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Abstract 

Estimates of body mass are essential to biological anthropology research. The primary 

source for such estimates is skeletal morphology, and several predictive equations have 

been developed for cranial and postcranial material. These equations are widely used, 

but a number of factors suggest that they may not be as reliable as they are generally 

assumed to be. In particular, reference samples are often small and analyses frequently 

employ indirect measurements, specimens without accompanying body mass values, or 

mean data. In addition, tests of the equations have rarely involved external validation 

with samples of known mass. 

This project addressed these issues through three studies, using a large sample of 

modern humans for which both body masses and skeletal measurements were 

available. The sample consisted of Swiss forensic cases whose skeletal measurements 

were reconstructed from whole-body computed tomography scans. The first study 

compared the accuracy of three sets of commonly employed cranial equations. The 

second assessed published postcranial equations and compared the results to previous 

evaluations that had used less robust test samples. Several expectations regarding the 

performance of the equations were also tested. The third study employed the same 

sample to develop and test new regression equations for estimating mass from cranial 

and postcranial variables. The study was designed to compare the relative utility of the 

cranial and postcranial equations and to test the effect of variable choice, statistical 

method, and evaluation criteria on estimation competence. 

Results suggest that body mass estimates should be used more cautiously than is 

usually the case. Overall, cranial equations did not estimate mass accurately. Several 

that have been deemed to be reliable in previous studies, did not perform well. 

Postcranial equations estimated mass more accurately, but not consistently. They also 

did not necessarily perform in accordance with statements in the literature. Deriving new 

equations using a known reference sample improved estimation competence compared 

to previous studies, but accuracy rates remained relatively low. Key assumptions about 

the best criteria to use for evaluating predictive competence were not supported. Further 

research may explain these discrepancies, but until then, estimates generated with 

currently published equations should be treated as “ballpark figures”. 
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Chapter 1.  
 
Introduction 

1.1. Aims and Objectives 

Body mass estimation is one of the most important tasks undertaken by 

biological anthropologists. As body mass correlates closely with, and indeed determines, 

many physiological, behavioural, and ecological traits (Calder, 1984; Damuth and 

McFadden, 1990), estimates from skeletal material are essential to investigations of past 

species and groups. In palaeoanthropology, estimates are used to infer traits as diverse 

as hair density, gestation length, inter-birth interval, positional repertoire, home range 

size, and dietary preference (Smith, 1996). Body mass estimates are also used in 

comparative studies and provide a baseline for assessing evolutionary changes and 

adaptive shifts in features like brain size, tooth size, limb proportion and neonatal size 

(e.g. Frayer, 1984; Delson et al., 2000; DeSilva, 2011; Frayer, 1984). In more recent 

humans, body mass estimates are essential for reconstructing demographic 

characteristics and assessing health in individuals and groups (Steckel and Rose, 2002; 

Cohen and Crane-Kramer, 2007). Body mass estimates also play a vital role in 

understanding patterns of growth and development (Humphrey, 1998; Walker et al., 

2006) and interpreting physical responses to environmental influences (Ruff, 2002; Kurki 

et al., 2010; Cross and Collard, 2011; Kurki et al., 2010; Collard and Cross, in press). 

Lastly, body mass estimates are key to understanding biomechanical influences on the 

body and determining how genetic and epigenetic factors, lifestyle, and activity patterns 

shape skeletal morphology (Ruff, 2000; Lieberman et al., 2001; Ruff, 2000; Ruff et al., 

2006). 

Body mass estimates are also beginning to play an important role in forensic 

anthropology. Given the current rise in obesity around the world, the potential for 

determining differences in body mass from skeletal material in modern groups is of 
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interest to forensic anthropologists (Rainwater et al., 2007; Agostini and Ross, 2011; 

Daneshvari, 2011; Moore and Schaefer, 2011; Lorkiewicz-Muszyńska et al., 2013). This 

research is important not only because weight is an indicator of general health, but also 

because it may be possible to use body mass as an individualizing feature in mass 

disaster or identification work (Byard, 2012). In addition, because body size can affect 

decomposition, deposition and diagenic processes, body mass estimates could be used 

to help interpret taphonomic changes in a variety of contexts (Suskewicz, 2004). 

In light of their obvious importance, it is imperative that the methods used to 

estimate body mass in biological anthropology are as robust as possible. In particular, 

the objectives and limitations of the methods must be understood and made explicit. 

Where predictive equations have been developed, and are used regularly, it must be 

demonstrated that they provide reasonable and accurate predictions for the specimen(s) 

in question. In addition, expectations of performance and levels of precision must be 

defined if any level of confidence is to be placed in the resulting mass estimate. Where 

such equations are shown to be problematic, new equations or approaches must be 

considered and interpretations must be appropriately tempered. Thus, it is critical to 

ensure that the methods are evaluated as thoroughly as possible. This was the impetus 

for the present research. 

