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A B S T R A C T   

Objectives: Forensic anthropologists assign biological profiles (ancestry, biological sex, age and stature) to skeletal 
remains to assist with the human identification process. The humerus can be used for the assessment of biological 
sex and subsequently for stature. 
Materials and methods: Post-mortem computed tomography (PMCT) post-cranial sample data were utilized to 
form three-dimensional (3D) models and allowed for subsequent “virtual” measurements as an alternative to dry 
bone osteometric measurements. Samples consisted of humeral PMCT Digital Imaging and Communications in 
Medicine (DICOM) datasets from 51 individuals from a contemporary European-descent adult Queensland 
(Australia) Coronial population, aged between 17 and 83 years, obtained from Brisbane Mortuary from 2016 to 
2018. Threshold based segmentation was conducted in Amira® (VSG, USA) to form 3D humeri models. Plane-to- 
plane and point-to-point anthropometric measurements were performed in reverse engineering program, Geo-
magic Design X® (3D Systems Inc., USA). Five standard measurements of the humerus (maximum humeral 
length, vertical diameter of the humeral head, epicondyle breadth, maximum and minimum mid-shaft diameter) 
were assessed. In both models, Bayesian model averaging was determined as the most appropriate analytical. 
Results: Estimation equations from the United States of America were assessed for their applicability to the 
Queensland population, and are not recommended for assessing biological sex or stature. The vertical diameter of 
the humeral head was determined to be the best indicator for biological sex, and the maximum length of the 
humerus is the best indicator for stature. 
Discussion: This paper proposes preliminary biological sex and stature estimation equations for their utility to 
contemporary Australian casework.   

Introduction 

There is an ever-increasing number of missing persons in Australia 
and abroad [1]. In Australia, an average of 38,159 missing persons re-
ports are filed each year (between the period of 2008 and 2015) [2]. Of 
the 38,159 missing person average per year, 98% are ultimately located 
with approximately 700 individuals declared missing indefinitely (living 
or deceased) [2]. To date, of the 700 per year, more than 500 uniden-
tified human remains have been found and kept by Australian author-
ities since the 1960s [3]. An immediate identity may not be possible due 
to decomposition, incomplete remains, lack of missing persons data for 
matching or lack of appropriate estimation equations to assist with 

identification[4]. 
Anthropologists support investigations by providing a biological 

profile, that is the assessment of ancestry, sex, age and stature and where 
possible trauma analysis, to a set of skeletal remains. A biological profile 
provides parameters that can assist with the reconstruction of de-
mographic profiles. In a forensic context, this allows the narrowing of 
potential missing persons from the details outlined in a missing person’s 
report. Characteristics of sexual dimorphism are one of the first pa-
rameters to be estimated, as stature can be dependent on the correct 
classification of sex, age and ancestry [5,6]. Additionally, the correct 
estimate of sex can considerably narrow down the missing person’s re-
ports by eliminating the incorrect sex from the search [6–14]. Stature 
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can then assist to further reduce potential matches [6,7,10,11]. 
Complications may arise when skeletal remains have been recovered 

or excavated from clandestine locations. Due to varying methods in 
relation to the disposal of remains, potential scavenging activity, acidic 
soil pH and unpredictable weather activity, not all skeletal elements may 
be recovered, complete or recognisable at time of excavation or surface 
recovery (with excavated remains having the higher chance for recov-
ery) [8,15–19]. This necessitates the development of estimation equa-
tions for all skeletal elements, if possible, and skeletal features in the 
case of incomplete skeletal remains. 

There are significant differences reported between the masculine and 
feminine expression of features in the skeleton [20–23]. These differing 
skeletal features can be attributed to a range of factors including 
extrinsic factors such as protein intake, when compared to intrinsic 
factors such as genetics. Long bones, including the humerus, express 
sexual dimorphism in their morphology (length, shape and size of fea-
tures) due to muscular activity and attachments [8,24,25]. The male 
humerus usually expresses robust features with typically longer mea-
surements than their gracile female counterparts [26]. Measurements of 
the humerus have reported a high reliability when estimating the sex of 
an individual [23]. The difference between these skeletal features results 
in measurements that vary in significance per population, for example 
the epicondylar breadth may be more sexually dimorphic for one pop-
ulation over another. This has not yet been explored in an Australian 
population context. 

As a long bone for the upper limb, the humerus has no load bearing 
tasks as an adult and does not contribute to the stature of an individual 
[27]. However, it can be correlated to the stature of an individual and it 
may be used to estimate stature by using linear regression. In some 
populations, the humerus has a higher correlation with stature, 
compared to other long bones [28,29]. Petrovecki and associates [28] 
found that the humerus correlated best with stature in females compared 
to other bones tested in their Croatian population, similar to Telkka’s 
study [29] who drew the same conclusions for their Finnish population. 

