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Abstract

Dental age estimation is a politically and ethically sensitive area of forensic odontology with great
implications for individuals who are incorrectly classified: potential violation of a minor’s rights, being
denied access to appropriate services or adults in the system being treated as children such as in
asylum seeker cases. The aims of this project are: To investigate the use of artificial intelligence (Al)
on dental panoramic tomography radiographs to predict the age of an individual to be under or over
16; to evaluate how accurate Al is at correctly classifying images in the context of dental age

estimation; to compare the performance of Al in estimating the dental of age males and females.

An observational analytics cross-sectional study was performed with a sample of 5040 radiographs of
Brazilian subjects with 4200 used in training (n = 4200; 2100 males and 2100 females) between the
age of 6 and 22.9 years, 16 years being in the middle of this range. The images were used to train and
validate Al software (DenseNet121) to recognise patterns of the lower left mandibular third molar to

classify the radiographs into two categories: over 16 or under 16 years old.

A stochastic optimisation algorithm (SGD) was used for optimisation during the training of the
network. The images dataset was divided into 5 equal subsets, with four being used for training and
the fifth to estimate the parameters and therefore compute the accuracy of the model. Results
showed that DenseNet121 software could accurately estimate the age of both males (88% accuracy)
and females (83% accuracy) by assigning them a binary result of either over 16 or under 16 years old.
Confusion matrices and AUC graphs showed that classification by Al was more sensitive, specific and

precise for males compared with females.

Al for age estimation using lower third molars was accurate with minimal difference between males

and females, suggesting great potential of future development and use of Al in this field.
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Introduction

Dental age estimation is a method performed by Forensic Odontologists that can be implemented in
the living and deceased.! In the living, dental age estimation is often requested by legal authorities in

cases that involve asylum seekers, child abuse and neglect, adoption and criminal imputability.2

In the deceased, it is performed for human identification where a biological profile of the victim(s) is
built from evidence collected postmortem to estimate sex, age, stature and ancestry. The techniques
available for dental age estimation can be invasive or non-invasive. Invasive techniques include the
analysis of teeth ex vivo, and for this reason is only performed in skeletal remains or cadavers.> Non-
invasive techniques may consist of direct visual inspection and radiographic analysis. Visual inspection
can be limited because only the crowns are visible in the oral cavity however, radiographs enable an

overview of both the crown and root development.

With developmental evidence, Forensic Odontologists can categorise teeth based on their formation
stage.* Higher numbers of developing teeth give a higher accuracy of dental age estimation. This
phenomenon occurs because the several teeth that develop simultaneously, especially in children,
add age information to the statistical calculations used for an age estimate. In adolescents only third
molars are developing, restricting the available dental age information.® This is the reason why recent
studies test and validate the combination of developmental parameters (dental and skeletal) for

better age estimation in practice.

The process of allocating developmental stages is subjective and depends on examiner’s experience.
To reduce the subjectivity, artificial intelligence by means of machine learning has emerged in recent
years as an automated solution to overcome operator-dependent tasks in many areas of medicine and
in forensic odontology.® However, training algorithms to recognize image patterns is challenging when
it comes to the identification of teeth, especially during initial stages of the root development and the

formation of the bifurcation, which can appear as a separate object from the crown.



An accurate age estimation has great legal importance and the use of artificial intelligence can reduce
the examiner bias and the limitations of subjective dental stage allocation. Age estimations of 16 need
to be accurate for the age of legal responsibility, age fraud in sports, becoming employed, joining the
army, concerning the age of legal sexual consent, marriage and abortions.” Additionally, if a cadaver
has been given an incorrect age estimation, this can lead to missing persons being excluded.® For these
reasons, it is important that artificial intelligence is as accurate as possible, even when used to

supplement manual methods rather than make decisions independently.

Chapter 1: Literature review

1) Dental development and age estimation

1.1 Dental development for age estimation
Tooth formation is a continuous process occurring throughout the whole developmental period of an
individual.® Methods relying on tooth formation have been used extensively in forensic age estimation

based on the qualitative and subjective assessments of tooth formation stages.

As age increases, the difference between between physiological and chronological age increases.®
Therefore, dental age estimation techniques are highly reliable in children and less accurate in adults,

where there is no conclusion over the most appropriate technique.®

Once dental and skeletal development is complete, age estimation may be based on skeletal and
dental physiological regressive changes. However, regressive changes are altered by occupational,
pathological and habitual factors.®!! Where there are missing teeth, other methods use skeletal
information (pubic symphysis, ribs and osteon counts of bones) to estimate age but these are more

influenced by environmental factors and ethnicity than dental methods.®



1.2 Dental age estimation in the living

For the living, age estimation can be used for judicial and civil problems concerning the age of children
and young adults.® These include adoption, imputability, pornography, legal consent and child abuse
or other similar matters where there are no identification documents. They are also requested for

asylum seekers, sports players and juvenile offenders.*?

Clinically, dental age estimation (DAE) and the analysis of dental development are required in oral
medicine, paediatric dentistry and orthodontics, special care dentistry and dental radiology.'®
Treatment planning and the timing of development is important when using removable and fixed
orthodontic appliances, particularly removable appliances to increase or decrease the rate of

development of the maxilla and mandible in skeletal Class Il and Class Il cases.

1.3 Dental Age Estimation In The Deceased

For the deceased, DAE forms part of a biological profile to include or exclude individuals from an
antemortem established age-based list to limit the search of the missing persons list.}* The biological
profile of an individual will also include the sex, stature and ancestry estimate with the aim of reaching
a positive identification. This is done through a physical examination and assessing skeletal and dental

development.

DAE is one of the most simple and reliable biological methods to estimate the age of skeletal
remains.’® For remains in poor condition, dental tissues are more resistant to thermal, chemical and
mechanical factors and are less affected by endocrine diseases and nutritional variations than other

tissues.'®

A comparative analysis is completed using antemortem data (provided by the clinical dentist) and

postmortem data (from the Forensic Odontologist in the mortuary).'’

The error range of the method used is crucial because if the age of the individual lies outside this

range, the target individual may be excluded.® For example, if a method gives an age range of 30-45


https://www.sciencedirect.com/topics/medicine-and-dentistry/endocrine-disease

but the missing person is 47 years old, this excludes the missing person. Therefore, forensic reports

frequently have age estimations within a large age range in adults.

2) Assessing dental development using radiographs

Radiographic methods of DAE are commonly used due to the availability of antemortem and
postmortem records and due to the ease of the availability of retrieving radiographs.® In modern
Dentistry, radiographs are extensively used for diagnosis and clinical practice and can be used to
obtain continuous data, particularly in orthodontic patients who have thorough documentation,

including photographs from dental records that can be used for DAE.*

2.1 Dental Panoramic Tomographs

Dental panoramic tomographs (DPTs) are commonly used to view the full upper and lower jaws and
have the advantage of being easier to take in young or nervous children and give less radiation than
several PA’s to view the entire dentition.?° Despite this, a practical drawback of using DPTs is that
superposition can impede anatomical features of interest, preventing the correct developmental

status which result in observer errors.!

Distortion will cause the image will also have a 3-10% enlargement of the mandible but for research
and DAE methods, this can be overcome where shape criteria and relative values are used for

comparison rather than absolute lengths.*

2.2 Dental periapical radiographs

Measurement of tooth proportions (pulp tooth volume ratio or PTVR) radiographically is a non-
invasive method of age estimation.?? Age correlates with a reduction in volume of the pulp chamber
due to secondary dentine deposition over time which can be seen using several radiographic views:

DPT, periapical (PA) and maxillary occlusal.?®



Kvaal’s method is used for the developed dentition in adults and uses individual tooth measurements
from a DPT at several landmarks along the long axis of teeth.?? This can be done using two-dimensional
or three-dimensional images.?* Vertical measurements are: tooth length (T), pulp length (P), root
length (R). Horizontal measurements are: pulp width at ECJ (A), pulp width midway between apex and

CEJ (B) and pulp width midway between A and C shown in figure 1.

Figure 1: Example vertical landmarks for PTVR methods.?

The vertical and horizontal measurements are used in a linear regression equation for age estimation.

25,26

Several studies have shown higher correlation of root width ratios with age than length ratios*>*° and

point B shows the highest correlation with age.®

However, measurements could not be made on teeth which were impacted, had tooth-associated
radiopacities, restorations, crowns, apical pathological processes, had been root-filled, or which had

a mesiodistal plane which was not parallel to the film.

Although Kvaal’s method was developed using DPTs, this method can also be done using dental
intraoral periapical radiographs as seen in a study by Rajpal et al. (2016).” Individuals in Rajpal’s study

were aged between 15-57 years and the teeth most useful for determining age were the maxillary and



mandibular central and lateral incisors and mandibular second premolars. Multirooted teeth and
canines are not as useful for applying age estimation methods.?? Rajan agreed that width ratios are

more correlated with age than length ratios despite differences in the location of dentine formation.

A more recent study from Akhlaghi et al. (2020) estimated chronological age using dental periapical
radiographs with Kvaal’s method using Scanora software to measure the distance between landmarks

and found point B and C (fig 2) could be used for age estimation in an Iranian adult population.?

Y N

Figure 2: A. Tooth length; B. Pulp length; C. Root length; D. Root width at points A, B, and C; E. Pulp width at

points A, B, and C.?¢

For PTVR methods, 3D imaging from CBCT scans can overcome the challenges of using 2D imaging.?*
However, the fact still remains that the relationship between pulp volume and age is not always

linear®® as shown in some studies with larger sample sizes where the reduction of pulp volume is



inconsistent at different ages, producing a sigmoid curve.3® 31 This means that there are challenges

with the application of PTVR in age estimation cases.°

2.3 Artificial intelligence using periapical radiographs

Radiological methods are relatively straightforward, reproducible, non-invasive, and can be
performed on the living and the dead. Skilled and experienced observers would normally carry these
out precisely and reproducibly as there is a detailed process required but recent advances in research
and technology are using Al to perform these tasks. For example, Zaborowicz et al. (2022) proposed
the use of deep neural network models to provide age estimation of children and adolescents from
dental images.?? The proposed study aimed to construct a more accurate model than those previously

produced.

Al has been used on periapical radiographs to detect periodontitis®*3* and for automatic detection
and numbering of teeth but there are no known studies investigating using Al on periapical views for

DAE.

2.4 Ethical issues of radiographic methods

Using radiographs is a controversial method for DAE because it requires exposure to ionising radiation
which comes with associated risks.3® According to the Oxford University Hospitals NHS Foundation
Trust Referral Criteria and Exposure Protocols Guidelines, any referral for radiographs should have
justified exposure and the radiographer needs to be satisfied with the information provided by the

referrer.?’

Kapadia et al. (2020)* looked at the methodological, ethical and health issues associated with using
dental radiographs to visualise the third molar for DAE in migrant children seeking asylum status in

the United States:

“The application of third molar dental radiographs is methodologically flawed and should not

be employed as a determinant of chronological age. Furthermore, the use of such tests



without obtaining informed consent from either the youth or an objective advocate is
unethical...Finally, the legal and health consequences of these inappropriately applied tests

are severe and jeopardise the safety and security of these vulnerable minors.”

Additionally, the British Dental Association states that using dental radiographs to confirm the age of
those seeking asylum in the UK is “inaccurate, inappropriate and unethical.”®® Several countries
prohibit the use of ionising radiation for asylum and civil procedures® and the reliable method of age
estimation through hand-wrist radiographs now has limited clinical application due to the dose of

ionising radiation to children.*!

3) Features of the dentition for age estimation

3.1 Tooth eruption
There are two approaches for DAE in children: clinically assessing tooth eruption intra-orally or to

radiographically assess tooth mineralisation and development.

Although tooth eruption has been used to estimate the age of death of skeletal remains, eruption
occurs over a short period of time and only represents the stage in the process where the tooth
reaches the occlusal plane. Eruption can be affected by local factors (ankylosis, infection, crowding of
permanent teeth, early or delayed extraction of the deciduous tooth) and systemic factors (nutritional
status).*” * Its accuracy is also compromised by periods where no tooth eruption occurs or where
several teeth erupt simultaneously* and the rate of formation of permanent teeth is affected by
premature loss of the deciduous teeth.* Therefore, tooth formation and calcification is a more reliable

indicator of dental age than eruption.

Calcification during early tooth formation is visible radiographically. Barka et al. (2013)% studied third
molar development in Greek orthodontic patients where early signs of tooth formation were seen by

the presence of uncalcified crypt or by the mineralisation of cusp tips.



Dissected material of cadavers will show a younger age compared with radiographs because the dental
tissue needs a greater degree of calcification before being visible radiographically.” For example, the
first permanent molar is not visible radiographically until 6 months of age despite being calcified

prenatally.

3.2 The use of atlases in dental age estimation

Whilst the presence and study of tooth and root formation can indicate age, a more accurate method
for DAE of the developing dentition is based upon the sequence of eruption and the degree of
calcification to provide an index.!® Teeth develop in a predictable sequence from before birth until
early adulthood*® and where there are several developing teeth, there is more information for an

accurate age estimation.*

There are several atlases used for DAE: Schour and Massler Atlas,*® Uberlaker Atlas and the London
atlas.>® The first, and the most well-known, atlas is the Schour and Massler Atlas developed in 1941.
This includes a series of drawings showing the development at 21 stages from in-utero to young
adulthood. However, the time between development stages is not consistent (consecutive up to age
12 where the next stage is 15 years old) and few details of the sample are known such as the material

or method of analysis. Later revisions in 1944 have been made to this atlas using radiographs.

Secondly, the Uberlaker Atlas was developed in 1978 and was based on the Schour and Massler Atlas.
It uses a number of published sources and notes a range of variation present at each stage of
development, along with a line indicating the level of gingival emergence. Modifications have been

made to Uberlaker’s charts by adjusting the age allocated to each drawing based on sex.>!

Most recently, the London atlas of tooth development and eruption looks at the development of the
entire dentition from mineralisation and eruption to full root completion. This tooth-specific atlas is
often used clinically to assess dental development of children. Unlike the Schour and Massler atlas,
this is an evidence-based atlas that attempts to overcome the challenges of previous atlases by having

all age categories illustrated and shows the enamel, dentine and pulp.>!
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3.3 Factors affecting development
The literature has shown that the methods of DAE based on the mineralisation and growth stage of
the teeth depends on the genetics of the populations (due to ethnic variability)® more than local and

systemic factors.>?

Other factors affecting dental age outcome include:>

1) Method errors
2) Methodological over and underestimations of age
3) Sex of an individual

4) Age of individuals

The experience and knowledge of the forensic odontologist is essential as the process of estimating
the stage of tooth development of young adults is highly complex.>* This is where accurate automated

methods using Al have the potential to overcome manual errors.

4) Staging methods

4.1 Ordinal staging
Ordinal staging of the crown and root formation is one of the most frequently used techniques for
establishing the tooth developmental status in forensic odontology.’? Each method varies in the

number of teeth used as this is specific to the parameters set out by the authors of the method.

4.2 Demirjian 1973

Demirjian’s method of age estimation is one of the most widely applied methods of DAE which looks
at the stages of tooth development, and lettering them from A to H (fig 3).* DPTs of 1446 French
Canadian boys and 1482 girls aged 2-20 years were analysed and the teeth categorised into stages A-

H. Each tooth is allocated a stage, and the sum of the scores gives an evaluation of the subject’s dental
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maturity. The dental maturity score (DMS) can be converted into the dental age (DA) using available

tables.

Then, the percentile curves are allocated, and the sum of the scores provides the subject’s dental
maturity. Differences between the dental age (DA) and chronological age (CA) of a subject may
indicate an advanced or delayed dental maturity.>? This method can be used for children aged 3-17

years.

000
A n

Figure 3: Stages in Demirjian’s method.*

French Canadian children are more dentally advanced than others so Demirjian’s method has

commonly been reported to overestimate age by over 6 months.>

4.2.1 Studies investigating Demirjian

Jayaraman et al. (2013) investigated the applicability of Demirjian’s method to different geographical
groups by using the method on 19,599 subjects aged between 2 and 21 years belonging to different
global population groups.>® The Demirjian method overestimated the age of females by 0.65 years (-

0.10 years to +2.28 years) and males by 0.60 years (-0.23 years to +3.04 years).

Overestimation was most reported in most populations. However, in Jayaraman’s study, maximum
variation was found in Indian subjects and an underestimation of age was present in Venezuelan and

Western Chinese males and Venezuelan females. The overestimation of age is supported by other
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studies which found an overestimated age in Polish®® and Hungarian®” populations using Demirjian’s
method. However, literature supports using Demirjian’s method in North-eastern Turkish children,

Malay population, Western Chinese children, Belgaum population and Lucknow children.%®

4.3 Haavikko (1974)

Haavikko et al. (1974) developed a model based on 12 radiographic stages of each developing
permanent tooth to create a simple and reliable age estimation method that could be used for
individuals with hypodontia.>® This method included radiographs where individuals with considerable
developmental delay were included in the full analyses.®® Haavikko designed this method to be used

in forensic scenarios and for clinical purposes.

Importantly, Haavikko concluded that no age estimation can accurately determine the exact age for
every individual due to development variability between individuals. Furthermore, the most
important aspect of DAE is to apply several techniques with reproducible calculations and

measurements rather than being restricted to only one technique.

4.4 Cameriere method (2008)

Cameriere at al. (2008) developed a new radiographic method for assessing the age of adults using
the ratio of age and the measurement of the open apices and height of the third molar of Italian
individuals. The method identifies a threshold used to differentiate between individuals who were

above or below 18 years of age,®! the age of legal majority in many countries.

Recently, machine learning of the Cameriere formula has been shown to produce an age estimation

more accurately and efficiently than the traditional formula.®

4.5 Willems (2014)
The later developed Willems method® is a modified Demirjian method which is more accurate and
aims to overcome the overestimation of age. Willems found that adaptations to the method for

specific populations can improve the accuracy of age estimation.
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However, even Willems method has limitations as it requires all mandibular teeth to be present (apart
from the third molar) but the second mandibular premolar is one of the most frequently missing
teeth.®* % This highlights the importance of being able to use all landmarks on a DPT and methods

which are not limited to the development of specific teeth for an accurate age estimation.

5) Age estimation from specific teeth

5.1 Important teeth for dental age estimation
Haavikko et al. (1974) also investigated which teeth had the least variation to determine whether
estimates of a tooth formation age could be done using only a few selected teeth, and which teeth

would give the most reliable developmental stages.®®

They concluded that the teeth most reliable for use in age estimation were different depending on
the age of an individual: tooth 46, 44, 41 from ages 0-9 years and tooth 47, 44, 43 from age 10-13
years. Most teeth were fully formed at 9-10 years, with the exceptions of teeth 47 and 44. On the

other hand, the second premolar and upper lateral incisors were the most variable teeth.

The development of teeth on the mandible were easier to visualise and assess than the maxilla on
DPTs so the formation stage was more accurate. Teeth that were rotated, misplaced and crowded

were harder to accurately analyse.

5.2 Mandibular third molars and adults

Mandibular third molars are important teeth (despite their variability in development, eruption
anatomy, size, contour and anatomical orientation) as radiographically, they have minimal distortion
and superimposition of hard tissue, soft tissue and bone in comparison to maxillary third molars.®’

Distortion and superimposition can further be minimised with downward positioning of the chin

during exposure.®
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What is arguably more important is that there are very few alternative teeth to use for adolescents

and young adults, since all other teeth have erupted and completed their development by this age.®®

5.3 Dental age estimation for age 18

The reliability of correctly identifying a subject as being over or under 18 was done by Lucas et al.
(2016) using the ‘gold standard’ which is Demirjian’s method due to its high level of reproducibility
and robust results.”® Subjects were aged 16-26 years and the results showed no statistical difference

between males and females using Demirjian’s method.

