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ABSTRACT

Globalized marketplaces are necessitating the consideration
of the needs of users from a variety of national and international
regions. Relevant body dimensions are known to play a key role
in influencing users’ physical interactions with products. The
main challenge in designing these products is the unavailability
of comprehensive anthropometric databases for detailed analy-
ses and decision-making. This paper presents a new method to
this end. Z-scores are computed for each body measure of ev-
ery individual in a reference population; this can be any popu-
lation for which a comprehensive database is available. Next,
descriptive statistical information (e.g., means, standard devia-
tions, by-percentile values) from numerous studies and surveys
are used to estimate distributions of the required body dimen-
sions. Finally, the z-score values from the reference popula-
tion are utilized to sample from the aforementioned distributions
in order to synthesize the requisite virtual target population of
users. The z-score method is demonstrated in the context of two
existing populations: U.S. military in the late 1980s (ANSUR)
and Japanese youth from the early 1990s. Despite certain stated
limitations, which are topics of future work in this line of re-
search, the method is shown to be accurate, easy-to-apply, and
robust in terms of underlying assumptions.

INTRODUCTION
This article presents a new method to generate datasets of

anthropometry for target user populations of interest. This is es-
pecially valuable given the increasingly diverse nature of global
markets, and of the wide variety of user needs across these re-
gions. Anthropometric databases allow for detailed analyses and
well-informed decision-making in the design of products with
which users physically interact. These databases can be difficult
to obtain for many of these populations. Anthropometry synthe-
sis techniques, a number of which have been proposed through
the years, are aimed at accurately estimating databases when re-
quired.

The z-score-based technique proposed in this work is a way
to “reverse engineer” descriptive statistical information (e.g.,
summary statistics and by-percentile values) in order to estimate
the underlying data. This capability is well-suited to synthesizing
anthropometry for a wide range of target populations for which
detailed databases are unavailable. This paper describes the pro-
cedure involved in the z-score technique, and subsequently tests
the method in the context of two dissimilar populations: early
1990s Japanese youth and late 1980s U.S. military.

Importance of Anthropometric Data
Anthropometric databases consist of the values of multiple

body dimensions measured from a group of individuals in a sam-
ple population. In addition, some databases also contain a variety
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of demographic information for each participant: age, gender,
race/ethnicity, etc. In well-compiled databases, the sample pop-
ulations are chosen to be representative of certain populations of
interest. Examples of these include ANSUR [1], which repre-
sents the late 1980s U.S. military, and NHANES [2], which is
descriptive of the U.S. civilian population. Other databases are
not directly representative of a population. An example of these
is CAESAR [3], a study of North American and European sub-
jects.

The compilation of anthropometric databases involves pro-
cedures such as the oversampling of the upper and lower tail per-
centiles of a population, since the population’s variability in the
tails are simultaneously more complex to capture and more im-
portant to making well-informed design decisions [4]. The de-
tailed information made available through the databases allow
for multivariate analysis of the body dimensions that are relevant
to a design scenario. This is necessary for accurate assessment
of a design’s accommodation, which is a measure of the per-
centage of the individuals in a population for whom the product
satisfies a variety of performance criteria (e.g., safety, comfort,
ease of use, etc.). The inability to conduct multivariate accom-
modation analyses is likely to result in a product specifications
that yield lower-than-expected accommodation levels in the tar-
get user population [5].

The improved capabilities afforded by anthropometric
databases are applicable in a variety of design scenarios. Data
from body scans of subjects have been applied in apparel siz-
ing [6]. Available information about relevant body dimensions
of Latin American children have been utilized in the design of
school furniture [7]. Digital human models based on anthropo-
metric data have been used in sizing and adjustability-allocation
decision-making, as demonstrated in the context of an exercise
bicycle seat case study [8]. Similarly, improved digital hu-
man models derived from an accurately estimated anthropomet-
ric database for the North American manufacturing population
have helped to improve the manufacturing efficiency through a
modified auto-part design [9]. Detailed hand size analyses have
enabled optimized handle grip design [10]. The utility of detailed
anthropometry in making more sustainable design decisions has
been demonstrated through a case study in truck cab seat pan
design [11].

