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Abstract

The present study introduces new regression formulae that address several challenges of current subadult stature estimation
methods by 1) using a large, contemporary, cross-sectional sample of subadult skeletal remains; 2) generating regression
models using both lengths and breadths; 3) utilizing both linear and nonlinear regression models to accommodate the
nonlinear shape of long bone growth; and 4) providing usable prediction intervals for estimating stature. Eighteen long bone
measurements, stature, and age were collected from computed tomography images for a sample of individuals (n =990)
between birth and 20 years from the United States. The bivariate relationship between long bone measurements and stature
was modeled using linear and nonlinear methods on an 80% training sample and evaluated on a 20% testing sample. Equations
were generated using pooled-sex samples. Goodness of fit was evaluated using Kolmogorov—Smirnov tests and mean absolute
deviation (MAD). Accuracy and precision were quantified using percent testing accuracy and Bland—Altman plots. In total,
38 stature estimation equations were created and evaluated, all achieving testing accuracies greater than 90%. Nonlinear
models generated better fits compared to linear counterparts and generally produced smaller MAD (3.65 — 15.90cm). Length
models generally performed better than breadth models, and a mixture of linear and nonlinear methods resulted in highest
testing accuracies. Model performance was not biased by sex, age, or measurement type. A freely available, online graphical
user interface is provided for immediate use of the models by practitioners in forensic anthropology and will be expanded
to include bioarchaeological contexts in the future.

Keywords Stature estimation - Graphical user interface (GUI) - Biological profile - Juvenile - Regression

Introduction

Stature is used in biological anthropology to discuss hominid
evolution, evaluate human variation, assess the human
condition, and aid in forensic identification. Methods for
estimating stature using the skeleton have been split into two
types: anatomical and mathematic [1, 2]. The anatomical
method uses all bones that contribute to stature with a
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soft-tissue correction [3, 4]. Numerous validations of the
anatomical method have achieved high accuracy [5, 6] — even
in subadult groups [7]. Mathematical methods for estimating
stature traditionally use one or more elements in a regression
formula to estimate stature [2]. Even though they yield estimates
with less precision, mathematical methods for estimating
stature have persisted in biological and forensic anthropology
because of ease of use, applicability on incomplete skeletons,
and reliability of results [8—11].

A handful of mathematical methods for estimating stature
from immature skeletal remains exist [e.g., 12—18]. While
this list illustrates substantial contributions to the field,
these methods are similar in that they all exclusively use
long bone lengths and linear regression. As such, estimating
subadult stature using fragmentary remains is only possible if
diaphyseal lengths are estimated [19], which could potentially
compound error for the stature estimate [20]. Linear
regression is widely used in adult stature estimation [e.g., 21,
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22], because the relationship between long bone lengths and
stature is linear once skeletal maturity is reached. However,
the fluctuating relationships between long bone lengths and
stature complicate subadult stature estimation by necessitating
nonlinear models [14, 15]. While linear regression is easy
to calculate, interpret, and distribute, stature estimation
methods using linear regression to appreciate a nonlinear
relationship are invalid [23-26]. To the authors’ knowledge,
the applicability of nonlinear regression towards improving
subadult stature estimates has yet to be explored.

Current subadult stature estimation methods either have
defined age ranges for their regression equations [e.g., 12,
13, 15, 18] or have separate equations by chronological
age [17]. Many of the defined age ranges line up with the
chronological ages of different life history stages, which cat-
egorize changes in rate of growth throughout ontogeny [27,
28]. While subadult age estimation methods have increased
in availability, accuracy, and precision [e.g., 24, 29, 30], esti-
mating additional aspects of the biological profile can be a
source of compounding error to a stature estimate. Addi-
tionally, even the most precise age estimates extend over
numerous years, limiting the utility of different methodo-
logical approaches for different ages in a real-life context.
The use of nonlinear modeling can expand the applicability
of subadult stature estimation to include the entire process
of skeletal growth and development, which is an inherently
nonlinear process [25, 26, 31].