Population specific estimation equations are not recommended for 
application between populations due to the variability that exists be-
tween populations of different geographical location [6,30–33]. The 
skeletal variation that exists between the contemporary Australian 
population and global populations is unknown and further compounded 
by the variation that might exist within the contemporary Australian 
population. There are no population specific standards for estimating 
biological sex from long bones, and one population specific standard for 
stature estimation using long bones (femora) for Australian casework 
[11]. To overcome this challenge, forensic practitioners rely on stan-
dards from the United States to identify human remains [11]. It is 
necessary to determine if the United States standards are correctly 
estimating the sex and stature of the Queensland population from the 
humerus, or if modifications are required to be implemented for 
Australian casework. 

This paper aims to investigate and compare the application of hu-
merus population specific estimation equations from the United States 
[6,23,34,35] to a Queensland population (i.e. Australian 
sub-population). An examination of sex and stature estimations will be 
conducted for the population using Bayesian modeling. Using Bayesian 
linear regression and Bayesian model averaging, preliminary model 
estimates will be proposed for humeral measurements obtained using 
computed tomography (CT) three-dimensional (3D) models of the 
Queensland coronial sub-population. 

Materials and methods 

Sample 

Three-dimensional (3D) left and right humeral post-mortem 
computed tomography (PMCT) scans obtained from 51 male (n = 27) 
and female (n = 24) individuals prior to Coronial autopsy were collected 

from the Queensland Health and Forensic Scientific Services (QHFSS) 
Mortuary, Brisbane between 2016 and 2018. All samples were from de- 
identified reported of European-descent (determined by Queensland 
Police as per ‘Coronial Form 1’) skeletally mature adults born between 
1935 and 2001 (aged 17–83 years). PMCT scans were conducted using a 
Siemens SOMATOM® Definition AS 64 slice scanner operated under 
Syngo CT VA48A software (Siemens Healthcare, Erlangen, Germany), 
with a resolution of 1.5 mm slice thickness and reconstructed at 1.2 mm. 
The field of view (FOV) for each scan was restricted for de-identification, 
resulting in a different FOV and voxel size for each scan. An appropriate 
bone algorithm threshold was applied to the samples for de- 
identification and then saved as Digital Imaging and Communications 
in Medicine (DICOM) format files. The left and right humerii data was 
provided to the research team as DICOM file sets by mortuary staff. 
Demographics provided to the research team included biological sex, 
age and cadaveric stature (supine). Stature measurements were per-
formed by the mortuary staff prior to autopsy with a Stadiometer posi-
tioned over the supine individual, the immovable arm on the vertex of 
the head and the moveable arm on the heelpad of the right foot as ac-
cording to the procedure outlined by Reynolds and associates [11]. 
There is a possible socioeconomic bias (disadvantaged status) within 
this population as previously stated [11]. Individuals exhibiting patho-
logical conditions, significant trauma and/or medial intervention ma-
terials were excluded from analysis. Ethics was approved by the QHFSS 
Human Research Ethics Committee (Ethics #: HREC/16/QFSS/5) with 
Genuine Researcher Approval from the State Coroner. 

Test sample for proposed models 

Four additional 3D humeral PMCT scans were obtained from both 
the QHFSS Mortuary and Queensland University of Technology’s body 
donation program at the Medical Engineering Research Facility, be-
tween 2016 and 2018. Samples were de-identified reported of European- 
descent, skeletally mature adults (male n = 2, female n = 2) born be-
tween 1941 and 1987 (aged 29–75 years). PMCT scans were undertaken 
utilizing the Toshiba Acquilion Lightening (16 slice) Computed To-
mography scanner located at QUT’s Medical Engineering Research Fa-
cility. Scans operate at a resolution of 1 mm slice thickness, 
reconstructed at 0.8 mm (resulting in 0.2 mm overlap) within a matrix of 
512 × 512 and a display FOV of 105.94 mm. Demographics provided to 
the research team included biological sex, age and cadaveric stature 
(supine). Stature measurements were performed according to the pro-
cedure outlined by Reynolds and associates [11]. Humeri exhibiting 
pathological conditions, significant trauma and/or medial intervention 
materials were excluded from analysis. Ethics was approved by the 
QHFSS Human Research Ethics Committee (Ethics #: 
HREC/16/QFSS/5) with Genuine Researcher Approval from the State 
Coroner, and from QUT’s University Human Research Ethics Committee 
(UHREC) (approval number: 1800000160 and 1700000977). 

Virtual humerus measurements 

Continuing the approach of Reynolds and associates [11,36], 
Amira® (VSG, USA), was used to produce a 3D reconstruction from 
thin-slice stacked DICOM datasets. Using threshold-based segmentation, 
the scapula, radius and ulna were removed and the humerus isolated. 
The 3D surface reconstruction was imported into CAD-based software, 
Geomagic Design X® (3D Systems Inc., USA) for linear metrics. The left 
and right humeri measurements of the 3D humeri models were averaged 
for analysis as described by Trotter and Gleser [6]. Five standard mea-
surements of the humerus (maximum humeral length [MHL], vertical 
diameter of the humeral head [VHD], epicondyle breadth [EB], 
maximum [MAX] and minimum [MIN] mid-shaft diameter) were 
assessed. The five linear measurements according to the Data Collection 
Procedures for Forensic Skeletal Material, revised by Langley and as-
sociates [37] were applied to the methodology once piloted by Reynolds 
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and associates [36]. 
To asses for intra-observer and inter-observer error, precision testing 