Many of the aforementioned applications of anthropometry-
based design utilize virtual fitting, which is the simulation of
interactions between users in a target population and the prod-
uct at hand [12]. The process involves developing constraints
between various product specifications and relevant body dimen-
sions. Through quantitative virtual fitting, accommodation levels
resulting from different product specification decisions can be as-
sessed using the constraints and detailed anthropometric data for
the target population.

Another use of information about populations’ anthropome-
try is in studying and designing for secular trends in body dimen-

sions. Examining mean statures and weights over 3 decades in
U.S. and U.K. has highlighted the growth trends in these popula-
tions [13]. Similar observations have been made by monitoring
global mean heights in the last century [14]. Studies have also fo-
cused on the increasing obesity issues around the world [15, 16].
The knowledge gained through this anthropometry-focused re-
search can be valuable in, among other things, designing for
changing user populations of long-lifetime products [17, 18].

All of these applications are proof of the vital role played by
the availability of detailed anthropometric data for the popula-
tion of interest. Additionally, as mentioned earlier in the section,
these data are not available for the wide variety of user popu-
lations across the globe. Compiling this information for every
population of interest may not be a feasible option due to the sig-
nificant investments of time, money, and effort involved. The fol-
lowing subsection discusses the process of anthropometry syn-
thesis, which can be used to estimate anthropometric databases
when they are not readily available.

Anthropometry Synthesis
The body dimensions of individuals in a population exhibit

correlations. Anthropometry synthesis techniques seek to ex-
ploit these correlations in two ways. First, the required body
dimensions may be estimated using “predictor” body measures
for which data are more easily available; stature and BMI (body
mass index, a normalized ratio of weight-to-stature) are two such
measures. These can be used as predictors in methods based on
proportionality constants and regression. Second, distributions
of the required body dimensions may be generated using de-
scriptive statistical information; these distributions can then be
sampled while maintaining the known correlations between the
required body measures. Examples of these descriptive statistics-
based approaches are percentile combinations datasets (PCD)
and the proposed z-score technique.

Proportionality constants are ratios of different body dimen-
sions to stature [19]. Their values for a population are found by
averaging the body dimension-to-stature ratios calculated for all
the individuals in the population. Conversely, the required body
dimensions can be computed as the product of stature and the
proportionality constants.

The use of proportionality constants has drawbacks [20].
Different individuals are proportioned differently within and
across populations [21], and are comprised of varying per-
centiles of body dimensions [22]. Regression-based approaches
can mitigate these limitations, particularly when the residual
variance of regression is included in the analysis [23]. This
practice reintroduces into the model the random component of
variation of anthropometry across individuals. The accuracy-
related benefits of doing so are especially noticeable at the tail
percentiles of the synthesized body dimensions.
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The previous subsection mentioned the difficulties associ-
ated with obtaining detailed data for the populations of interest.
These difficulties notwithstanding, descriptive statistical infor-
mation about numerous body measures are obtainable for a va-
riety of populations. Descriptive statistics commonly consist of
a combination of summary statistical information (e.g., means,
standard deviations) and by-percentile values of the body dimen-
sions at key percentiles (e.g., 1st, 5th, 50th, 95th, and 99th). This
form of information is made available through reports, articles,
and software put forth through studies by an array of research
groups, institutions, and organizations. Examples of these re-
sources include ERGOKIT [24], MikroZensus [25], the Health
Survey for England [26], the Chinese State Bureau of Techni-
cal Supervision [27], Gite et al. [28], Barroso et al. [29], Liu
et al. [30], Mokdad [31], and Guan et al. [32]. The scope
of these studies are truly broad, ranging from national civilian
populations to small, highly-focused, regional groups (e.g., fe-
male maquiladora workers at the Mexico-U.S. border, Algerian
farmers, Indian agricultural laborers, U.S. truck drivers). Fur-
thermore, the descriptive statistics are valuable as the building-
blocks of anthropometry synthesis methods that look to “reverse
engineer” the underlying data.

The percentile combinations dataset (PCD) technique [33]
is an example of these methods. The PCD is a compilation of the
body dimensional percentiles of each individual in a reference
population, which is an existing anthropometric database that is
representative of a population and contains a comprehensive list
of body measures (e.g., ANSUR [1]). Statistical models can be
fitted to the descriptive statistical information for the target popu-
lation to simulate the distributions of the required body measures.
The PCD can then be used to derive values of the measures from
these models while maintaining the combinations of percentiles
for the individuals in the population.