The present study aims to address some of the limiting
factors identified among current methods and improve sub-
adult stature estimation. New regression formulae will be
generated that 1) explore the utility of breadth measure-
ments, 2) consider performance of nonlinear regression and
linear regression, and 3) expand the age range. This study
uses the Subadult Virtual Anthropology Database (SVAD),
which is one of the largest collections of contemporary,
cross-sectional subadult skeletal data currently available
[32]. Large sample sizes and cross-sectional data capture a
greater amount of variation resulting in more robust mod-
els [15, 25, 33]. Using the SVAD and incorporating three
adjustments to regression formulae, the authors aim to
introduce new equations that maintain the high accuracy
of previous methods while improving upon the precision
and applicability of subadult stature estimation in forensic,
bioarchaeological, and paleoanthropological contexts.

Materials and methods

A sample of 990 individuals (F=401; M =589) aged
between birth and 20 years old from the U.S. sample of the
SVAD were used for this study that is comprised of individu-
als from two geographically diverse locations (Baltimore,
MD and Albuquerque, NM). The sample was randomly
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separated into a training (80%, n="793) and hold-out (20%,
n=197) set for model creation and evaluation (Table 1).
Eighteen diaphyseal measurements (see Table 2) were col-
lected per individual, following an adapted protocol for sub-
adult long bone measurements using CT scans [34]. Once
fusion was estimated to be “active”, following the protocol
outlined by Stull and Corron [34], maximum length and
breadth measurements adapted from Langley and colleagues
[35] were collected to include the epiphyses. The combina-
tion of diaphyseal and maximum length measurements in
the sample necessitates that the measurement definitions
are comparable; thus, ulna proximal breadth was excluded
because there is no diaphyseal measurement for ulna proxi-
mal breadth [34]. Two additional measures were calculated
by adding humerus and radius length (upper limb length)
and femur and tibia length (lower limb length), following
previous subadult stature estimation studies [13, 17]. Known
stature, age, and sex were also retained for analyses.

All analyses were conducted in R using RStudio [36,
37] using pooled-sex samples. The data were first tested for
assumptions of normality, using a Shapiro-Wilks test due
to larger sample sizes [38, 39], and linearity, using visual
assessments of bivariate plots — the results of which sug-
gested the use of nonparametric and nonlinear methods,
especially for the relationship between breadth measure-
ments and stature. Kendall’s tau correlation coefficients were
calculated to explore the relationship between stature and
long bone measurements as it is a nonparametric method for
evaluating correlation [40, 41]. In addition to linear regres-
sion, two nonlinear regression equations commonly used
in growth and development were selected (see Table 3): a
three-parameter asymptotic exponential regression, which
is like a power law and roughly resembles the relationship
between length measurements and stature (Fig. 1a); and a
three-parameter logistic regression equation, which has a
sigmoidal (“S”) shape that roughly resembles the relation-
ship between breadth measurements and stature (Fig. 1b).

Linear and nonlinear models were created using the stats
package [36]. After model creation, resulting in a regres-
sion and 95% prediction intervals using the training set,
each model was validated using the 20% testing sample
to assess the generalizability of the models on separate
data. Goodness of fit of linear and nonlinear models were
evaluated using residual standard deviation [42], Kolmogo-
rov—Smirnov tests of equal distributions [43] comparing
known stature and predicted stature, and mean absolute
deviation (MAD) exploring the level of precision provided
by each regression. These measures were chosen to evaluate
model performance because traditional measures of good-
ness-of-fit for linear regression, such as an adjusted R?, can-
not be directly applied to nonlinear models [44]. In addition,
test accuracy was calculated to evaluate the overall accuracy
and generalizability of the model by demonstrating whether
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Table 1 Summary of the 80%