of all five (5) measurements was performed on ten (10) left humeri 
samples from QHFSS, with three (3) experiential repeats within a 
nominated time period in between by three (3) independent observers 
with varying experience with Geomagic Design X. All measurements of 
the humerus using this protocol demonstrates acceptable reliability with 
a relative technical error of measurement (%TEM) between 0.1 and 1.7 
and coefficient of reliability (R) between 0.986 and 0.999 for intra- 
observer error, and a %TEM between 0.3 and 4.9 and an R value be-
tween 0.753 and 0.995 for interobserver error. As expected, the mid-
shaft diameters have the lowest R values and the highest %TEM values. 
%TEM values were calculated as outlined by Ulijaszek and Kerr [38] 
with acceptable values outlined by Franklin and associates [39]. 

Statistical analysis 

A paired-samples t-test were conducted as precursors to more robust 
statistical methods to determine if there was significant difference be-
tween the averaged humeri measurements of male and females, and 
between the measurements of the left and right humeri for all 
individuals. 

Spradley and Jantz [23] provided sectioning points for the five (5) 
measurements of the humerus (univariate) for both of their populations. 
Sectioning points provide measurement values that enable the humerus 
to be classified as masculine if measurement is larger than the sectioning 
point. Smaller values than the sectioning point are feminine in expres-
sion [23]. The sectioning points provided by Spradley and Jantz [23] for 
their “American white” population, were used to classify the measure-
ments in this work as either male or female with each humerus indi-
vidually, and then the averaged humerus [23]. For the multiple variate 
equation provided for their “American white” population by Spradley 
and Jantz [23], measurements from the Australian sub-population were 
entered into the published equation. For the multiple variate equation; if 
the value calculated is positive it is treated as a male, with all negative 
values assigned to female in sex. After consideration, it is noted that the 
coefficients for maximum vertical head diameter and maximum diam-
eter at midshaft were added to the measurement rather than multiplied. 
As an assumption of error, the new assumed equation replaces the ad-
ditions with multiplication. The required measurements from this 
Australian sub-population were also entered into the assumed equation. 

Trotter and Gleser [6] provide estimated stature equations for the 
humerus from the maximum humeral length measurement. The aver-
aged maximum humeral length measurement for each individual from 
this study was entered into the provided stature estimation equations to 
determine their applicability to this study’s population. 

The exploratory nature of this study, with the likely presence of 
collinearity (high correlation) between an individual’s bone measure-
ments, along with having no prior research indicating the likely "best" 
model, lends itself to an analytical approach using Bayesian model 
averaging. Using this approach, we will attempt to identify either the 
most likely model, or if many models are plausible, the coefficients will 
be made robust by constructing estimated posterior distributions based 
on the models in which they are included, and the likelihood of that 
model. In our analysis, sex estimates are determined using logistic 
regression, and stature estimates are modelled using linear regression. 
The full model likelihood for a linear regression, which we are using to 
model height based on bone measurements, where there are K potential 
explanatory variables, can be specified as: 

y|β,X, σ2 ∼ N
(
βKX, σ2I

)

where K = 0, 1,2,…, k possible regressors (K = 0 indicates intercept 
term). Similarly, the full model for the logistic regression is represented 
by: 

logit(y)|β,X, σ2 ∼ N
(
βKX, σ2I

)

In practice, measurements from an individual bone are usually 
highly correlated with each other (collinear), resulting in a full model 
that is unlikely to be the best predictive model. Fitting the full model 
under these circumstances will lead to a poorer predictive performance 
in future samples due to the addition of small adjustments based on the 
individuals in the training (original) sample on which the model is built 
that will not necessarily be reflected in future data. To improve the 
estimated parameters in terms of predicting new data outcomes, it is 
usual to attempt to reduce the number of coefficients in the model, 
which both improves model fit (for future observations) and increases 
the parsimony. The need to use improved methods for variable selection 
and predictive performance in statistical modeling is highlighted by the 
current concerns in regard to the reproducibility of scientific research, 
which was the focus of Ioannidis [40,41]. 

Techniques which select a single model are fragile in many research 
settings because variables that are closely related tend to exclude each 
other from the model based on slight changes to the data [42], which are 
often negated if sample size is either increased or decreased slightly. As a 
result, using model fit criteria to move research forward under a pro-
posed "best model" can potentially lead to the exclusion of important 
explanatory variables based on a pre-determined significance level [43]. 
Additionally, in logistic regression, which we will use for sex estimation, 
the marginal probabilities of events (sex assignment) can have a bearing 
on variable inclusion based on the back transform values of the logit 
function. Under this transformation, events in the tails of the distribu-
tion (definitely male/female) are less susceptible to coefficient pertur-
bations than those in the probability range of 0.2–0.8 [44]. This 
probability range is of most interest in this research, with biological sex 
not being necessarily easily determined from bone measurements. 

