerized  analysis  of  anatomical  landmarks  manually  placed  on  the  bones  [1]. 
Morphologic methods are easy to use because they do not require any specific tools, but they are 
highly  observer-dependent  and  require  experience  [1].  Metric  methods  are  more  time-consuming 
because they require many measurements of the bones, but they carry less inter-observer variability.  
However,  they usually  require  statistical  analysis,  so  their  accuracy also  depends  on the  selected  
statistical approach [1, 3]. For example, one very accurate metric method is the  diagnose sexuelle  
probabiliste (DSP), in which 10 measurements on pelvic bones are used to estimate the probability of 
an  individual  being  male  or  female,  with  a  threshold  of  >95%.  It  can  determine  sex  in  90% of 
individuals, and has a reliability of between 98–100% [4].

Since  the  development  of  imaging  techniques—especially  CT  scanning—metric  and 
geometric morphometric methods have been tested on 3D reconstructions of pelvic bones, yielding 
great results [1, 5, 6, 7]. CT scans are often used in forensic medicine, since they can provide easy and  
non-invasive access to bone structures [1].

Recently,  artificial  neural  networks  (ANN)  have  attracted  attention  for  potential  use  in 
forensic  sex  determination.  ANN are  machine-learning  algorithms  inspired  by  biological  nervous 
systems, which are commonly used in statistical problems, such as for automated classification of data  
[8].  As statistical  tools,  ANN can be used in  association with metric  or  geometric  morphometric  
methods, as well as with morphologic methods [3]. Their accuracy is about 90%, depending on the 
bone  and  the  algorithm [9–14].  ANN are  rarely  used  in  forensic  anthropology  because  they  are 
difficult to develop, and the results can be complicated to interpret, due to hidden layers [15].

In the present pilot  study, we tested a machine learning method to estimate sex from CT 
reconstructions of pelvic bones.

Material and methods

Reference sample

This study was performed using abdominopelvic CT scans of 588 individuals of known sex 
and age, who underwent CT scanning between March of 2021 and March of 2022, at the radiology 
department of the University Hospital of Saint-Etienne (CHUSE) in France. These individuals were 
between 20 and 79 years of age. The individuals were selected to ensure a homogeneous distribution 
between male and female and among age classes.  The sample was divided into six homogeneous 
decade groups. We excluded CT scans if they showed severe deformation of the lumbosacral hinge, or 
artefacts on the pelvic region. No data were collected regarding stature, ethnicity, medical history, or 
scan indications.

Of the 588 CT scans, 580 were included in the present analysis. Three scans were excluded 
due to registration issues, and five because a large part of the pelvic bones was missing (Fig. 1).
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Total number of CT scans 
N = 588

Final number of CT scans
N = 580

Number of excluded CT 
scans

large missing parts = 5
registration issues = 3 

                                                         

Fig. 1 Flowchart of scan inclusion

The final sample included 294 male and 286 female subjects, of 20–79 years old, with a mean  
age of 49.4 years. The six age groups were balanced and homogeneous between men and women 
(Table 1).

Table 1 Distribution of individuals by age and sex

Age groups, 
years

20–29 30–39 40–49 50–59 60–69 70–79 Total

Women Number of cases 55 44 55 47 43 42 286

Mean age
(SD)

24.3 
(2.9)

34.1 
(2.9)

44.6 
(2.7)

55 
(2.7)

64 
(2.8)

74,4
(2.8)

48.1 
(17.2)

Men Number of cases 44 52 42 47 56 53 294

Mean age
(SD)

24.2 
(2.9)

34.8 
(2.7)

44.5 
(3.1)

54.4 
(2.8)

64.8 
(2.9)

74.5 
(2.9)

50.6 
(17.5)

Total Number of cases 99 96 97 94 99 95 580

Mean age
(SD)

24.2 
(2.4)

34.5 
(2.8)

44.5 
(2.9)

54.7 
(2.8)

64.5 
(2.9)

74.5 
(2.9)

49.4 
(17.4)

Radiological data acquisition and processing

At the radiology department of the CHUSE, CT scans were performed using different systems and 
protocols. As the subjects were selected retrospectively and randomly from the radiology department 
database, acquisition parameters were not controlled and numerous.

As the classification algorithms take meshes as inputs, we needed to convert DICOM images into  
meshes.
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First, a template average hip bone mesh  is created as follow: i) CT scans from a reference dataset D of  
100 samples were registered simultaneously into a common space, using the FROG algorithm, which 
automatically extracted 20 000 key points per images [16]; ii) a template average image was computed 
by  transforming  each  CT  scan  following  the  transformation  field  obtained  from  the  previous  
registration step; iii) the coxal bone was manually segmented by an expert using 3D Slicer [17] and 
meshed with ACVD [18] from the average image. This hip bone average mesh M is then used as a 
template to represent all individual hip bones via registration.