- . Age Training (80%) Testing (20%) Totals

tralmpg and 20% testing sample (as integers)

used in the present study Female Male Female Male
0 87 102 25 27 241 (24.3%)
1 29 44 7 14 94 (9.49%)
2 13 23 5 8 49 (4.95%)
3 13 16 3 5 37 (3.74%)
4 15 11 4 5 35 (3.54%)
5 14 7 3 3 27 (2.73%)
6 4 5 1 1 11 (1.11%)
7 8 8 1 2 19 (1.92%)
8 2 4 1 4 11 (1.11%)
9 6 9 0 4 19 (1.92%)
10 3 3 1 1 8 (0.08%)
11 11 6 2 3 22 (2.22%)
12 5 14 2 2 23 (2.32%)
13 8 11 3 3 25 (2.53%)
14 10 13 1 2 26 (2.63%)
15 10 31 4 7 52 (5.25%)
16 12 41 4 4 61 (6.16%)
17 15 31 4 6 56 (5.25%)
18 20 35 4 8 67 (6.77%)
19 25 35 2 4 66 (6.67%)
20 11 23 3 4 41 (4.14%)
Totals 321 (40.5%) 472 (59.5%) 80 (40.6%) 117 (59.4%) 990

Table2 Long bone measurements included in the study per bone,
denoted by an (x). Not all measurement types were conducted on
each bone, as denoted by a (-)

Midshaft
Breadth

Distal
Breadth

Proximal
Breadth

Bone Length

Humerus
Radius
Ulna
Femur
Tibia
Fibula
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Table 3 Linear and nonlinear regression equations used in the present
study to characterize the relationship between long bone measure-
ments and stature

Regression Type Equation
(Measurements used)

Linear y=ax+b
(Lengths, Breadths)

Three-parameter Asymptotic Exponential y=a—be ™
(Lengths)

Three-parameter Logistic Y= —
(Breadths) (b

the model can still provide a 95% PI that encapsulates the
known stature of an individual even when the individual
is not included in the training sample. Bland—Altman plots
were also used to evaluate the magnitude and direction by
which a model over- or under-estimates stature compared to
known stature [45].

Results

Kendall’s tau correlations inspecting the relationship
between all long bone measurements and stature ranged
from 0.759 — 0.907 (Tables 4 and 5). In general, lengths were
more strongly correlated with stature than breadths, while
proximal and distal breadths were more strongly correlated
to stature than midshaft breadths. Combining proximal and
distal limb lengths did present with higher correlations to
stature (upper limb length: 0.907; lower limb length 0.904).
In total, 38 out of the 40 expected models were created for
stature estimation; nonlinear models for tibia distal breadth
and radius distal breadth failed to reach convergence. The
coefficients of all models created were statistically signifi-
cant (p <0.001). Performance metrics for all linear and non-
linear pooled models are summarized in Tables 4 and 5 and
are organized by long bone and measurement.
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Fig. 1 Relationship between a) femur length and b) femur distal breadth and stature. Linear relationship=dashed line. Nonlinear relation-
ship=solid line. Diaphyseal measurements =circle. Maximum measurements = triangle

Goodness of fit

The goodness of fit metrics both demonstrate generally bet-
ter fits using nonlinear regression compared to linear regres-
sion (Tables 4 and 5). Residual standard deviation values
are consistently lower for nonlinear models compared to
their linear counterparts, demonstrating a better fit of the
nonlinear regression equations for both breadth and length
measurements. Similar patterns are found when evaluating
MAD, except for ulna midshaft breadth, which yielded the
poorest fits for both linear (MAD =15.40cm; D=0.124)
and nonlinear models (MAD =15.90cm; D=0.101). MAD
results yielded smaller values for nonlinear regression
(3.65 — 11.90cm) compared to linear regression models
(4.85 — 12.30cm). Within nonlinear models, length models
resulted in the lowest MAD values (3.65 — 4.39cm), fol-
lowed by distal (6.96 — 7.03cm), proximal (7.75 — 7.84cm),
and finally midshaft breadth (8.09 — 15.90cm). For linear
models, while length models also resulted in the lowest
MAD values (4.85 — 6.14cm), the subsequent order of pre-
cision of breadth models is less patterned.