METHODOLOGY AND CASE STUDY
This section first introduces the background statistical

knowledge that forms the foundation of the proposed z-score-
based method. Following this, the procedure involved in the
method is described and simultaneously demonstrated in the con-
text of a case study.

Every population is unique in terms of socioeconomic and
demographic factors: income and education levels, lifestyles, nu-
trition, gender ratio, age variation, racial/ethnic composition, etc.
As a result, the various characteristics of anthropometric distri-
butions, including summary statistics such as the mean and stan-
dard deviation, also tend to vary across user populations. These
variations can be captured in a number of ways. Proportionality
constants do this by calculating the average body proportions for
the population. The regression-based approach does this through
regression constants and residual variances. The PCD method
utilizes percentile combinations datasets for this purpose. Z-

score datasets are the means of achieving this end in the tech-
nique proposed in this paper.

The z-score is a statistical parameter that represents the de-
viation of a value from the mean in its sample. When applied to
anthropometry, z-scores can be used to indicate the deviation of
individuals’ body measures from the mean of their distributions
for the population of interest. Equation 1 is the z-score formula
as applied to anthropometry:

Xn
m = µn +Zn

m ·σn (1)

where X: value of the body measure n at a certain percentile for
individual m, Z: the z-score of the normal distribution at that per-
centile, µ: the mean of the anthropometric distribution, assumed
equivalent to the 50th percentile, and σ : the standard deviation
of the distribution. Accordingly, the anthropometric variability
of a population can be captured in a dataset of z-scores of all the
individuals’ body dimensions of interest. Figure 1 illustrates this
concept.

The z-scores dataset is the foundation of the proposed an-
thropometry synthesis technique. The governing hypothesis is
that the fundamental, inter-correlated, multidimensional variabil-
ity within anthropometric data is similar for different popula-
tions. This hypothesis was verified in the context of two an-
thropometrically dissimilar populations: U.S. military in the late
1980s [1] and Japanese youth (18-29 years of age) in the early
1990s [34]. The former consists of information about 132 body
dimensions for 2208 females and 1774 males, and the latter com-
prises of 255 body dimensions for 200 females and 200 males
(50 female and 50 male subjects outside the youth age range were
omitted from consideration).

For the purpose of this analysis, 12 body dimensions
were selected: acromial height, bideltoid breadth, buttock-knee
length, buttock-popliteal length, hand length, hip breadth (sit-
ting), knee height (sitting), popliteal height (sitting), sitting
height, stature, trochanteric height, and BMI. These dimensions
comprise of both length- as well as breadth- specific measures,
which is important for thoroughly addressing different aspects of
anthropometric variability.

The Mahalanobis distance metric [35] was utilized to com-
pare z-score datasets compiled for the ANSUR and Japanese
populations. The Mahalanobis distance assesses multidimen-
sional data by accounting for inter-dimensional correlations and
variances that are specific to each dimension; in this way, it is
superior to Euclidean distance-based comparisons.

The Mahalanobis distance analysis was supplemented by Q-
Q (i.e., quantile-quantile) plots. Q-Q plots help to compare pairs
of probability distributions, and produce plots across multiple
quantiles of the two distributions. Figure 2 shows the Q-Q plots
of the Mahalanobis distances for the female and male Japanese
and ANSUR populations; the similarity of the distances of the
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FIGURE 1. Calculating z-scores for the individuals’ body dimensions.

population pairs is illustrated by the general adherence of the
plots to the 45 degree line.

The visual assessments from the Q-Q plots were com-
plemented by Wilcoxon tests of the Mahalanobis distances.
The W-values for the Japan-ANSUR comparisons were 4938
(p-value=0.9269) for the female populations and 4967 (p-
value=0.87) for the male populations. These values failed to
reject the null hypothesis of equivalence of the Mahalanobis dis-
tances of the population pairs. The nature of the anthropometric
variability contained within the z-score datasets from which the
Mahalanobis distances were derived was therefore concluded to
be similar for the Japanese and ANSUR populations. This ver-

female
ANSUR

female Japan0 40

40

male
ANSUR

male Japan0 40

40

FIGURE 2. Q-Q plot of the Mahalanobis distances calculated for the
female ANSUR and Japanese youth populations using their respective
z-score datasets. The distances for each population are calculated about
its own Mahalanobis centroid.

ified the fundamental concept underlying the proposed anthro-
pometry synthesis method.

