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Abstract
Purpose  To investigate prediction of age older than 18 years in sub-adults using tooth tissue volumes from MRI segmenta-
tion of the entire 1st and 2nd molars, and to establish a model for combining information from two different molars.
Materials and methods  We acquired T2 weighted MRIs of 99 volunteers with a 1.5-T scanner. Segmentation was performed 
using SliceOmatic (Tomovision©). Linear regression was used to analyse the association between mathematical transforma-
tion outcomes of tissue volumes, age, and sex. Performance of different outcomes and tooth combinations were assessed 
based on the p-value of the age variable, common, or separate for each sex, depending on the selected model. The predictive 
probability of being older than 18 years was obtained by a Bayesian approach using information from the 1st and 2nd molars 
both separately and combined.
Results  1st molars from 87 participants, and 2nd molars from 93 participants were included. The age range was 14-24 years 
with a median age of 18 years. The transformation outcome (high signal soft tissue + low signal soft tissue)/total had the 
strongest statistical association with age for the lower right 1st (p= 7.1*10-4 for males) and 2nd molar (p=9.44×10-7 for 
males and p=7.4×10-10 for females). Combining the lower right 1st and 2nd molar in males did not increase the prediction 
performance compared to using the best tooth alone.
Conclusion  MRI segmentation of the lower right 1st and 2nd molar might prove useful in the prediction of age older than 
18 years in sub-adults. We provided a statistical framework to combine the information from two molars.
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Introduction

The rights of a child, as defined by the UN convention, 
applies to every human below the age of 18 years unless 
under the law applicable to the child, majority is attained 
earlier [1]. Although the age of 18 years is set, cultural tradi-
tions and social pressure may overrule legislation. Globally, 
girls under the age of 18 years are married off every day 
and may be exposed to violence and high-risk pregnancies. 
Refugees and asylum seekers may lack evidence of age due 
to incomplete birth registration, wars or poverty. In youth 
sports, cheating on age in order to gain advantage exists at 
all levels. Detection of age fraud is important to maintain 
the principal of fair sport and to protect the health of the 
competitors. Hence, age assessment is important for several 
purposes.

Imaging of skeletal and dental development are most 
commonly used in age estimation, but without a diagnostic 
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indication it is preferable to avoid radiation of children and 
sub-adults [2–4]. Endocrine status, use of anabolic steroids, 
malnutrition, mechanical stress and injuries may influence 
the skeletal maturity [3]. In contrary, teeth are highly resist-
ant to environmental and physical impact [5, 6].

The distribution of dental tissues changes throughout 
life. The pulp cavity decreases as an unmineralized layer 
of dentine matrix at the pulp surface, known as predentine, 
is deposited continuously, but unevenly, on the dentine 
inner walls. [7]. This complex process may be assessed 
better using tissue volumes of the entire tooth rather than 
linear measurements [8].

A method for dental age prediction may be more accu-
rate when using multiple and/or different types of teeth 
[9]. However, statistical methods cannot completely 
remove the innate uncertainty associated with individual 
biological variation [4, 10, 11]. Agenesis, malposition, and 
malformed 1st and 2nd molars are rare. Hence, these teeth 
may be complementary or an alternative to age estimation 
using the recommended 3rd molars [12].

To our knowledge, no studies have been performed 
with in vivo tissue volume measurements from MRI of 
the entire 1st and 2nd molars.

Our aim was to investigate prediction of age older than 
18 years in sub-adults using whole tooth tissue volumes 
from MRI segmentation of all the 1st and 2nd molars. We 
also wanted to establish a model for combining the infor-
mation from two different molars.

Material and method

Our study was approved by the Data Protection Officer 
(PVO) at Oslo University Hospital (19/10480), and the 
procedures were in accordance with the Declaration of 
Helsinki. Informed consent was signed by all partici-
pants, or their legal guardians if they were younger than 
17-years-old.

This study was performed with the same participants and 
method as in a previous study evaluating the 3rd molars [13].

Inclusion and Exclusion Criteria

Inclusion criteria were ages from 14 to 24 years and no con-
traindications to MRI acquisition according to the check list 
from The Norwegian Directorate of Health 2017.

Exclusion criteria for the individual molars were caries, 
dental fillings, erosion, excessive abrasion, and incorrect use 
of the dental cotton rolls and disturbing artefacts from move-
ment or metal retainers.

MRI Acquisition

All MRI examinations were performed using a 1.5 T scanner 
(Avantofit, Siemens, Erlangen, Germany) using a bilateral sur-
face coil (Head Neck 20 and Flex Small 4 used in combination).

Our acquisition had a scan time of 5 min and 4 s and 
yielded 0.37-mm iso-voxels, in which a volume of 1 ml 
(roughly equivalent to one tooth) consists of 20.000 voxels.

Scan parameters are displayed in Table 1.
Two cotton rolls size 2, filled with 2 ml of water, were 

placed bilaterally between the molars in order to displace air 
for better delineation of the teeth, and to stabilise the bite.

