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Artificial neural network model for predicting sex 
using dental and orthodontic measurements

Objective: To investigate sex-specific correlations between the dimensions of 
permanent canines and the anterior Bolton ratio and to construct a statistical 
model capable of identifying the sex of an unknown subject. Methods: 
Odontometric data were collected from 121 plaster study models derived from 
Caucasian orthodontic patients aged 12–17 years at the pretreatment stage 
by measuring the dimensions of the permanent canines and Bolton's anterior 
ratio. Sixteen variables were collected for each subject: 12 dimensions of the 
permanent canines, sex, age, anterior Bolton ratio, and Angle’s classification. 
Data were analyzed using inferential statistics, principal component analysis, 
and artificial neural network modeling. Results: Sex-specific differences 
were identified in all odontometric variables, and an artificial neural network 
model was prepared that used odontometric variables for predicting the sex 
of the participants with an accuracy of > 80%. This model can be applied for 
forensic purposes, and its accuracy can be further improved by adding data 
collected from new subjects or adding new variables for existing subjects. The 
improvement in the accuracy of the model was demonstrated by an increase in 
the percentage of accurate predictions from 72.0–78.1% to 77.8–85.7% after 
the anterior Bolton ratio and age were added. Conclusions: The described 
artificial neural network model combines forensic dentistry and orthodontics 
to improve subject recognition by expanding the initial space of odontometric 
variables and adding orthodontic parameters.
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INTRODUCTION

In forensic practice, the identification of human re-
mains is common.1 Odontometric measurements repre-
sent an easy way to collect data on the morphological 
variations in human dentition.2 Information about age, 
sex, and race can be obtained based on differences in 
tooth dimensions. The ability of a model to determine 
sex depends on the expression of certain characteristics 
of males versus females in relation to random deviations 
from the mean values ​​within individual groups.3

Different statistical models have different degrees of 
success in determining sex depending on the type and 
amount of input data. Simple odontometric variables, 
such as the mesiodistal (MD), vestibular-oral (VO), and 
cervical-incisal (CI) dimensions of the teeth, show sexual 
dimorphism to some extent and can be used to deter-
mine the sex of unknown subjects.4,5 The main advan-
tage of these variables is their fast and easy collection 
compared with other sophisticated and expensive meth-
ods. In addition to simple tests of inferential statistics 
that compare arithmetic means around which the values ​​
of odontometric variables of male and female subjects 
are grouped, data can be processed using more ad-
vanced statistical models, such as principal component 
analysis (PCA) or artificial neural network models.6,7 The 
PCA is commonly used in models that tend to reduce 
the amount of data collected in a smaller number of 
dimensions. Such analysis seeks to reduce the number 
of variables by retaining the largest possible amount of 
information contained in them. An example of a suc-
cessfully applied PCA is the development of a model for 
sex determination based on the spectrometric analysis of 
hard dental tissues.8

Artificial neural networks are an alternative to the PCA 
model.9 This model can identify sex-related differences 
in individual variables based on data from respondents 
of known sex and apply learning to predict the sex of 
unknown respondents.10 The advantage of this model 
over the PCA model is the targeted search for sex-specif-
ic information hidden in many variables, unlike PCA, the 
primary goal of which is to reduce data space by reduc-
ing them to major components that do not necessarily 
carry useful information on sexual dimorphism.11 

In the present study, odontometric data of the perma-
nent canines (CI, MD, and VO) and anterior Bolton ratio 
were analyzed to identify sex-related differences. Inter-
ferential statistical analysis initially identified sex-related 
differences and their expression with respect to differ-
ent odontometric variables. Odontometric data were 
then used to develop statistical models to determine the 
sex of an unknown subject. For this purpose, two ap-
proaches were applied: the PCA method and the artifi-
cial neural network model. The relative advantages and 

disadvantages of the individual models were interpreted, 
and the models were further optimized to achieve the 
highest precision for sex determination.

This study aimed to investigate the correlation be-
tween the dimensions of the permanent canines and 
the anterior Bolton ratio with sex differences in tooth 
dimensions. Furthermore, sex-specific differences in the 
aforementioned variables were used to prepare a statisti-
cal model to determine the sex of an unknown subject.