In both models, we will use Bayesian model averaging, which is a 
variable selection technique that treats the model as uncertain and es-
timates a posterior distribution for the model coefficients that is aver-
aged over a series of models, based on parameter inclusion and the 
probability of each model [42]. Under this framework, the posterior 
distributions for coefficients in terms of the individual models are not 
estimated because they are prone to over-estimate the magnitude of the 
individual effect of a variable, thus alluding to greater affects than are 
reliable in future studies and leading to poor predictive performance. 
Bayesian model averaging aims to produce robust parameter estimates 
which are less likely to be exaggerated and over-confident in their 
estimated variable affect [45,46]. This results in inferences from this 
model yielding a greater average predictability of the results in future 
studies. An important feature of Bayesian model averaging is that the 
model structure does not require researchers to remove terms from the 
model, as coefficients associated with variables that have a minimal 
inclusion probability are shrunk towards zero, and as such, leaving them 
in the model has little impact on subsequent predictions. An additional 
benefit of this is that the variables can remain in the model, allowing 
researchers to continue to collect data associated with this variable until 
they are satisfied that it is not required, aiding in the building of theory. 

The number of potential models can increase dramatically as the 
number of variables increases (k). Under this framework there are 2k 

possible combinations of the variables which can form individual 
models. Computationally, it is not always feasible to examine every 
potential model, especially when data sets have very large numbers of 
explanatory variables. To account for this aspect of the modeling 
approach, a stochastic search algorithm is used to search the model 
space and determine the most likely models that can explain the 
outcome while preserving good estimation performance [47]. Using this 
approach, we replace the use of a p-value (using a Wald statistic or a 
measure of model fit) with an inclusion probability. This inclusion 
probability is based on the number of models in which the parameter is 
included and how probable these models are deemed, allowing the 
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researcher to move away from the bright line significance level and base 
decisions on an appropriate level of probability matching the data, 
known theory and development stage of the research. We estimate these 
models using AutoStat software (http://pa-group.com.au/autostat.ph 
p). 

In a Bayesian setting, estimating the posterior distributions of the 
unknown parameters, β requires the specification of a prior distribution. 
For both models in this study, we use a Normal-spike-slab prior to 
facilitate the variable selection aspect of the analysis. A schematic dia-
gram of the Normal spike slab is shown in Fig. 1, which illustrates that 
the prior can take 2 states. In Markov Chain Monte Carlo (MCMC) it-
erations where the coefficient is included in the model (as indicated by 
the stochastic search algorithm), the prior used in this posterior sample 
draw will be a Normal Inverted Gamma prior, indicated as the "slab’’. 
Similarly, for iterations when the stochastic search does not include a 
coefficient, the prior used in the posterior draw is a point mass at zero 
(0), indicated by the "spike’’, resulting in a posterior draw of the coef-
ficient that is exactly zero (0). 

p(β|y, σ) ∼ MVN
(
0, σ2V − 1)

where V− 1 is the prior precision, specified by the user. In this case, as we 
have no prior knowledge of the likely posterior distributions of the pa-
rameters, we use a vague prior distribution, ensuring that the estimates 
are largely data-driven. 

Results 

There was no significant difference between the measurements of the 
left and right humerus. The mean and standard deviations of the five 

measurements were calculated for the fifty-one individuals combining 
left and right measurements (Table 1). Females displayed statistically 
significant lower mean values comparatively to males for all measure-
ments (P < 0.000029–P < 0.00001). The pairplot in Fig. 2 illustrates the 
collinearity of the variables that have been proposed to estimate both 
stature and sex. This is evident in the graph, with all scatterplots 
showing linear relationships between the explanatory variables pro-
posed in the model. 

In terms of stature estimation, the scatterplots on the top row where 
stature is displayed as the y-axis variable, indicate that the variables all 
seem to have a reasonably linear relationship, with stature increasing as 
bone measurements become larger in magnitude. The linear relationship 
with MHL appears to have the least variance, hence, intuitively, we 
would expect this variable to be the strongest predictor in our model. 

In terms of biological sex estimation, we can view the density plots in 
the diagonal of the plot. The density peak of males being to the right of 
each plot. The overlap of the densities indicates common measures to 
both sexes, and we note that VHD has the smallest overlap area (third 
plot on diagonal from top, with peaks furthest apart), indicating that this 
measurement is likely to be a good estimator of sex. 

Comparison to the Spradley and Jantz estimations [23] 

Both the sectioning points and the multiple variate equation of the 
humerus for the “American white” were tested against this study’s 
population. The sectioning points for the measurements of the humerus 
when applied to this population resulted in 65.5% of females and 31.3% 
of males having at least one incorrectly classified measurement on one 
or both humeri, and 58.3% females and 22.2% males having at least one 
incorrectly classified measurement for the averaged humeri. The pub-
lished multiple variate equation provided by Spradley and Jantz resul-
ted in 100% incorrect classification of our female population. The 
assumed equation, however, resulted in 80% incorrect classifications of 
our female population. All “American white” humerus sectioning points 
and the multiple variate equation(s) exceeded the accepted 20% incor-
rect classification threshold [48]. 