Segmentation

The MRI examinations were separated into upper (maxillary) 
and lower (mandibular) teeth. Semi-automated segmentation, 
i.e., manually using T2 signal intensity thresholds, of the 1st and 
2nd molars: 16 and 17 (upper right), 26 and 27 (upper left), 36 
and 37 (lower left), and 46 and 47 (lower right), was performed 
on axial images in SliceOmatic (Tomovision ©, Canada). The 
tissue volumes were calculated in ml (cm3).

Dentine, enamel, and cementum could not be differentiated 
based on T2 signal intensity in our MRI sequence. These tissues 
were collectively segmented as hard tooth tissue, as shown in 
Fig. 1 b–g. Soft tissues were differentiated based on T2 signal 
intensity as high signal soft tissue and low signal soft tissue. 
Based on previous experience with ground sections, we believe 
that high signal soft tissue and low signal soft tissue correspond 
to pulp and predentine, respectively.

Lower and upper T2 signal intensity thresholds were set 
at 0 and 63 for hard tooth tissue, 64 and 100 for low signal 
soft tissue, and ≥101 for high signal soft tissue.

In order to agree on the teeth delineation and separation from 
surrounding tissues, a ground truth segmentation was estab-
lished for the first five participants by two experienced forensic 
dentists and an experienced head and neck radiologist in con-
sensus. The remaining segmentations were performed by one of 
the experienced forensic dentists according to the method estab-
lished in consensus. The apical end of a root was defined as the 
point where hard tooth tissue could be identified on at least two 
sides, and segmentation was not performed beyond this point.

Statistical Analyses

The association between explanatory variables (age and sex) 
and response variables, given as tooth tissue volumes, were 
analyzed with linear regression models. In addition to the 
three tooth tissue volumes, we explored four different trans-
formations of the tooth tissues resulting in 10 outcomes in 
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order to find the best response variable, as shown in Table 2. 
We used the natural logarithm of response variables to 
achieve linearity and simplify the statistical analysis.

A large number of regression models were explored 
incorporating the transformation outcomes, different com-
binations of the four 1st and 2nd molars, different models 
of age and sex, and different weighting of model variance.

Age was always included as an exploratory variable in 
the regression model. The variable sex was incorporated 
into the model in five different ways: (i) Sex not considered 
(common intercept and age slope). (ii) Different intercepts 
for sex (but common age slope). (iii) Different age slopes 
for sex (but common intercept, age: sex). (iv) Different age 
slopes and intercept for sex (age × sex). (v) Separate model 
for the two sexes (same as in iv) but also different variance).

We explored three different weighting of the model vari-
ance: Either as constant (default = 1), age or (1/age).

Akaike Information Criterion (AIC) was used to select 
the model type for sex and variance weighting.

The 1st and 2nd molars were analyzed separately, and 
also evaluated in the following seven combinations (within 
each molar type): upper both sides, lower both sides, upper 
and lower right side, upper and lower left side, upper right 
and lower left, upper left, and lower right, all four teeth.

The performances of the transformation outcomes and 
tooth combinations were assessed by the p-value of the age 
variable, common or separate for each sex depending on 
the model. The model with the lowest p-value was selected 
and used for age prediction. For the combination of 1st and 
2nd molars the transformation outcome with the best per-
formance across the two molars were chosen.

We used a Bayesian approach to describe the uncertainty 
of an individual’s age [14, 15]. A prior uniform age distribu-
tion was defined from 14 to 23 years.

Posterior distribution of age after applying Bayes theorem for 
the best transformation outcome, in each selected tooth combina-
tion was used to estimate the probability of being older than 18 
years, in each sex. This was first carried out for each 1st and 2nd 
molars separately, and then in combinations of the two molar types.

We assumed that the combined transformation outcome 
for the two molar types follow a bivariate normal model. This 
model includes a correlation parameter to consider statistical 
dependency between the two molars, as shown in the Appendix.

The model structure for the combined models was adopted 
from the best model when evaluating the molars separately. The 
parameters were estimated using maximum likelihood estimation. 
The data for both sexes was included into the same model in case 
if this was the optimal model: i.e., not being model type v). The 
analysis was conducted using Rv4.2.1. The regression analysis was 
performed using the lm and predict function. An R-script was cre-
ated for implementing the combination model where the parame-
ters were estimated using maximum likelihood estimation. Another 
script was created to perform the Bayesian age predictions.Ta
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Results

Participants

After exclusion, we had 87 participants with 1st molars 
(F/M: 59/28) and 93 participants with 2nd molars (F/M: 
60/33). Both groups with a range of 14–24 years and 
a median age of 18 years. Inclusion of participants is 
shown in Fig.  2, and age distributions are shown in 
Fig. 3.

Since some participants were missing tissue volumes 
for individual teeth due to metal retainers and incorrect 
placement of the cotton rolls, the number of included 
molars are detailed in Table 3.

Tooth tissue volumes

The median volumes of hard tooth tissue, high signal soft 
tissue and low signal soft tissue are shown in Table 4.