MATERIALS AND METHODS

Collection of odontometric data
This study was approved by the Ethics Committee of 

the School of Dental Medicine, University of Zagreb (de-
cision number: 05-PA-30-XVIII-6/2020).

Odontometric data were collected using 121 plaster 
study models from the archives of the Department of 
Orthodontics, School of Dental Medicine, University of 
Zagreb. The models had been prepared between 2016 
and 2021. The inclusion criteria were complete perma-
nent dentition and no missing teeth. All participants 
were Caucasian and had consented to the storage and 
use of their study models for research purposes as part 
of the usual informed consent practice in the Depart-
ment of Orthodontics. The researchers were blinded to 
the patients’ personal data at all stages of the study and 
statistical analysis.

The dimensions of the permanent canines (CI, MD, 
and VO) and Bolton front ratios were measured for each 
study model. Generally, orthodontic patients are more 
likely to have greater Bolton discrepancies than individ-
uals with normal occlusions; for example, the maxillary 
lateral incisors may be small.

Measurements were performed by a resident of the 
Department of Orthodontics (NM) using a digital mov-
able measuring device with an accuracy of 0.1 mm. All 
variables were measured three times, and the mean value 
of the measurements was used for the research. Sixteen 
variables were collected for each subject: 12 dimensions 
of the permanent canines (4 teeth × 3 dimensions), sex, 
age, anterior Bolton ratio, and Angle’s classification 
data.

Statistical analysis
The normality of the distribution was verified using 

the Kolmogorov–Smirnov test and normal Q-Q diagrams. 
The mean values of the odontometric variables between 
male and female subjects were compared using an inde-
pendent observations t-test. Odontometric variables and 
anterior Bolton ratios were compared among different 
Angle malocclusion using one-way ANOVA with Bonfer-
roni post-hoc adjustment for multiple comparisons. The 
overall level of significance was set at p < 0.05. PCA was 
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performed using varimax rotation, separately for each 
sex and in a “joint” model accounting for both sexes. 
Two different PCA approaches were tested: (I) including 
only 12 odontometric variables (four permanent ca-
nines × three dimensions) and (II) including the anterior 
Bolton ratio. Principal components with eigenvalues 
higher than 1 were retained, resulting in a PCA model 
with the first two principal components for approach (I) 
and the first three principal components for approach 
(II). Sex-related differences in the first two principal 
components were tested using a t-test for independent 
observations. An artificial neural network model for sex 
determination was prepared using a multilayer percep-
tron network with a varying number of layers (one or 
two hidden layers) and varying activation functions of 
the hidden layers (hyperbolic tangent or sigmoid) and 
the output layer (identity, softmax, tangent, or sigmoid). 
Training was performed using error backpropagation. 
Two versions of artificial neural networks for sex deter-
mination were prepared: I) including only 12 odonto-
metric variables, and (II) including the anterior Bolton 
ratio and Angle classification. The available sample of 
121 participants was randomly allocated in a 70:30 ratio 
for training and testing. The capabilities of the indi-
vidual models for correct classification were compared 
using receiver operating curves. All statistical analyses 
were performed using IBM SPSS, Statistics for Windows 
version 25 (IBM Corp., Armonk, NY, USA).

RESULTS

Normality tests showed no significant deviation from 

normal distribution in most groups. Although the Kol-
mogorov–Smirnov and Shapiro–Wilk tests showed a 
significant deviation from normal distribution in several 
groups, the deviation does not represent an obstacle to 
the application of parametric statistical analysis in a bal-
anced design.

Odontometric differences between the sexes
The mean values ​​of the individual odontometric vari-

ables of the permanent canines and the results of the 
t-test for the comparison between male and female par-
ticipants are summarized in Table 1. For each variable, a 
significantly lower mean value was observed for women 
than for men. The measured values​​ (6.4–9.1 mm) were 
significantly higher among the male participants. The CI 
dimension was the largest, followed by the VO and MD 
dimensions.