Lucas found that the threshold of being above or below 18 in the age range of 17-19 years could be
incorrect on up to 50% of occasions. The probability assessment was not sensitive to subjects with a
chronological age close to 18 years, giving a judicially undesirable result of subjects over 18 years being

assessed as under 18 years, an outcome which is unacceptable and ethically unacceptable.

5.3.1 Drawbacks of relying on third molars

There are several practical problems with relying on third molar development. Firstly, on a DPT there
is often poor visualization of the maxillary third molar (from superimposition and distortion around
the maxillary tuberosity) until cusps are calcified which makes it difficult to identify in the earlier stages

of development.”?

Secondly, high levels of agenesis in a population prevents means there may be no remaining
developing teeth. Mandibular third molars are frequently congenitally missing in 17.6% of cases but

this may be higher or lower depending on the population.’73

Thirdly, third molar extractions may be performed for prophylactic reasons’ between the ages of 20

and 39 years old however, third molars are in their final stages of root formation at this age.”
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6) Role of CBCT in age estimation

6.1 Combining CBCT and DPTs for DAE

Despite DPTs being the gold standard for staging development, there is the possibility of using CBCT
scans to visualise developing teeth and classify them into stages. A study by Franco et al. (2020)
compared the developmental staging of DPTs and CBCTs and extracted (fig 4) third molars which had

complete completely developed crowns, were not restored and had no decay.?

Figure 4: Comparison of an magnetic resonance image scan, dental panoramic tomograph and extracted

teeth.??

Two examiners staged the teeth using the Kohler et al. (1994) modified Gleiser technique’® which
classifies development using the crown, root and apex development of third molars. This is a
particularly useful method for late development of molars to determine if an individual is an adult or

minor.

The paper suggested that the 3D visualisation could overcome the limitations of a 2D radiograph,
however, extracted teeth and DPTs are more similar than CBCT and DPT images. Results showed that

there were minor discrepancies in stage allocation between DPTs and CBCTs, with DPTs being the gold
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standard for age estimation. In situations where there is no imaging equipment, extracted teeth may

be useful.

6.2 Multifactorial age estimation

Most other studies looking at 3D imaging use a combination of anatomical sites such as teeth,
clavicles, hand and wrist development to give a multifactorial age estimation which can be used to
extend the age range from 18 to 25 years old.”” A later study by Tobel et al. (2020) used MRI imaging
for age estimation in living children by looking at MRI scans of subjects up to 30 years old.”® Anatomical
sites used were the skull, teeth, chest, hip, upper limb and lower limb. They found using a
multifactorial age estimation method was more accurate than a single anatomical site, with the apical

closure of teeth being an important feature.

6.3 MRI scans for dental development

Stern et al. (2017)”7 studied MRI scans for age estimation using only tooth development rather than a
multifactorial approach. Their paper focused on the lack of standardised methods and intra- and inter-
observer bias in analysing and staging images and concluded that caution should be taken classifying

an individual as an adult or minor as this requires a high level of sensitivity.

7) Examiner bias of age estimation and Al

7.1 Observer variation compared to Al

Evaluation of radiographs or any medical images for forensic age estimation is performed by expert
human observers such as forensic anthropologists, radiologists or forensic odontologists who are
experienced in analysing the developmental status of anatomical structures shown in medical images.
The experience, training and exposure of these experts is important however, recent developments
in Al allow it to recognise patterns and use decision-making processes to give accuracy similar to

humans.
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For example, De Tobel et al. (2020) studied the use of Al in staging radiographic third molar
development and compared this with two human observers allocating the same stages.”® Results of
the Al model were equivalent to trained human observers. Although only 51% of the stages were

correctly allocated by the software, misclassified stages were in the neighbouring categories.

Misclassified stages by human observers were mostly due to an intermediate stage of development
or using an unclear radiograph’ so, in instances where the two observers disagreed on the stage, a
third observer would act as a referee to come to a conclusion. Other issues noted in this study were
that relying on one tooth, particularly the third molar, is problematic as agenesis and impaction were

common as shown in figure 5.

Figure 5: Rotated lower third molar.”®

Importantly, Tobel’s paper noted that the observer-induced variability could also be applied to an Al
system through training because errors during the annotation of the training data will then be

replicated by the neural network.
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7.2 Training and examiner bias

Pillai et al. (2021) conducted a study to determine the inter-observer agreement in radiographic
interpretation using Demirjian’s method on mandibular second and third molars.®’ Some 123 DPTs of
individuals aged 5-22 years were evaluated and staged by four observers with different levels of
experience in age estimation: one experienced forensic odontologist, two recently qualified dentists
with postgraduate training in forensic odontology and a general dental practitioner (GDP) with no
training in dental age estimation. The radiographs were randomly selected and information on the

age and sex of the patients was hidden.

The observers then individually assigned each radiograph a developmental stage based on the
Demirjian and Chailet’s 10 stage chart with the forensic odontologist’s scores used as a reference for

comparison. The DPTs were then re-evaluated at a later date.

It was found that there was a significant agreement for both the second and third molars by the
observers for both the initial and re-evaluation grades. The percentage agreement with the forensic
odontologist was least for the GDP who had no prior training (theoretical or practical) in the
radiographic dental age estimation method. Training in applying the classification system by the
experienced forensic odontologist improved the results and gave greater agreeability between

observers, with a smaller range of stages for each DPT.

Pillai’s study found that the “third molars exhibit marked differences in terms of formation, eruption
morphology, and agenesis compared to the second molar. That could be attributed to the significant
difference in scoring and a lesser agreement by all the observers in this study.” They concluded that
adequate training in radiographic interpretation and the use of reference digital radiographs with the

ability to change the contrast and magnify the image minimised errors.

Training for dental age estimation gives time and experience for calibration and, from a legal

perspective, age estimation methods need to be accurate and reproducible with minimal
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interobserver variability regardless of their experience. Using Al to perform these tasks may eliminate

the bias between humans by using efficient automated methods.

8) Artificial Intelligence in FO

8.1 Artificial Neural Networks

Artificial intelligence in the medical field can automatically diagnose radiographic images via a process
known as deep-learning. Since 2017, the accuracy of Al has already surpassed human accuracy.?!
Additionally, the techniques require less time than manual human evaluation and the repetitive tasks
will not cause fatigue as is the case for humans.® For example, estimating an individual’s chronological

age using the Demirjian-Chaillet method can take a human observer on average 10 minutes.®

Artificial Neural Networks (ANN) simply identifies and interprets unknown patterns by machine
learning to diagnose and make predictions through training using large volumes of input data.®* ANNs
have processing elements (or neurons) which are units which can be adjusted through a process of
training, learning and generalisation.® The behaviour of an ANN is determined by the organisation of
the neurons and the weights of the connections between them. The value of the weights is learned

through an algorithm which finds the optimal configuration of the weights for the desired outcome.

Deep-learning has shown excellent performance in image classification, segmentation and detection.
Therefore, using ANN models can accelerate the process of classifying radiographs because the
mathematical formula implemented by the algorithm automatically allocates the data into categories
and classes. However, understanding the decision-making process of a deep neural network is

complicated and difficult to understand as it is based on mathematical models.

8.2 Sex determination using artificial intelligence
Al is not limited to categorisation of data for age estimation purposes only. Fidva et al. (2018)8 used

the canines to determine sex using Al. For this study, 100 measurements of the diameter of
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mesiodistal, buccolingual, and diagonal upper and lower canine jaw models (50 male and 50 female)
were uploaded to a computer program which had algorithms to recognise patterns in the images. This
acted as the training for the computer program. Once the pattern was obtained and classification
model applied, the determination of sex was performed. The accuracy rate of sex determination was

84% using a multi-layer perception (MLP) method.

8.3 Al in age estimation using dental panoramic tomographs

ANNs have been researched in FO for the purposes of DAE for identification using developmental
milestones seen in teeth and anatomical landmarks on radiographs. The Al focuses on different areas
of the image depending on the age. In 2020, Vila-Blanco et al. (2020) studied the use of ANNs to
estimate age in 1752 DPTs which were split into ‘perfect’ and ‘imperfect’ categories. Unlike many
other studies, the ‘imperfect’ radiographs were included (images showing orthodontic appliances,
prostheses, implants, restorations, jewellery, hypodontia, retained roots and distorted or blurred

areas).?’

The network’s behaviour was analysed and the areas of learned features were shown on the output
image as a heatmap. Then the estimated chronological age was estimated and compared to the
opinions of clinical dental experts. Figure 6 shows a heat map, with the ‘hotspot’ areas highlighting
where more attention was paid to the Al. Different age groups had different areas which were most

important for giving the desired output of chronological age.
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(a) 4 years and 8 months old

(b) 9 years and 8 months old

(¢) 13 years and 2 months old

(d) 25 years and 2 months old

Figure 6: Heat map showing areas paid attention to by the network at age 4, 9, 13 and 25 years.%”



22

The results showed that the model trained with only subjects under 15 years was more accurate for
estimating a child’s age compared to using a sample with the full age range. The accuracy of the
network worsened when older individuals, over 25, were included because the permanent teeth were
completely formed so had less developmental anatomical variation. Therefore, models can be

adapted to be more accurate with target ages and populations.

This study concluded that using Al and deep learning has the potential to make improvements in time

and subjectivity of age estimation, especially in children and adolescents with developing dentitions.

Back et al. (2019) used convolutional neural networks (CNNs) on DPTs for age estimation.® This study
recognised that current scoring-based methods for age estimation require expensive training and have
poor inter-rater variability and additionally, using staging methods such as Demirjian’s method is time-
consuming and subjective based on the observers. Therefore, using Al to estimate age may overcome

these challenges.®

A set of 2400 DPTs were used after the software was trained to predict true chronological age,
however, the mean absolute error for the validation set was almost two years which was considered
unacceptable for use in legal purposes. Saliency maps were generated for different age ranges to
construct 50 maps of random images. The saliency maps showed the most informative regions were
around the molars which was the predicted result. As seen below (fig 7), the model used the maxillary

sinus as a marker for younger age ranges and the nasal septum for older age ranges.



23

A ccc = 0,910 B Absolute error C Aleatoric uncertainties D Epistemic uncertainties
. 300 . =
) 3 - -
§- " £1%0 s i
g g ' § §
£ 0 3 £ 64 1%
5 . 4 > >
> ¥ E . g 10
€ 100 & J g
§ 3 Y B
4 X g2 ¥ s
£ P Z = S
[} ’
0 0
0 100 200 300 100 200 00 100 200 300 100 200 300
True age (months) Troe age (months) Troe a00 (mosths) Troe o0 [months)

G

Figure 7: Results showing the correlation between true and predicted age and saliency maps for different age

groups.®®

The results of this study showed there is more uncertainty for sub-adult age estimation as there are
fewer biological markers of dental development. However, the patterns in the saliency maps may
reveal new potential markers for age estimation from DPTs which may not be obvious to a human

observer and is not limited to manual staging methods of teeth for age estimation of sub-adults.

Back’s system shows a quantitative estimation of prediction uncertainty and explanatory saliency map
which are important in indicating the accuracy of age estimation, especially around a majority age

classification which is important in a legal context.

8.4 Al for MRI age estimation

Stern et al. (2019) used a similar deep learning system for multifactorial age estimation using MRI data
from third molars, clavicles and hand bones to extend the maximum age range from 0-19 years to 0-
25 years. Some 322 subjects between 13 and 25 years were used to train the Al which analysed the

images and fused age-relevant information to give a multifactorial age estimation.®

Third molars were found to be influential on age estimation between the age of 17 and 22 years,

however, these were commonly missing. For estimating age 16 to 19 years, the highest estimation
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accuracy used both the third molar and clavicle development combined. Additionally, the advantage

of using MRI data reduced observer variability and avoided using ionising radiation.

8.5 Artificial Intelligence for sex estimation

Patil et al. (2020) used ANNs for sex determination using mandibular parameters in a comparative
retrospective study from 2020.9! The process of sex determination is automated with minimal errors
and proves a promising advancement in Al for FO. The technology is based on a mathematical model
to mimic human brains and can identify patterns and classify DPTs into male and female. To assess

the reliability of this method, the results were compared to measurements made by two radiologists.

Some 509 radiographs were analysed and the results showed an accuracy of 69.1% in identifying male
and females but they stated that 75% accuracy or greater was more acceptable. For future use of this
model in FO, the authors recommended that the results should be tested on a larger population to
take into account other factors influencing tooth development: genetics, race, socioeconomic
background, attachment and use of masticatory muscles.® An annotated radiograph is shown in figure

8 with hard tissue landmarks and measurements.

Coronoid
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g

Bi-gonial width

Gonial angle

Figure 8: Measurements used for sex determination by artificial intelligence.*
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8.6 Al in making dental identifications

Khanagar et al. (2021) used a systematic review evaluating the application and performance of Al
technology in FO, stating that Al can be trained and applied for problem solving and clinical decision-
making in both medical and dental fields.®® They found the use of Al technology has been widely
investigated for identifying bite-marks, predicting mandibular morphology, sex determination, and
age estimation in the living and deceased. Mandibular morphology can be used for facial
reconstruction for identification, sex determination and in making skeletal classifications (Class 1, Il,

).

The application and performance of Al has been studied in several aspects of identification by forensic

odontology:

e Remains

e Teeth

e Mandible to determine sex
e Maxilla

e Eruption patterns

Models with accuracy and precision similar to that of a trained forensic odontologist, meaning that
there is scope for using Al for disaster victim identification and aiding in medico-legal situations. The

graph below (fig 9) shows the areas that Al is currently applied in forensic odontology.®
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Figure 9: Use of artificial intelligence in areas of forensic odontology.%’

Currently, age estimation is the area of FO where Al is most largely applied, followed by sex
determination, mandibular morphology and identifying bitemarks. Using highly trained Al models,
decision making and problem-solving can be done with excellent results. Decision making is key in FO
as age estimation and sex determination rely on accurate expert opinions but an advantage of using

Al is the elimination of observer bias.%

As DPTs are commonly used for age estimation and chronological age, this may result in more simple
and reproducible training for the Al compared to training using photographs of bitemarks. For
example, a DPT has a standardised size and scale and angle for all individuals, the image will be back
and white, the centre of the dentition will be in the centre of the image, the anatomical structures

(ramus, body of mandible, sinus, mental foramen) are seen consistently.

Al for bitemarks has been designed to identify specific features of bitemarks in wax.” In reality,
training Al for bitemarks on human skin may prove difficult due to the many variable factors: images

show many colours, shapes and patterns using different scales and with different skin tones on
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different areas of the body. There is great potential for Al in age estimation on radiographs and, as

technology advances, in analysing all forms of evidence in forensic odontology.

Currently, most studies are preliminary, experimental in nature and don’t reflect ‘real life’ scenarios
and therefore, the success in cases is yet to be studied. Future research should conducted on use of
Al in other areas of FO such as lip prints, palatal rugae, cemental lines, dentine translucency and their

application to cases.®

9) The legal system and age estimation of accurate age estimation

9.1 Age of criminal responsibility

Legally, DAE for adolescents and young adults is implicated in the interpretation and judgment of
criminal law to determine either an adult or minor status.®* % This will determine whether a suspect
has reached the age of criminal responsibility and whether the individual is treated under general

criminal law for adults.®®

The difference between an individual being classified as an adult or minor could determine if they are
considered an adult or young offender, how they are convicted and punished,” their maximum
penalty,®® whether the case is sent to a criminal court and whether their name is published to the

public.%’

With regards to an individual being of the age of legal majority, Garamendi et al. (2005) noted that a
more beneficial criminal treatment occurs with false negatives while a minor’s rights will be violated

with false positives in age estimation.*

Therefore, age estimation methods must keep false negatives to a minimum, but it is ethically
unacceptable for false positives to occur in cases involving the criminal responsibility presumed

minors.1®


https://www.sciencedirect.com/topics/medicine-and-dentistry/rugae
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9.2 Asylum seekers

In the United States, if the age of an asylum seeker estimates that they are an adult and not a minor,
they will await court hearings in Immigration and Custom Enforcement (ICE) operated jails and housed
with adults rather than being placed in youth shelters.3® This can expose them to physical harm,
mental distress, depression, anxiety and post-traumatic stress disorder. The court hearing will
reference the dental radiograph findings and if a minor is thought to have purposefully lied about their
age, this can jeopardize the credibility of their asylum claims which and prolong their immigration

proceedings for months or years while they remain in the ICE jails.

In the UK, migrants claiming to be minors receive better housing and support, access to children’s
services, given a more sympathetic hearing and are less likely to be detained.'®® Experts on the
scientific advisory committee will look at the methods used to determine the chronological age,
including X-rays and other types of radiology, CT and MRI scans. This will mean that asylum seeking
adults posing as children are not given support which they are not entitled to and remove safeguarding

risks of adults incorrectly placed in the children’s care system.

Therefore, there are legal and financial consequences of a false positive age estimation and a “false

adult” is the least desirable outcome with the greatest negative implications.

Local authorities look after children, and there are practical implications for deportation where
asylum claims are rejected. Financially, in United Kingdom (UK), it was revealed that over £2 million
had been paid to 40 child asylum-seekers in a court settlement who were wrongly detained as adults
from flaws in the age assessment process.’® This highlights the importance of legal representatives
fully understanding the age assessment process, and the medical practices involved in determining if

an individual is a minor.
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9.3 Missing persons search
If a cadaver is estimated with an age that is incorrect, this can lead to missing persons being excluded.®
For example, if an estimated age range is 30-45 years but the missing person is 47, this excludes the

missing person and the age estimation hinders a positive identification.

10) Age estimation of sixteen

10.1 Sports

The “National Code against Age Fraud in Sports” report states that an age estimation will include
radiographic DAE using DPTs and a medical examination using hand—wrist radiograph and/or CT
scans.'® Similarly, hand—wrist radiographs (Tanner Whitehouse — TW3 method) are used by the Board
of Control for Cricket in India, where age fraud is particularly prevalent, for age estimation in players

competing in under 16 categories.!®

There are various reasons why this is such a problem in India: it is acceptable among parents and there
is a culture, and even appreciation of jugaad, and fake documents can be easily obtained.® The
National Inter-District Junior Athletics Meet (NIDJAM) in Tirupati, India held in 2019 experienced
rampant age fraud.'® Some 51 athletes were declared to be overage from DAE and TW3 procedures

and 65 athletes did not complete their TW3 tests after they attended for their dental examination.

10.2 Legal age of consent
Although the age of consent worldwide ranges from 12 to 21 years old, many have 16 as the age of
consent: Singapore, Indonesia, Cuba, Ukraine, Belgium, Netherlands, Switzerland, Finland and

Norway.%

Accurate age estimation is just as important for females as it is for males: The UK National Society for
the Prevention of Cruelty to Children (NSPCC) found that over a third of all police-recorded sexual

offences were against children and that girls and older children are more likely to experience sexual
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abuse.’®” When a girl aged 13 is found to be pregnant, consideration should be given to the age of
conception. If the age of conception is under 13 years, this would be a considered statutory rape and
a referral must be made to the First Contact and the case reported to the Police.l®® Although most
births are registered in the UK, in many countries there is a lack of birth records and therefore proof

of age.

In the UK, young people under the age of 18 are offered protection under the Children Act 1989.1%°
Young people over the age of 16 and under the age of 18 are not deemed able to give consent if the
sexual activity is with an adult in a position of trust or a family member as defined by Part 5 of the
Sexual Offences (Scotland) Act 2009''° and attention should be paid to sexual exploitation and the

abuse of power.!!

There may be discrepancies in how old a minor is for consent. Either the minor may have lied about
their age, or a perpetrator may claim that a victim of sexual assault had lied but in either case, adults
who engage in sexual activity with a minor can be charged with a sex crime as the minor cannot legally

consent.'*?

10.3 Abortion
The age of a victim may be important for legal abortions as a result of sex without consent. For
example, the Penal Code, adopted in 1979, states that an abortion is considered illegal only if it is

without the consent of the pregnant woman, is unsafe, or is provided for profit.!*?