Comparison to the Trotter and Gleser estimations [6,34] 

The correlation of the Queensland population’s stature and their 
estimated stature from Trotter and Gleser [6,34] was 0.89. This corre-
lation is greater than the correlation between the Queensland pop-
ulation’s stature and their MHL measurement (0.86). The male and 
female Terry Collection multiple variate humerus equations for their 
“American white” were tested against this study’s population and re-
ported that 31.4% of individuals fell outside of the estimated stature 
range. When segregating for sex, 37.5% of females were incorrectly 
estimated compared to 25.9% of males. Both male and female Terry 
Collection “American white” humerus multiple variate equations 
exceeded the accepted 20% incorrect classification threshold [48]. 

Stature 

Stature was fitted using a linear regression with a spike slab prior. 
The inclusion probabilities for each variable are provided in Table 2, and 
these indicate that, from this set of bone measurements, MHL is a good 
predictor of stature, being included in all models that were explored in 
the stochastic search, hence, it has an inclusion probability of 1. The 
other most important variable is VHD, with an inclusion probability of 
66%, and it is included in the most probable model (Model 1, 64.1%). All 
other variables have a much lower inclusion probability, being included 
in only the lower ranking models. 

The posterior summary of the regression coefficients for the linear 
model are given in Table 3. As can be seen in the estimates of the pos-
terior means, the coefficients with the most impact are VHD and MHL, 
with both having estimated means that have a larger magnitude. The 

Fig. 1. Schematic representation of the spike slab prior distribution. In MCMC 
iterations where the variable is included, the “slab” component is used as a 
prior. Iterations when the variable is not included have the “spike” prior, and as 
such are estimated as exactly zero (0) for the individual iteration. 

Table 1 
Number of individuals, mean and standard deviation for all measurements. N is 
for number of individuals and SD is for standard deviation. All measurements are 
in millimeters (mm).   

Female Male  

N Mean SD N Mean SD 

MHL 24  312.52  13.70 27  332.14  16.33 
EB 24  57.34  2.78 27  64.79  3.09 
MIN 24  16.38  0.90 27  19.25  1.33 
MAX 24  21.62  1.40 27  24.74  1.90 
VHD 24  44.11  1.77 27  50.73  2.33  
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Fig. 2. Pairplot illustrating collinearity between variables and sex differences. Dark regions and points coincide with males, light gray are females. The diagonal 
show kernel density estimates of the row/column variable with sex as a subgroup. The scatterplots illustrate the relationship between the variables represented in 
that particular row and column. 

Table 2 
Inclusion probability for variables contained in the linear regression model for stature estimation.  

Variable Probability inclusion Model 1: 0.64122 Model 2: 0.1404 Model 3: 0.1179 Model 4: 0.04672 Model 5: 0.02812 

CONSTANT 1 TRUE TRUE TRUE TRUE TRUE 
MHL 1 TRUE TRUE TRUE TRUE TRUE 
VHD 0.6624 TRUE – – – – 
EB 0.1276 – – TRUE – – 
MIN 0.0582 – – – TRUE – 
MAX 0.0374 – – – – TRUE  
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coefficients for the other measurement variables (EB, MAX and MIN) are 
small in magnitude, due to them being only included in low weighted 
models. Additionally, we note that the variable MAX is included very 
infrequently (in less than 4% of the iterations), and as such, the 95% 
HPD (Highest posterior density interval) for this variable contains only 
0, with the small positive coefficient estimated from the few iterations in 
which it was included. 

The Inefficiency Factor (IF) in Table 3 is an indicator of the Markov 
Chain Monte Carlo (MCMC) sampling performance and provides the 
ratio of the variance of the posterior mean to the variance of the pos-
terior mean from using hypothetical independent draws, with the pur-
pose of assessing any loss in efficiency due to autocorrelation in the 
MCMC draws. These IF values close to 1 indicate that the chains are not 
subject to problematic autocorrelation. 

Fig. 3 compares the measured supine stature and those predicted 
from the model. We note good agreement between observed and pre-
dicted, with equal scatter of both over and under predictions and no 
evidence of departure from the linear mean. 

Biological sex 

The data were also used to estimate biological sex using a logistic 
regression model. The results of the Bayesian model averaging are given 
in Table 4. The most probable model (0.7736) contains only VHD, and it 
is clearly the most impactful model. VHD is contained in 4 of the 5 top 
models, resulting in an inclusion probability of 0.9159. All other vari-
ables have a low inclusion probability, which indicates that they are not 
as effective in estimating sex based on bone measurement. 

The posterior summary of the regression coefficients for the logistic 
model are given in Table 5. As can be seen in the estimates of the pos-
terior means, the coefficients with the most impact is VHD, having an 
estimated mean of the largest magnitude. The coefficient for the MIN 
measurement is the next largest in magnitude, due to its role in the 2nd 
most probable model. The coefficients for the other measurement vari-
ables (MHL, EB, MAX) are small in magnitude, due to them being only 
included in low weighted models, in the presence of the VHD variable. 

Fig. 4 illustrates the prediction of each individual in the data used to 
form the model being male. We note that individuals with VHD mea-
surements small in magnitude are overwhelmingly female, and those 
with large measurements for VHD are male. The measurements between 
VHD 45 – 48 are less clear cut, however, only 2 individuals (the largest 

Table 3 
Posterior estimates of linear regression coefficients based on Bayesian model 
averaging. Outcome measure is stature. HPD is Highest Posterior Density 
interval.  