Comparisons of odontometric variables and anterior 
Bolton ratio

There were no statistically significant differences in 
any odontometric variables, and the values ​​of the par-
tial eta squares and observed power were relatively low. 
The observed test power was generally < 32%. A t-test 
indicated no significant difference in the anterior Bolton 
ratio between the sexes (p = 0.585).

Principal component analysis (PCA)
A scree diagram showing the eigenvalues ​​for the in-

dividual components of the PCA model based on par-
ticipants of both sexes is shown in Figure 1. Most of 
the variance was described by the first two main com-

Table 1. Odontometric variables and comparison between sexes

Dimension Male (mm)
(n = 61)

Female (mm)
(n = 60)

p-value 
(male vs. female) Statistical power

13 CI 8.915 ± 0.9607 8.541 ± 0.8401 0.02435 0.169

13 MD 7.885 ± 0.4173 7.521 ± 0.3975 0.000003 0.998

13 VO 8.467 ± 0.5357 8.116 ± 0.5044 0.00032 0.957

23 CI 8.992 ± 1.1043 8.631 ± 0.7743 0.03947 0.542

23 MD 7.915 ± 0.5288 7.633 ± 0.4146 0.00141 0.900

23 VO 8.432 ± 0.5879 8.087 ± 0.5476 0.00112 0.912

33 CI 9.095 ± 1.0466 8.739 ± 0.9362 0.05106 0.498

33 MD 6.850 ± 0.4735 6.487 ± 0.4125 0.00002 0.994

33 VO 7.645 ± 0.5771 7.402 ± 0.5081 0.01521 0.686

43 CI 9.008 ± 1.0500 8.684 ± 0.8864 0.06836 0.446

43 MD 6.750 ± 0.4739 6.387 ± 0.3853 0.00001 0.996

43 VO 7.685 ± 0.6787 7.408 ± 0.4283 0.00823 0.760

Values are presented as mean ± standard deviation.
FDI tooth numbering system is used to indicate teeth. 
CI, cervical-incisal; MD, mesiodistal; VO, vestibular-oral.



Anic-Milosevic et al • Artifical neural network model for predicting sex using orthodontic measurements

www.e-kjo.org 197https://doi.org/10.4041/kjod22.250

ponents, whereas the third component had an intrinsic 
value lesser than 1.

By visualizing the odontometric variables in the ro-
tated space of the first two main components, a de-
scription of their interdependencies was obtained, rep-
resented by two-dimensional spatial relations. A view of 
the rotated spaces of the first two main components in 
Figure 2 shows how the CI variables for the four per-
manent canines are grouped into one cluster, the VO 
variables into the second cluster, and the MD into the 
third cluster. Variables grouped within a single cluster 
were more strongly interrelated than those belonging to 
other clusters. In addition, clusters that were more dis-
tant from each other (e.g., CI and MD, which were more 
distant from each other than CI and VO) were more in-
dependent.

Analogous to the previously shown scree diagram for 
the PCA model based on all subjects, an additional scree 
diagram for the eigenvalues ​of the PCA model compo-
nents limited to male participants is shown in Figure 3. 
In this model, the majority of the variance belongs to 
the first two main components, whereas the third com-
ponent has an intrinsic value lower than 1.

The rotated spaces of the first two main components 
of the male-based PCA model (Figure 4) showed similar 
relationships between odontometric variables as previ-
ously shown for the PCA model based on both sexes. 
The CI, VO, and MD variables formed separate clusters, 
and VO and MD were more interrelated than CI and VO.

A scree diagram for the PCA model based on female 
participants is shown in Figure 5. The first two main 
components accounted for most of the variance, and 
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Figure 1. Scree diagram for the principal component 
analysis model for both sexes.

Figure 2. Odontometric variables in the rotated space of 
the first two main components for the principal compo-
nent analysis model for both sexes.
CI, cervical-incisal; MD, mesiodistal; VO, vestibular-oral.
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Figure 3. Scree diagram for the principal component 
analysis model for male participants.
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principal component analysis model for male participants.
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although the third main component had an intrinsic 
value greater than 1, it was omitted from the analysis to 
ensure that the PCA model based on female participants 
was comparable with the previous two PCA models (the 
one for both sexes and that for males).