Fig. 1   Axial MRI shows correct 
bilateral placement of dental 
cotton rolls soaked in water 
(arrows) between the molars 
(a). The cotton rolls delineated 
the upper and lower molars and 
stabilized the bite. Axial MRI 
through the upper jaw shows 
unsegmented (b) and segmented 
(c) tooth 26 and 27. Grey for 
hard tooth tissue, yellow for low 
signal soft tissue and red for 
high signal soft tissue. Lower 
and upper thresholds were set 
at 0 and 63 for hard tooth tis-
sue, 64 and 100 for low signal 
soft tissue and ≥101 for high 
signal soft tissue. Sagittal MRI 
through the upper jaw shows 
unsegmented (d) and segmented 
(e) tooth 26 and 27. Grey for 
hard tooth tissue, yellow for low 
signal soft tissue and red for 
high signal soft tissue.3D of the 
entire tooth 46 and 47 (f) and 
3D rendering of the segmen-
tation (g), with a wedge of 
approximately one half removed 
to visualize the high signal soft 
tissue. Grey for hard tooth tis-
sue, yellow for low signal soft 
tissue and red for high signal 
soft tissue



1519International Journal of Legal Medicine (2023) 137:1515–1526	

1 3

Table 2   Four transformations (1–4) of the tooth tissue volumes resulting in 10 outcomes (1, and 2–4 a-c)

x and y are either pulp, predentine, or dentine as shown in outcomes a-c for the transformations 2-4
Correlations between the transformation outcomes were assessed by Pearson correlation and transformations were defined as overlapping if R ≥ 0.999
Outcomes 2a and 2b overlapped with 3a and 3b, and outcome 2c overlapped with 4a. Hence, outcomes 2a–c were deemed redundant and not 
included in further statistical analysis

1) Total: high signal soft tissue + low signal soft tissue + hard tooth tissue

2) x/(total-x) 3) x/total 4) (x + y)/Ttotal

a) High signal soft tissue/(total – high signal soft
tissue)

a) High signal soft tissue/total a) (High signal soft tissue + low signal soft tissue)/total

b) Low signal soft tissue/(total – low signal soft
tissue)

b) Low signal soft tissue/total b) (High signal soft tissue + hard tooth tissue)/total

c) Hard tooth tissue/(total – hard tooth tissue) c) Hard tooth tissue/total c) (Low signal soft tissue + hard tooth tissue)/total

Selected models

1st molar

The best performance of a single tooth was achieved by 
high signal soft tissue of tooth 46 in males (p=6.1×10−4). 
Also (high signal soft tissue + low signal soft tissue)/total 
for tooth 46 in males, performed well and second best 
(p=7.1×10−4). The regression models with different inter-
cept and slopes (age × sex), and the variance weighting 
as ratio equals 1/age performed best, as shown in Fig. 4 a.

For females the best single tooth performance was 
achieved by low signal soft tissue for tooth 36 (p=1.2×10−3). 
The regression model with different slopes but common 
intercept (age:sex) and the variance weighting as ratio equals 
1/age performed best.

The best performance overall for females was achieved 
by high signal soft tissue in the tooth combination of all 1st 

molars (p=9.4×10−4), as shown in Fig. 4b. The regression 
model with different intercept but common age slope (age 
+ sex) and the variance weighting as ratio equals 1/age per-
formed best.

2nd molar

The best performance of a single tooth was achieved by 
(high signal soft tissue + low signal soft tissue)/total of tooth 
47. This applied to both sexes (p=9.4×10−7 for males and 
p=7.4×10−10 for females), as shown in Fig. 4c. The regres-
sion model with different age slopes but common intercept 
(age:sex) and the variance weighting as ratio equals 1/age 
performed best.

The best performance overall for both sexes was achieved 
by (high signal soft tissue + low signal soft tissue)/
total for the right 2nd molars (p=1.9×10−7 for males and 
p=2.2×10−10 for females), as shown in Fig. 4d.

Fig. 2   From the 99 recruited 
participants, six were excluded 
from the analysis due to 
movement artefacts (n=2) and 
incorrect use of cotton rolls 
(n=4). Additionally, six were 
excluded from the analysis of 
molars due to metal retainers. 
After exclusion, there were 87 
participants (F/M: 59/28) with 
1st molars and 93 participants 
(F/M: 60/33) with 2nd molars
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The regression model with different age slopes but com-
mon intercept (age:sex) and the variance weighting as ratio 
equals 1/age performed best.

Bayesian analysis for age assessment

The transformation outcome (high signal soft tissue + low 
signal soft tissue)/total for tooth 46 in males and tooth 47 
for both sexes were used for illustration since this outcome 
would be one of the top models for dental age prediction, as 
shown in Figs. 5a–f.

Combination of 1st and 2nd molar

To illustrate how two molars can be combined we used the 
teeth 46 and 47 for males and the transformation outcome 
(high signal soft tissue + low signal soft tissue)/total. We 
chose this combination for illustration because it showed the 
best performance across the two molars.

For tooth 46 the model variant with different intercept 
and age slope for sex was selected, while for tooth 47 we 
assumed different slopes, but common intercept.