Variable Mean SD HPD 2.5% HPD 97.5% IF 

CONSTANT  41.3877  2.5328 36.3870 46.2952  1.0116 
VHD  0.4499  0.3239 0 0.7500  2.2393 
EB  0.0633  0.1679 0 0.5215  2.0505 
MHL  0.3107  0.0358 0.2740 0.3970  1.0380 
MAX  0.0218  0.1227 0 0  1.1641 
MIN  0.0472  0.2077 -0.0774 0.2873  1.3849 
sigma  3.7266  0.4157 2.9671 4.5656  1.0270  

Fig. 3. Comparison of actual supine stature and predicted supine stature. Dashed line indicates 1:1 relationship.  

Table 4 
Inclusion probability of variables included in the logistic regression model with sex as an outcome measure.  

Variable Probability inclusion Model 1: 0.7736 Model 2: 0.06144 Model 3: 0.05556 Model 4: 0.03548 Model 5: 0.02548 

CONSTANT 1 TRUE TRUE TRUE TRUE TRUE 
VHD 0.9159 TRUE – TRUE TRUE TRUE 
MIN 0.1335 – TRUE TRUE – – 
MHL 0.0434 – – – TRUE – 
MAX 0.0364 – – – – TRUE 
EB 0.0359 – – – – –  

Table 5 
Posterior estimates of logistic regression coefficients. Outcome measure is sex.  

Variable Mean SD HPD 2.5% HPD 97.5% IF 

CONSTANT  -30.4845  6.5662 -43.6166 -17.9697  13.1349 
VHD  0.6204  0.2658 0 0.9510  38.8365 
EB  0.0091  0.0649 0 0  17.6137 
MHL  -0.0042  0.0222 0 0  52.0827 
MAX  0.0020  0.0825 0 0  10.2613 
MIN  0.1174  0.3615 -0.0004 1.1875  30.4703  
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magnitude for female VHD observed, and the smallest magnitude of 
male VHD) are misclassified. From the figure we also note that both of 
these classifications were near 0.5 (vertical dashed line), with individual 
probabilities of 0.47 and 0.52, therefore, in using the model, these in-
dividuals would be flagged as less certain, and unlikely to be strongly 
misclassified when using the model. 

Estimating both the mean estimate and the credible ranges of pre-
dictions from statistical models, particularly Bayesian posteriors can be 
problematic. To enable end users to trial these models, we have devel-
oped an R Shiny App [49] developed based on the stature and sex 
models. This R Shiny app is available at: https://forensicapps.shinyapps. 
io/Humerus_Stature_Sex_Predictions/?mc_phishing_protection 
_id=28047-bv42k12du81dg5f5dh0g. 

This app predicts both stature and sex based on measurements pro-
vided by the user, and the %HPD can be changed to provide the required 
credible interval. The histogram illustrates the results of 1000 MCMC 
draws from the posterior distribution, and the accompanying HPD is 
illustrated in a contrasting color. 

Test sample 

The humerus measurements from four individuals that form the test 
sample population were applied to the shiny app provided above. Four 
different HPDs were tested; 80% HPD, 85% HPD, 90% HPD and 95% 
HPD. 

All individuals were correctly estimated in biological sex for all 
HPDs. When assessing for stature there were some differences in how 
many of the test sample population were correctly estimated at the 
different HPDs tested. All four individuals; statures were correctly esti-
mated in a range at 95% HPD. At 80% HPD one individual’s stature was 

estimated correctly in the range provided, whereas at 85% HPD two 
individuals; stature was estimated correctly, and finally three of the four 
individuals’ statures were correctly estimated at 90% HPD (Table 6). 

Discussion 

The Trotter and Gleser [6,34] stature estimation methods have been 
reported in use in sixty-five percent (65%) of countries surveyed, with 
some European populations preferring the use of the African-American 
equation as it represents their population more accurately in terms of 
variation [6,34,35,50]. However, in most cases, the highest classifica-
tion rate for one population will be different when applied to another 
[51]. When “white” American equations are applied to Hispanic or re-
mains from Latin America, the success rate of the equations is reduced, 
resulting in an increase of incorrect classifications [52]. Reynolds and 
associates [11] determined that the application of “white” American 
estimation equations to this contemporary Australian sub-population 
resulted in a mean inaccuracy of 4.15 ± 2.92 cm underestimation of 
stature from femora. This is supported by this paper’s comparisons to the 
Spradley and Jantz [23] and Trotter and Gleser [6,34,35] estimations. 
Both studies exceeded 20% of incorrect classifications when applied to 
this population. 

Although the population specific estimation equations selected for 
comparison (for sex and stature) are not recommended for application 
outside of a North American population, there are limited population 
specific estimation equations for Australian individuals. The equations 
chosen have been applied (and continue to be applied) to the Australian 
population with limited success due to population variation [11,53]. 
This paper demonstrates the need for Australian population specific 
estimation equations to estimate biological sex and stature from the long 
bones. 