According to the Moroccan Family Planning Association, abortions should be permitted within the first
three months if the woman’s physical and mental health is in danger, in cases of rape, incest, or

congenital malformation. However, unmarried women would be excluded from the criteria because

having sex outside marriage is illegal.!*

There are many countries where abortion is illegal: Honduras, Egypt, Irag, Malta, Philippines, Palau,

Madagascar, Laos, Jamaica, Haiti, El Salvador, Senegal, Sierra Leone and the Dominican Republic.}*® In
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other countries such as Brazil, abortion is illegal except in cases of rape, foetal anencephaly or if the
pregnancy poses a risk to the woman’s life. The ability to access legal and safe abortions is limited

which can lead to serious health complications.!®

10.4 Marriage
The number of children involved in age disputes is increasing, and those cases are seen mostly in cases
of child labour and child marriage, impacting children’s education, physical and psychological

health.'” For example, in Afghanistan UNICEF released a statement saying:

“as most teenage girls are still not allowed to go back to school, the risk of child marriage is
now even higher. Education is often the best protection against negative coping mechanisms

such as child marriage and child labour.”**8

Age estimation research is particularly important in India due to previously mentioned poor birth
registration practices and issues relating to child rights, making safeguarding the rights of children who
lack birth records and those involved in falsified age claims difficult.?® Forensic odontologists and other
forensic experts in DAE must move forward to reach a universal consensus on age estimation which
will involve input from public health authorities, law enforcement agencies, social workers, and
stakeholders to secure the rights of vulnerable children. In addition to the estimation of age, the

likelihood of a child being over or under a specific age threshold should be calculated.'*

Other areas of age estimation not discussed in detail are becoming employed and join the army.”
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Aims for this study

1. Toinvestigate if artificial intelligence (Al) can predict whether an individual is under or over 16 based

on their lower left mandibular third molar on a dental panoramic tomography radiograph.

2. To evaluate how accurate the Al is at correctly classifying images in the context of dental age

estimation.

3. To compare the performance of the Al in estimating the dental of age males and females.

Chapter 2: Material and methods

11) Research design

11.1 Ethical aspects and study design

This study was performed under the approval of the local committee of ethics in human research. The
Declaration of Helsinki (DoH), 2013, was followed to assure ethical standards in this medical
research.’?® As this was a diagnostic study using retrospective sample collection, the sample was
collected from a pre-existing institutional image database to feed machine learning within the context

of Al.

The radiographs were taken clinically as part of orthodontic treatment prior to this study so no

patients were exposed to ionising radiation for research purposes.

11.2 Sample and participants
The sample consisted of dental panoramic radiographs from Brazilian individuals used for training (n
=4200; 2100 males and 2100 females) between the age of 6 and 22.9 years and was obtained from a

private oral imaging company in Brazil.
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Exclusion criteria included radiographs without patient information on sex, date of birth and date of
image acquisition. The images did not contain dental implants; visible bone pathology and anatomic
deformity; extensive restorations; severely displaced and/or supernumerary teeth. The images were
uploaded and analysed on a 75 Elitebook 15.6” FHD Laptop with i5 (Hewlett-Packard, Palo Alto, CA,

USA). Annotations were performed using the Darwin V7 software package (fig 10).
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Figure 10: Sample of images showing age and sex.

11.3 Annotations and pre-processing radiographs

Three trained observers with experience in forensic odontology performed annotations supervised by
a forensic odontologist with 11 years of experience. The images were annotated in an anonymised
way, hiding age and sex information from the operators. The software registered the annotations that

were later tested for association with age.

Annotations included a bounding-box tool to select three regions of interest: ALL, LS and T38P.
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11.3.1 ALL
The bounding box labelled ALL was created to contain all features of the dentition. Vertically, the y-
axis covered the apical region of the most superior and inferior teeth. Laterally, the x-axis of the ALL

bounding box included the left and right third molars.

11.3.2 LS

Another box was made to cover the left side of the patient’s dentition, labelled LS (fig 11).

Figure 11: ALL bounding box showing the whole dentition and LS bounding box containing left side of the

dentition only.

11.3.3T38P
The mandibular third molar was selected using an automatic annotation tool by creating individual
points around the tooth which could manually be altered individually to accurately outline the tooth

(fig 12).
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Figure 12: Auto-annotation of lower left third molar.

Each annotated radiograph included 3 labels ALL, LS and T38P (fig 13) .

< Reviewing Anna @ Annotations Issues
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Figure 13: Computer screenshot of annotated image showing lower left third molar (38) highlighted

11.4 Classification of images
The full dataset of annotated DPTs was classified into male and female based on the image file name

containing the individual’s sex and date of birth.
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Table 1 presents the summary of the number of radiographs used in both the training and validation
of the DenseNet121 software. The total sample of radiographs (equal or above 16 years) for training

and validation was (n=5040).

Table 1: Number of images used in training and validation.

Training Validation

Females Females

Under 16: 840 | Under 16: 210
Over 16: 840 Over 16: 210

Female total: 1680 Female total: 420

Males Males

Under 16: 840 | Under 16: 210
Over 16: 840 Over 16: 210

Male total: 1680 Male total: 420

Total: 4200 Total: 840

The images were pre-processed preserving a high level of detail and signal-to-noise ratio while
avoiding geometric distortion and photometric nonlinearity. Additionally, the region within the ALL-

bounding box was used to centralise the teeth in the input images for further neural network training.

11.5 CNN architecture and training

DenseNet121 software is currently one of the most successful models and is available from open
sources (e.g. TensorFlowl and Keras API2). Additionally, DenseNet121 outperformed other
architecture models in a pilot study carried out by Franco et al. (2022) comparing seven other models
and their decision-making process in a study using Al for investigating dental sexual dimorphism in

DPTs.'?! Table 2 shows the network’s characteristics.
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Table 2: Metrics used in evaluating the performance of the CNN.

Image Hyper parameters
Model Size  Parameters Depth
Size Optimization Batch Weight Learning
Momentum
(HxW) algorithm Size decay Rate
Base
Ir=0.001
le-5 Max
DenseNet121 33 MB 8,062,504 121  224x224 SGD 32 0.9 ~ Ir=0.00006
le-6

Step size = 100

Meode = triangular

In this work, DenseNet121 was trained with two approaches: From Scratch (FS) and Transfer Learning

(TL).

11.5.1 From Scratch

From Scratch (FS) is the learning process to train the machine, beginning with no knowledge and
learning to recognise the teeth and patterns in the radiographs. With FS learning, the network weights
(which take the input signals and pass the relevance of the input to the next layer of processing) are

randomly initialised.

Overfitting is where the model categorises the training set to the point that there is little or no room
for generalisation of new data, meaning that results will show greater errors with new or unfamiliar
testing data.l?? FS requires a larger training set which increases the risk of overfitting and there is a
risk that the criteria are too specific for accurate categorisation. Conversely, underfitting is too

generalised (fig 14).
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Figure 14: Comparison of underfitting, optimal fitting and overfitting.*?

Since the network had no previous training, the software relied on the input data to define all inherent
weights which allowed a problem-specific network topology that could improve the overall

performance.

To avoid overfitting and therefore improve the generalisability of the evaluated models, a
computational framework, Keras,*** was used for pre-processing layers to create a series of image
data augmentation layers which produced pre-processing code (which can be used in non-Keras
workflows). These layers were only used during the training stages which applied random

augmentation transformations to the image sample.

11.5.2 Transfer Learning

The second learning approach was Transfer Learning (TL) where the machine processes the images
from existing knowledge through a more mature learning process than FS. The TL method utilises
previous weights as foundation to develop and be applied to a new domain of interest. Labelled data
is borrowed, and knowledge extracted from related fields to obtain an improved performance within

the bounding boxes.

TL can be applied using a base neural network as a fixed feature extractor. The images of the target

dataset were fed to the deep neural network and the features of the radiographs were recognised by
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the software as important for categorising images and generated as input to the final classifier layer

and to be extracted.

Through these features, a new classifier is built, and the model is created using important input
information from the radiographs to make the classification. The base network (in the last layer of the
classifier) had a fine-tuning strategy added, and the weights of previous layers were also modified.
Pre-trained weights were used based on the ImageNet model and implemented transfer learning to

best-fit the dataset (fig 15, 16).

Database (N=5040)
Images + data (sex, age)

Image processing

Annotations and selecting

region of classification
_’ -———-’

] Training phase

5-fold cross validation
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Validation phase

Figure 15: Image processing and validation and train weights to recognise patterns in the lower left third

molar.
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Figure 16: Model structure showing the workflow from sampling, image processing, annotation, cross-

validation, training/validation to classification.
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Table 3 presents each layer and the respective implemented parameters. Accordingly, the training
cross-validation approach used a ratio of 80:20 120 for the sample respectively. The ratio was dynamic
over five repetitions for each of the architectures (TL and FS) so that all the training samples had a
different dataset built (randomly selected) from the original sample. Importantly, none of the images

used during the training process were used in the validation stage.

Table 3: Layers and parameters for processing and categorising images.

Layer Parameter

RandomTranslation  height _factor=0.1, width _factor=0.1, fill_mode="reflect’

RandomFlip mode="horizontal and _vertical’
RandomRotation factor=0.1, fill_mode="reflect’, interpolation="bilinear’
RandomContrast factor=0.1

A stochastic optimisation algorithm (SGD) was used for optimisation in training the proposed network.
Initially, a base learning rate of 1 x 1073 was set and this was then decreased to 6 x 107 with increased

iterations.

In the validation process, a k-fold cross-validation method was used. The dataset was divided into 5
(k) mutually exclusive subsets of the same size. This strategy caused a subset to be used for the tests

and the remaining k — 1 was used to estimate the parameters to compute the accuracy of the model.

11.6 Performance Metrics
To evaluate the (radio-diagnostic) classification performance of the Al, there were several metrics

which could be altered to determine accuracy performance metrics.

In the training stage, the internal weights of the model were updated during several iterations. Each
iteration in the training period was supervised, saving the weights with the best predictive power of

the model determined by the overall accuracy metric.



41

Table 4 shows how the metrics are calculated, giving measurements to assess the performance of the
Al machine. The accuracy gives the overall performance along with other figures and considers the

specifications of the computer.

Table 4: Metrics to analyse results.

Metric Formula Evaluation focus

A loss function is a method of evaluating how well the model the dataset.
x The loss function will output a higher number if the predictions are off the actual target
Loss L(gi,ui) = — D i log (1) values whereas otherwise it will output a lower number.
w=l Since our problem is of type multi-class classification we will be using cross entropy

as our loss function.

The accuracy of a machine learning classification algorithm is one way to measure how

k tp; +tn; often the algorithm classifies a data point correctly.
Accuracy Z

i=1 . . aiee "
T tpi +tni + fpi + fri  Number of items correctly identified as either truly positive or truly negative out of the total

number of items.

£ z Precision = Recall The harmonic average of the precision and recall, it measures the effectiveness of identification
1-score F—_————————
Precision + Recall when just as much importance is given to recall as to precision.
Precisi > f_ltp,- Agreement of the true class labels with those of the classifier's, calculated by summing all TP's
recision @@———
ﬁ‘zl (tpi + fpi) and FP's in the system, across all classes.
Recall > :—c_ltp,- Effectiveness of a classifier to identify class labels, calculated by summing all TP's and FN's
eca _—
> ¢=1 (tpi + fni) in the system, across all classes.
Specificity ¥ ?:ﬂ"i Specificity is known as the True Negative Rate. This function calculates the proportion of actual
pecifici P —
X ?:1 (tn; + fpi) negative cases that have gotten predicted as negative by our model.

k = total number of classes; tp = true positives; fp = false positives; tn = true negatives; fn = false negatives

11.7 Confusion matrix
A confusion matrix contains information about actual (real) and predicted classifications accomplished
by a classification system. Figure 22 shows how the performance of the implemented architectures

was evaluated using the matrix data.



42

Actual Values Predicted Values

—

Trug Falig Podilive Negative

Figure 17: Confusion matrix decision making process.’?

A confusion matrix is often utilised with two classes: the positive class and the negative class and
divided further into four cells of the matrix:true positives (TP), false positives (FP), true

negatives (TN), and false negatives (FN).

This approach helps to identify and reduce bias and variance problems and enables adjustments
capable of producing more accurate results. The confusion matrix can be denoted as in equation 1
where RR;; corresponds to the total number of entities in class C; which have been classified in class
C;. Hence, the main diagonal elements indicate the total number of samples in class Ci correctly

recognised by the system (fig 18):

RR1 1 RR1j2 -+ RRi N
CM = | RR, , RR2,2 -+ RRg N
| RENn1 HRRy2 -+ RRENN|

Figure 18: confusion matrix equation.

11.8 Receiver Operating Characteristic curve
The receiver operating characteristic curve (ROC) analyses the performance of classification
systems.!?® High true positive rates (TPR or sensitivity) of a class indicate that the model has performed

well in that classification. ROC curves can be compared for various models, and the model with the
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highest area under the curve (AUC) is considered to have the best performance. This is a common

metric approach in Al to assess diagnostic data.

11.9 Software and Hardware System Description

The experiments were imported to a Linux machine, with Ubuntu 20.04, an Intel® Core(TM) 155 i7-
6800K processor, 2 Nvidia® GTX Titan Xp 12GB GPUs, and 64GB of DDR4 RAM. All models were
developed using TensorFlow API version 2.5 and Keras version 2.5. Python 3.8.10 was used for

algorithm implementation and data wrangling.

12) Results

The results showed that the Al could categorise DPTs into 2 categories using the annotated lower left
third molar: under 16 and over 16. A confusion matrix for binary classification shows the four different
outcomes: true positive, false positive, true negative, and false negative (fig. 19). These outcomes

were used to calculate precision and recall based on the true and predicted labels.

Over 16 True positive False negative

True label

False positive True negative
Under

Over 16 Under 16

Predicted label

Figure 19: Confusion matrix showing four outcomes.
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Male confusion matrix

Normalized confusion matrix -

0.9
0.8
Over 16 0.7

0.6

- 0.5

True label

- 0.4

Under 16 4 - 0.3

- 0.2

Over 16
Under 16

Predicted label

Figure 20: male confusion matrix.

The Y-axis shows the true positive results (verified from the individual’s date of birth) and the X-axis
shows the prediction by the Al. Results for the male DPT.15 were correctly classified 91% of the time
and 85% of the time for DPT.y6 (fig 20). This gives a high true positive rate and therefore high accuracy

of classification. The error rate of false negatives was 0.15 and the rate of false positives was 0.19.

The Al was more likely to correctly classify DPTs16 than DPT.16 with a slightly lower error rate for DPTss.
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Female confusion matrix

Normalized confusion matrix -

0.8

0.7
Over 16

0.6

- O0S

True label

0.4

Under 16
Fo3

F 0.2

Cwver 16
Under 16

Predicted label

Figure 21: Female confusion matrix.

Females had a true positive rate of 83% for DPT .16 and 82% for DPT<s6 (fig 21). Similar to males, this
gives a high true positive rate and therefore high accuracy of classification. However, females had a
much higher false positive rate of 0.17 for DPT.16 and a higher false negative rate of 0.18 for DPT16. In

females, the Al was more likely to correctly classify DPTs as over 16 than under 16, with a slightly lower
error rate for under 16.
12.1 Accuracy

Accuracy is simply the number of data points that were correctly classified (as true positive or true

negative) from the sample: how many DPTs were correctly classified out of all the DPTs in the sample?



46

Accuracy for males

| ~ TP + TN
Ceuracy = Tp ¥ FP+ TN + FN

0.91 + 0.85
0.91 + 0.09 + 0.85 + 0.15

Accuracy =

Accuracy = 0.88

Accuracy for females

| ~ TP + TN
CUracy = Tp Y FP+ TN + FN

0.83 + 0.82

A =
ccuracy 0.83+0.17 + 0.82 +0.18

Accuracy = 0.83

Therefore, accuracy for males was higher than for females.

12.2 Precision
Precision is the proportion of positive results that were correctly classified to express the proportion
of the data points our model says existed in the relevant class that were indeed relevant: of all the

DPTs classified by the Al as being over 16, how many true positives were correct?
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The highest precision score would be 1.0 and lowest 0.0. Therefore with a score of 0.91, 91% of males

were calculated with high precision compared to a precision of 83% in females.

Precision for males

procision — 17
recision = W

procision = 091
recision = 091+ 0.09

Precision = 0.91

Precision for females

pocision = TP
recision = TP n FP

procision — 083
Tecsion = 483+ 0.17

Precision = 0.83

The metric with the largest difference between males and females was precision, meaning that more
females were classified as being over 16 when they were, in fact, under 16. The proportion of true

positive male over 16 DPTs correctly classified was higher and, out of the sample, the males had less

false positives than females.
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12.3 Recall (sensitivity)
Recall shows the number of samples predicted correctly to be belonging to the positive class out of

those truly belonging to the positive class, or more simply, the true positive rate.

Male recall
Recall = —TP
¢4t = TP Y FN
Recall = 091
et = 991+ 0.15
Recall = 0.86
Female recall
Recall = i
et = TP Y FN
Recall = 0.83
et = 083 +0.18
Recall = 0.82

As the recall increases, the precision decreases: instead of every sample being assigned as a true
positive, the recall will start to classify only samples which are truly positive. A very high recall would
give no precision because there would be no false positives. For this reason, both precision and recall

are important.
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In the area of DAE, the metric which is more useful may be precision rather than recall because recall
will classify all possible over 16’s with less accuracy, whereas precision would be more selective and
the output would be more accurate. This would mean that more of the predicted over 16’s would

indeed be over 16 but many borderline DPTs would be left and labelled as under 16.

12.4 F1 score
F1 takes into account both precision and recall. A high F1 score means that the Al is able to predict

both true positives and true negatives.

Male F1 score

2 X precision X recall

F1 Score = —
precision + recall
F1 _2x091x0.86
SE0Te = 7091 + 0.86

F1 score = 0.88

Female F1 score

2 X precision X recall

F1 Score = —
precision + recall
1 _ 2x0.83x0.82
SCOTE = 7083+ 0.82

F1 score = 0.82
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12.5 Specificity
Specificity is the number of samples predicted correctly to be in the negative class out of all the
negative classes, similar to precision but for true negative predictions rather than true positives: of

the under 16 DPTs in the sample, how many were correctly classified?

Male specificity

o TN
SpelelClty = m

. 0.85
Specificity = 505085

Specificity = 0.90

Female specificity

e TN
Specificity = FPTTN
o 0.82
Specificity = 01751082

Specificity = 0.83

Females had a lower specificity, meaning that the likelihood of the Al categorising the DPT.iscorrectly

is less likely for females than males therefore, there is less likelihood of a true negative in females.
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The most important aspect of the confusion matrix is the X-axis showing the false positive rate

because, when a false positive occurs an individual is classified as being over 16 when they are, in fact,

a minor.

12.6 Area under the curve (ROC)

Finally, area under the curve graphs were made for males and females which summarise all the
previous metrics to analyse the data. A high area under the curve represents both high recall and high

precision (high precision means a low false positive rate, and high recall means a low false negative

rate.
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Figure 22: Area under the curve for males

The ROC was 0.88 meaning that the accuracy of the Al for males was 88% (fig 22).

1.0
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Female ROC
Receiver operating characteristic example
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Figure 23: Area under the curve for females

The area under the curve was 0.88 meaning that the accuracy of the Al for females was lower than

males at 83% (fig 23).

In summary, the Al could classify the DPTs into over and under 16 with males with a higher overall

accuracy than females, who had more false positives than males.