The relationships of odontometric variables in the 
rotated space of the first two main components for the 
PCA model based on female participants differed from 
those of the previous two PCA models because the clus-
ters of the VO and CI variables were significantly closer 
to each other (Figure 6). Moreover, there were overlaps 
between the VO and CI variables, and they formed one 
common cluster. The VO variables were significantly 
further from the MD variables than in the previous two 
PCA models. These results indicate that there is a more 
pronounced association between VO and CI variables 
among females than among males.

Because the first three main components were re-
tained in the PCA with the anterior Bolton ratio includ-
ed, the relationships of the odontometric variables in the 
rotated space are shown three-dimensionally in Figure 
7A. The variables CI, VO, and MD were grouped into 

clusters in a similar manner to the previously presented 
PCA analyses, whereas the anterior Bolton ratio differed 
according to the third main component, which is visible 
in the graph as a shift along the z-axis. The relation-
ships of the odontometric variables in the PCA model 
with the anterior Bolton ratio observed in male subjects 
(Figure 7B) were similar to the relationships in the com-
mon model for both sexes. The CI, VO, and MD vari-
ables were located in the space of the first two principal 
components and offset from the anterior Bolton ratio 
in the direction of the third principal component. The 
grouping of CI, VO, and MD is visible as in the common 
model for both sexes, and the relative distances of the 
individual clusters are also similar; CI and MD variables 
are the farthest from each other, whereas VO variables 
are located between clusters of CI and MD variables. In 
contrast to the two previously presented PCA models (for 

Figure 5. Scree diagram for the principal component 
analysis model for female participants.
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Figure 6. Representation of odontometric variables in the 
rotated space of the first two main components of the 
principal component analysis model for female partici-
pants.
CI, cervical-incisal; MD, mesiodistal; VO, vestibular-oral.
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both sexes together and for males), the female-based 
model (Figure 7C) shows less well-defined clusters of VO 
and CI variables with significant overlaps. However, all 
four MD variables were located extremely close together, 
indicating a stronger association in females.

To visually assess the discriminant potential of the 
first two main components for the classification of 
respondents by sex, a graphical presentation was pre-
pared in the form of a scatter plot in which each point 
represented one respondent (Figure 8). In this diagram, 
the x–y coordinates represent the values ​​of the first two 
components for each subject. It is evident that, despite 
the statistically significant differences in the values ​​of 
the first main component between the sexes, there is a 
marked overlap between male and female respondents, 
that is, there are no clearly defined clusters that would 
classify respondents into a particular sex. Female re-
spondents are represented more on the left (lower values ​​
of the first main component), while male respondents 
are represented more on the right (higher values ​​of the 
first main component); however, there is a pronounced 
overlap in the middle. For the respondents in this area, 
the PCA model did not correctly identify participant sex.

The presentation of data of individual participants in 
a three-dimensional space for the first three main com-
ponents of the PCA model, which included 12 odon-
tometric variables in addition to the Bolton ratio, also 
showed an insufficient ability to classify participants by 
sex (Figure 9).

In this presentation, separation with respect to the 
first main component (x-axis) was still dominant, with 
a higher density of female subjects on the left side and 
males on the right side of the x-axis. The remaining two 
main components contributed almost nothing to sex 

segregation.

The optimal artificial neural network model
A model that optimally classified participants accord-

ing to sex was selected. This model contained one hid-
den layer. The activation function of the hidden layer 
was a hyperbolic tangent, whereas the softmax func-
tion was applied to activate the output layer. Of the 
respondents, 78.1% were correctly classified, and 72.0% 
showed accurate classification during testing. Analogous 
to the testing of 16 neural network models based on 
odontometric variables, an additional 16 models (eight 
single-layer and eight multilayer models with different 
combinations of activation functions) were prepared, 
which also included the anterior Bolton ratio and age.