The maximum likelihood estimate of the correla-
tion parameter was 0.62 (Supplementary Table). The 
Bayesian framework was applied to make age predic-
tion. The same four hypothetical values were considered 
as in Fig. 5, but now they were applied for two molars 
combined.

The age prediction distributions and the probabilities 
of being older than 18 years for 1st and 2nd molar sepa-
rately and combined for males are shown in Fig. 6. The 
probability of being older than 18 years did not change 
much when combining the two molars compared to each 
molar separately. The values for the hypothetical meas-
urement for the highest probability did not change (97%), 
whereas the value for the second highest probability 
changed from 85 to 86%.

Discussion

We have developed a fast and simple in vivo MRI protocol, 
and a method for segmentation of whole tissue volumes of 
all the 1st and 2nd molars.
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There was a very strong association between age and 
tooth tissue development of the lower right 2nd molar for 
both sexes, and a strong association for the 1st molar in 
males. There is no obvious biological reason why the tissue 
volume of one specific 2nd molar should have a stronger 
association with age than others, and indeed the correlation 
was very strong for the remaining 2nd molars also. However, 
to show the potential of this approach, we based our model 

to predict the probability of being older than 18 years on the 
molar with the strongest association.

To our knowledge our study is the first to develop a 
statistical framework for age prediction which combine 
information from multiple molars taking dependency into 
account. We built a model for the combination of the 1st 
and 2nd molar, and provided an illustrative example com-
bining the best model for each molar in males.

Previous studies that have used 1st molars with cone 
beam computed tomography (CBCT) and orthopantomo-
gram (OPG) have concluded that the pulp chamber vol-
ume is a useful index for age prediction [9, 16]. The pulp/
tooth ratio of 2nd molars using OPGs has been shown 
to be an appropriate indicator of adult age [17]. Using 
CBCT on the same tooth measuring the pulp chamber 
volume may be a relatively accurate indicator for the same 
purpose [8].

MRI acquisition and segmentation

We have previously applied our customized 1.5 T MRI acqui-
sition and tooth tissue segmentation method to 3rd molars 
[13]. Two other studies have managed to determine pulp cav-
ity volume on extracted teeth with a 9.4 Tesla, but the field of 
view and spatial resolution had to be adjusted for each differ-
ent type of tooth [18, 19].

We segmented dentine, enamel, and cementum collec-
tively as hard tooth tissue since they all have very low T2 
signal intensity and could not be differentiated on our MRI 
acquisition. However, we could differentiate hard tooth tis-
sue from high signal and low signal soft tissue, and estab-
lish T2 signal intensity thresholds for tissue-segmentation 
of the entire 1st and 2nd molars. Even with signal intensity 
thresholds, segmentation still requires some anatomical 
knowledge. Nevertheless, we regard it as more objective 
than grading of root development.

The tissue segmentations were not histologically con-
firmed in this cohort since the image acquisition was 
in vivo. However, from previous experience the tissue vol-
umes segmented with this method correspond to those on 
ground sections, and the strong correlation with age further 
support that the segmentations correspond to developing 
tissues.

To our knowledge no previous study has performed 
in vivo full volume measurements of the entire 1st and 
2nd molars. Other studies using CBCT on 1st and 2nd 
molars have set the pulp chamber floor as the “cut off 
plane” and excluded the roots [9]. In our study, segmenta-
tion was performed in the axial plane; however, the high-
resolution 3D acquisition with isotropic voxels allows for 
reconstruction with equal resolution, and thus segmenta-
tion, in any plane.

Table 3   Distribution of 
included molars by sex and type 
of molar

All tissues were segmented in 
all included molars

Sex Molar Included 
molars 
(n)

M 16 26
M 26 26
M 36 26
M 46 25
M 17 33
M 27 30
M 37 26
M 47 29
F 16 56
F 26 58
F 36 52
F 46 50
F 17 56
F 27 58
F 37 54
F 47 56

Table 4   Volumes of the tooth tissues (ml)

F female, M male, HSST high signal soft tissue, LSST low signal soft 
tissue, MAD median absolute deviation, Min minimum, Max maxi-
mum

Sex Tissue Median MAD Min Max

1st molar
F Hard tooth tissue 1.1 0.13 0.70 1.4
F HSST 0.041 0.01 0.016 0.068
F LSS 0.021 0.0045 0.011 0.039
M Hard tooth tissue 1.2 0.15 0.83 1.6
M HSST 0.058 0.014 0.020 0.086
M LSS 0.028 0.0054 0.013 0.044
2nd molar
F Hard tooth tissue 1.0 0.13 0.72 1.3
F HSST 0.047 0.0099 0.020 0.080
F LSST 0.021 0.0055 0.011 0.046
M Hard tooth tissue 1.1 0.19 0.68 1.6
M HSST 0.070 0.017 0.031 0.11
M LSST 0.028 0.0079 0.011 0.053
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1st and 2nd molars and models

We found a strong association between 1st molar high 
signal soft tissue volume and age, which is in accordance 
with previous studies showing that pulp decreases with 
advancing age [20]. The very strong association between 
tooth tissue development and age obtained for the 2nd 
molar agrees well with a previous study reported that the 
maxillary 2nd molar was best suited for age estimation 
based on pulp chamber/cavity volume [9]. Fortunately, 
2nd molars are less affected by retainers than the 1st 
molars and have a simpler root anatomy and are less prone 
to agenesis than 3rd molars [21]. The 2nd molars also have 
less caries and tooth wear since they erupt at an older age 
than the 1st molars.