When a hip bone needs to be extracted from an individual’s CT scan, the key points are extracted from 
the images and registered with the transformed reference dataset DR. Next, the new coxal bone mesh is 
reconstructed by applying the invert transformation on the average mesh M. The quality of the mesh 
reconstruction  can  be  assessed  during  the  classification  process,  as  the  DVAE will  yield  a  large  
reconstruction error if  the mesh is not well reconstructed. The complete workflow is presented in 
figures 2a and 2b. The FROG and the ACVD algorithms were coded in C++ language.

Figure 2a: Groupwise registration of the reference dataset and computation of the average 
mesh
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Figure 2b: Computation of a hip bone mesh for a new individual,  using the transformed 
dataset Dr and the average mesh M

Training and classification method

Sex was predicted using two algorithms [15], a disentangled variational auto-encoder (DVAE) alone,  
and the same DVAE associated with another classifier (Crecon). The inputs for the DVAE were the 
coordinates of the nodes of the individual meshes. The algorithm predicted the individual’s sex, and 
then provided two reconstructions—one of same sex and one of opposite sex—by changing the latent  
variable related to sex (Fig. 4). The Crecon compared the reconstructions from the DVAE with the 
original one to predict sex. These algorithms were coded in Python language and are available here: 
https://github.com/ZOUKaifeng/Mesh-VAE.

Fig. 3 Examples of reconstructions by the DVAE. (a) Original reconstruction (male). (b) Same sex 
reconstruction (male). (c) Opposite sex reconstruction (female).

The algorithms were previously trained using a supervised method with independent data from 
a sample of 752 individuals (470 males and 282 females, with a mean age of 65.4 years) [15]. Their  
reliability was tested using a k-fold cross-validation method, with k = 5. Among the individuals, 80% 
were  used for  training,  and 20% for  validation.  Here,  the  DVAE alone exhibited  a  classification 
accuracy of >99%, and the DVAE + Crecon approached an accuracy of 100%.
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In  our  experiments,  a  CT  scan  was  considered  correctly  classified  if  sex  was  properly 
predicted in all the folds.

Statistical analysis

A Chi² Pearson’s test with Yates’ continuity correction was used to identify an association between 
gender and error rate, and a Welch’s t-test to assess a relationship between age and error rate.

Results

Among  the  580  included  CT  scans,  12  were  misclassified  by  the  DVAE.  The  12  misclassified  
individuals included 7 males and 5 females. Six were between 20–29 years old, three between 60–69 
years old, none was between 50–59 years old, and one individual was misclassified in each of the  
other  age  groups  (Table  2).  The  error  rate  did  not  significantly  differ  between  male  and  female 
individuals (p-value = 0.81). Age did not significantly differ between the misclassified subjects and 
correctly classified individuals (p-value = 0.28).

Table 2 Misclassified subjects according to age

Age groups, years
(n = 580)

20–29
(n = 99)

30–39
(n = 96)

40–49
(n = 97)     

50–59
(n = 94)     

60–69
(n = 99)     

70–79
(n = 95)     

Total  number  of 
misclassified  subjects 
(n = 12)

6 1 1 0 3 1

Women misclassified as 
men (n = 5)

2 0 0 0 3 0

Men  misclassified  as 
women (n = 7)

4 1 1 0 0 1

The DVAE yielded an accuracy of 97.9%. Female sex was predicted with 0.98 sensitivity, and 0.976 
precision (Table 3).

Table 3 Confusion matrix for the DVAE alone

True sex

Female Male

P
r
e
d
i
c
t
e
d 
s
e
x

F
e
m
a
l
e

281 7

M
a
l
e

5 287
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Table 4 Confusion matrix for the DVAE + Crecon

True sex

Female Male

P
r
e
d
i
c
t
e
d 
s
e
x

F
e
m
a
l
e

286 1

M
a
l
e

0 293

For the DVAE, we found a median of 8 errors for each fold. DVAE reconstructions were always 
consistent with real sex, even when the sex prediction was wrong. The DVAE method was improved 
by adding the additional classifier Crecon. The method DVAE + Crecon misclassified only one individual, 
a 26-year-old male, yielding an accuracy of 99.8%.

Discussion

The presently tested method yielded an accuracy of 97.8% when using the DVAE alone, and 99.8% 
when using the DVAE + Crecon.  The performances of the DVAE were similar between males and 
females (p-value = 0.81), with sensitivities of 0.97 and 0.98, respectively. We found no association 
between age and error rate, but we observed more classification errors for individuals under 30 years 
of age. Table 5 presents details regarding several previous studies that have tested different ANN for 
sex determination using coxal bone or part of it, using variable morphologic traits or measurements,  
yielding accuracy rates of between 73–96% [3, 9–11] (Table 5).