Discussion

13) Exclusion criteria and population

In this study, exclusion criteria did not include the presence of orthodontic brackets, wires and other
appliances which did not seem to affect the performance of the Al, although there were many lower

third molars which were partially erupted, impacted or not included in the fixed appliances.
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Other studies investigating DAE radiographically using third molars will also exclude radiographs
showing variations in tooth eruption or morphology, and a history of medical disease or surgical

intervention that could affect the presence and development of third molars!?”/12812°

One limitation of our study is that no information was collected on the ethnic and socioeconomic
status or medical history affecting dental development in this study. Evidence shows a significant
variability in dental development based on race and ethnicity, sex, socioeconomic status, systemic

disease, nutritional health, and other environmental factors.*3°

13.1 Socioeconomic status

All maturational changes happen in a uniform way for most individuals but the timing of these changes
are the important factor for age assessment. Differences in the timing of maturation between males
and females has been well documented, but there are many other factors that can impact this timing,
such as socioeconomic factors.’3! The DPTs in this study were from a private orthodontic clinic in Brazil
so it is reasonable to assume that the individuals being treated here would have above average

income.

During their examination of social inequalities and oral health, Boyce et al. (2010) found higher levels

of cortisol secretion in children of lower socioeconomic status.*?

Cortisol reactivity has been linked to harmful changes in enamel which may cause microanatomical
defects.’®® The results of these studies suggest that higher levels of stress hormones may also be

responsible for the observed differences in dental development.

By considering the biological mechanisms and pathways in dental development, there is the
opportunity to understand how tooth formation responds to the biocultural influences present in an
individual's environment. This knowledge can improve interpretation of sociocultural circumstances
through analysis of the dentition and make more appropriate methodological decisions about age

estimation.'33
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Therefore, when applying age estimation methods to refugees and asylum seekers, the low
socioeconomic status and malnutrition that are often related to refugee status can delay skeletal
maturation.’3*% Additionally, concurrent diseases often delay dental development which are
common features for refugees and other individuals who require age estimation.**For example, Singh
et al. (2008) found that refugee torture survivors to the United States had commonly experienced
poor nutrition and lack of medical or dental care, affecting their oral health status which was then
exacerbated by the conditions in refugee camps: overcrowding, violence and stress.’*® Therefore, it is
important for Al methods to include individuals of lower socioeconomic status to test and improve its

accuracy to take into account the possible variability in development.

13.2 Ethnicity

13.2.1 Third molar variation

The UK Home Office have reported that there is considerable variability in third molars between ethnic
groups.’® The level of dental development was compared across several populations, finding that the
youngest individuals reached maturity when they were under 17 in American Hispanics whereas, in
Thailand, they had reached maturity once they were over 17. Furthermore, by age 18, the proportions
of individuals with mature third molars varied ten-fold from 3% to 30%. The age at which 50% of
individuals reached maturity ranged from 18.7 years in Chile to 20.8 years in Thailand, a full two years
later. Therefore, further methods of using Al for DAE on third molars should be carried out on different
populations so that population-specific standards can be used to enhance the accuracy of forensic age

estimates based on wisdom tooth mineralisation in living subjects.*®

The ethnicity of the individuals used in this study is unknown, however, the radiographs were from
the state of Goias, the central-west region of Brazil. The Continuous National Household Sample
Survey (PNAD) from 2021 showed that Goids demographics include Pardo People (58.2%), White
People (33.3%), Black People (7.8%) and Asians & Amerindians (0.7%). This region has a strong white

background and more north African descents but has received migrants from all parts of Brazil.*



55

Jayarman suggested testing the accuracy of DAE methods on varying ethnicities rather than
geographic locations because a population within a geographical boundary can contain different
ethnic groups. They suggest that this could be done by tracing family trees to develop a classification

system.>3

Gorgani et al. (1990) examined 229 black and 221 white US citizens aged 6—14 years and found Black
subjects’ crown mineralisation of the third molars was completed 1 year earlier.}*® Harris and
McKee'* studied 655 white and 335 black US citizens aged 3.5-13 years and found that Black subjects
reached the earlier stages of wisdom tooth mineralisation around 1 year earlier although the gap

appeared to narrow for later stages.

Therefore, testing DAE methods in diverse samples is needed to address the problem of uncertainty
when a method is applied to an individual originating from a population that differs from the one
which was used in the development of the method. When applying DAE methods and when
investigating Al to apply the stages, there are other variations to consider such as the study size,
distribution of sample, inter-individuality, reliability of examiner, scoring criteria and statistical

analyses.

13.2.2 Ethnicity compared to socioeconomic status

Schmeling et al. (2000) investigated the effects of ethnicity on skeletal maturation in relation to
forensic age estimation, with “ethnicity” defined by genealogical relationships.}*? It was concluded
that skeletal maturation takes place in phases which are identically defined for all ethnic groups and
that reaching those stages of skeletal maturation within the relevant age group appeared to be
unaffected by ethnic identity. When considering both ethnicity and socioeconomic status, it was
concluded that the socio-economic status of a given population is of decisive importance to the rate

of ossification.
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13.3 Populations of samples for Al research
This is the first study known to use Al for third molars of a Brazilian population for DAE. Previous DAE
studies with Al have been conducted on DPTs of several populations: Spanish Caucasian,®” Eastern

Chinese,'**1%* Taiwanese,'* Korean,*® Korean using first molars,'¥ Thai,** Indian,'*® Japanese,'*

Northern Chinese,®%151152  Bayesian populations using third molars,® Malaysian Indian,
Malaysian.®*% Several other studies did not include the sample population. The most data is on Asian

populations so more data is needed for European and South American populations and the sample

population should be included in future research publications.

Additionally, patient data should be anonymised to protect patient confidentiality before being used

in Al models and systems should be adapted for this purpose.

14) Third molar development and variability

14.1 Third molar variability globally

As previously mentioned, it is well known that third molars are one of the most developmentally
variable teeth in the dentition,’® however, as they are often the only teeth developing in late
adolescence and early adulthood, they may be the only tooth to rely upon which +or- 18 years of age
can be verified. Reportedly, Al models are not fully developed enough to be implemented, due to their

high variability when applied for the key chronological age of 18 years.?’

Third molar variability was analysed by the American Board of Forensic Odontology (ABFO) where they
conducted a study of third molar development and concluded that development can continue up until
the age of 30.°7 They used Demirjian’s method to compare development and significant age
differences were found between the South African and Japanese samples for both sexes and that
South African subjects were approximately 1-4 years younger than the Japanese subjects upon

reaching later root development stages.
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Statistically significant differences between German and Japanese males and between Japanese and
German females, meaning that Japanese males and females were approximately 1-2 years older than

their German counterparts.

The Al may be accurate with one population, but implementation on many populations and ethnicities
may present challenges so further Al studies on more populations are required to overcome the

difference in rates of development if methods are to be used in practice.

Another limitation of this study was the age range being 6-22.9 years. Third molars are not usually
calcified until around age 8-9 years so perhaps this age range was too wide. Only annotated third
molars were used to train and validate the Al so any irrelevant images or those showing third molar
agenesis were not used in training or validation of the network. The age of 22.9 years may have been
useful, however, because of the variability in third molar development, where differences in

development can be several years.

14.2 Rates of missing lower third molars

A potential drawback of DAE using lower third molars is not only the variation, but the high incidence
of tooth agenesis which is mostly affected by genetic variation®*® from mutations affecting heredity
factors.® Third molar agenesis varies between populations, from nearly 100% of Mexican Indians

having missing third molars to almost no agenesis in Tasmanian populations.

Lower left third molars were more commonly missing in females than males but interestingly, there
was not a significant difference for lower right third molars between male and female.'® Bindayel’s
study (fig 30) investigated the global prevalence of third molar agenesis, with the highest being
Bangladesh with and the lowest being Canada with 9.7%. The British population had a prevalence of
12.7% prevalence of third molar agenesis, 24.7% in the Chile population and 41% for the Korean

population.
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Figure 24: World map showing agenesis rates.®°

Singh et al. (2017)%*! studied third molar agenesis on DPTs on individuals aged 18-25 and found a
46.7% agenesis of the third molar which is more common in females and in the maxilla than the

mandible 162,163,164

Although this project looked at lower left third molars, lower right third molars and maxillary third
molars may also be used. Sindi et al’s study®® found no statistically significant difference in sex, arch,
and side of the mouth or between the right and left third molars, the maxillary and mandibular third

166

molars, and between the males and females when Demirjian and Mooree’s**® classification methods

were applied.

The Al method in this study cannot be used where there is a missing lower left third molar. Other teeth
may be used, such as left and right mandibular third molars or maxillary molars, however, as
previously mentioned, there are problems with the visualisation of maxillary teeth from
superimposition. Future development of automated tooth-selection processes by Al may overcome
issues of visualisation. Additionally, Al can identify patterns and features of images that are not

obvious to human observers.
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14.3 Solutions to DAE with missing third molars

To overcome obstacles with missing third molars, the whole DPT or other radiographic image may be
useful in future research for implementing Al models rather than an isolated tooth. For example,
Otsuki et al. (2023)'%” have used CBCT scans to assess maxillary sinus morphology for sex and age
estimation, which can also be seen on a DPT and posteroanterior view radiographs.'®® They found that
all the diameters and volumes in both sinuses tended to increase until the mid-20’s, and then gradually
decreased over time. PA views showing both the frontal and maxillary sinuses can be measured to

estimate age and sex.

Therefore, using several radiographic views to train an Al means that the future application can be
wider, with applications in identification, sex determination and age estimation and the Al is not

limited by a staging system or individual tooth.

15) Al networks and their accuracy

15.1 The design of the network

Pattern recognition is at the heart of all forensic sciences. Neural networks are a set of algorithms
inspired by the human brain designed to recognise patterns. They interpret sensory data through
labelling or clustering raw input by mathematical modelling. The patterns are numerical, contained in

vectors, into which all data (images, sound, text or time series) must be translated.

Five layers of learning for classification were used in this neural network. This was because multiple
layers allow the Al to add more depth to the algorithm’s processing capabilities: learning to draw
shapes around images, separate and classify them.!® Single-layer neural networks, on the other hand,

have just one layer of active units, meaning that inputs connect directly to the outputs.

The quality of predictions by Al largely depends on the labelling and annotation of the training data.

For our study, any errors made by the annotators of the images while selecting the lower left third
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molar or selecting the dentate areas with the bounding boxes could alter the results and give the Al
new or irrelevant information (for example, highlighting an area of bone around the roots or missing

the cusp of a crown).

During the training phase, the convolutional layers are often alternated with downsizing (also
called pooling) layers, which enable the network to learn image features at different scales: initially,
low-scale features like corners or points are learned. Then, these features are combined into higher-
scale features to manage complex objects in the final layers of the network. If the network is

developed to perform classification or regression tasks, a fully connected network is created.”®

When reusing radiographs from earlier layers of the network to train the model, Hou et al. (2021)
found that this introduced non-characteristic areas and extra noise in the image rather than increasing
the accuracy.’* The model was trained to have an accuracy surpassing legal medical expert-level
performance. They included individuals aged 1-93 years old and estimated age using deep neural
network models. The model calculated the probability of each dental image through a mathematical
expectation of the age. A prediction probability was used to estimate the final age estimation. This
model used each tooth as a basic unit and extracted key features using different convolutions in each

layer of the network.

Although radiographic artificial age estimation is based on prominent characteristics of the teeth, the
heat maps of the neural network shows that the teeth were the most important features of the image
along with the root area of the tooth (fig 25). They also found that the upper and lower jaw are key

areas for identification, which is something that traditional staging methods or atlases don’t take into

consideration.

Figure 25: Heat map showing both teeth and jaws as ‘hot spots’.*”?
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15.2 How accurate is Al compared to human observers?
Cardoso et al. (2018)'72 assessed the probability of an individual having attained the age of 16 years
using dental and skeletal methods and the accuracy of their model was based on its sensitivity and
specificity:

e >80% gives good prediction

e 50-80% gives reasonable prediction

e <50% gives mediocre prediction

They concluded that legally, it is important for a subject to be judged as accurately as possible to
confirm if they are of legal age, meaning that methods with high sensitivity and specificity should be

used, and errors kept to a minimum.

For the results of this study, an accuracy of 83% for females and 88% for males falls in the category of
good prediction, however, a recent study by Saranya et al. (2021)** found more accurate results by
using human observers using Demirjian’s staging method for the age of 16. They found that “F” was
the most accurate stage to predict the attainment of age 16 years with a probability of 93.9% for males
and 96.6% for females (although some studies have reported lower accuracies using stage F).1”3 Solari
and Abramovitch made modifications by introducing two extra root stages at “F” and “G” to estimate
the age of 16 more accurately.'?® This shows that manual methods can be more accurate than using

Al, especially if the staging method is modified depending on the target age.

By using Al, the teeth are not classified manually into stages, but by the calculated weights, and
facilitates the classification of many images at any one time. However, the Al training and validation
process can be tedious and time-consuming. Current estimation methods rely on manual
measurements and human estimations which come with intra or inter-observer discrepancies and

subjectivity which influence the results.?’
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15.3 Al application of staging methods to third molars

Some methods include bounding boxes similar to this research. De Tobel et al. (2017) found that
although their methods avoided the need for manual or automatic segmentation, a bounding box was
still necessary to fix the ROI of the stage allocation software.® The automated techniques by De Tobel
et al. (2017)nwere based on CNN’s which were used to estimate the age of a person by staging lower
third molar development on panoramic radiographs. The system gave excellent results which were

comparable to trained examiners.®

Other studies have not used bounding boxes as the Al could automatically identify the third molars
and assign stages. Leite et al. (2021) used Al for tooth detection and segmentation on DPTs.'” In our
study, the lower third molars were annotated manually and, although there was an “automatic
annotation” tool, each tooth was checked and could be manually changed to accurately outline the

tooth.

It was noted that automation of tooth detection and segmentation (identification and outline of the
exact shapes and boundaries) can be the most challenging step in the development of the Al system
and should be as accurate as possible to allow visual pattern recognition. They suggested combining
the abilities of Al with expert’s analyses to revolutionise healthcare and improve the performance of
Al to make predictions or classifications. Future research to improve tooth segmentation by the Al
means that a raw image can be used and that the Al will be using information from teeth rather than

other aspects of the image.

Pintana et al. (2022)** performed a similar study using Al to estimate age using DPTs. Their system
automatically located the third molar and applied Demirjian’s stages. The lower third molar was
located with 99% accuracy. The stages of classification results had similar results to this research, with
the accuracy of predictions ranging from 68% to 98% and 83% on average. Despite using a small

sample, results showed that in more than 90% of the data, the proposed technique could estimate
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age with a difference with an overall mean absolute error of 1.94 years and median absolute error of

1.72 years.

Banar et al. (2020)'® proposed a fully automated method that can localise the third molar before
classifying its developmental stages. Their study revealed that the proposed method could yield

moderate accuracy, although this was not defined.

Another limitation of our study is that the results were binary: either being over or under 16. If this
method was used for identification, there is no range or mean absolute error given. The individual
being classified as over 16 gives no further information on what age they are likely to be (16 and
several months, 18, 19, 20...). This method is more useful where the age being investigated is

specifically 16 and the individual is thought to be close to this age.

In summary, detection and analysis of third molars on DPTs tends to have high specificity and positive
predictive value but low sensitivity, negative predictive value and accuracy.'’” Results giving an age

range or likelihood ratio can be more useful in some cases, rather than a binary conclusion.

15.4 Combining human observer age estimates with Al

A recent study by Bui et al. (2023) created an Al decision making tool to investigate lower third molars
to support human expert decision-making on radiographs from France and Uganda.'’”® Two deep
learning approaches (Mask R-CNN, U-Net) were compared, leading to a two-part tooth segmentation
(apical and coronal). This pilot study illustrates the potential of automating lower third molars by
combining a deep learning and a mathematical approach, with 95% accuracy in comparison with an

expert.

Therefore, the results of this study supports the development of automated decision making in
estimating the chronological age and to contribute to the challenging process of assessing whether an

individual is a minor?® (i.e., under or over 18 years of age) in addition to over or under 16.
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15.5 Al fully automated DAE

Milosevié et al. (2022)4 proposed a fully automated estimation of chronological age from DPTs,
without the staging process. They used a total of 4035 DPTs from individuals aged between 19-90
years to assess the best convolutional neural network model, performing experiments on the Al
system to highlight anatomical regions of the dental system contributing to the age estimation which

had a median estimation error of 2.95 years.

Unlike most models which have varying degrees of tolerance to dental anomalies and medical
conditions in their exclusion criteria, their proposed model was not affected by dental alterations,
caries, medical illnesses or missing teeth. This could save time and be applied to a wider data set where
the DPTs can be input as unedited images rather than manually or automatically segmenting individual
teeth or including bounding boxes. Future studies could include other radiographic views for age

estimation through neural networks and computer learning.

Another automated technique was done by Baydogan, Baybars and Tuncer (2022) using a deep
learning approach with 84% accuracy from DPTs classified into 2 groups: age 2-13 years and age 13-
21 years.'”® They used 70% of the images to train and 30% to classify the images and to find the most
accurate out of 4 different algorithms. This study also had no annotation or editing of the images
before training and classification and used the raw images so human intervention was more limited

and the Al performed the complex decision making for DAE.

Seep neural networks and machine learning techniques have been implemented to prevent human
errors'® but humans are still needed to train and supervise the performance of the Al. More studies

are needed to compare the accuracy of human observers to Al and determine the benefit of using Al.
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16) Applying Al

Although online Al programmes are accessible online, trained Al networks are not developed in
common computer systems.'® For this reason, in research, it is important to have reproducible
methods with reproducible results and accuracy when implemented with new data and to monitor its

performance over time.

The reproducibility of this study could be done using the DenseNet121 software and annotated DPTs
but only by those who have access to, and are trained to use this. The medical images would need to

come from an authorised medical professional.

16.1 Access to Al

Dental and medical documentation are becoming increasingly digitised backed up with reliable cloud
servers, meaning that these records can play a crucial role in the area of FO for identification as well
as age estimation. For example, digital records have been used successfully for disaster victim
identification in the World Trade Centre disaster'®? and Indian Ocean tsunami disaster.'®® However,

electronic medical records are an area of complex cybersecurity.

The increase of computing power means that advancing technologies (5G, cloud storage, Al and loT
technologies) become more accessible to the general public. Systems that are self-training, self-
managing and require little to no experience in coding will enable people with no knowledge or
expertise to create their own Al applications and utilise them easily (for example, Microsoft Lobe).8*
Online security and understanding the risks of inadequate security controls is important in the context

of data protection and adhering to new legislations such as General Data Protection Regulation

(GDPR).*®
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16.2 Security issues
Development of Al technology relies on sensitive data to improve outcomes and the circulating of vast
amounts of confidential medical information between unregulated companies comes with risks and

is surrounded by privacy concerns.

Firstly, spoofing is the illegal access of a system by operating from another user’s authentication
information (for example, username and password). If data is held in a database, this can be tampered
and modified as unauthorised changes are made to data as it flows between two computers over the

internet or other open networks.18

Secondly, the ‘elevation of privilege’ involves an unprivileged user with access to a system
compromising and destroying the system.*®” This is especially dangerous because the compromised
user would become part of the trusted system. Where patient’s medical data is concerned, this raises

ethical and legal issues such as a risk of breaching patient confidentiality.

Thirdly, information disclosure involves exposing information to individuals who should not have
access to it (for example, an intruder accessing or reading data on a database).'® Therefore, the
development of Al technology should facilitate scientists to advance the technology but prevent

criminal acts from being committed through Al as it becomes more accessible.

The security implications of Al were recognised by the European Union who published a proposal for
a Regulation of the European Parliament and of the Council establishing uniform rules on artificial
intelligence (Al Act) and amending certain Union legislation to regulate the use of artificial intelligence
in April 2021.%® This proposal provides recommendations for companies and governments on using
Al technologies and suggests regulatory measures based on risk levels (unacceptable risk, high risk,

low risk or minimal risk based on a sector-by-sector and case-by-case approach).
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Al may be powerful, helpful, and valuable but unethical use of this new technology may be dangerous
so medical professionals must work together with regulatory authorities’®® to ensure security,

protection and regulated and responsible management of sensitive data.