All Kolmogorov—Smirnov tests yielded p-values above
the threshold of 0.05, suggesting an overall good fit attained
by the regression equations, regardless of model or measure-
ment type. However, when evaluating model fits based on
increasing values of the actual test statistic, D, which is a
generalization of the distance between point estimates and
known stature, nonlinear models tend to outperform their
linear counterparts. There is also no discernible pattern in
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the goodness of fit, per the Kolmogorov—Smirnov tests,
between length models versus breadth models (Tables 4
and 5).

Model performance

Testing accuracy for the nonlinear models ranged from 91.4
—97.0%, while testing accuracy for linear models ranged
from 92.7 — 99.4% (Tables 4 and 5). 25 out of the 40 models
created (62.5%) achieved at or above 95% testing accuracy.
In general, length models yielded higher testing accuracy
than breadth models, although some breadth models yielded
high testing accuracy (e.g., nonlinear femur midshaft breadth
at 96.7%) but also reported low precision (MAD =8.10cm).
Bland—Altman plots (Fig. 2) demonstrate greater preci-
sion of the nonlinear models for length and distal breadth
measurements and greater precision for linear models for
proximal and midshaft breadth measurements. However,
the linear models display patterned biases compared to their
nonlinear counterparts. Residuals for the linear proximal
breadth models demonstrates a pattern of over-estimation
of stature for smaller (30 — 70cm) individuals and under-
estimation of stature for midsize (70 — 150cm).

Model misclassifications
From the testing set (n=197), 78 individuals had at least

one inaccurate stature prediction, as defined as known stat-
ure not falling within the 95% PI, generated by one of the
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Table 4 Summary of linear and nonlinear regression equations and Kendall’s tau correlation coefficients (r) for the relationship between each

long bone measurement and stature in the upper limb. The p-values for all coefficients were statistically significant, with p <0.001

Long Bone Measurement Kendall’s Model Type Equation Residual ~ Kolmogorov— Test Mean
Type Tau Correla- Standard ~ Smirnov Test Accuracy Absolute
tion (r) Deviation Statistic (D)  (in %) Deviation
(in cm) (MAD)
Humerus Length 0.905 Linear y=0.46x+25.3 5.56 0.0833 95.8 5.54
Nonlinear  y = 337 — 3297000214 4,60 0.0476 95.8 3.99
Proximal 0.830 Linear y=3.97x-3.93 8.84 0.0544 96.6 8.31
Breadth Nonlinear — y— ___251__ 8.27 0.0544 95.9 7.75
(149.81¢-00738x)
Midshaft 0.820 Linear y=822x-6.71 13.5 0.114 97.2 10.2
Breadth Nonlinear = __211__ 12.1 0.0909 94.3 9.98
(1+12.2¢7018%)
Distal 0.854 Linear y=2.88x—-221 9.02 0.0838 93.9 8.22
Breadth Nonlinear = 1% ___ 730 0.0503 95.0 7.03
(1+10.6¢-00716v)
Radius Length 0.895 Linear y=0.610x+24.4 6.23 0.0888 98.8 6.14
Nonlinear  y = 297 — 295¢7000352x 477 0.0533 97.0 4.39
Proximal 0.826 Linear y=28.16x+1.01 10.5 0.0686 94.9 7.57
Breadth Nonlinear —y— 196 ___ 838  0.0629 91.4 7.84
(1+11.6e-0021x)
Midshaft 0.808 Linear y=12.1x-13.3 13.6 0.0994 94.2 12.3
Breadth Nonlinear = 208 __ 125 0.0819 93.0 11.9
(1+13.9¢-0273x)
Distal 0.810 Linear y=541x+ 137 11.7 0.100 93.3 9.04
Breadth Nonlinear - - - - -
Ulna Length 0.895 Linear y=0.581x+21 5.64 0.0702 97.7 5.71
Nonlinear  y = 338 — 3367000268« 4,62 0.0585 96.5 3.88
Midshaft 0.759 Linear y=13.1x-18.3 17.3 0.124 94.7 15.4
Breadth Nonlinear —y— 29 __ 16.3 0.101 95.3 15.9
(1+15.7¢70295%)
Upper Limb Length 0.904 Linear y=0.262x+24.8 5.52 0.0864 99.4 5.52
(Humerus + Radius) Nonlinear  y = 325 — 319¢700012% 4,44 0.0494 96.9 3.93