Using both 1st and 2nd molars resulted in a larger mate-
rial, in which the 2nd molars were most numerous due to 
less affection by metal retainers.

In our study, the transformation outcome (high signal 
soft tissue + low signal soft tissue)/total performed well for 
both sexes. Nevertheless, it is preferable to include sex as a 
parameter in age estimation models, since our data and other 
studies have shown varying degrees of differences between 
the sexes [8, 9, 22, 23].

The added value of combining 1st and 2nd molars in 
the same model was very small since the probability esti-
mates barely changed compared to considering the molars 
alone. Further improvements might well be achieved by 
adding the 3rd molar or other teeth to the model. In the 
combined illustration example in males we found that 
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Fig. 4   a–d The four regression models with natural logarithm of 
the transformation outcome (y-axis) with the best association with 
chronological age (x-axis). The expectations are shown as solid lines, 
and the 95% confidence intervals as dashed curves, red for females, 
black for males. Observed data are shown as circles. a The transfor-
mation outcome (high signal soft tissue + low signal soft tissue)/total, 
applied to tooth 46 (p=7.1×10−4) for males and p=0.071 for females). 
The sexes have different slope and intercept. b The transformation 
outcome high signal soft tissue, applied to all molars (p=9.4×10-4 

for both sexes). The sexes have common slope and different intercept. 
c The transformation outcome (high signal soft tissue + low signal 
soft tissue)/total, applied to the best single tooth, 47 (p=9.4 ×10−7 for 
males and p=7.4×10−10 for females). The sexes had different slope 
and common intercept. d The transformation outcome (high signal 
soft tissue + low signal soft tissue)/total, applied to teeth 17 and 47 
(p=1.9×10−7 for males and p=2.2×10−10 for females). The sexes had 
different slope and common intercept
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Fig. 5   a–f Bayesian analysis for age assessment. Tooth 46 in males 
(a) and (b), tooth 47 in males (c) and (d), and tooth 47 in females 
(e) and (f). Between the actual minimum and maximum observa-
tions for (high signal soft tissue + low signal soft tissue)/total, four 
hypothetical observations were placed in uniform intervals (solid 
horizontal lines colour coded black, red, green and blue). For the 
selected model, these hypothetical observations were used as exam-
ples to illustrate the probability of an individual being older than 18 
years given the observed tooth tissue volumes. The expectation of an 
individual being older than 18 years is shown as dashed black oblique 
line for males in (a) and (c), and for females in (e). The 95% predic-
tion interval of volume measurements is shown as dashed red oblique 
lines of the natural logarithm (high signal soft tissue + low signal soft 
tissue)/total on the y-axis, applied to tooth 46 (a), and 47 (c) in males 

and tooth 47 in females (e) against chronological age (x-axis). The 
limitation of the prior age distribution (14.0–23.0 years) is shown as 
vertical, solid black lines. The 18-year-threshold is shown as a verti-
cal, dashed line. The posterior age distributions for males (b) and (d) 
and females (f), after applying Bayes theorem by assuming a uniform 
prior. The age distribution curves are color-coded black, red, green 
and blue, and correspond to the hypothetical ratios in (a), (c), and (e). 
The probabilities of being older than 18 years for each hypothetical 
ratio are shown in the legends. The area under each curve is 100% of 
all probabilities (area equal to 1). The age distribution curves are lim-
ited by the prior age distribution (14.0–23.0 years), shown as vertical, 
solid black lines. The 18-year-threshold is shown as vertical, dashed 
line
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tooth 46 provided slightly more information in the age 
prediction compared to tooth 47. This is somewhat unex-
pected, given that the association with age was stronger 
for tooth 47 than for tooth 46, in terms of p-values. This 
is probably due to slight differences in the number and 
age distribution of participants in the model for these two 
teeth. In the combined illustration example, there were 
four less samples for tooth 46 than tooth 47, and one of 
these was at age 24, which affects the calculated p-value.

Statistical analysis

We used a Bayesian approach to avoid age mimicry [14, 15].
The age priors in this study was aligned with a previous 

study 3rd molar tooth tissues in order to achieve consistent 
and comparable results, and to facilitate future prediction 
models combining all three molars [13]. Hence, the lower 
prior was given by 3rd molar development and set at 14 years, 
and upper prior was chosen at 23 years, compared to 20.5 
years for BioAlder [12]. Increasing the upper prior, increases 
the risk of falsely classifying a person as older than 18 years.