This project used whole-body computed tomography scans of known individuals 

to reconstruct three-dimensional models of specific skeletal regions commonly used to 

estimate body mass. Measurements from the reconstructions were then entered into 

previously published cranial and postcranial regression equations to test the accuracy of 

their estimates against the sample individuals’ known masses. A number of expectations 

regarding the performance of the regression equations were also tested. The 

measurements were used to generate new regression equations for both cranial and 

postcranial variables. The accuracy of the new equations was then tested using a sub-

sample of the reference group. The results of the cranial and postcranial analyses were 

compared to each other and to those of existing equations. Several factors thought to 

affect estimation accuracy were also assessed. In taking this approach, the present 

research sought to improve the way biological anthropologists estimate human body 

mass from skeletal material. 
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The remainder of this chapter provides a background on body mass estimation in 

biological anthropology and the current project’s contribution to it. It begins by reviewing 

the history of body mass estimation and the different skeletal regions that have been 

used in past analyses. It then reviews in detail, the cranial and postcranial studies whose 

regression equations are now used most widely. The limitations associated with the 

different approaches and the equations derived from them, are also outlined. One of the 

more significant of these problems relates to the inadequacy of many reference 

samples. Consequently, the subsequent section discusses how the present research 

employed Computed Tomography to address this issue and the advantages of this 

approach. It concludes with a brief outline of the dissertation and the three papers that 

comprise it. 

1.2. History of body mass estimation in Biological 
Anthropology 

Attempts to estimate the size of past individuals and species have a long history 

in biological anthropology (Duncan, 1883; Pearson, 1899). While a variety of parameters 

(e.g. stature, trunk volume, bone weight, etc.) have been used to represent “size”, body 

mass, as a dimension exclusive of force (Smith and Jungers, 1997), has been the 

primary focus for most studies. 

Many early estimates of body mass for fossil primates, including hominins, 

focused on dental material (e.g. Henderson and Corruccini, 1976; Gingerich, 1977; 

Wood, 1979; Blumenberg, 1984; Conroy, 1987; Fleagle and Kay, 1995). This was an 

obvious choice as teeth preserve well, do not grow continuously in most mammals, and 

show strong heritability (Gingerich, 1977). Teeth are also well represented across time, 

space and taxonomic groups, making them useful foci for evolutionary studies (Wood, 

1979). However, using teeth is problematic in fossil hominin studies as behavioural 

specializations (e.g. dietary preferences in robust australopithecines) can result in 

different body mass-tooth size relationships and thus, have the potential to bias the 

resulting mass estimate (Steudel, 1980; McHenry, 1988). In addition, the relationship 

between dental dimensions and body size in modern humans has proven to be relatively 

weak (Henderson and Corruccini, 1976). While this may be due to the increased reliance 
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on tools and food processing (Frayer, 1984; Kappelman, 1996), it further reduced the 

utility of dental material for body mass estimates in early Homo species. 

In light of these challenges, other areas of the cranium have been investigated 

for their utility in estimating body mass (Steudel, 1980; Martin, 1981; Aiello and Wood, 

1994; Kappelman, 1996; Spocter and Manger, 2007). This approach takes explicit 

advantage of the fact that cranial material is relatively plentiful in the fossil record and 

forms the basis for identifying the taxonomic affinities which are necessary for 

comparative studies (Aiello and Wood, 1994). Several sets of predictive equations have 

been developed for use with fossil hominins (Aiello and Wood, 1994; Kappelman, 1996; 

Spocter and Manger, 2007), all of which rely on allometric relationships across primates 

and employ interspecific regression analyses. 

Three studies that have become the most widely cited sources for estimating 

body mass from cranial material are worth describing in more detail. The first is Aiello 

and Wood’s (1994) study “Cranial variables as predictors of hominine body mass”. Using 

mean body masses for non-human primates from the literature (Harvey et al., 1987), and 

human masses from autopsy records, Aiello and Wood collected a total of 15 cranial 

variables (linear measurements and area calculations) from a sample of 250 primates, 

including 24 modern humans from the Raymond Dart Collection. Analyses were carried 

out on log-transformed mean data for two samples – a broad “Simian” group and a 

narrower “Hominoid” group, using least square (LS) and reduced major axis (RMA) 

regression. The cranial dimensions were also compared to 14 postcranial variables 

commonly used in body mass estimation. The results suggested that several cranial 

variables correlated well with body mass. In particular, orbital area, orbital height and 

biporionic breadth were argued to be the most reliable estimators of mass across 

hominoids, including humans. Body masses of several fossil specimens were then 

estimated using these variables, with the conclusion that “orbital height should be the 

preferred cranial predictor” for fossil hominins (Aiello and Wood, 1994:424). 

The second study is Kappelman’s (1996) “The evolution of body mass and 

relative brain size in fossil hominids”. Here, orbital area was measured on 343 extant 

primates, including 32 humans from the Hamann-Todd collection. Again, mean body 

masses for the non-human primates were gleaned from the literature while the human 
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body masses were taken from autopsy records. Orbital area was measured from 

photographs imported into a Computer Assisted Design (CAD) program. As with Aiello 

and Wood’s (1994) study, two samples, an “all primate” group and a “hominoids-only” 

group, were analyzed. All data were log transformed and analyses carried out on mean 

values using least square (LS) regression. Reduced major axis (RMA) regressions were 

conducted only for comparative purposes. The results were also compared to those 

derived from postcranial material, specifically femoral head measurements. Kappelman 

(1996) also found a strong correlation between orbital area and body mass (r=0.987) 

and considered his CAD-derived measurement method for orbital area to be an 

improvement on that of Aiello and Wood (1994). Like Aiello and Wood (1994), 

Kappelman applied his equations to a number of fossil specimens. 