16.3 Operation and responsibility

One issue with robot personality is legal liability. Al application involves users, developers, managers,
algorithms, data and robots’ inputs and therefore, there are many areas in which mistakes can be
made. Additionally, this project required a statistician to interpret the results and may be required in

the analysis and maintenance of systems where Al is used in real cases.

Holding the developers, operators or producers of Systems of Al liable presents with difficulty because
of the specific characteristics of Al systems: their ability to make autonomous decisions, independently
of the will of their developers, operators or producers, as well as their ability to learn and gain

experience.®?

However, most studies investigating Al for FO have been experimental in nature and the measure of
success in real cases is still to be investigated further: the application is far from being integrated into
practice. Humans cannot completely explain the complex processes that characterise the way
computational methods elaborate and transform inputs into results. Additionally, Al models need to
be trained by quality large datasets to achieve effective results. Therefore, Al may assist the FO but
should not replace human intervention. Saleem et al. (2023) describes how although there is no formal
training in Al in forensic odontology, they can use Al’s capabilities for identification and to contribute

to more efficient and reliable legal investigations.!%

Al engineers should understand the application context of any medical data or images being used!%
so that the results can be expressed in a language or metric that is meaningful to both the researcher
and to the field of application. Experts in the field can then interpret the results and give

recommendations to improve its effectiveness so there is a shared view of the purpose and intended
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use of the system. Al experts should be aware of the limitations and advantages of the system during

training and testing and collaborate and communicate with other professionals.

Most importantly, the integrity and trustworthiness of Al systems is essential to ensure that Al
technologies will work for justice in the forensic field. Therefore, although Al models can be trained in
accurate problem solving and decision-making, Al does not replace human decision making and

Forensic Odontologists will be required for research and for developing Al methods.

16.4 Monitoring Al decision making
Anatomical and dental morphology variations may affect the performance of CNN systems. For
example, from Olze et al. (2012) reported that monoradicular teeth are more resistant to destruction

and had large pulpal areas compared with incisors.'**

Anterior teeth on a DPT have superimposition of the vertebrae and the bite-block causes a blurred
area spine in the centre of the image.'®> Molar teeth, on the other hand, have a more complicated

morphology, with several roots containing one or several root canals.

As the furcation of a tooth is formed, the inter-radicular structure appears as a small additional area
in the lower-middle area of the tooth. The furcation is not attached to the crown or main developing
tooth structure. From a computer vision perspective, the image may have two independent parts: the
crown and the developing furcation of the roots. Al algorithms struggle to accurately select and

analyse these areas.

Artificial intelligence learning is a self-exploratory, self-correcting, and ever-developing process where
inevitable bias can result from incorrectly inferring correlation from contingently connected aspects
of images. For example, a recently trained CNN model was created to identify wolves and dogs from
images: the Al would correlate a ‘dog’ with the surround ‘grass’ whereas a ‘wolf’ was more closely
related to ‘snow’, meaning that dog in the snow was classified as a wolf.1%® Although, during training,

the developer of the Al will bring their bias, ultimately it is not the engineer or user of the system who
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makes the decision, but the algorithm of the Al which will override any human values or biases and

mistakes and replicate them.

Therefore, regardless of any human intervention, Al has its own bias. In the context of using lower
third molars, the information the Al is using to estimate age is limited to information contained in this
annotated area, however, when using an unedited DPT, the Al will not be limited and may use other

features of the image apart from the teeth.

Therefore, rational regulatory systems will ensure that Al remains on a healthy trajectory and will not
replicate or maximise errors made early in the decision-making process. The use of Al is characterised
by opacity, complexity, reliance on data, and autonomous behaviour so the regulation is therefore

complex.

16.5 Criteria for dental age estimation and artificial intelligence

In summary, any forensic age method must adhere to four criteria:*’

1. The work must be presented to the scientific community through peer-reviewed
publication.

2. It should contain well-defined methods.

3. It should provide a sufficiently accurate result.

4. It should comply with the principles of medical ethics and legal regulations.

In summary, DAE and Al should benefit the individual or population when to cases, and any individual

or organisation must adhere to methods that comply with the above criteria.®
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17) Ethical issues of radiographic dental age estimation

17.1 Radiation
As previously discussed, using radiographs for dental age estimation is controversial. The Interim Age
Estimation Science Advisory Committee states in their report on biological evaluation methods to

assist in assessing the age of unaccompanied asylum-seeking children:

“There are strong views on the use of ionising radiation in the age assessment process and
the interim committee has listened to and debated these arguments at length. However, the
risk is recognised to be small and the benefits of a reliable age assessment are considerable

for the ongoing health and wellbeing of the individual while minimising safeguarding risks.”%

17.2 Reducing dose and justification of using radiographs

Previously taken radiographs could be used where possible. Otherwise, the dose of radiation can be
limited by reducing the exposure time, by implementing digital imaging technology and using
electronically-controlled timers.'®® Extra oral radiographs are an alternative to intra-oral radiographs
and are more comfortable for the patient. Sectional panoramic or extra-oral bitewing radiographs
taken using an OPG machine would reduce the radiation dose compared to a full panoramic

radiograph in cases where dental radiographs are not readily available.?®

Radiation exposure will always carry a certain amount of risk, however, the risk should be balanced
with the benefit: a single DPT radiograph is used to estimate age of a child where the exposure is only

0.01 mSv, equivalent to only 1% days of background sunlight exposure.?*

Despite the low radiation exposure, radiographic methods may still be considered unethical and
unlawful due to safety reasons and exposing individuals to radiation for non-medical reasons.
However, medical applications for non-medical reasons are used daily: alcohol and drug testing,
aesthetic surgeries and medical treatment, during research experiments and medical assistance to

improve sports performance.?%
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17.3 Age estimation implications for individuals and communities

There are often discrepancies between the dental age and chronological age, and there is significant
variability in dental development not only by chronological age but also by ethnicity and sex.?%
Individuals who are dentally advanced will have an overestimated age estimation, and, conversely,
those who are dentally delayed will have an underestimated age estimation.?®® The impact on these
individuals and their communities is great as the date of birth and age (both chronological and
biological) determine how individuals participate in society and how they are treated in their

communities.

For individuals claiming to be under 16 and where there is doubt about that age, there are concerns
about the consequences of placing adults into foster care, schools and health settings designed for

younger children and so an age assessment would be undertaken.

The differentiation between an asylum seeker being a minor or an adult can have great impact on the
asylum seeker due to the regulations for admitting or refusing them to enter the country.** Millions
of births go unregistered in developing countries, particularly South Asia and sub-Saharan Africa®®
and even when a birth has been registered, the asylum seeker may have either lost the documentation

or have no way of obtaining an authenticated copy, especially in circumstances of war and social

turmoil.

17.4 Ethical issues
There are many considerations for the ethics of biological age estimation that can be categorised into
ethical, medical and legal issues. Ethical considerations are related to consent of the individual: is it

valid, given freely, by a capable individual? How do language and cultural barriers affect this process?

17.5 Medical issues
Medical considerations are the invasiveness of the investigation, the methods used to estimate
biological age and their reliability. Accurate methods are required due to the influx of young

individuals who are applying for international protection in the context of refugee status and asylum,
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with no valid documents providing proof of identity. Furthermore, third molar development used for

dental age estimation is controversial due to its variability and accuracy.2%®

17.6 Legal issues

Legal considerations are whether an individual aged 18 can be considered an adult if they have been
through traumatic and severely threatening circumstances and how much weight is put on
mental/psychological maturity compared with physical age. Additionally, child trafficking is a global
concern with a rise in numbers in war-torn countries. In 2022, 7019 children were identified as
trafficked in England and Wales.?’” Where age estimation is concerned, traffickers of children, notably
in the sex industry, may claim that children are older than their true age and the victims are forced to
support these claims.’®® The Royal College of Paediatrics and Child Health in the UK state in their
guidelines the relevance of a child’s social history as part of the assessment. They recommend that
age assessments should include “narrative accounts, physical assessment of puberty and growth and
cognitive, behavioural and emotional assessments” as part of a holistic evaluation.’®® These
assessments have been criticised for a lack of clarity on how a judgement is reached and for the

assessor’s level of experience or training in child development.2®®

In summary, the ethical issue of misclassification of age in asylum seekers, illegal immigrants and
victims of trafficking mean that vulnerable individuals fail to receive appropriate care and support
without accurate age estimation. This applies both to children estimated to be adults and adults

estimated to be children.

18) Implementing DAE in the UK

18.1 Flaws in the UK asylum seeker age estimation process
The Refugee Council®®® and the Greater Manchester Immigration Aid Unit (GMAIU)?*° both published
reports in September 2022 which highlighted significant flaws in the current system. Both reports

noted the extreme inaccuracy of initial age assessments by border officials: the former stated that
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94% of their own referrals were individuals designated ‘certainly adult’ at the border who were
subsequently found to be children. This report added that nationwide this was the case for 75% of at

least 450 young people referred to local authorities in 2021.

The GMAIU report also criticised the border assessments on the grounds that they were too short and
based mainly upon physical appearance. It was also noted that, from January 2022, an individual need
only appear ‘significantly over 18 years of age’ to become age-disputed rather than the previous

guidance which was to appear over 25.21

Asylum seekers to the UK are considered children if they are under the age of 18. The UK Home Office
Immigration System Statistics release showed that currently in 2023, there have been 761 asylum
applications made by males and females under 18 and 6,766 applications made by individuals aged
18-29.In 2023, there were 1,765 applications from under 18’s and 12,488 made by 18-29-year-olds.??
In regard to age disputes for these applications, there were a total of 569 asylum seeker age disputes
in 2023 and 1114 in 2022. Out of the 569 in 2023, 255 were resolved to be over 18 and 456 resolved

to be under 18.%3

18.2 Adult or minor status impact on society
Our study showed that the accuracy of DAE was more accurate for males and although the focus was
on estimation of age 16, there is a potential to apply the methods for Al to estimate over or under 18

using the lower third molar.

The UK Home Office?'* have recently introduced using scientific methods for assessing the age of
asylum seekers. The aim of the change was to ensure that asylum seeking adults posing as children
were not gaining support they were not entitled to and remove the safeguarding risks of adults being

placed in the children’s care system. The Home Secretary Priti Patel stated:

“The practice of single grown adult men, masquerading as children claiming asylum is an

appalling abuse of our system which we will end. By posing as children, these adult men go on
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to access children’s services and schools through deception and deceit; putting children and

young adults in school and care at risk.

It is a fact that two thirds of age dispute cases have found that the individual claiming to be a
child is actually over the age of 18. | have given more resources and support to local councils
to ensure that they apply vigorous and robust tests to check the ages of migrants to stop adult

men being automatically classified as children.”?%®

Additionally, biological evaluation methods to assist in assessing the age of unaccompanied asylum-
seeking children addresses the duty to protect children in care and the wider community, particularly
in schools, from individuals who claim to be younger than they are and who aim to gain inappropriate
access to the care and care leavers system. There is a major safeguarding issue when adults are housed
with children as seen with the Ahmad Otak case.?!® There is an equally important safeguarding issue
when minors are incorrectly aged as adults and so inappropriately placed in adult facilities where they
may be at risk. Therefore, methods used in forensic age assessment should be robust, repeatable and

as accurate as possible.

19) Biological methods

Although the British Dental Association sees dental radiographic estimation as unethical, the article
written by the Home Office from 2020 gave examples of Finland and Norway who radiographically
examine the dental and wrist radiographs which are combined to estimate the age of an asylum
seeker; France who use dental, wrist and clavicle radiographs; and Greece who use dental radiographs
and reports from social workers and psychological interviews.??” There is increased accuracy of age

estimation with combining dental and skeletal development.

The dental and skeletal methods include:

e Radiography (x-ray) of the third molar (wisdom teeth)
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e Radiography (x-ray) of the bones of the hand and wrist
e Magnetic Resonance Imaging (MRI) of the knee bones

e MRI of the clavicle (collar bone)

Development of the third molar is useful for assessing the age of males and females up to around 18
years of age. Development of the hand/wrist or knee can be used to assess the age of females up to
around 16 years of age and males up to around 18 years of age.®” The clavicle has the longest period
of growth-related activity in the human body and is of particular value for assessing age of males and
females from 15 to 25 years of age. Because of this, making each of these biological assessments as

accurate as possible and combining them is a new proposed method by the UK Government.

19.1 Conclusion of an age estimation

Social workers assessing the age claimed by the asylum seeker can give a conclusion as ‘possible’
rather than answering if an individual is over or under 16 or 18 years old. Using the biological methods,
it is possible to compare the likelihood of the age assigned against the likelihood that the claimed age
is possible and show which carries stronger support. However, the likelihood ratio method offers a
logical and consistent summary of the evidence and permits greater confidence in the assessment of

whether the claimed age is possible.

20) Future work

Future work in the area of Al for DAE could produce results in alternative formats of either a
percentage or error range rather than a binary format. Percentage matches are currently used for
DNA matching probabilities in court and for DAE, accuracy of above 95% would mean that forensic
odontologists may start to use Al as an additional age estimation method to traditional methods in

cases.
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Training the network to identify the third molar and other teeth, depending on the age, may save time
long-term and using more images for training and in validation of the network could increase the

accuracy (for example, over 10,000 images).

Following automated identification of teeth, heat maps would allow the information utilised by Al to
be presented and analysed in a comprehensible way. As Al makes decisions independently, this would

mean that monitoring the performance of the network is possible, along with statistical analysis.

A study comparing Al and staging methods by human observers in simulated cases would allow the
comparison of each method separately and, more importantly, using both manual and automated

methods in a context which better represents reality.

Finally, Al DAE methods on varying populations, especially European, South American and African, is
particularly important since there are many ethnicities of individuals who require age estimation,

especially those seeking asylum.

Conclusion and research impact

Most social security services, legal proceedings, and ethical judgments require an accurate age
determination or confirmation and where a young person who does not have proper personal
identification documents, this necessitates a medicolegal resolution.'®” Traditional methods are

influenced by human observer bias and discrepancies are inevitable.

Al techniques have shown promising and accurate results in medicine, dentistry and forensic
odontology, sometimes with better performance than humans. Al can be prone to errors and require
large data sets to train the models to achieve the best performance.?'® Most studies on Al in forensic
odontology have been experimental in nature and are not yet developed enough to be implemented

in real cases.
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This is the first piece of work to investigate DAE by Al on a Brazilian population focused on age 16. This
project found similar accuracy to other Al studies using DPTs for DAE and shows the potential for this

technology to assist FO’s in future cases.

This study highlights several limitations. Firstly, the results should be considered with care as the DPTs
were only from a healthy Brazilian population. Secondly, the results can only be replicated using the
same DenseNet121 software: the annotation of the radiographs is time consuming and tedious and
statisticians were required to interpret the results. Thirdly, the results were given as a binary

conclusion with no error range or likelihood ratio.

Regulation in the training and development of Al requires a multidisciplinary team and vast amounts
of data. This includes confidential patient information so the use of Al should comply with relevant
regulations and guidelines. Finally, more research is required for the use of Al in practice and while
most research has been conducted on Asian populations, research is needed from populations

worldwide.

Highlights of this study:

e Convolutional neural network technology works through mathematical modelling to process
input data to give a desired output.

e This is the first study to estimate the age of 16 in a sample from Brazil.

o DenseNet121 found 88% accuracy for males and 83% accuracy for females which is a similar
accuracy to other Al studies for DAE.

e Population, ethnicity and socioeconomic status affect rates of dental development and bring
developmental variability to the sample.

e Further improvement of Al models is required if it is to be used in cases, either to complement

human observers or to make decisions independently.



78

References

1Verma M, Verma N, Sharma R, Sharma A. Dental age estimation methods in adult dentitions: An overview.
Journal of forensic dental sciences. 2019 May;11(2):57.

2 Franco A, Thevissen P, Fieuws S, Souza PH, Willems G. Applicability of Willems model for dental age
estimations in Brazilian children. Forensic science international. 2013 Sep 10;231(1-3):401-e1.

3 Gustafson G. Age determinations on teeth. The Journal of the American Dental Association. 1950 Jul
1;41(1):45-54.

4 Demirjian A, Goldstein H, Tanner JM. A new system of dental age assessment. Hum Biol. 1973 May;45(2):211-
27. PMID: 4714564.

50h'S, Kumagai A, Kim SY, Lee SS. Accuracy of age estimation and assessment of the 18-year threshold based on
second and third molar maturity in Koreans and Japanese. Plos one. 2022 Jul 8;17(7):e0271247.

® De Tobel J, Radesh P, Vandermeulen D, Thevissen PW. An automated technique to stage lower third molar
development on panoramic radiographs for age estimation: a pilot study. The Journal of forensic odonto-
stomatology. 2017 Dec;35(2):42.

Mohammed RB, Sanghvi P, Perumalla KK, Srinivasaraju D, Srinivas J, Kalyan US, Rasool SM. Accuracy of four
dental age estimation methods in southern Indian children. Journal of clinical and diagnostic research: JCDR.
2015 Jan;9(1):HCO1.

8 Cunha E, Baccino E, Martrille L, Ramsthaler F, Prieto J, Schuliar Y, Lynnerup N, Cattaneo C. The problem of
aging human remains and living individuals: a review. Forensic science international. 2009 Dec 15;193(1-3):1-3.

° Cardoso HFV. Accuracy of developing tooth length as an estimate of age in human skeletal remains: the
permanent dentition. The American journal of forensic medicine and pathology. 2009;30(2):127-33.

10 de las Heras SM. Chapter 9 - Dental age estimation in adults [Internet]. Adserias-Garriga J, editor.
ScienceDirect. Academic Press; 2019. p. 125-42. Available from:
https://www.sciencedirect.com/science/article/pii/B9780128144916000091

1 Molnar P. Extramasticatory dental wear reflecting habitual behavior and health in past populations. Clinical
oral investigations. 2011;15(5):681-9.

12 Franco A, Vetter F, Coimbra E de F, Fernandes A, Thevissen P. Comparing third molar root development
staging in panoramic radiography, extracted teeth, and cone beam computed tomography. International journal
of legal medicine. 2020;134(1):347-53.

13 Bagic IC, Sever N, Brkic H, Kern J. Dental age estimation in children using orthopantomograms/ Odredivanje
dentalne dobi ocitavanjem sa ortopantomograma. Acta stomatologica croatica. 2008;42(1):11.


https://www.sciencedirect.com/science/article/pii/B9780128144916000091

79

14 Alkass K, Buchholz BA, Ohtani S, Yamamoto T, Druid H, Spalding KL. Age estimation in forensic sciences:
application of combined aspartic acid racemization and radiocarbon analysis. Molecular & cellular proteomics.
2010;9(5):1022-30.

15 Villa C, Lynnerup N. Age estimation of skeletal remains: principal methods. Research and Reports in
Forensic Medical Science. 2014 Feb;4:3-9. Available from: https://doi.org/10.2147/RRFMS.S35660

%Jain S, Nagi R, Daga M, Shandilya A, Shukla A, Parakh A, et al. Tooth Coronal Index and Pulp/Tooth Ratio in
Dental Age Estimation on Digital Panoramic Radiographs — A Comparative Study. Forensic science international.
2017;277:115-21.

17 Kurniawan A, Chusida A, Atika N, Gianosa TK, Solikhin MD, Margaretha MS, et al. The Applicable Dental Age
Estimation Methods for Children and Adolescents in Indonesia. International journal of dentistry.
2022;2022:6761476-6.

18 Katne T, Kanaparthi A, Gotoor S, Muppirala S, Devaraju R, Gantala R. Artificial intelligence: demystifying
dentistry—the future and beyond. Int J Contemp Med Surg Radiol. 2019;4(4):D6-9.

19 Nolla CM. The Development of Permanent Teeth. University of Michigan. School of Dentistry; 1952:254-266.

20 McDonald RE. Dentistry for the Child and Adolescent [Internet]. 1969. Available from:
https://www.sciencedirect.com/book/9780323287456/mcdonald-and-averys-dentistry-for-the-child-and-
adolescent. p. 531.