Our mathematical framework and models enabled combi-
nation of information from the 1st and 2nd molars even for 
individuals where single or multiple molars were excluded.

Limitations

Since there was limited ethnic variation in our study pop-
ulation, the validity of the models in other ethnic groups 
is uncertain [24]. Excessive tooth wear, caries, and dental 

fillings were not present in our study population. Since MRI 
is prone to artefacts from different dental filling materials 
[19], our method might not be optimal in subjects with a low 
socioeconomic status [25–27]. Further, our study population 
was relatively small, and our results have not been validated 
in an independent cohort.

Combining this method with other physical traits (teeth, 
hand, clavicle, and DNA methylation) is recommended for 
legal purposes, and may reduce the uncertainty due to bio-
logical variation and increase the robustness of the method 
to missing teeth [28]. However, the optimal combination of 
dental and other biological traits in age prediction remains to 
be established.

Conclusion

MRI segmentation of the lower right 2nd molar tissues might 
prove useful in the prediction of age older than 18 years in 
sub-adults. We also found that the lower right 1st molar tissue 
may be useful for males. Our novel application of a statistical 
framework for dental age prediction allows for combination 
of information from multiple molars with dependency taken 
into account.

Abbreviations  CBCT: Cone beam computed tomography; CT: Computed 
tomography; DCNN: Deep convolutional neural network; FOV: Field of 
view; FSE: Fast spin echo; HSST: High signal soft tissue; LSST: Low 
signal soft tissue; MRI: Magnetic resonance imaging; OPG: Orthopan-
tomogram; TE: Echo time; TR: Repetition time; TSE: Turbo spin echo; 
T2: Transverse relaxation time; UN: United Nations; 16: Upper right 
1st molar; 26: Upper left 1st molar; 36: Lower left 1st molar; 46: Lower 
right 1st molar; 17: Upper right 2nd molar; 27: Upper left 2nd molar; 
37: Lower left 2nd molar; 47: Lower right 2nd molar

Fig. 6   The combination of 
tooth 46 and 47 in males. The 
natural logarithm for (high 
signal soft tissue + low signal 
soft tissue)/total is shown as 
solid curves for the posterior 
age distributions, obtained by 
applying Bayes theorem, with 
a uniform prior age distribution 
(14.0–23.0 years). Posterior 
age distribution for tooth 46 is 
shown as dashed curves, and for 
tooth 47 as dotted curves. The 
same hypothetical observa-
tions, as shown in Fig. 5 a and 
c, were used as examples to 
illustrate the probability of an 
individual being older than 18 
years given the observed tooth 
tissue volumes. The probability 
of being older than 18 years by 
combining tooth 46 and 47 is 
shown in the legend

Chronological age (years)

Pr
ob

ab
ilit

y 
de

ns
ity

 fu
nc

tio
n

14 15 16 17 18 19 20 21 22 23

0.0

0.1

0.2

0.3

0.4
Probability of being older than 18 years:
29%
59%
86%
97%



1525International Journal of Legal Medicine (2023) 137:1515–1526	

1 3

Supplementary Information  The online version contains supplemen-
tary material available at https://​doi.​org/​10.​1007/​s00414-​023-​03055-5.

Funding  Open access funding provided by University of Oslo (incl 
Oslo University Hospital) Open access funding provided by University 
of Oslo (including Oslo University Hospital).

Data availability  All data was registered, including data that was 
deleted or changed. Anonymised data was exported for statistical cal-
culations. After database lock, the data was saved according to current 
regulation.

Declarations 

Research Involving Human Participants and/or Animals  This study 
included healthy volunteers for MRI examinations of the molars and 
along with the data collection, participants consented for use of their 
data for academic research including publications if the anonymity 
was maintained.

Ethical Approval  The study was approved by the Data Protection 
Officer (PVO), Oslo University Hospital, and performed in accord-
ance with the Declaration of Helsinki.

Informed Consent  All participants signed a declaration of consent, 
and those who were younger than 17 years got approval from parents 
or legal guardians.

Conflict of Interest  The authors declare no competing interests.

Open Access   This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article's Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article's Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

References

	 1.	 UN Convention On The Rights Of The Child (1989). BMJ. British 
Medical Journal 298(6686):1477–1478

	 2.	 Engebretsen L, Steffen K, Bahr R, Broderick C, Dvorak J, 
Janarv PM, Johnson A, Leglise M, Mamisch TC, McKay D, 
Micheli L, Schamasch P, Singh GD, Stafford DE, Steen H 
(2010) The International Olympic Committee Consensus state-
ment on age determination in high-level young athletes. Br J 
Sports Med 44(7):476–484. https://​doi.​org/​10.​1136/​bjsm.​2010.​
073122

	 3.	 Timme M, Steinacker JM, Schmeling A (2016) Age estimation 
in competitive sports. Int J Legal Med. https://​doi.​org/​10.​1007/​
s00414-​016-​1456-7