The inclusion of these two additional variables in-
creased the classification capacity of the neural network, 
and the optimized model correctly classified 85.7% of 
respondents in the learning phase, whereas in the test-
ing phase, the success rate of correct classification was 
77.8%. Similar to models based only on odontometric 
variables, models with the anterior Bolton ratio and age 
included an optimized model with one hidden layer, a 
hyperbolic tangent as a hidden layer activation function, 
and a softmax function to activate the output layer. The 
model of the optimal neural network, which includes 
the anterior Bolton ratio and the age of the participants, 
is shown in Figure 10A and 10B.
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DISCUSSION

Correlations between the dimensions of permanent ca-
nines, anterior Bolton ratio, and sex-specific differences 
in tooth dimensions were investigated in this study. 
The identified sex-specific differences in odontometric 
data were used to prepare the PCA models and artificial 
neural networks. Statistically significant differences were 
found in the mean values of individual odontometric 
variables of the permanent canines between the male 
and female participants. Each of the 12 odontometric 
variables was significantly different between sexes. This 
finding is consistent with previously published studies 
documenting sexual dimorphism in permanent human 
canines.12-14 Some studies found no differences between 
male and female participants, which in most cases can 
be attributed to an insufficient sample size, reducing 
the likelihood of detecting a significant effect through 
statistical analysis.15,16

No statistically significant differences were found on 
comparing the values ​​of the odontometric variables 
based on the Angle malocclusion classification. There 
was also no statistically significant association between 
the anterior Bolton ratio and Angle malocclusion. How-
ever, differences between malocclusions based on An-
gle’s classification were expected.17-19 It is likely that the 
sample size of this study was insufficient to identify dif-
ferences between Angle’s malocclusion classes. An anal-
ogous conclusion was drawn in other studies in which a 

small number of respondents led to low statistical power 
and an inability to detect sex-specific differences.20,21

The first two principal components carried the largest 
share of information on the variation in all 12 odon-
tometric variables. The mean values ​​of the first two 
principal components were compared between males 
and females; for the first principal component, a highly 
significant difference between the sexes was found 
(p < 0.001), whereas for the second principal compo-
nent, there was no statistically significant difference. 
With significant differences in the mean values ​​of the 
first major component between the sexes, the male par-
ticipants had positive values ​​and female participants had 
negative values, with the 95% confidence intervals not 
overlapping. This finding suggests that the first major 
component may be useful for separating respondents 
by sex. However, the scatter plot for the values ​​of the 
first two principal components for individual subjects 
shows that this is not the case; that is, despite statisti-
cally significant differences ​​between males and females, 
there were marked overlaps when observing individual 
subjects. This shows that simple hypothesis tests (t-test 
or ANOVA) can provide a statistically significant result in 
the case of a large sample, despite the existence of large 
overlaps between groups. Therefore, the statistically 
significant difference between the mean values ​​of odon-
tometric variables, which has often been identified in 
different studies,22-24 does not necessarily indicate their 
practical applicability for the identification of respon-
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dents by sex.
To construct an artificial neural network model that 

can classify individuals by sex, based on the odonto-
metric variables of permanent canines, single-layer and 
multilayer perceptron networks with different activation 
functions were examined.25 A single-layer perceptron 
network comprises one input layer, one hidden layer, 
and one neuron output layer. Neurons communicate 
only between layers, and there are no interneural con-
nections within the same layer. Similarly, a two-layer 
perceptron network has two hidden layers that com-
municate with each other. By examining the different 
structures of neural networks and activation functions, 
operational curves were obtained that showed the re-
lationship between the sensitivity and specificity of the 
classification of subjects by sex for a particular neural 
network.26 In other words, increasing the sensitivity of 
the network should reduce its specificity as little as pos-
sible so that the model produces as few false-positive 
results as possible. This relationship between sensitivity 
and specificity was measured by the area under the op-
erating characteristic curve; this area should be as large 
as possible for the classification to be successful.27 