38 linear and nonlinear models. A summary of misclas-
sifications by model and measurement type is provided in
Table 6. Out of 6675 total stature predictions generated
for this study, 296 (4.43%) resulted in misclassifications.
Of those misclassifications, linear models accounted for
49.0% of the misclassifications, while nonlinear models
accounted for 51.0% of the misclassifications. It is worth
noting that while methods using breadth measurements
may appear to yield lower misclassifications, and there-
fore higher accuracy, this is because there are overall less
breadth measurements in the testing sample to use for pre-
dictions. The MAD values and testing accuracy for length
models, both linear and nonlinear, still outperformed those
of breadth models (Tables 4 and 5). Investigations into the
demographics of the misclassified individuals yielded no
biases by sex, age, or measurement type (Fig. 3); instead,
these individuals tended to have atypical long bone meas-
urements compared to stature.

Discussion

The present study is novel in that it 1) introduces equa-
tions that predict stature using breadth measurements, 2)
is the first to use nonlinear regression to characterize the
relationship between long bone measurements and stature,
3) provides subadult stature estimation equations that can
be used for a wider range of ages, and 4) provides usable
prediction intervals for researchers and practitioners. Over
half (25 out of 38) of the stature estimation equations pre-
sented in this study achieved testing accuracy of greater
than 95%. Of those models, nine models — one linear and
eight nonlinear — report MAD values under Scm, dem-
onstrating high precision. Accuracy and precision are
important factors for choosing an appropriate model for
estimating aspects of the biological profile in forensic
anthropology [46-49]. However, the same standards are
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Table 5 Summary of linear and nonlinear regression equations and Kendall’s tau correlation coefficients (r) for the relationship between each
long bone measurement and stature in the lower limb. The p-values for all coefficients were statistically significant, with p <0.001

Long Bone Measurement Kendall’s Tau Model Type Equation Residual ~ Kolmogorov— Test Mean
Type Correlation Standard ~ Smirnov Test Accuracy  Absolute
(r) Error Statistic (D)  (in %) Deviation
(in cm) (MAD)
Femur Length 0.905 Linear y=0.309 + 32.2 5.29 0.0778 96.1 5.10
Nonlinear  y = 366 — 345¢7000127x 449 0.050 95.6 4.06
Midshaft 0.839 Linear y=6.84x—-3.28 9.88 0.0889 95.6 7.31
Breadth Nonlinear — y— 209 ___ 8.71 0.0611 96.7 3.63
(1410.8¢-0153x)
Distal 0.871 Linear y=2.12x+2.04 8.95 0.0942 94.8 7.61
Breadth Nonlinear = __217__ 7.87 0.0733 95.8 6.96
(149.35¢-0.0477)
Tibia Length 0.905 Linear y=0.372x + 32.1 5.65 0.0829 97.8 5.65
Nonlinear  y =328 — 311000181y 459 0.0522 96.1 3.82
Proximal 0.869 Linear y=217x+17.0 9.74 0.0733 92.7 7.51
Breadth Nonlinear = 198 7.90 0.0733 93.7 7.75
(147.47¢-005%x)
Midshaft 0.819 Linear y =T7.42x + 0.409 10.9 0.0659 95.6 7.92
Breadth Nonlinear - 206 ___ 9.61 0.0549 93.4 8.09
(1+10.1¢-0017x)
Distal 0.858 Linear y=3.07x+ 184 10.8 0.0785 95.8 8.34
Breadth Nonlinear - - - - -
Fibula Length 0.907 Linear y=0.377x+33.0 5.71 0.082 97.3 4.85
Nonlinear  y = 339 — 320000173 476 0.0601 96.7 3.65
Lower Limb Length 0.907 Linear y=0.169x + 32.1 5.19 0.0791 96.6 5.22
(Femur + Tibia) Nonlinear  y = 351 — 332¢~0.000734r 428 0.0508 94.9 3.76

equally considered in estimating stature in bioarchaeol-
ogy, where stature is used to evaluate the human condition
[50-52], and paleoanthropology, where interest in stature
is mainly rooted in questions of overall body size [53, 54].