	 4.	 Muller LSO, Offiah A, Adamsbaum C, Barber I, Di Paolo PL, 
Humphries P, Shelmerdine S, De Horatio LT, Toma P, Treguier 
C, Rosendahl K (2019) Bone age for chronological age determina-
tion - statement of the European Society of Paediatric Radiology 
musculoskeletal task force group. Pediatr Radiol 49(7):979–982. 
https://​doi.​org/​10.​1007/​s00247-​019-​04379-4

	 5.	 Liversidge HM (2015) Controversies in age estimation from 
developing teeth. Ann Hum Biol 42(4):397–406. https://​doi.​org/​
10.​3109/​03014​460.​2015.​10444​68

	 6.	 Timme M, Karch A, Shay D, Ottow C, Schmeling A (2020) The 
relevance of body mass index in forensic age assessment of living 
individuals: an age-adjusted linear regression analysis using mul-
tivariable fractional polynomials. Int J Legal Med 134(5):1861–
1868. https://​doi.​org/​10.​1007/​s00414-​020-​02381-2

	 7.	 Basandi PS, Madammal RM, Adi RP, Donoghue M, Nayak S, 
Manickam S (2015) Predentin thickness analysis in developing 
and developed permanent teeth. J Nat Sci Biol Med 6(2):310–313. 
https://​doi.​org/​10.​4103/​0976-​9668.​159987

	 8.	 Helmy MA, Osama M, Elhindawy MM, Mowafey B (2020) Vol-
ume analysis of second molar high signal soft tissue chamber 
using cone beam computed tomography for age estimation in 
Egyptian adults. J Forensic Odontostomatol 3(38):25–34

	 9.	 Ge Z-p, Yang P, Li G, Zhang J-z, Ma X-c (2016) Age estima-
tion based on high signal soft tissue cavity/chamber volume of 
13 types of tooth from cone beam computed tomography images. 
Int J Leg Med 130(4):1159–1167. https://​doi.​org/​10.​1007/​
s00414-​016-​1384-6

	10.	 http://​human​rights.​gov.​au/​sites Sir Al Aynsley-Green Kt (2011) 
Assessment of age in undocumented migrants (Submission 38).
pdf.

	11.	 Thevissen PW, Kvaal SI, Willems G (2012) Ethics in age esti-
mation of unaccompanied minors. J Forensic Odontostomatol 
30(Suppl 1):84–102

	12.	 Bleka O, Rolseth V, Dahlberg PS, Saade A, Saade M, Bachs L 
(2018) BioAlder: a tool for assessing chronological age based 
on two radiological methods. Int J Legal Med. https://​doi.​org/​10.​
1007/​s00414-​018-​1959-5

	13.	 Bjork MB, Kvaal SI, Bleka O, Sakinis T, Tuvnes FA, Haugland 
MA, Lauritzen PM, Eggesbo HB (2023) Age prediction in sub-
adults based on MRI segmentation of 3rd molar tissue volumes. 
Int J Legal Med. https://​doi.​org/​10.​1007/​s00414-​023-​02977-4

	14.	 Boldsen JL, Milner GR, Konigsberg LW, Wood JW (2002) Transi-
tion Analysis: a new method for estimating age from skeletons, vol 
556. Cambridge University Press, Cambridge studies in biological 
and evolutinary anthropology

	15.	 Bleka O, Wisloff T, Dahlberg PS, Rolseth V, Egeland T (2018) 
Advancing estimation of chronological age by utilizing available 
evidence based on two radiographical methods. Int J Legal Med. 
https://​doi.​org/​10.​1007/​s00414-​018-​1848-y

	16.	 Talabani RM, Baban MT, Mahmood MA (2015) Age estimation 
using lower permanent first molars on a panoramic radiograph: A 
digital image analysis. J Forensic Dent Sci 7(2):158–162. https://​
doi.​org/​10.​4103/​0975-​1475.​154597

	17.	 Cameriere R, Ferrante L, Cingolani M (2004) Precision and reli-
ability of high signal soft tissue/tooth area ratio (RA) of second 
molar as indicator of adult age. J Forensic Sci 49(6):1319–1323

	18.	 Timme M, Borkert J, Nagelmann N, Schmeling A (2020) Evalu-
ation of secondary dentin formation for forensic age assessment 
by means of semi-automatic segmented ultrahigh field 9.4 T UTE 
MRI datasets. Int J Legal Med 134(6):2283–2288. https://​doi.​org/​
10.​1007/​s00414-​020-​02425-7

	19.	 Timme M, Borkert J, Nagelmann N, Streeter A, Karch A, 
Schmeling A (2021) Age-dependent decrease in dental high signal 
soft tissue cavity volume as a feature for age assessment: a com-
parative in vitro study using 9.4-T UTE-MRI and CBCT 3D imag-
ing. Int J Legal Med. https://​doi.​org/​10.​1007/​s00414-​021-​02603-1

	20.	 Kvaal SI (1995) Age-related changes in teeth : a microscopic and 
radiographic investigation of the humanpermanent dentition. Den-
tal Faculty, University of Oslo, Oslo, Department of Oral Pathol-
ogy and Section for Forensic Odontology