The remainder of this section details the steps that comprise
the method (Figure 3). The steps are concomitantly applied on
a case study involving the Japanese and ANSUR populations in-
troduced earlier. With the intent of brevity, the focus is on the
female populations. The same 12 body dimensions listed earlier
are retained for the study.

Step 1: Z-score Compilation
The verification of the foundation of the z-score-based

method implies that a z-score dataset compiled for a reference
population can represent the nature of the body dimensional vari-
ability for another population. Accordingly, the requisite z-score
dataset can be generated for an easily-available anthropometric
database. The caveat is for this database to be representative of
a population of users, and for it to therefore contain the entire
extent of anthropometric variability within that population. Gen-
erating this dataset is the first step of the proposed technique.

In the context of the case study, owing to its comprehensive-
ness, easy availability, and representative nature, ANSUR was
selected as the reference database. Z-scores were calculated for
the 12 selected body dimensions for each individual using a mod-
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FIGURE 3. The proposed method to utilize z-score datasets in synthe-
sizing anthropometry for the target user population.

ified form of Equation 1:

Zn
m = [Xn

m −µn]/σn. (2)

In this manner, a z-score dataset was compiled for the 2208 fe-
male ANSUR subjects.

Step 2: Collecting Descriptive Statistics
The Anthropometry Synthesis subsection mentioned some

of a number of studies that have resulted in anthropometric de-
scriptive statistics (means, standard deviations, by-percentile val-
ues) being made available for a wide array of global populations.
Step 2 in the proposed method involves locating the descriptive
statistics for the target population of interest.

Many of these descriptive statistics directly specify the
means and standard deviations of the body dimensional distri-
butions for populations. In the absence of this information, by-
percentile values of the body dimensions can be used to estimate
their distributions’ means and standard deviations, with Equa-
tion 1 once again being the basis for these estimations.

For the purposes of the case study, the means and standard
deviations of the 12 body dimensions for the target population
were calculated from the Japanese youth database. The actual
data for this target population were retained for use in compar-
isons with the synthesized data in order to assess the accuracy of
the proposed method.

Step 3: Calculating Anthropometric Values
In the final step of the proposed method, the means and stan-

dard deviations obtained from Step 2 can be used in Equation 1
along with the z-score dataset from Step 1. The value of each
body dimension can thereby be calculated for each individual in
the target population, thus generating a “virtual population” of
users. These data are well-suited for multidimensional anthropo-
metric analyses in design decision-making.

For the case study, the 12 sets of means and standard de-
viations from Step 2 were utilized in Equation 1 along with the
z-score dataset compiled for ANSUR in Step 1. The resulting
database for a female Japanese virtual population consisted of
12 body measures and 2208 users, the size of the z-score dataset.

RESULTS AND DISCUSSION
The preceding section introduced and verified the underly-

ing concept of the z-score-based technique: the similarity across
populations of variability as represented by a dataset of the indi-
viduals’ anthropometric z-scores. Following this, the three steps
of the proposed method were explained and demonstrated in the
context of a case study involving two anthropometrically dissim-
ilar populations. The results of the application of the method
are presented in this section, and the advantages and limitations
thereby identified and discussed.

Table 1 serves as a concise examination of the effectiveness
of the approach. The actual and synthesized body dimensions
for the female Japanese population are compared at 5 percentiles,
four at the upper and lower tails of their respective distributions
and one at the 50 th percentile. Also shown are the means and
standard deviations of the two sets of body measures. As an ad-
ditional mode of comparison, two average error values are calcu-
lated for each body dimension. One of these values is the average
of the difference between the actual and synthesized anthropom-
etry at the 1st to 99th percentiles, in increments of 1 percentile.
The second value is calculated at only the tail percentiles, con-
sisting of the 1st to 10th and 90th to 99th percentiles.