21 Gustafson G, Koch G. Age estimation up to 16 years of age based on dental development. Odontol Revy.
1974;25(3):297-306.

22 Kvaal SI, Kolltveit KM, Thomsen 10, Solheim T. Age estimation of adults from dental radiographs. Forensic
science international. 1995 Jul 28;74(3):175-85.

23 Abhishek Singh Nayyar, B Anand Babu, B Krishnaveni, M Vaishnavi Devi, H C Gayitri. Age estimation: Current
state and research challenges. Journal of Medical Sciences. 2016;36(6):209-16.

24 Kazmi S, Zaidi SJ, Reesu GV, Shepherd S. Dental age estimation using the Kvaal method—an evaluation of
length and width ratios: a systematic review. Forensic Science, Medicine and Pathology. 2023 Feb 11:1-0.

25 Roh BY, Lee WJ, Ryu JW, Ahn JM, Yoon CL, Lee SS. The application of the Kvaal method to estimate the age of
live Korean subjects using digital panoramic radiographs. Int J Legal Med. 2018;132(4):1161-6.

%6 paewinsky E, Pfeifer H, Brinkmann B. Quantifcation of secondary dentine formation from
orthopantomograms—a contribution to forensic age estimation methods in adults. Int J Legal Med.
2005;119(1):27-30.

27 Rajpal PS, Krishnamurthy V, Pagare SS, Sachdev GD. Age estimation using intraoral periapical radiographs.
Journal of forensic dental sciences. 2016;8(1):56—7.


https://doi.org/10.2147/RRFMS.S35660
https://www.sciencedirect.com/book/9780323287456/mcdonald-and-averys-dentistry-for-the-child-and-adolescent.%20p.%20531
https://www.sciencedirect.com/book/9780323287456/mcdonald-and-averys-dentistry-for-the-child-and-adolescent.%20p.%20531

80

28 Akhlaghi M, Ghoncheh Z, Hatami L. Estimating Chronological Age by Dental Measurements on the Periapical
Radiographs in Iranian Adults. International journal of medical toxicology and forensic medicine.
2020;10(3):28500.

2% Abdinian M, Katiraei M, Zahedi H, Rengo C, Soltani P, Spagnuolo G. Age Estimation Based on Pulp—Tooth
Volume Ratio of Anterior Teeth in Cone-Beam Computed Tomographic Images in a Selected Population: A Cross-
Sectional Study. Applied sciences. 2021;11(21):998.

30 Kazmi S, Shepherd S, Revie G, Hector M, Manica S. Exploring the relationship between age and the pulp and
tooth size in canines. A CBCT analysis. Australian journal of forensic sciences. 2022;54(6):808—-19.

31 Tardivo D, Sastre J, Catherine JH, Leonetti G, Adalian P, Foti B. Age determination of adult individuals by three-
dimensional modelling of canines. Int J Legal Med. 2014;128(1):161-9.

32 7aborowicz M, Zaborowicz K, Biedziak B, Garbowski T. Deep learning neural modelling as a precise method in
the assessment of the chronological age of children and adolescents using tooth and bone parameters. Sensors.
2022 Jan 14;22(2):637.

33 |ssa I, Jaber M, Rifai I, Mozdziak P, Kempisty B, Dyszkiewicz-Konwiriska M. Diagnostic Test Accuracy of Artificial
Intelligence in Detecting Periapical Periodontitis on Two-Dimensional Radiographs: A Retrospective Study and
Literature Review. Medicina. 2023 Apr 15;59(4):768.

34 Lin PL, Huang PY, Huang PW, Hsu HC, Chen CC. Teeth segmentation of dental periapical radiographs based on
local singularity analysis. Computer methods and programs in biomedicine. 2014 Feb 1;113(2):433-45.

35 Chen H, Zhang K, Lyu P, Li H, Zhang L, Wu J, et al. A deep learning approach to automatic teeth detection and
numbering based on object detection in dental periapical films. Scientific reports. 2019;9(1):3840-3840.

36 Thevissen PW, Kvaal SI, Willems G. Ethics in age estimation of unaccompanied minors. J Forensic
Odontostomatol. 2012 Nov 30;30 Suppl 1:84-102. PMID: 23221269.

37 Referral Criteria for General Radiography Referral Criteria Referral criteria will be based on the current version
of Royal College of Radiologists (RCR) booklet entitled “Making the best use of clinical radiology services”
(Version 6.03, 2007), MBUR 6th Edition. Available from
https://www.ouh.nhs.uk/services/referrals/radiology/documents/justification-guidelines.pdf

38 Kapadia F, Stevens J, Silver D. Dental Radiographs for Age Estimation in US Asylum Seekers: Methodological,
Ethical, and Health Issues. American journal of public health (1971). 2020;110(12):1786-9.

39 Jayaraman J. Dental age estimation in India: Do we have a role beyond publishing scientific evidences?.
Journal of Forensic Dental Sciences. 2018 Jan;10(1):55.

40 Schmeling A, Fuhrmann A., Lockemann U, Geserick G. Qualitatssicherung von Altersgutachten; 10.
Ringversuch der Arbeitsgemeinschaft fur Forensische Altersdiagnostik. Rechtsmedizin (Berlin, Germany).
2013;23(1):22.


https://www.ouh.nhs.uk/services/referrals/radiology/documents/justification-guidelines.pdf

81

41 Seo H, Hwang JJ, Jung YH, Lee E, Nam OH, Shin J. Deep focus approach for accurate bone age estimation from
lateral cephalogram. Journal of Dental Sciences. 2022. doi: 10.1016/j.jds.2022.07.018.

42 Suri L, Gagari E, Vastardis H. Delayed tooth eruption: pathogenesis, diagnosis, and treatment. A literature
review. American Journal of Orthodontics and Dentofacial Orthopedics. 2004 Oct 1;126(4):432-45.

4 Moness Ali AM, Ahmed WH, Khattab NM. Applicability of Demirjian’s method for dental age estimation in a
group of Egyptian children. BDJ open. 2019;5(1):2.

4Cardoso HFV. Accuracy of developing tooth length as an estimate of age in human skeletal remains: the
permanent dentition. The American journal of forensic medicine and pathology. 2009;30(2):127-33.

4 Moness Ali AM, Ahmed WH, Khattab NM. Applicability of Demirjian’s method for dental age estimation in a
group of Egyptian children. BDJ open. 2019;5(1):2.

4 Barka G, Marathiotis K, Protogerakis M, Zafeiriadis A. Radiographic evaluation of third molar genesis in Greek
orthodontic patients. International journal of general medicine. 2013;6:747-55.

47 Baccino E, Schmitt A. Determination of Adult Age at Death in the Forensic Context. In: Forensic Anthropology
and Medicine. Totowa, NJ: Humana Press; p. 259-280.

4 AlQahtani SJ, Hector MP, Liversidge HM. Accuracy of dental age estimation charts: Schour and Massler,
Ubelaker and the London Atlas. American journal of physical anthropology. 2014;154(1):70-8.

4 Massler M. The development of the human dentition. J. Am. Dent. Assoc. 1941;28:1153.

50 AlQahtani SJ, Hector MP, Liversidge HM. Brief communication: The London atlas of human tooth development
and eruption. American journal of physical anthropology. 2010;142(3):481-90.

1 Blenkin M, Taylor J. Age estimation charts for a modern Australian population. Forensic science international.
2012;221(1):106-12.

52 Demirjian A, Buschang PH, Tanguay R, Patterson DK. Interrelationships among measures of somatic, skeletal,
dental, and sexual maturity. Am J Orthod. 1985 Nov;88(5):433-8. doi: 10.1016/0002-9416(85)90070-3. PMID:
3864376.

53 Jayaraman J, Wong HM, King NM, Roberts GJ. The French—Canadian data set of Demirjian for dental age
estimation: A systematic review and meta-analysis. Journal of forensic and legal medicine. 2013;20(5):373-81.

54 Pintana P, Upalananda W, Saekho S, Yarach U, Wantanajittikul K. Fully automated method for dental age
estimation using the ACF detector and deep learning. Egyptian Journal of Forensic Sciences. 2022 Nov
26;12(1):54.

55 Fantasia E, Rodi G, D'emidio M, Lombardelli E, Padalino G. Comparison between Nolla and Demirjian dental
age assessment methods: a Systematic Review. WebmedCentral ORTHODONTICS 2016;7(10):WMC005202.



82

%6 Rézyto-Kalinowska I, Kiworkowa-Raczkowska E, Kalinowski P. Dental age in Central Poland. Forensic science
international. 2007;174(2):207-16.

57 Nyarady Z, Mérnstad H, Olasz L, Szabd G. Dél-dunantuli gyermekek kormeghatérozaisa a médositott
demirjian-maodszer alapjan [Age estimation of children in south-western Hungary using the modified Demirjian
method]. Fogorv Sz. 2005 Oct;98(5):193-8. Hungarian. PMID: 16315855.

%8 Jain V, Kapoor P, Miglani R. Demirjian approach of dental age estimation: Abridged for operator ease. Journal
of forensic dental sciences. 2016;8(3):177-177.

% Haavikko K. Tooth formation age estimated on a few selected teeth. A simple method for clinical use. Proc
Finn Dent Soc. 1974 Feb;70(1):15-9. PMID: 4821943.

% Mohammed RB, Krishnamraju PV, Prasanth PS, Sanghvi P, Lata Reddy MA, Jyotsna S. Dental age estimation
using Willems method: A digital orthopantomographic study. Contemporary clinical dentistry. 2014;5(3):371-6.

®1 Gulsahi A, De Luca S, Cehreli SB, Tirali RE, Cameriere R. ACCURACY OF THE THIRD MOLAR INDEX FOR
ASSESSING THE LEGAL MAJORITY OF 18 YEARS IN TURKISH POPULATION. Forensic science international.
2016;266:584.e1-584.e6.

62Shen S, Liu Z, Wang J, Fan L, Ji F, Tao J. Machine learning assisted Cameriere method for dental age
estimation. BMC oral health. 2021;21(1):641-641.

83 Bedek I, Dumandié¢ J, Lauc T, Marusi¢ M, Cukovi¢-Bagic¢ I. New model for dental age estimation: Willems
method applied on fewer than seven mandibular teeth. Int J Legal Med. 2020 Mar;134(2):735-743. doi:
10.1007/s00414-019-02066-5. Epub 2019 Apr 30. PMID: 31041502.

64 Badrov J, Ga$par G, Tadin A, Gali¢ T, Kalibovi¢ Govorko D, Gavié¢ L, Badrov R, Gali¢ | (2017) Prevalence and
characteristics of congenitally missing permanent teeth among orthodontic patients in southern Croatia. Acta
Stomatol Croat 51(4):290-299.

8 Behr M, Proff P, Leitzmann M, Pretzel M, Handel G, Schmalz G, Driemel O, Reichert TE, Koller M (2011) Survey
of congenitally missing teeth in orthodontic patients in eastern Bavaria. Eur J Orthod 33(1):32-36.

% Haavikko K. Tooth formation age estimated on a few selected teeth. A simple method for clinical use. Proc
Finn Dent Soc. 1974 Feb;70(1):15-9. PMID: 4821943.

67 Cardoso HF. Accuracy of developing tooth length as an estimate of age in human skeletal remains: the
permanent dentition. Am J Forensic Med Pathol. 2009 Jun;30(2):127-33. doi: 10.1097/PAF.0b013e3181879d07.
PMID: 19465800.

8 Moze K, Roberts G. Dental age assessment (DAA) of Afro-Trinidadian children and adolescents. Development
of a Reference Dataset (RDS) and comparison with Caucasians resident in London, UK. J Forensic Leg Med. 2012
Jul;19(5):272-9. doi: 10.1016/j.jfilm.2011.12.033. Epub 2012 Mar 13. PMID: 22687768.



83

% Lewis AJ, Boaz K, Nagesh KR, Srikant N, Gupta N, Nandita KP, Manaktala N. Demirjian's method in the
estimation of age: A study on human third molars. J Forensic Dent Sci. 2015 May-Aug;7(2):153-7. doi:
10.4103/0975-1475.155081. PMID: 26005306; PMCID: PMC4430575.

70 Lucas VS, Andiappan M, McDonald F, Roberts G. Dental Age Estimation: A Test of the Reliability of Correctly
Identifying a Subject Over 18 Years of Age Using the Gold Standard of Chronological Age as the Comparator.
Journal of forensic sciences. 2016;61(5):1238-43.

1 Bolafios MV, Moussa H, Manrique MC, Bolafios MJ. Radiographic evaluation of third molar development in
Spanish children and young people. Forensic Sci Int. 2003;133(3):212-229.

72 Celikoglu M, Miloglu O, Kazanci F. Frequency of agenesis, impaction, angulation, and related pathologic
changes of third molar teeth in orthodontic patients. J Oral Maxillofac Surg. 2010;68(5):990-995.

73 Barka G, Marathiotis K, Protogerakis M, Zafeiriadis A. Radiographic evaluation of third molar genesis in Greek
orthodontic patients. Int J Gen Med. 2013 Sep 16;6:747-55. doi: 10.2147/1JGM.S42929.

74 Cunha-Cruz J, Rothen M, Spiekerman C, Drangsholt M, McClellan L, Huang GJ (2014) Recommendations for
third molar removal: a practice-based cohort study. Am J Public Health 104:735—743.

> Gunst K, Mesotten K, Carbonez A, Willems G. Third molar root development in relation to chronological age: a
large sample sized retrospective study. Forensic science international. 2003 Sep 9;136(1-3):52-7.

76 Kéhler S, Schmelzle R, Loitz C, Piischel K. Development of wisdom teeth as a criterion of age determination.
Annals of anatomy= Anatomischer Anzeiger: official organ of the Anatomische Gesellschaft. 1994 Aug
1;176(4):339-45.

77 8tern D, Kainz P, Payer C, Urschler M. Multi-factorial Age Estimation from Skeletal and Dental MRI Volumes.
In: Machine Learning in Medical Imaging. Cham: Springer International Publishing; 2017.pp61-9.

78 De Tobel J, Bauwens J, Parmentier GIL, Franco A, Pauwels NS, Verstraete KL, Thevissen PW. Magnetic
resonance imaging for forensic age estimation in living children and young adults: a systematic review. Pediatr
Radiol. 2020 Nov;50(12):1691-1708. doi: 10.1007/s00247-020-04709-x. Epub 2020 Jul 31. PMID: 32734341.

7% Liversidge HM, Chaillet N, Mérnstad H, Nystrém M, Rowlings K, Taylor J, Willems G. Timing of Demirjian's
tooth formation stages. Ann Hum Biol. 2006 Jul-Aug;33(4):454-70. doi: 10.1080/03014460600802387. PMID:
17060069.

80 pillai JP, Nilendu D, Thomas N, Nagpal S, Nedunari LS. Inter-observer agreement in the radiographic
interpretation of Demirjian's developmental stages in the mandibular second and third molars—A comparative
study. Journal of Oral and Maxillofacial Pathology: JOMFP. 2021 Sep;25(3):554.

81 Esteva A, Kuprel B, Novoa RA, Ko J, Swetter SM, Blau HM, Thrun S. Dermatologist-level classification of skin
cancer with deep neural networks. nature. 2017 Feb;542(7639):115-8.



84

82 Kim JR, Shim WH, Yoon HM, Hong SH, Lee IS, Cho YA, Kim S. Computerized bone age estimation using deep
learning based program: evaluation of the accuracy and efficiency. American Journal of Roentgenology. 2017
Dec;209(6):1374-80.

8 Kozan NM, YuZ K, Zelenchuk GM. Using the artificial neural networks for identification unknown person. IOSR
Journal of dental and medical sciences. 2017 Apr;16(4):107-13.

84 patil V, Vineetha R, Vatsa S, Shetty DK, Raju A, Naik N, et al. Artificial neural network for gender determination
using mandibular morphometric parameters: A comparative retrospective study. Cogent engineering.
2020;7(1):1723783.

85 Nifio-Sandoval TC, Guevara Pérez SV, Gonzalez FA, Jaque RA, Infante-Contreras C. Use of automated learning
techniques for predicting mandibular morphology in skeletal class I, Il and lll. Forensic science international.
2017;281:187.e1-187.e7.

8 Fidya F, Priyambadha B. Automation of gender determination in human canines using artificial intelligence.
Dental Journal. 2018;50(3):116-20.

87 Vila-Blanco N, Carreira MJ, Varas-Quintana P, Balsa-Castro C, Tomas |. Deep Neural Networks for
Chronological Age Estimation From OPG Images. IEEE transactions on medical imaging. 2020;39(7):2374—-84.

8 \W. De Back, S. Seurig, S. Wagner, B. Marre, |. Roeder, N. Scherf, in: MIDL 2019 Conf. Abstr. Pap.,
2019. https://openreview.net/forum?id=SkesoBY49E (accessed July 8, 2020).

8 Khanagar SB, Vishwanathaiah S, Naik S, A Al-Kheraif A, Devang Divakar D, Sarode SC, Bhandi S, Patil S.
Application and performance of artificial intelligence technology in forensic odontology - A systematic review.
Leg Med (Tokyo). 2021 Feb;48:101826. doi: 10.1016/].legalmed.2020.101826. Epub 2020 Dec 10. PMID:
33341601.

% Stern D, Payer C, Giuliani N, Urschler M. Automatic Age Estimation and Majority Age Classification From Multi-
Factorial MRI Data. IEEE journal of biomedical and health informatics. 2019;23(4):1392—-403.

91 patil V, Vineetha R, Vatsa S, Shetty DK, Raju A, Naik N, et al. Artificial neural network for gender determination
using mandibular morphometric parameters: A comparative retrospective study. Cogent engineering.
2020;7(1):1723783.

92 Sairam V, Potturi GR, Praveen B, Vikas G. Assessment of Effect of Age, Gender, and Dentoalveolar Changes on
Mandibular Morphology: A Digital Panoramic Study. Contemp Clin Dent. 2018 Jan-Mar;9(1):49-54. doi:
10.4103/ccd.ccd_704_17. PMID: 29599584; PMCID: PMC5863409.

9 Mahasantipiya PM, Yeesarapat U, Suriyadet T, Sricharoen J, Dumrongwanich A, Thaiupathump T. Bite mark
identification using neural networks: A preliminary study. InWorld Congress on Engineering 2012. July 4-6, 2012.
London, UK. 2010 Mar (Vol. 2188, pp. 65-68). International Association of Engineers.

% Sisman Y, Uysal T, Yagmur F, Ramoglu SI. Third-molar development in relation to chronologic age in Turkish
children and young adults. Angle Orthod. 2007;77:1040-5.


https://openreview.net/forum%3fid%3dSkesoBY49E

85

% Orhan K, Ozer L, Orhan Al, Dogan S, Paksoy CS. Radiographic evaluation of third molar development in relation
to chronological age among Turkish children and youth. Forensic Sci Int. 2007;165:46-51.

% Qlze A, Bilang D, Schmidt S, Wernecke KD, Geserick G, Schmeling A. Validation of common classification
systems for assessing the mineralization of third molars. Int J Legal Med. 2005 Jan;119(1):22-6. doi:
10.1007/s00414-004-0489-5. Epub 2004 Nov 6. PMID: 15538611.

97 CPS. Youth Offenders | The Crown Prosecution Service [Internet]. Cps.gov.uk. 2019. Available from:
https://www.cps.gov.uk/legal-guidance/youth-offenders

% Sentencing Council. Types of sentences for children and young people — Sentencing [Internet]. Sentencing
Council. Available from: https://www.sentencingcouncil.org.uk/sentencing-and-the-council/types-of-
sentence/types-of-sentences-for-young-people/

% Garamendi P, Landa M, Ballesteros J, Solano MA. Reliability of the methods applied to assess age minority in
living subjects around 18 years old: a survey on a Moroccan origin population. Forensic science international.
2005 Nov 10;154(1):3-12.