	21.	 Carter K, Worthington S (2015) Morphologic and Demographic 
Predictors of Third Molar Agenesis: A Systematic Review and 

https://doi.org/10.1007/s00414-023-03055-5
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1136/bjsm.2010.073122
https://doi.org/10.1136/bjsm.2010.073122
https://doi.org/10.1007/s00414-016-1456-7
https://doi.org/10.1007/s00414-016-1456-7
https://doi.org/10.1007/s00247-019-04379-4
https://doi.org/10.3109/03014460.2015.1044468
https://doi.org/10.3109/03014460.2015.1044468
https://doi.org/10.1007/s00414-020-02381-2
https://doi.org/10.4103/0976-9668.159987
https://doi.org/10.1007/s00414-016-1384-6
https://doi.org/10.1007/s00414-016-1384-6
http://humanrights.gov.au/sites
https://doi.org/10.1007/s00414-018-1959-5
https://doi.org/10.1007/s00414-018-1959-5
https://doi.org/10.1007/s00414-023-02977-4
https://doi.org/10.1007/s00414-018-1848-y
https://doi.org/10.4103/0975-1475.154597
https://doi.org/10.4103/0975-1475.154597
https://doi.org/10.1007/s00414-020-02425-7
https://doi.org/10.1007/s00414-020-02425-7
https://doi.org/10.1007/s00414-021-02603-1


1526	 International Journal of Legal Medicine (2023) 137:1515–1526

1 3

Meta-analysis. J Dent Res 94(7):886–894. https://​doi.​org/​10.​1177/​
00220​34515​581644

	22.	 Porto LV, da Silva C, Neto J, Anjos Pontual AD, Catunda RQ 
(2015) Evaluation of volumetric changes of teeth in a Brazilian 
population by using cone beam computed tomography. J Forensic 
Leg Med 36:4–9. https://​doi.​org/​10.​1016/j.​jflm.​2015.​07.​007

	23.	 Agematsu H1 SH, Hashimoto M, Matsunaga S, Abe S, Kim HJ, 
Koyama T, Naito H, Ishida R, Ide Y. (2010) Three-dimensional 
observation of decrease in high signal soft tissue cavity volume 
using micro-CT: age related change. Bull Tokyo Dent Coll 51:1-6

	24.	 Liversidge HM, Peariasamy K, Folayan MO, Adeniyi AO, Ngom 
PI, Mikami Y, Shimada Y, Kuroe K, Tvete IF, Kvaal SI (2017) 
A radiographic study of the mandibular third molar root devel-
opment in different ethnic groups. J Forensic Odontostomatol 
35(2):97–108

	25.	 Schmeling A, Reisinger W, Loreck D, Vendura K, Markus W, 
Geserick G (2000) Effects of ethnicity on skeletal maturation: 

consequences for forensic age estimations. Int J Legal Med 
113(5):253–258. https://​doi.​org/​10.​1007/​s0041​49900​102

	26.	 Schmeling A, Olze A, Reisinger W, Geserick G (2001) Age esti-
mation of living people undergoing criminal proceedings. Lancet 
(London, England) 358(9276):89–90. https://​doi.​org/​10.​1016/​
s0140-​6736(01)​05379-x

	27.	 Schmeling A, Reisinger W, Geserick G, Olze A (2006) Age esti-
mation of unaccompanied minors. Part I. General considerations. 
Forensic Sci Int 159(Suppl 1):S61–S64. https://​doi.​org/​10.​1016/j.​
forsc​iint.​2006.​02.​017

	28.	 Stern D, Payer C, Giuliani N, Urschler M (2019) Automatic Age 
Estimation and Majority Age Classification From Multi-Facto-
rial MRI Data. IEEE J Biomed Health Inform 23(4):1392–1403. 
https://​doi.​org/​10.​1109/​jbhi.​2018.​28696​06

Publisher’s note  Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.1177/0022034515581644
https://doi.org/10.1177/0022034515581644
https://doi.org/10.1016/j.jflm.2015.07.007
https://doi.org/10.1007/s004149900102
https://doi.org/10.1016/s0140-6736(01)05379-x
https://doi.org/10.1016/s0140-6736(01)05379-x
https://doi.org/10.1016/j.forsciint.2006.02.017
https://doi.org/10.1016/j.forsciint.2006.02.017
https://doi.org/10.1109/jbhi.2018.2869606

	Prediction of Age Older than 18 Years in Sub-adults by MRI Segmentation of 1st and 2nd Molars
	Abstract
	Purpose 
	Materials and methods 
	Results 
	Conclusion 

	Introduction
	Material and method
	Inclusion and Exclusion Criteria
	MRI Acquisition
	Segmentation
	Statistical Analyses

	Results
	Participants
	Tooth tissue volumes
	Selected models
	1st molar
	2nd molar
	Bayesian analysis for age assessment
	Combination of 1st and 2nd molar


	Discussion
	MRI acquisition and segmentation
	1st and 2nd molars and models
	Statistical analysis

	Limitations
	Conclusion
	Anchor 27
	References