The comparisons of the by-percentile values, means, and
standard deviations indicate a close match between the actual
and synthesized datasets. The largest deviations are observed
for stature, but even these are within 9 mm (0.35 inches) of each
other. The means and standard deviations of the two datasets
are found to be close to equal for all 12 body dimensions. The
convergence of the actual and synthesized datasets is further em-
phasized by the two sets of average error values. Both types
of errors are found to be low, with the average errors computed
at the tails being comparatively higher. This is to be expected,
since, as mentioned in the Importance of Anthropometric Data
subsection, body measures tend to be more difficult to model at
the upper and lower tails of their distributions.

Accordingly, the proposed z-score-based method is shown
to be effective in terms of accuracy of anthropometry synthesis.
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However, three main questions remain to be addressed:

1. Does the technique represent an improvement over exist-
ing anthropometry synthesis methods? This study examined
the accuracy of the synthesized body dimensional dataset
by comparing it with the actual dataset using by-percentile
values, summary statistics, and two metrics of average er-
ror. The accuracy must next be compared with the accuracy
resulting from other anthropometry synthesis techniques in
order to understand their relative strengths and weaknesses.

2. Does the technique retain its effectiveness with other pairs
of reference and target populations? The effectiveness of
the z-score-based method has been demonstrated with the
ANSUR and Japanese databases as the reference and target
populations, respectively. This effectiveness must be tested
with additional reference-target population pairs.

3. Is there a way to statistically confirm the validity of the tech-
nique in a robust manner? The fundamental concept in this
technique was the similarity across different populations of
the nature of multidimensional anthropometric variability.
This concept was verified in the context of the ANSUR and
Japanese populations. More thorough and comprehensive
validation of the concept remains to be accomplished.

CONCLUSION
This study proposed a new technique that is based on z-score

datasets first being compiled for a reference database, then uti-
lized with descriptive statistics for the target population to syn-
thesize a detailed body dimensional database for the latter pop-
ulation. The technique was demonstrated in the context of two
dissimilar populations, and was shown to be sufficiently effec-
tive in terms of accuracy. Three main questions were identified
as the focuses of future work. The continuing improvements in
anthropometry synthesis methodologies that are being yielded by
this line of research are yielding significant benefits on decision-
making in the design of products with which users physically
interact.
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TABLE 1. A comparison of actual (Act) and synthesized (Syn) female Japanese anthropometry at the key percentiles utilized in their synthesis. Also
shown are the average error values calculated at for only the tail percentiles (1st to 10th and 90th to 99th) and all percentiles (1st to 99th). BMI is
unit-less, all other units are in mm.

Percentiles Mean S.D. Avg. Error

1st 5th 50th 95th 99th Tail All

Acromial ht Act 1174 1204 1274 1370 1391 1278 48

Syn 1169 1204 1276 1358 1393 1278 48 2.74 4.35

Bideltoid brth Act 369 377 405 443 451 407 20

Syn 364 376 405 441 455 407 20 1.15 2.66

Butt-knee lnth Act 495 511 540 579 595 541 21

Syn 494 508 540 578 594 541 21 0.84 1.90

Butt-popliteal lnth Act 395 406 439 473 490 439 21

Syn 393 406 438 474 488 438 21 0.97 1.18

Hand lnth Act 156 163 174 188 191 174 7

Syn 157 162 173 187 192 174 7 0.47 0.91

Hip brth, sit Act 316 330 355 391 402 358 19

Syn 317 329 356 391 404 358 19 1.10 1.36

Knee ht, sit Act 434 447 474 510 524 475 19

Syn 432 445 475 509 521 475 19 1.05 1.45

Popliteal ht, sit Act 354 362 385 421 430 388 17

Syn 351 361 386 418 428 388 17 1.48 1.78

Sitting ht Act 819 825 864 918 932 867 27

Syn 815 824 866 914 932 867 27 2.08 3.19

Stature Act 1484 1512 1588 1690 1726 1591 52

Syn 1478 1510 1589 1681 1721 1591 52 3.03 6.37

Trochanteric ht Act 736 756 815 877 902 814 35

Syn 737 759 814 874 901 815 35 1.48 2.43

BMI Act 17 18 21 24 26 21 2

Syn 17 18 21 24 26 21 2 0.11 0.19
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