190 Gulsahi A, De Luca S, Cehreli SB, Tirali RE, Cameriere R. Accuracy of the third molar index for assessing the
legal majority of 18 years in Turkish population. Forensic Science International [Internet]. 2016 Sep 1 [cited 2021
Oct 3];266:584.e1-6. Available from:
https://www.sciencedirect.com/science/article/abs/pii/S037907381630189X?via%3Dihub.

101 YK Home Office, 2022. Children’s asylum claims. Version 4.0. [internet]. Last updated December 31, 2020.
Available from:
https://www.google.co.uk/url?sa=t&rct=j&g=&esrc=s&source=web&cd=&cad=rja&uact=8&ved=2ahUKEwjfhtW
8gcyDAXWRWEEAHXTrDAMQFnoECBKQAQ&uUrl=https%3A%2F%2Fassets.publishing.service.gov.uk%2Fmedia%2
F5fe34fb1d3bf7f089d69c308%2Fchildren s-asylum-claims-
v4.0ext.pdf&usg=A0vVaw2ZLcsZQtKzrMgQDBcZoEM3&opi=89978449.

192 Ministry of Youth Affairs and Sports, Government of India — National Code against Age Fraud in Sports. [Last
accessed on 2017 Aug 21]. Available from: http://www.yas.nic.in/sites/default/files/File824.pdf .

103 BCCI Adopts New Age-Verification Method — ESPN CRICINFO. Updated July 8, 2012. [Last accessed on 2017
Aug 21]. Available from: http://www.espncricinfo.com/india/content/story/571542.html .

104 you Are 14, Going On 19: The Saga Of Age Fraud In Indian Sports. [internet] Available from:
https://www.outlookindia.com/sports/you-are-14-going-on-19-the-saga-of-age-fraud-in-indian-sport-news-
270388.

10551 players caught for age fraud. Migrator. [internet] Last updated December 21, 2019. Available from:
https://www.deccanherald.com/sports/cricket/51-players-caught-for-age-fraud-787477.html.

106 Age of Consent by Country 2024. [internet] Available from: https://worldpopulationreview.com/country-

rankings/age-of-consent-by-country



https://www.sciencedirect.com/science/article/abs/pii/S037907381630189X?via%3Dihub
http://www.yas.nic.in/sites/default/files/File824.pdf
http://www.espncricinfo.com/india/content/story/571542.html
https://www.outlookindia.com/sports/you-are-14-going-on-19-the-saga-of-age-fraud-in-indian-sport-news-270388
https://www.outlookindia.com/sports/you-are-14-going-on-19-the-saga-of-age-fraud-in-indian-sport-news-270388
https://www.deccanherald.com/sports/cricket/51-players-caught-for-age-fraud-787477.html
https://worldpopulationreview.com/country-rankings/age-of-consent-by-country
https://worldpopulationreview.com/country-rankings/age-of-consent-by-country

86

197 National Society for the Prevention of Cruelty to Children. Child sexual abuse: statistics briefing. [internet]
Last updated March, 2021. Available from: https://learning.nspcc.org.uk/research-resources/statistics-

briefings/child-sexual-abuse.

1% purham Safeguarding Children Partnership. Underage Sexual Activity. Section 2 Young People Under the Age
of 13. [internet] Last updated August, 2022. Available from
https://www.proceduresonline.com/durham/scb/p_underage sexual act.html#:~:text=Young%20People%20U
nder%20the%20Age%200f%2013&text=In%20all%20cases%20where%20the,partner%20agencies%2C%20inclu
ding%20the%20Police.

103 Legislation.gov.uk. Children Act 1989. [internet] Last updated January, 2024. Available from:
https://www.legislation.gov.uk/ukpga/1989/41/contents

10 | egislation.gov.uk. Sexual Offences (Scotland) Act 2009. [internet] Last updated June, 2021. Available from
https://www.legislation.gov.uk/asp/2009/9/body

111 purham Safeguarding Children Partnership. Underage Sexual Activity. Section 2 Young People Between
16and 18. [internet] Last updated August, 2022. Available from
https://www.proceduresonline.com/durham/scb/p underage sexual act.html#:~:text=Young%20People%20Be

tween%2016%20and%2018&text=Consideration%20still%20needs%20t0%20be,explored%20with%20a%20you
ng%20person.

112 Shouse California Law Group. What if a minor lies about their age online? [internet] Last updated November,
2021. Available from https://www.shouselaw.com/ca/blog/what-if-a-minor-lies-about-their-age-
online/#:~:text=For%20the%20minor%2C%20lying%20about,offenses%20are%20almost%20always%20felonies.

113 United Nations Population Division. Abortion policies: A global review. Cuba: 2002 major dimensions of
abortion policies. Available
from http://www.un.org/en/development/desa/population/publications/abortion/abortion-policies-2002.shtml

114 Moroccan Family Planning Association and Asian-Pacific Resource and Research Centre for Women. Religious
fundamentalism and access to safe abortion services in Morocco. Rabat and Kuala Lumpur: Moroccan Family
Planning Association and Asian-Pacific Resource and Research Centre for Women; 2016.

115 Wisevoter. Countries where abortion is illegal. [internet] Available from https://wisevoter.com/country-

rankings/countries-where-abortion-is-illegal/

116 Malta M, Wells S, LeGrand S, Seixas M, Baptista A, da Silva CMFP, et al. Abortion in Brazil: the case for
women’s rights, lives, and choices. The Lancet Public health. 2019;4(11):e552—e552.

117 Anti-Slavery International. Out of the Shadows: Child marriage and slavery.[internet] Available from:
https://www.ohchr.org/sites/default/files/Documents/Issues/Women/WRGS/ForcedMarriage/NGO/AntiSlaveryl

nternational2.pdf

118 Unicef. Girls increasingly at risk of child marriage in Afghanistan. Statement by Unicef Executive Director
Henrietta Fore. [internet] Last updated November 12, 2021. Available from: https://www.unicef.org.uk/press-

releases/girls-increasingly-at-risk-of-child-marriage-in-afghanistan/



https://learning.nspcc.org.uk/research-resources/statistics-briefings/child-sexual-abuse
https://learning.nspcc.org.uk/research-resources/statistics-briefings/child-sexual-abuse
https://www.proceduresonline.com/durham/scb/p_underage_sexual_act.html#:~:text=Young%20People%20Under%20the%20Age%20of%2013&text=In%20all%20cases%20where%20the,partner%20agencies%2C%20including%20the%20Police
https://www.proceduresonline.com/durham/scb/p_underage_sexual_act.html#:~:text=Young%20People%20Under%20the%20Age%20of%2013&text=In%20all%20cases%20where%20the,partner%20agencies%2C%20including%20the%20Police
https://www.proceduresonline.com/durham/scb/p_underage_sexual_act.html#:~:text=Young%20People%20Under%20the%20Age%20of%2013&text=In%20all%20cases%20where%20the,partner%20agencies%2C%20including%20the%20Police
https://www.legislation.gov.uk/ukpga/1989/41/contents
https://www.legislation.gov.uk/asp/2009/9/body
https://www.proceduresonline.com/durham/scb/p_underage_sexual_act.html#:~:text=Young%20People%20Between%2016%20and%2018&text=Consideration%20still%20needs%20to%20be,explored%20with%20a%20young%20person
https://www.proceduresonline.com/durham/scb/p_underage_sexual_act.html#:~:text=Young%20People%20Between%2016%20and%2018&text=Consideration%20still%20needs%20to%20be,explored%20with%20a%20young%20person
https://www.proceduresonline.com/durham/scb/p_underage_sexual_act.html#:~:text=Young%20People%20Between%2016%20and%2018&text=Consideration%20still%20needs%20to%20be,explored%20with%20a%20young%20person
https://www.shouselaw.com/ca/blog/what-if-a-minor-lies-about-their-age-online/#:~:text=For%20the%20minor%2C%20lying%20about,offenses%20are%20almost%20always%20felonies
https://www.shouselaw.com/ca/blog/what-if-a-minor-lies-about-their-age-online/#:~:text=For%20the%20minor%2C%20lying%20about,offenses%20are%20almost%20always%20felonies
http://www.un.org/en/development/desa/population/publications/abortion/abortion-policies-2002.shtml
https://wisevoter.com/country-rankings/countries-where-abortion-is-illegal/
https://wisevoter.com/country-rankings/countries-where-abortion-is-illegal/
https://www.ohchr.org/sites/default/files/Documents/Issues/Women/WRGS/ForcedMarriage/NGO/AntiSlaveryInternational2.pdf
https://www.ohchr.org/sites/default/files/Documents/Issues/Women/WRGS/ForcedMarriage/NGO/AntiSlaveryInternational2.pdf
https://www.unicef.org.uk/press-releases/girls-increasingly-at-risk-of-child-marriage-in-afghanistan/
https://www.unicef.org.uk/press-releases/girls-increasingly-at-risk-of-child-marriage-in-afghanistan/

87

119 Roberts GJ, McDonald F, Neil M, Lucas VS. The weighted average method ‘WAM’ for dental age estimation: A
simpler method for children at the 10 year threshold: “It is vain to do with more when less will suffice” William
of Ockham 1288-1358" J Forensic Leg Med. 2014,;26:56—60.

120 \World Medical Association. WMA Declaration of Helsinki ethical principles for medical research involving
human subjects. [internet] Last updated September 6, 2022. Available from https://www.wma.net/policies-

post/wma-declaration-of-helsinki-ethical-principles-for-medical-research-involving-human-subjects/

121 Franco A, Porto L, Heng D, Murray J, Lygate A, Franco R, et al. Diagnostic performance of convolutional
neural networks for dental sexual dimorphism. Scientific reports. 2022;12(1):17279-12.

122 Underfitting, overfitting and regularization. Lasso Regression (L1 Norm), Ridge Regression(L2 Norm), Elastic
Net Regression. [internet] Last updated September 30, 2021. Available from

https://jashrathod.github.io/2021-09-30-underfitting-overfitting-and-regularization/

123 Fast.ai.reference. Overfitting and Underfitting. [internet] Last updated 2021. Available from
https://www.fastaireference.com/overfitting

124 Chollet, F. et al. (2015) Keras. GitHub Rep. 1, 1. [internet] Available from https://github.com/fchollet/keras.

125 Medium. Understanding Confusion Matrix. [internet] Last updated May 9, 2018. Available from
https://towardsdatascience.com/understanding-confusion-matrix-a9ad42dcfd62

126 Hajian-Tilaki K. Receiver operating characteristic (ROC) curve analysis for medical diagnostic test evaluation.
Caspian journal of internal medicine. 2013;4(2):627.

127 Karadayi B, Kaya A, Kolusayin MO, Karadayi S, Afsin H, Ozaslan A. Radiological age estimation: based on third
molar mineralization and eruption in Turkish children and young adults. International journal of legal medicine.
2012 Nov;126:933-42.

128 Splari AC, Abramovitch K. The accuracy and precision of third molar development as an indicator of
chronological age in Hispanics. Journal of forensic sciences. 2002 May 1;47(3):531-5.

129 Saranya K, Ponnada SR, Cheruvathoor JJ, Jacob S, Kandukuri G, Mudigonda M, Kasabu AL, Balla SB. Assessing
the probability of having attained 16 years of age in juveniles using third molar development in a sample of
South Indian population. The Journal of Forensic Odonto-stomatology. 2021 Apr;39(1):16.

130 | aniado N, Wright ML, Seymour B. The use of dental radiographs for age estimation of unaccompanied
migrant minors: Scientific and ethical concerns. Journal of Public Health Dentistry. 2022 Jun;82(3):349-51.

131G0OV.UK. Home Office. Biological evaluation methods to assist in assessing the age of unaccompanied asylum-
seeking children. [internet] Last updated January 10, 2023. Available from
https://www.gov.uk/government/publications/methods-to-assess-the-age-of-unaccompanied-asylum-seeking-

children/biological-evaluation-methods-to-assist-in-assessing-the-age-of-unaccompanied-asylum-seeking-

children-accessible



https://www.wma.net/policies-post/wma-declaration-of-helsinki-ethical-principles-for-medical-research-involving-human-subjects/
https://www.wma.net/policies-post/wma-declaration-of-helsinki-ethical-principles-for-medical-research-involving-human-subjects/
https://jashrathod.github.io/2021-09-30-underfitting-overfitting-and-regularization/
https://github.com/fchollet/keras.
https://www.gov.uk/government/publications/methods-to-assess-the-age-of-unaccompanied-asylum-seeking-children/biological-evaluation-methods-to-assist-in-assessing-the-age-of-unaccompanied-asylum-seeking-children-accessible
https://www.gov.uk/government/publications/methods-to-assess-the-age-of-unaccompanied-asylum-seeking-children/biological-evaluation-methods-to-assist-in-assessing-the-age-of-unaccompanied-asylum-seeking-children-accessible
https://www.gov.uk/government/publications/methods-to-assess-the-age-of-unaccompanied-asylum-seeking-children/biological-evaluation-methods-to-assist-in-assessing-the-age-of-unaccompanied-asylum-seeking-children-accessible

88

132 Boyce WT, Den Besten PK, Stamperdahl J, Zhan L, Jiang Y, Adler NE, Featherstone JD. Social inequalities in
childhood dental caries: the convergent roles of stress, bacteria and disadvantage. Social science & medicine.
2010 Nov 1;71(9):1644-52.

133 Nelson JS, Harrington L, Holland E, Cardoso HFV. Does age estimated from teeth forming in different early life
periods show differential discrepancy with known age? American journal of human biology. 2021;33(2):e23577.

134 Greulich WW, Pyle SI. Radiographic atlas of skeletal development of the hand and wrist. The American
Journal of the Medical Sciences. 1959;238(3):393.

135 sauer PJ, Nicholson A, Neubauer D, Advocacy and Ethics Group of the European Academy of Paediatrics. Age
determination in asylum seekers: physicians should not be implicated. European journal of pediatrics. 2016
Mar;175:299-303.

136 Singh HK, Scott TE, Henshaw MM, Cote SE, Grodin MA, Piwowarczyk LA. Oral health status of refugee torture
survivors seeking care in the United States. American journal of public health. 2008 Dec;98(12):2181-2.

137 GOV.UK. Home Office. Biological evaluation methods to assist in assessing the age of unaccompanied
asylum-seeking children. [internet] Last updated January 10, 2023. Available from:
https://www.gov.uk/government/publications/methods-to-assess-the-age-of-unaccompanied-asylum-seeking-

children/biological-evaluation-methods-to-assist-in-assessing-the-age-of-unaccompanied-asylum-seeking-

children-accessible

138 Olze A, Schmeling A, Taniguchi M, Maeda H, van Niekerk P, Wernecke KD, Geserick G. Forensic age
estimation in living subjects: the ethnic factor in wisdom tooth mineralization. International Journal of Legal
Medicine. 2004 Jun;118:170-3.

133 Souza AM de, Resende SS, Sousa TN de, Brito CFA de. A systematic scoping review of the genetic ancestry of
the Brazilian population. Genetics and molecular biology. 2019;42(3):495-508.

140 Gorgani N, Sullivan RE, DuBois L (1990) A radiographic investigation of third-molar development. ASDC J Dent
Child 57:106-110.

141 Harris EF, McKee JH (1990) Tooth mineralisation standards for Blacks and Whites from the middle southern
United States. J Forensic Sci 35:859-872.

142 Schmeling A, Reisinger W, Loreck D, Vendura K, Markus W, Geserick G. Effects of ethnicity on skeletal
maturation: consequences for forensic age estimations. International journal of legal medicine.
2000;113(5):253-8.

143 Wang J, Dou J, Han J, Li G, Tao J. A population-based study to assess two convolutional neural networks for
dental age estimation. BMC Oral Health. 2023 Feb 17;23(1):109.

13 Wang X, Liu Y, Miao X, Chen Y, Cao X, Zhang Y, Li S, Zhou Q. DENSEN: a convolutional neural network for
estimating chronological ages from panoramic radiographs. BMC bioinformatics. 2022 Mar;23(3):1-5.


https://www.gov.uk/government/publications/methods-to-assess-the-age-of-unaccompanied-asylum-seeking-children/biological-evaluation-methods-to-assist-in-assessing-the-age-of-unaccompanied-asylum-seeking-children-accessible
https://www.gov.uk/government/publications/methods-to-assess-the-age-of-unaccompanied-asylum-seeking-children/biological-evaluation-methods-to-assist-in-assessing-the-age-of-unaccompanied-asylum-seeking-children-accessible
https://www.gov.uk/government/publications/methods-to-assess-the-age-of-unaccompanied-asylum-seeking-children/biological-evaluation-methods-to-assist-in-assessing-the-age-of-unaccompanied-asylum-seeking-children-accessible

89

145 \Wu TJ, Tsai CL, Huang YH, Fan TY, Chen YP. Efficacy of machine learning assisted dental age assessment in
local population. Legal Medicine. 2022 Nov 1;59:102148.

136 Kim YR, Choi JH, Ko J, Jung YJ, Kim B, Nam SH, Chang WD. Age Group Classification of Dental Radiography
without Precise Age Information Using Convolutional Neural Networks. InHealthcare 2023 Apr 8 (Vol. 11, No. 8,
p. 1068). MDPI.

147 Kim S, Lee YH, Noh YK, Park FC, Auh QS. Age-group determination of living individuals using first molar images
based on artificial intelligence. Scientific reports. 2021 Jan 13;11(1):1073.

148 Hemalatha B, Bhuvaneswari P, Nataraj M, Shanmugavadivel G. Human Dental Age and Gender Assessment
from Dental Radiographs Using Deep Convolutional Neural Network. Information Technology and Control. 2023
Jul 15;52(2):322-35.

143 Baydogan MP, Baybars SC, Tuncer SA. Age-Net: An Advanced Hybrid Deep Learning Model for Age Estimation
Using Orthopantomograph Images. Traitement du Signal. 2023 Aug 1;40(4).

150 Guo YC, Han M, Chi Y, Long H, Zhang D, Yang J, Yang Y, Chen T, Du S. Accurate age classification using manual
method and deep convolutional neural network based on orthopantomogram images. International journal of
legal medicine. 2021 Jul;135:1589-97.

151 Fan F, Ke W, Dai X, Shi L, LiuY, Lin Y, Cheng Z, Zhang Y, Chen H, Deng Z. Semi-supervised automatic dental age
and sex estimation using a hybrid transformer model. International Journal of Legal Medicine. 2023
May;137(3):721-31.

152 By WQ, Guo YX, Zhang D, Du SY, Han MQ, Wu ZX, Tang Y, Chen T, Guo YC, Meng HT. Automatic sex
estimation using deep convolutional neural network based on orthopantomogram images. Forensic Science
International. 2023 Jul 1;348:111704.

153 Bunyarit SS, Nambiar P, Naidu M, Asif MK, Poh RY. Dental age estimation of Malaysian Indian children and
adolescents: applicability of Chaillet and Demirjian’s modified method using artificial neural network. Annals of
Human Biology. 2022 May 19;49(3-4):192-9.

154 Kahaki SM, Nordin MJ, Ahmad NS, Arzoky M, Ismail W. Deep convolutional neural network designed for age
assessment based on orthopantomography data. Neural Computing and Applications. 2020 Jul;32:9357-68.

155 Mohammad N, Muad AM, Ahmad R, Yusof MY. Reclassification of Demirjian's mandibular premolars staging
for age estimation based on semi-automated segmentation of deep convolutional neural network. Forensic
Imaging. 2021 Mar 1;24:200440.

16 Laniado N, Wright ML, Seymour B. The use of dental radiographs for age estimation of unaccompanied
migrant minors: Scientific and ethical concerns. Journal of public health dentistry. 2022;82(3):349-51.

157 Mincer HH, Harris EF, Berryman HE. The A.B.F.O. study of third molar development and its use as an
estimator of chronological age. J Forensic Sci. 1993;38(2):379-390.