Additional long bones (such as the tibia and fibula) are yet to be 
assessed for estimating biological sex and stature for the Queensland 
population. Other papers have assessed biological sex and/or stature 
estimation for the upper limb in an Australian population or sub- 
population using anthropometrics but none have assessed it for long 
bones measurements of the upper limb [54–56]. In Table 7 we have 
provided a comparison of mean statures and maximum humeral length 
with standard deviations for various populations (living and deceased) 
[6,20,21,57–64]. 

Biological sex specific stature models are typically reported in similar 

Fig. 4. Probability of being classified as Male based on individual bones and compared with VHD. Dots indicate actual sex (jittered for clarity) and solid line is the 
predicted probability of individual being male. Open dots are correctly predicted, solid dots represent individuals whose sex was incorrectly predicted. Note: The 
probability estimate line has deviations present due to the other bone measurements inclusion in the model. 

Table 6 
Estimation of supine stature for the 4 test sample individuals at 80%, 85%, 90% 
and 95% HPD using the shiny app. All measurements are in cm.   

Estimated supine stature 

Supine stature 80% HPD 85% HPD 90% HPD 95% HPD 

145 133.4–144.1 133.4–145.4 132.5–145.8 131–146.9 
172.5 160.3–170.1 159.5–170.7 158.3–171.6 156.6–172.7 
176 165.7–175.4 164.8–175.9 163.8–176.4 162.6–177.8 
175.1 169.9–179.9 169.2–180.6 168.6–181.4 167.1–182.2  
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studies; however, the results of this study indicate that the best mea-
surements for estimating stature were did not require a separation of the 
sexes to assess. This was also seen in the Queensland specific femoral 
estimation equations [11]. No sex-specific stature estimation equations 
were developed. 

Validation of the model with a test data set was performed with a 
small sample size due to the small number of individuals able to be 
included in the study overall. As such, we expect the model coefficients 
would need refining on a larger sample before being used generally in 
biological sex and stature estimation for the Queensland population and 
Australian casework. This paper serves as preliminary analysis to aid 
future research and indicate the usefulness the of bone measurements 
for biological sex and stature. 

There has previously been a reported bias towards males presenting 
as Coronial deaths to Queensland Health and Forensic Scientific Services 
Mortuary [11], this was not apparent in this study. The potential so-
cioeconomic bias that may be present in this population is yet to be 
explored. However, the proposed preliminary estimations were devel-
oped for specific utilization for the Coronial system, the exact popula-
tion the estimations were created from, thus the socioeconomic bias may 
have no relevance in this example. 

This paper has a small sample size for creating population specific 
estimations, and thus this paper should be recognised as a preliminary 
study. We encourage users to try the app and provide feedback so we 
may tune our model. Additionally, we provide the App to promote the 
idea of an online tool for practitioners to enable use of predictions from 
statistical models without the need to self-calculate based on equations, 
gradually improving access and uptake of new models and allowing 
wider scientific review of proposed prediction equations. The popula-
tion specific estimation equations proposed in this paper are not rec-
ommended for application to differing populations outside Queensland, 
Australia. 

Example of further applicability of results 

As an example of the applicability of the results presented in this 
study, we have used these models to predict the stature and sex of an 
incomplete humerus bone. In this situation, the only measure available 
was EB (62.5 mm). The models provided in this paper are based on the 
additional 4 measurements MHL (mm), VHD (mm), Min (mm) and Max 
(mm), hence, we needed to choose a best course of action for prediction. 
From Table 2, we note that epicondylar breadth has a low inclusion 
probability for stature estimation (0.1276) and is not included in the top 
5 models using the stochastic search algorithm. Similarly, from Table 4 
we note that the inclusion probability for epicondylar breath when 
estimating sex is only 0.0359. However, from Fig. 2 we note the strong 
linear relationship between epicondylar breath and the other more 
informative measures of MHL and VHD, along with Min and Max. On 
this basis, we formed the following strategy to impute the values for the 
missing measurements in the form of 100 profiles (samples) and use 
these profiles in our original models to obtain the predictive posterior 
distribution for standing stature and sex. The steps in this procedure 
were as follows:  

1. Using a standard Bayesian conjugate prior (Normal-Inverted 
Gamma) the mean and standard deviation for each missing mea-
surement was estimated based on epicondylar breadth as the 
outcome variable.  

2. Using the estimated means, slightly inflated standard deviations and 
a variance-covariance estimate from the sample, which we reduced 
slightly to allow for less correlation than observed in the small 
sample, 100 profiles for this bone were simulated from a multivariate 
normal distribution.  

3. For stature estimation, the MCMC iterates were then used to estimate 
the mean for each of the 100 profiles. These means (M) were then 
used to simulate 1000 estimates of supine stature for each profile 
based on the variance of the stature model and the addition of the 

Table 7 
Population specific mean statures and mean maximum length of the humerus for Males (M), Females (F), African-descent Males (AM), European-descent Males (EM), 
African-descent Females (AF), European-descent Females (EF). Maximum length of humerus (MHL).  