Table 5 Previous studies of sex determination from coxal bones using artificial neural 
networks (ANN)

Authors ANN model Number  and  type  of 
subjects

Variables Accuracy

Nikita et al. [3] Single  hidden-layer 
neural network (nnet)

191 skeletons 3  morphologic 
traits

94.9%
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Cao et al. [9] Convolutional  neural 
network (CNN)

1000  CT  scans  108 
surface scanning

3  morphologic 
traits

CT-dataset: 94–98.5%
3D  surface  scanning: 
73.3–96.2%

Knecht  et  al. 
[10]

Unknown 60 coxal bones 15  measurements 
on  the  great 
sciatic notch

94%

Coelho  et  al. 
[11]

Single  hidden-layer 
neural network (nnet)

256 skeletons 38  osteometric 
variables

92%

Other investigations have used ANN for sex determination from other bones (long bones, 
sacrum,  cranium,  etc.),  and  have  shown  variable  performances  depending  on  the  bones  and  the 
methods, with varying accuracy rates (Table 6).

Table 6 Previous studies of sex determination from other bones using artificial neural 
networks (ANN)

Author ANN model Number  and 
type  of 
subjects

Studied 
bone(s)

Variables Accuracy

Nikita  et  al. 
[3]

Single  hidden-
layer  neural 
network (nnet)

191 skeletons Cranium 5  morphologic 
traits  on  the 
cranium

81.7–86.7%

Etli et al. [12] Multilayer 
perceptron 
(MLP)

480 CT scans Sacrum 8 length 
measurements
4 angle 
measurements
1 area 
measurement

86.3%

Oner  et  al. 
[13]

MLP 422 CT scans Sternum 4 measurements 83%–97%

Bewes  et  al. 
[14]

CNN 1000  CT 
scans

Cranial 
bones

Data-driven 95%

Overall,  our  present  method,  especially  when using the DVAE + C recon  approach,  yielded 
better accuracy than the methods previously reported in the literature.  Comparison among studies  
suggests that pelvic bones are the most reliable bone for sex estimation based on machine learning 
methods. However, we could further test our method using other bones, especially cranial bones, as 
Nikita et al. demonstrated improved results when using combinations of pelvic and cranial bones [3].

Many of the previous methods have relied on observed traits, measurements, or landmarks, 
whereas our present method is entirely automated and independent from the observer’s experience. 
Bewes et al. also tested a data-driven method and reported interesting results, but they used cranial 
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bones [14]. Data-driven algorithms are easy to implement, because the pre-processing step is also 
entirely automatic. Fully automated methods are time-saving, as they require just a few minutes to pre-
process the images and predict sex, and they do not require strong experience in forensic anthropology 
[14].

We observed that the DVAE properly reconstructed coxal bones, and that the reconstructions 
were consistent with the actual sex of the subject, even when the sex prediction was wrong. This 
observation could help us understand the misclassifications. Additionally, predictions using the DVAE 
and the Crecon seem to be independent,  since the individuals  misclassified by one algorithm were  
properly classified by the other.

In general, artificial neuronal networks are limited by the need for large databases for training, 
and the lack of interpretability and explainability. To improve our knowledge concerning the choices 
made by the algorithm, Zou et al. [15] introduced a method of disentanglement, which also highlights  
the differences between females and males.

The sample analyzed in our present study differed in sex and age distribution compared to the 
sample used for training and validation. The presently analyzed population was younger and better 
balanced between men and women. These differences could explain the higher number of errors for  
individuals under 30 years old. However, the small number of misclassified individuals in our present 
analysis  made it  difficult  to study the real  impact  of  age on our results.  We also had to exclude 
individuals due to registration issues, because the pelvis was not aligned with the rest of the body. This 
might limit the application to real forensic situations as we usually cannot control the position of a 
body during a postmortem CT scan : Note : or we need to add some specific processing such as image 
cropping/rotation.

Notably, the DVAE + Crecon approach has shown great accuracy even on a model with missing 
data [15], which suggests that this method could be applied on fragmented bones. This method must 
be tested on bigger samples and postmortem data. Since coxal bones can be missing from forensic  
samples, this method should also be tested using other bones. Finally, with further investigations, we 
could train our algorithms to estimate age at death or stature.

Conclusion

Neural  networks  are  interesting  tools  that  can  assist  anthropologists  in  the  sex  estimation  of  an 
unknown individual. The presently tested method showed a high accuracy, and is entirely automated,  
easy to implement, and fast. This new approach also provides us with a better understanding of the  
choices made by the algorithm.

Compliance with Ethical Standards

This study was conducted as part of a larger project, called TOPACS (Towards Open PACS), which 
was  funded  by  the  National  Research  Agency.  From an  ethical  perspective,  the  funding  agency 
verified this study’s compliance with the law. This study was performed in accordance with the ethical  
standards as laid down in the 1964 Declaration of Helsinki. The authors have no competing interests to 
declare that are relevant to the content of this article.
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