Why breadths?

Results in this study demonstrate the utility of breadth
measurements to estimate subadult stature when length
measurements are not available. Of the 22 breadth
regression equations generated in this study, 10 achieved
a testing accuracy greater than 95%. Breadth models
(MAD range: 6.96 — 15.9cm) are consistently less precise
than length models (MAD range: 3.65 — 6.14cm). The
smallest measurements (midshaft breadths) produced
stature estimates that were less precise than their
proximal and distal breadth counterparts, a phenomenon
previously described for subadult age estimation using
long bone measurements [25]. The reduced precision
achieved by the breadth regression equations is consistent
with the varied relationship (and lower values of r)
between breadth measurements and stature as compared
to length measurements and stature. Results of the
Kolmogorov—Smirnov test report 14 of the 22 breadth
models yield D values comparable to length models,
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suggesting that both linear and nonlinear regression
were able to model the relationship between breadth
measurements and stature with similar fits to models
using length measurements. From the Bland—Altman
plots (Fig. 2), several breadth measurement models (both
linear and nonlinear) yielded more precise and less biased
stature predictions compared to predictions generated by
the linear length model.

While breadth regression equations cannot compete
with length regression equations, it is important to
contextualize the utility of breadth measurements in
forensic, bioarchaeological, and paleoanthropological
contexts. The strongly correlated relationship between
long bone lengths and stature has long been taken for
granted in biological anthropology, as evidenced by
the exclusive availability of subadult stature estimation
methods only using long bone lengths [e.g., 12, 13, 17, 18.
Models using breadth measurements were included in the
current study to maximize the applicability of regression
equations to include contexts where preservation may be
poor [55, 56]. While a few methods for estimating adult
stature using breadth measurements exist [56-58], to the
authors’ knowledge, stature estimation methods using
breadth measurements have yet to be created for immature
remains until the current study.
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Fig.2 Bland-Altman plots
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Table 6 Percent of misclassifications by measurement type and
model type among all predictions. Percent among all misclassifica-
tions are provided in parentheses

Length Proximal Midshaft Distal Totals
Linear 0.78 0.19 0.58 0.61 2.17 (49.0)
(17.6) 4.39) (13.2) (13.9)
Nonlin-  0.58 0.49 0.72 0.46 2.26 (51.0)
ear (13.2) (11.1) (16.2) (10.5)
Totals 1.36 0.68 1.3(29.4) 1.07
(30.8) (15.5) (24.4)

100 150 200 50 100 150 200
Mean of Known and Predicted Stature (cm)

On nonlinearity

The relationship between age, long bone measurements,
and stature is inherently intertwined in subadult research.
The choice to include breadth measurements as methods for
estimating subadult stature necessitated the use of nonlinear
regression. A three-parameter logistic regression equation
was chosen to characterize the sigmoidal shape that is rep-
resented by the relationship between breadth measurements
and stature for subadults (Fig. 1b). However, what about
long bone lengths? The nonlinear relationship between age
and long bone lengths [25, 59] and stature [60-62] in growth
and development are well established. The third member in
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this strongly correlated trifecta is the relationship between
long bone lengths and stature, which allows for the con-
struction of stature estimation methods [e.g., 12—18. The
question we ask in this study is: if the other two sides of the
relationship are nonlinear, why has the relationship between
long bone length and stature been consistently represented
as linear during growth and development?