Study Sample 
number 

Stature (cm) MHL (mm) Population 

Trotter and Gleser [6] AM: 54 172.111 ± 6.14 337.93 ± 13.37 North American, Military Personnel (WWII) 
EM: 545 173.90 ± 6.63 336.18 ± 16.72 
AM: 360 172.729 ± 7.80 337.77 ± 18.83 North American, Robert J. Terry Collection. 
EM: 255 170.392 ± 7.34 329.98 ± 17.87 
AF: 177 160.892 ± 6.53 307.64 ± 15.78 
EF: 63 160.682 ± 7.51 304.30 ± 17.28 

Muñoz et al. [57] M: 52 175.26 ± 6.80 325.6 ± 16.7 Spanish 
F: 52 161.16 ± 6.23 291.9 ± 13.5 

Giurazza et al. [21] M: 100 167 ± 7.1 – Italian, Università Campus Bio-Medico di Roma (living) 
F: 100 156 ± 6.1 – 

Radoinova et al. [58] M: 286 170.91 ± 6.27 333.9 ± 21.3 Bulgarian, Forensic Medicine Department at the Medical University of Varna 
F: 130 161.22 ± 4.98 316.1 ± 18.6 

Ozaslan et al. [59] M: 202 171.93 ± 6.63 – Turkish, Cerrahpaşa Medical Facility, State National Institute of Forensic Medicine and 
Military personnel (living) F: 108 161.75 ± 6.45 – 

Ahmed [20] M: 100 175.11 ± 6.22 – Sudanese, Khartoum Teaching Hospital (living) 
F: 100 160.25 ± 5.71 – 

Mahakkanukrauh et al., 
2011 

M: 132 165.2 ± 7.51 – Thai, Chiang Mai University Skeletal Collection 
F: 68 153.5 ± 6.77 – 

Hasegawa et al. [61] M: 92 169.33 ± 6.11 306.4 ± 16.3 Japanese (living) 
F: 342 157.36 ± 5.16 281.3 ± 15.1 

Owen et al. [62] M: 27 171.0 ± 6.2 – Australian Indigenous, Gerard at the Murray River mouth. (living) 
F: 28 156.1 ± 5.3 – 

Reynolds [64] M: 51 175.17 ± 5.90 – Australian, Skeletal Biology and Forensic Anthropology Virtual Osteological Database 
F: 25 162.64 ± 6.76 – 

Peters [63] M: 1200 173.37 ± 8.27 – Australian, WWII service personnel 
F: 478 162.41 ± 6.14 – 
M: 1200 179.57 ± 7.07 – Australian, Contemporary service personnel (living) 
F: 1200 166.79 ± 6.54 – 

This study M: 27 173.6 ± 6.35 332.14 ± 16.33 Australian, Skeletal Biology and Forensic Anthropology Virtual Osteological Database 
F: 24 164.43 ± 5.08 312.52 ± 13.70  

K.A. Winter et al.                                                                                                                                                                                                                               



Forensic Science International: Reports 4 (2021) 100227

9

random variation suggested in Reynolds and associates [11]. That is, 
for each profile, 1000 standing stature estimates were formed using 
the simulation y* = N(M,3.73^2) - N(2.37, 1.53^2)  

4. The 100 profiles were then pooled to form the posterior distribution 
of the predicted standing stature, from which the mean and 95% 
HPD of 168.1 cm (158.3 cm, 177.9 cm) was determined, and illus-
trated in Fig. 5.  

5. The estimation of sex was similarly based on the predicted outcomes 
of the model based on the 100 profiles, resulting in an estimated 
probability of the bone belonging to a male of 0.59 with a 95% HPD 
(0.07, 0.98). This wide range in HPD is expected, as the simulated 
VHD measurements (Fig. 6) show that over half of our simulated 
values are in the 45–50 mm range, which we observe from Fig. 4 is 
the range of measure where sex is transitioning between male and 
female. 

Using imputation to reconstruct plausible missing measurements 
over a series of profiles allows us to use a single regression equation to 
estimate stature (and sex), rather than producing multiple equations to 
account for all possible configurations of potentially incomplete bones. 

This multiple profile approach allows sex and stature values to be esti-
mated that are plausible, and weights outcomes more heavily based on 
how likely each profile is compared to our initial complete dataset. 

Conclusion 

The assumed multivariate equation for the humerus proposed by 
Spradley and Jantz [23] is not recommended for application to this 
Queensland sub-population. Neither are the Terry Collection “white” 
American equations for male and females proposed by Trotter and 
Gleser [6,34]. This study introduces preliminary biological sex and 
stature estimation equations and sectioning points for the humerus that 
demonstrate high accuracy for the contemporary Queensland (Austra-
lian) population. The estimation equations proposed are procured from 
a small Australian sub-population, their further applicability to the 
greater Australian population requires investigation. Additional 
research on other long bones are recommended for their applicability 
and reliability for sex and stature estimation for this Australian 
sub-population. 

Fig. 5. Predictive posterior distribution of standing height based on 100 simulated profiles for the partial bone.  

Fig. 6. Simulated VHD measurements in the 100 profiles.  
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