The anterior Bolton ratio introduced additional in-
formation into the model that was not included in the 
initial 12 odontometric variables; information on the 
age of the subjects probably addressed the changes in 
tooth dimensions that occur with aging due to wear.28 A 
similar precision of the classification of respondents by 
sex (86% correct) was shown by Vodanović et al.13 on 
using a combination of craniofacial and odontometric 
data. This study achieved similar precision but used only 
odontometric variables, indicating the high efficiency 
of the neural network model for extracting informa-
tion on sexual dimorphism and its applicability for sex 
determination. To place the model of sex determination 
presented in this paper in the context of other research 
using odontometric data to predict sex, it can be men-
tioned that their ability to correctly classify individuals 
by sex ranges from 60% to 88%.12,29-31

It should be noted that the dimensions of the teeth 
are characteristic of the observed population, and there-
fore, the correlations observed in a particular sample can 
only be generalized to some extent outside the popu-
lation on which the model was based.32 For example, 
odontometric dimensions differ significantly between 
races; hence, the extent to which a model for determin-
ing sex based on data from Caucasians is applicable to 
other races is limited. It is likely that the model would 
still show some degree of accuracy, but it would cer-
tainly be lower than if the application of the model was 
limited to the group of subjects on whom the artificial 
neural network was based. In general, the higher the ac-
curacy of the model, the more homogeneous the group 

within which it is applied; that is, the less uncontrolled 
the variance within the group.33 By involving an ever-
widening range of different respondents, the heteroge-
neity of the group increases, and the accuracy of the sex 
prediction model can be expected to decline. However, 
if the model is allowed to learn on a sufficiently large 
sample, it is possible for the neural network to isolate 
and recognize sex-specific differences despite the large 
inter-individual variability. In practice, the limitation of 
the model to a specific population (e.g., race) is not a 
significant obstacle to successful use, given that several 
different methods are commonly used in forensics at the 
same time.34,35 Therefore, there may be several racially 
specific models for sex determination, each of which 
works only on a certain subset of respondents, and the 
choice of the model can be made based on other foren-
sic methods for determining race.36,37 The sample exam-
ined in this study was based on study models developed 
for orthodontic purposes, which means that it was a 
relatively homogeneous group of young subjects aged 
7–18 years. Therefore, the model of an artificial neural 
network for sex determination does not consider the 
changes that occur due to tooth wear and restorations, 
among other age-related factors.38

This study demonstrated the possibility of identifying 
sexual dimorphism in permanent canines using various 
statistical methods. It should be noted that model learn-
ing in this study was conducted on 121 subjects, which 
is a relatively small sample size for neural networks that 
are normally able to process and conduct learning on 
samples with incomparably larger amounts of data. Al-
though modern forensics have advanced methods that 
can determine the sex of a subject with almost 100% 
accuracy,39 these methods are inapplicable in cases where 
a sufficient amount of hard dental tissue is not available 
for analysis. In addition, these analyses require expensive 
equipment and laboratories. If these conditions are not 
met, simple odontometric methods, such as the neural 
network model presented in this paper, play an impor-
tant role in forensic sex determination.40 Further studies 
with larger and more diverse sample sizes are necessary 
to confirm these results and improve the accuracy of the 
model.

CONCLUSIONS

In this study, the interdependencies of permanent 
canine dimensions and anterior Bolton ratio were ana-
lyzed, and a model of an artificial neural network that 
can predict the sex of an unknown respondent with 
an accuracy of over 80% based on odontometric vari-
ables was developed by applying different statistical 
approaches. This model of sex determination can be 
applied for forensic purposes, and its accuracy can be 
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further improved by adding data collected from new 
respondents and/or adding new variables to existing 
respondents. The improvement in the accuracy of the 
model was demonstrated through the increase in accu-
rate predictions from ​​ 72.0–78.1% to 77.8–85.7% after 
data on the anterior Bolton ratio and age of the subjects 
were added to the basic model. The described artificial 
neural network model for sex determination involves an 
interdisciplinary approach and combines forensic den-
tistry and orthodontics to improve the recognition of 
subjects by expanding the source space of odontometric 
variables to orthodontic parameters. In addition to the 
relatively high accuracy given the sample size analyzed 
in this study, an important feature of the neural network 
model is its learning ability, that is, the ability to be-
come more accurate with each new subject analyzed by 
the model. This is an example of machine learning and 
the foundation of modern computer algorithms for the 
development of artificial intelligence.
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