The major tenant of linear regression is the assumption
of linearity — and while we, and previous methods of stature
estimation, have demonstrated that the relationship between
long bone lengths and stature is quite linear (Fig. 1a), the
tail ends of growth and development necessitate a considera-
tion of a not-quite-linear relationship. Results of the present
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study demonstrate that nonlinear models, using the three-
parameter asymptotic exponential regression equation, result
in greater goodness of fit of the relationship between long
bone length and stature, as evidenced by the results of the
Kolmogorov—Smirnov tests and MAD (Tables 4 and 5). In
both cases, smaller values of D or MAD represent a closer
relationship between the known stature and point estimates
produced by the nonlinear models compared to their lin-
ear counterparts. The greater goodness of fit of the nonlin-
ear models using length measurements is best appreciated
when known stature is between 50 — 100cm (Fig. 2), which
covers the first three years after birth. In general, the linear
length models in the present study over-estimate stature for
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individuals within this age range, especially compared to
the nonlinear length models (Fig. 2). This period of growth,
otherwise known as the infant life history stage, is character-
ized by rapid growth prior to deceleration in growth velocity
during childhood and through adolescence [27, 28]. Murray
and colleagues [15] recently also demonstrated that the ratio
between femur or humerus length and stature exhibits non-
linear changes that are especially apparent during the first
three years of life in their sample, further supporting the
application of nonlinear regression to capturing the relation-
ship between long bone lengths and stature.

Coverage in subadult methods

Other methods of subadult stature estimation have addressed
the nonlinearity of the relationship between long bone
lengths and stature by generating multiple linear equations
by age cohorts [17] or truncating age ranges [14, 15, 18]. Not
only does truncating age ranges reduce the nonlinearity of
the relationship between long bone lengths and stature, but
it also requires an a priori knowledge of age and excludes
methods for certain individuals who may be classified as
“subadult” (see examples in Fig. 4). While it is widely
accepted that subadult age estimation methods remain the
most precise in biological anthropology [29, 59, 63, 64]. Yet,
the age ranges generated by these methods begs the follow-
ing questions: Should a stature estimation method be used
when the individual might be outside of the age range of ref-
erence material? Do you use multiple age-specific methods

Fig.4 Coverage of different

Smith (2007)

to estimate stature? How do you combine the resulting
point estimates and prediction intervals? The present study
addresses these questions by using reference material that
spans almost the entirety of growth and development, from
birth to 21 years of age.

KidStats: Stature

Stature estimates in a forensic biological profile should be
provided as a range provided by a 90% PI, or greater [33,
65]. None of the currently available methods for estimating
stature from immature remains provide guidance for cal-
culating the 90 — 95% PI for the equations from the data
given. Guidance on how to calculate confidence intervals
are provided by some methods [e.g., 15; however, confidence
intervals are only applicable to the regression itself, includ-
ing the data used to create a regression, whereas prediction
intervals are what should be used when introducing new data
(i.e., future predictions) [66]. PIs can be calculated for linear
models by hand if sample size, mean and standard deviation
of the input variable, and model standard error of estimate
(SEE) are provided. However, the calculation for a PI from
a nonlinear equation is even more complex and the tedium
of calculations using complex nonlinear equations prevents
ease of use for biological anthropologists. To address these
barriers to subadult stature estimation, a graphical user inter-
face (GUI) called “KidStats: Stature” was created (Fig. 5).
A direct link to the stature estimation GUI is available at the
following URL.: https://elaineychu.shinyapps.io/ks-stature.

Feldesman (1992)
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Case Information:

to Stature - a graphi

user interface for stature esti ion using the skeleton, i with KidStats. data

are currently a subset from the
Analyst (Required)

the reference data and demographics.

Virtual Ages range from birth to 21 years old. Current efforts are underway to expand

Results displayed in the Output tab are first filtered for testing accuracy >= 95% and subsequently ordered by increasing MAD (Mean Absolute Deviation),
which is a measure of the average error (in cm) for a given model.

Reference Demographics:

Sex:

® Pooled
Male
Female

Geographic Region:

United States

W Reset Measurements

W Reset Info

Citation: Chu EY & Stull KE. (2023). KidStats: Stature - A graphical user
interface for subadult stature estimation. Version 1.00

Contact: Elaine Y. Chu, Ph.D ( elainechu@txstate.edu )

Last Updated: April 2024

Fig.5 Landing page of “KidStats: Stature”

KidStats: Stature contains all 38 linear and nonlinear stature
estimation models from the current study, allows a practi-
tioner to enter in all available long bone measurements, and
returns stature estimates using all provided estimates. The
GUI also provides the user with a PDF record of the stat-
ure estimation analysis to be used for recordkeeping. While
the authors only recommend the use of KidStats: Stature
for forensic anthropology casework in the U.S., as the only
available reference sample — as of yet — consists of cross-
sectional, contemporary data from the U.S., additional uses
will become available as more reference data are added.