90

158 Haga S, Nakaoka H, Yamaguchi T, Yamamoto K, Kim YI, Samoto H, et al. A genome-wide association study of
third molar agenesis in Japanese and Korean populations. Journal of human genetics. 2013;58(12):799-803.

159 Rozkovcovd, E., Markovd, M., & Dolejsi, J. (1999). Studies on agenesis of third molars amongst populations of
different origin. Sbornik lekarsky, 100(2), 71-84.

180 Bindayel NA. THE ROLE OF THIRD MOLAR IN ORTHODONTIC TREATMENT. Pakistan Oral & Dental Journal.
2011 Dec 1;31(2).

181 Singh N, Chaudhari S, Chaudhari R, Nagare S, Kulkarni A, Parkarwar P. A radiographic survey of agenesis of
the third molar: A panoramic study. Journal of forensic dental sciences. 2017 Sep;9(3):130.

162 Bailleul-Forestier |, Molla M, Verloes A, Berdal A. The genetic basis of inherited anomalies of the teeth: Part
1: Clinical and molecular aspects of non-syndromic dental disorders. European journal of medical genetics. 2008
Jul 1;51(4):273-91.

183 Sandhu S, Kaur T. Radiographic evaluation of the status of third molars in the Asian-Indian students. Journal
of oral and maxillofacial surgery. 2005 May 1;63(5):640-5.

164 Celikoglu M, Kamak H. Patterns of third-molar agenesis in an orthodontic patient population with different
skeletal malocclusions. The Angle Orthodontist. 2012 Jan 1;82(1):165-9.

185 Sindi MA, Al-Sebaei MO, Bamashmous MS. Radiographic assessment of third molar development and its
relation to dental and chronological age in the Saudi Arabian population. Egyptian Journal of Forensic Sciences.
2023 Dec;13(1):1-7.

186 Moorrees CF, Fanning EA, Hunt Jr EE. Age variation of formation stages for ten permanent teeth. Journal of
dental research. 1963 Nov;42(6):1490-502.

187 Otsuki K, Kodani |, Zangpo D, Nakatome M, lino M. Development of New Formulas for Sex and Age Estimation
by Assessing Maxillary Sinus Morphology on CBCT. Yonago Acta Medica. 2023;66(1):112-9.

168 Netharaa A, Ramani P, Sherlin HJ, Gheena S, Ramasubramanian A, Jayaraj G. Frontal and Maxillary air sinus in
age determination and gender identification. Journal of Research in Medical and Dental Science. 2020;8(3):104-
9.

189 Sarker IH. Deep learning: a comprehensive overview on techniques, taxonomy, applications and research
directions. SN Computer Science. 2021 Nov;2(6):420.

170 LeCun Y, Bottou L, Bengio Y, Haffner P. Gradient-based learning applied to document recognition.
Proceedings of the IEEE. 1998 Nov;86(11):2278-324.

71 Hou, Wenxuan, Longjun Liu, Jinxia Gao, Anguo Zhu, Keyang Pan, Hongbin Sun and Nanning Zheng. “Exploring
Effective DNN Models for Forensic Age Estimation based on Panoramic Radiograph Images.” 2021 International
Joint Conference on Neural Networks (I/CNN) (2021): 1-8.



91

172 Cardoso HF, Caldas IM, Andrade M. Dental and skeletal maturation as simultaneous and separate predictors
of chronological age in post-pubertal individuals: a preliminary study in assessing the probability of having
attained 16 years of age in the living. Australian Journal of Forensic Sciences. 2018 Jul 4;50(4):371-84.

173 Mwesigwa CL, Kutesa AM, Munabi IG, Kabenge CA, Buwembo W. Accuracy of the lower third molar
radiographic imaging to estimate age among Ugandan young people. BMC research notes. 2019;12(1):652—-652.

174 Milo$evi¢ D, Vodanovi¢ M, Gali¢ |, Subasi¢ M. Automated estimation of chronological age from panoramic
dental X-ray images using deep learning. Expert Systems with Applications. 2022 Mar 1;189:116038.

175 Leite AF, Gerven AV, Willems H, Beznik T, Lahoud P, Gaéta-Araujo H, Vranckx M, Jacobs R. Artificial
intelligence-driven novel tool for tooth detection and segmentation on panoramic radiographs. Clinical oral
investigations. 2021 Apr;25:2257-67.

176 Banar N, Bertels J, Laurent F, Boedi RM, De Tobel J, Thevissen P, Vandermeulen D. Towards fully automated
third molar development staging in panoramic radiographs. International Journal of Legal Medicine. 2020
Sep;134:1831-41.

177 Manica S, Forgie A. (2017). Forensic dentistry now and in the future. Dental Update, 44(6), 522-530.

178 Bui R, lozzino R, Richert R, Roy P, Boussel L, Tafrount C, et al. Artificial Intelligence as a Decision-Making Tool
in Forensic Dentistry: A Pilot Study with I3M. International journal of environmental research and public health.
2023;20(5):4620.

179 BAYDOGAN MP, BAYBARS SC, TUNCER SA. Age Detection by Deep Learning from Dental Panoramic
Radiographs. Artificial Intelligence Theory and Applications. 2022 Jan 10;2(2):51-8.

180 Choudhury A, Asan O. Role of artificial intelligence in patient safety outcomes: systematic literature review.
JMIR medical informatics. 2020 Jul 24;8(7):e18599.

181 Q. Liu, P. Li, W. Zhao, W. Cai, S. Yu and V. C. M. Leung, "A survey on security threats and defensive techniques
of machine learning: A data driven view", IEEE Access, vol. 6, pp. 12103-12117, 2018.

182 BJau S, Briggs C A. The role of forensic anthropology in Disaster Victim Identification (DVI)Forensic Sci
INt20112051-3293510.1016/j.forsciint.2010.07.038.

183 M Petju A Suteerayongprasert R Thongpud K Hassiri Importance of dental records for victim identification
following the Indian Ocean tsunami disaster in ThailandPublic
Health20071214251710.1016/j.puhe.2006.12.003.

184 Luyten K (2021) Lobe: Lobe—Machine Learning Made Easy, Addressing the dissemination of terrorist content
online. Tech. rep. [internet] Available from: https://www.lobe.ai/

185 pesapane F, Volonté C, Codari M, Sardanelli F. Artificial intelligence as a medical device in radiology: ethical
and regulatory issues in Europe and the United States. Insights into imaging. 2018;9(5):745-53.


https://www.lobe.ai/

92

18 Montasari R, Jahankhani H. Artificial Intelligence in Cyber Security: Impact and Implications : Security
Challenges, Technical and Ethical Issues, Forensic Investigative Challenges. 1st Edition 2021. Netherlands:
Springer Nature; 2021. Page 138

187 He Y, Zamani E, Yevseyeva |, Luo C. Artificial Intelligence-Based Ethical Hacking for Health Information
Systems: Simulation Study. Journal of medical Internet research. 2023;25:e41748—-e41748.

188 Miklau G, Suciu D. A formal analysis of information disclosure in data exchange. Journal of computer and
system sciences. 2007;73(3):507-34.

189 EU: EUR-Lex-32021R0240-EN-EUR-Lex (2021). https://eur-lex.europa.eu/eli/reg/2021/240

190 Kruskal JB, Berkowitz S, Geis JR, Kim W, Nagy P, Dreyer K (2017) Big data and machine learning-strategies for
driving this bus: a summary of the 2016 intersociety summer conference. J Am Coll Radiol 14:811-817

191 paulius Cerka, Jurgita Grigiene’, Gintare’ Sirbikyte’, ‘Liability for damages caused by Artificial Intelligence’,
2015;3:1.3. Computer Law &Security Review 376 — 389.

192 Ahmed O, Saleem SA, Khan AA, Daruwala S, Pettiwala A. Artificial intelligence in forensic odontology--A
review. International Dental Journal of Students' Research. 2023 Apr 1;11(2). Available from
https://www.idjsronline.com/html-
article/19163#:~:text=By%20leveraging%20A1%27s%20capabilities%2C%20forensic,current%20studies%20show
%20promising%20results.

193 pouloudi A, Magoulas GD. Neural Expert Systems in Medical Image Interpretation: Development, Use, and
Ethical Issues. Journal of intelligent systems. 2000;10(5-6):451-72.

1% 0lze A, Hertel J, Schulz R, Wierer T, Schmeling A. Radiographic evaluation of Gustafson’s criteria for the
purpose of forensic age diagnostics. International journal of legal medicine. 2012 Jul;126:615-21.

195 Mohammad N, Ahmad R, Kurniawan A, Mohd Yusof MYP. Applications of contemporary artificial intelligence
technology in forensic odontology as primary forensic identifier: A scoping review. Frontiers in artificial
intelligence. 2022;5:1049584-1049584.

19 Besse P, Castets-Renard C, Garivier A, Jean-Michel Loubes. Can everyday Al be ethical. Fairness of Machine
Learning Algorithms. arXiv.org. 2018.

197 Jayaraman J, Roberts GJ, Wong HM, McDonald F, King NM. Ages of legal importance: Implications in relation
to birth registration and age assessment practices. Med Sci Law. 2016;56:77-82.

1% Interim Age Estimation Science Advisory committee. Biological evaluation methods to assist in assessing the
age of unaccompanied asylum seekers. Section 1.10. [internet] Last updated October, 2022. Available from
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment data/file/1127181/1
4.169 HO AESAC report V6 FINAL WEB.pdf



https://eur-lex.europa.eu/eli/reg/2021/240
https://www.idjsronline.com/html-article/19163#:~:text=By%20leveraging%20AI%27s%20capabilities%2C%20forensic,current%20studies%20show%20promising%20results
https://www.idjsronline.com/html-article/19163#:~:text=By%20leveraging%20AI%27s%20capabilities%2C%20forensic,current%20studies%20show%20promising%20results
https://www.idjsronline.com/html-article/19163#:~:text=By%20leveraging%20AI%27s%20capabilities%2C%20forensic,current%20studies%20show%20promising%20results
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1127181/14.169_HO_AESAC_report_V6_FINAL_WEB.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1127181/14.169_HO_AESAC_report_V6_FINAL_WEB.pdf

93

19 Manica, S., & Forgie, A. Forensic dentistry now and in the future. Dental Update. 2017; 44(6), 522-530.
Available from:
https://discovery.dundee.ac.uk/ws/portalfiles/portal/17087126/Dent _Update 2017 44 522 530 3 .pdf

200 Benchimol D, Koivisto J, Kadesjo N, Shi XQ. Effective dose reduction using collimation function in digital
panoramic radiography and possible clinical implications in dentistry. Dentomaxillofacial radiology. 2018
Oct;47(7):20180007.

201 Whaites E, Drage N. Essentials of dental radiography and radiology. Elsevier Health Sciences; 2013 Jun 20.

202 Davidson AJ, O’BRIEN M. Ethics and medical research in children. Pediatric Anesthesia. 2009 Oct;19(10):994-
1004.

203 | jversidge HM, Buckberry J, Marquez-Grant N. Age estimation. Annals of human biology. 2015 Jul
4;42(4):299-301.

204 Laniado N. A Call to End the Use of Dental Radiographs for Age Estimation. American Journal of Public Health.
2021 May;111(5):799.

205 Trends G. Refugees, Asylum-seekers, Returnees, Internally Displaced and Stateless Persons.(2010). United
Nations High Commissioner for Refugees.

206 Singh N, Grover N, Puri N, Singh S, Arora S. Age estimation from physiological changes of teeth: a reliable age
marker? J Forensic Dent Sci 2014; 6: 113-121.

207 GOV.UK. Home Office. Modern Slavery: National Referral Mechanism and Duty to Notify statistics UK, end of
year summary 2022. [internet] Last updated March 2, 2023. Available from
https://www.gov.uk/government/statistics/modern-slavery-national-referral-mechanism-and-duty-to-notify-

statistics-uk-end-of-year-summary-2022/modern-slavery-national-referral-mechanism-and-duty-to-notify-

statistics-uk-end-of-year-summary-2022

208 Hiern A, Brendler-Lindqvist M, Norredam M. Age assessment of young asylum seekers. Acta paediatrica.
2012 Jan;101(1):4-7.

209 Refugee Council. Identity Crisis: How the age dispute process puts refugee children at risk. [internet] Last
updated September 2022. Available from:
https://www.refugeecouncil.org.uk/information/resources/identity-crisis/

210 Greater Manchester Immigration Aid Unit. “I'm terrified!: the dangers of Home Office Age Assessments.
[internet] Last updated September, 2022. Available from: https://gmiau.org/age-assessments-2209/

211 Refugee Law Initiative. School of Advanced Study University of London. Age Assessments of Young Asylum
Seekers in the UK: from a ‘fact’-based to a human rights-based approach. [internet] Last updated March 16,
2023. Available from:
https://rli.blogs.sas.ac.uk/2023/03/16/age-assessments-of-young-asylum-seekers-in-the-uk-from-a-fact-based-
to-a-human-rights-based-approach/


https://discovery.dundee.ac.uk/ws/portalfiles/portal/17087126/Dent_Update_2017_44_522_530_3_.pdf
https://www.gov.uk/government/statistics/modern-slavery-national-referral-mechanism-and-duty-to-notify-statistics-uk-end-of-year-summary-2022/modern-slavery-national-referral-mechanism-and-duty-to-notify-statistics-uk-end-of-year-summary-2022
https://www.gov.uk/government/statistics/modern-slavery-national-referral-mechanism-and-duty-to-notify-statistics-uk-end-of-year-summary-2022/modern-slavery-national-referral-mechanism-and-duty-to-notify-statistics-uk-end-of-year-summary-2022
https://www.gov.uk/government/statistics/modern-slavery-national-referral-mechanism-and-duty-to-notify-statistics-uk-end-of-year-summary-2022/modern-slavery-national-referral-mechanism-and-duty-to-notify-statistics-uk-end-of-year-summary-2022
https://www.refugeecouncil.org.uk/information/resources/identity-crisis/
https://gmiau.org/age-assessments-2209/
https://rli.blogs.sas.ac.uk/2023/03/16/age-assessments-of-young-asylum-seekers-in-the-uk-from-a-fact-based-to-a-human-rights-based-approach/
https://rli.blogs.sas.ac.uk/2023/03/16/age-assessments-of-young-asylum-seekers-in-the-uk-from-a-fact-based-to-a-human-rights-based-approach/

94

212 Home Office Immigration. Immigration System Statistics year ending March 2023. Applications, Initial
decisions and Resettlement. Published May 25, 2023. [internet] Available from:
https://view.officeapps.live.com/op/view.aspx?src=https%3A%2F%2Fassets.publishing.service.gov.uk%2Fgovern
ment%2Fuploads%2Fsystem%2Fuploads%2Fattachment data%2Ffile%2F1156818%2Fasylum-applications-
datasets-mar-2023.xIsx&wdOrigin=BROWSELINK

213 Home Office Immigration. Immigration System Statistics year ending March 2023. Age disputes. Published
May 25, 2023. [internet] Available from:
https://view.officeapps.live.com/op/view.aspx?src=https%3A%2F%2Fassets.publishing.service.gov.uk%2Fgovern
ment%2Fuploads%2Fsystem%2Fuploads%2Fattachment data%2Ffile%2F1156821%2Fage-disputes-datasets-
mar-2023.xIsx&wdOrigin=BROWSELINK

214 GOV.UK. Refugees, asylum and human rights. Home Office to introduce scientific methods for assessing the
age of asylum seekers. [internet] Last updated January 5, 2022. Available from:
https://www.gov.uk/government/news/home-office-to-introduce-scientific-methods-for-assessing-the-age-of-
asylum-seekers

215 GOV.UK. Refugees, asylum and human rights. Home Office to introduce scientific methods for assessing the
age of asylum seekers. [internet] Last updated January 5, 2022. Available from:
https://www.gov.uk/government/news/home-office-to-introduce-scientific-methods-for-assessing-the-age-of-

asylum-seekers

216 Ahmad Otak (2012) Sentencing remarks of Mr. Justice Coulson. Judiciary of England and Wales. [internet]
Available from: https://www.judiciary.uk/wp-content/uploads/JCO/Documents/Judgments/ahmad-otak-

sentencing-remarks-091112.pdf.

217 Refugee Law Initiative. School of Advanced Study University of London. Age assessment and the protection of
minor asylum seekers: time for a harmonised approach in the EU. [internet] Last updated August 10, 2020.
Available from:
https://rli.blogs.sas.ac.uk/2020/08/10/age-assessment-and-the-protection-of-minor-asylum-seekers-time-for-a-

harmonised-approach-in-the-eu/

218 | amba GS, Singh H, Grover S, Oberoi SS, Atri M, Yadav P, et al. Artificial intelligence in
modern dentistry. Int J Health Sci (Qassim). 2022 May 26; 8086—98.


https://view.officeapps.live.com/op/view.aspx?src=https%3A%2F%2Fassets.publishing.service.gov.uk%2Fgovernment%2Fuploads%2Fsystem%2Fuploads%2Fattachment_data%2Ffile%2F1156818%2Fasylum-applications-datasets-mar-2023.xlsx&wdOrigin=BROWSELINK
https://view.officeapps.live.com/op/view.aspx?src=https%3A%2F%2Fassets.publishing.service.gov.uk%2Fgovernment%2Fuploads%2Fsystem%2Fuploads%2Fattachment_data%2Ffile%2F1156818%2Fasylum-applications-datasets-mar-2023.xlsx&wdOrigin=BROWSELINK
https://view.officeapps.live.com/op/view.aspx?src=https%3A%2F%2Fassets.publishing.service.gov.uk%2Fgovernment%2Fuploads%2Fsystem%2Fuploads%2Fattachment_data%2Ffile%2F1156818%2Fasylum-applications-datasets-mar-2023.xlsx&wdOrigin=BROWSELINK
https://view.officeapps.live.com/op/view.aspx?src=https%3A%2F%2Fassets.publishing.service.gov.uk%2Fgovernment%2Fuploads%2Fsystem%2Fuploads%2Fattachment_data%2Ffile%2F1156821%2Fage-disputes-datasets-mar-2023.xlsx&wdOrigin=BROWSELINK
https://view.officeapps.live.com/op/view.aspx?src=https%3A%2F%2Fassets.publishing.service.gov.uk%2Fgovernment%2Fuploads%2Fsystem%2Fuploads%2Fattachment_data%2Ffile%2F1156821%2Fage-disputes-datasets-mar-2023.xlsx&wdOrigin=BROWSELINK
https://view.officeapps.live.com/op/view.aspx?src=https%3A%2F%2Fassets.publishing.service.gov.uk%2Fgovernment%2Fuploads%2Fsystem%2Fuploads%2Fattachment_data%2Ffile%2F1156821%2Fage-disputes-datasets-mar-2023.xlsx&wdOrigin=BROWSELINK
https://www.gov.uk/government/news/home-office-to-introduce-scientific-methods-for-assessing-the-age-of-asylum-seekers
https://www.gov.uk/government/news/home-office-to-introduce-scientific-methods-for-assessing-the-age-of-asylum-seekers
https://www.gov.uk/government/news/home-office-to-introduce-scientific-methods-for-assessing-the-age-of-asylum-seekers
https://www.gov.uk/government/news/home-office-to-introduce-scientific-methods-for-assessing-the-age-of-asylum-seekers
https://www.judiciary.uk/wp-content/uploads/JCO/Documents/Judgments/ahmad-otak-sentencing-remarks-091112.pdf
https://www.judiciary.uk/wp-content/uploads/JCO/Documents/Judgments/ahmad-otak-sentencing-remarks-091112.pdf
https://rli.blogs.sas.ac.uk/2020/08/10/age-assessment-and-the-protection-of-minor-asylum-seekers-time-for-a-harmonised-approach-in-the-eu/
https://rli.blogs.sas.ac.uk/2020/08/10/age-assessment-and-the-protection-of-minor-asylum-seekers-time-for-a-harmonised-approach-in-the-eu/