Limitations and future considerations

While the present study has attempted to address the limita-
tions of previous studies regarding the relationship between
long bone measurements and stature, additional considera-
tions must be made for future studies. First, while the data
used in this study were separated into 80% training and 20%
testing samples prior to model construction, the testing sam-
ple does technically still belong to the same reference source
even if it is comprised of geographically diverse individuals
[32]. Future validation of the linear and nonlinear regression
equations in this study may then benefit from testing using
data from a completely different source, such as a different
country or temporal period, to better understand the gener-
alizability of these models beyond the context of forensic
casework in the United States. Second, stature information
for this dataset is comprised of a mixture of cadaveric and
living stature obtained from next-of-kin interviews. It has
been previously found that differences between living and

@ Springer

cadaveric stature exist and can affect stature predictions [67,
68]. However, current recommendations for addressing the
discrepancies between cadaveric and living stature are to
simply report prediction intervals in lieu of point estimates
[5, 65, 67]. Third, the choice to create models based on
pooled-sex samples was somewhat deliberate, to remove
the requirement of sex estimation prior to stature estima-
tion. While there are documented differences in sexual size
dimorphism in humans, the degree of dimorphism varies
globally [69—71] and the effects of sexual size dimorphism
on subadult stature estimates should be evaluated in greater
detail. Previous literature investigating the role of sex in
subadult stature estimation suggest sex-specific methods
are preferrable [13, 18] and future research using the same
methods as the current study will aim to address this concern
by creating sex-specific models.

An additional point of consideration for the present study
is the sample demographics themselves — while the sample
size in the current study considerably larger than that of pre-
vious methods using cross-sectional data for subadult stature
estimation [e.g., 12, 13, 15] there are differences in sample
size across the age distribution (Table 1). There is an under-
representation of individuals aged between six and fourteen
and an overrepresentation of individuals at birth (age at
zero). This imbalance of sample sizes by age may result in
decreased accuracy of stature estimates for individuals aged
between six and fourteen, although results of the present
study does not indicate any biases in stature estimation based
on age (Fig. 3). The authors of this study also hope to apply
the same research workflow to bioarchaeological reference
material, to gain greater insight into the effects of secular
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change on body proportions and to provide stature estima-
tion equations that are accurate, precise, and demographi-
cally applicable for bioarchaeology.

Conclusion

The present study addresses some of the past limitations to
subadult stature estimation research by testing the utility of
nonlinear regression and breadth measurements to estimate
stature in growing individuals (i.e., subadults) and demon-
strating the utility of linear and nonlinear regression equa-
tions beyond prediction and into interpretation. This study
demonstrates how treating the relationship between long
bone lengths and stature as nonlinear results in models that
fit the data better, resulting in higher precision while also
maintaining high accuracy. The consideration of breadth
measurements as alternatives for stature estimation in sit-
uations of poor preservation and/or fragmentary remains
expands the applicability of the methodology beyond foren-
sic contexts and into bioarchaeology and paleoanthropology.
The use of a large, diverse reference sample additionally
provides forensic anthropologists with updated regression
equations for estimating stature, whether using linear or
nonlinear models, that better reflect the demographics of
forensic casework in the United States, while providing a
framework for similar studies to be conducted using skel-
etal reference data that are demographically and temporally
diverse. The absence of age and sex biases in the nonlinear
regression equations also suggests that these methods may
be used without prior estimation of age or sex, thus reduc-
ing the potential for compounding error. Finally, integration
of the new regression formulae into a freely available GUI
expands the applicability of nonlinear models to subadult
stature estimation. Future research will focus on expanding
reference samples for global and population-specific meth-
ods and generate subadult stature estimation methods for
historic remains.
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