The third study to use cranial variables to approach the question of body mass 

estimation is “The use of cranial variables for the estimation of body mass in fossil 

hominins” by Spocter and Manger (2007). This study employed many of the same 

variables as Aiello and Wood (1994) and Kappelman (1996), but used slightly different 

calculations for some variables (e.g. orbital area). The sample consisted of 259 

primates, including 180 modern humans from the Raymond Dart Collection, the same 

collection used by Aiello and Wood (1994). Again, body masses for the human sample 

were taken from autopsy records, while the non-human primate masses were taken from 

the literature. Analyses were conducted on mean data for two samples: all primates and 

hominoids. However, unlike the previous two studies, only average female body masses 

were used. Data were log transformed and analyzed using least square and reduced 

major axis methods. This study also differed from the previous two in explicitly taking 

phylogeny into account via the independent contrasts method (Felsenstein, 1985). 

Spocter and Manger (2007) found that orbital height, orbital area and facial breadth were 

the best predictors of mass. Subsequently, they used these features to estimate the 

mass of a range of fossil specimens. 

Despite these three studies arguing in their favour, cranial variables have been 

considered to be less appropriate for body mass estimation than postcranial features, as 

the skull does not transmit the body’s weight and therefore bears no functional 

relationship to mass (e.g. Hylander, 1985). On this basis, postcranial elements have 
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been the primary focus for most body mass estimation studies (e.g. McHenry, 1976; 

1988; Rightmire, 1986; Ruff, 1987). 

As the largest weight-bearing bone in the body, the femur has dominated 

postcranial body mass estimation methods. Initially, femoral shaft breadths were the 

primary target (McHenry, 1976; Oleksiak, 1986; Hartwig-Scherer, 1993). However, these 

efforts were criticized on the grounds that diaphyseal breadths can also be affected by 

changes in mechanical loading, environmental stress and activity (Ruff et al., 1993; 

Trinkaus et al., 1994; Lieberman et al., 2001). In addition, the relative size of diaphyseal 

breadths appears to differ between fossil and modern humans (Ruff et al., 1997), making 

comparisons between the two more difficult. As a result, later research has tended to 

focus on femoral articular surfaces. 

Femoral head breadth (FHB) is now the most frequently used variable for 

estimating body mass and has become synonymous with the “mechanical approach” 

(Ruff, 2002). In addition to being considered less sensitive to external influences, this 

variable has been argued to be advantageous because femoral heads are relatively well 

represented in the fossil record and easily measured (Ruff et al., 1991). Three sets of 

regression equations derived from femoral head breadth have become standard in 

biological anthropology and are argued to be applicable to fossil and modern samples of 

varying body sizes (Ruff et al., 1991; McHenry, 1992; Grine et al., 1995). An additional 

set of FHB equations, argued to be more broadly applicable to Holocene humans, has 

also recently been published (Ruff et al., 2012). 

Given their broad use and general acceptance, the four current “mechanical” 

studies also warrant further discussion (Ruff et al., 1991; McHenry, 1992; Grine et al., 

1995; Ruff et al., 2012). In the first study, Ruff et al. (1991) tested the hypothesis that 

articular and diaphyseal morphologies respond differently to mechanical loads by 

measuring femoral head, neck, mediolateral subperiosteal, and cortical breadth 

dimensions in a sample of 80 living individuals. The sample was evenly split between 

males and females, almost two-thirds of which were “white”. Measurements were taken 

from clinical radiographs while current weight and weight-at-maturity (~18 yrs) were 

obtained through patient recall. From these data, Ruff et al. (1991) concluded that, 

overall, femoral head dimensions correlated better with weight at maturity than current 
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weight, while shaft dimensions showed the opposite tendency. Sub-samples showed 

more inconsistency, with some groups (e.g. “white females”) showing low correlations for 

all measurements. Despite these inconsistencies, Ruff et al. (1991) concluded that 

proximal femoral dimensions were the most useful for predicting individual body mass in 

modern humans and that earlier human samples could be reasonably estimated by 

applying a “downward adjustment of about 10%” (pg. 411) to account for increased 

adiposity in the modern reference sample. Ultimately, Ruff et al. (1991) provided three 

sets of regression equations for males, females and combined-sex samples for use with 

femoral head breadth. These equations have been used on both fossil and modern 

samples and continue to be used regularly to estimate body mass in biological 

anthropology (e.g. Auerbach and Ruff, 2004; Kurki et al., 2010; Pomeroy and Stock, 

2012). 

McHenry (1992) carried out the second “mechanical” study. Because their 

proportions differ, McHenry suggested that using relatively large-bodied modern human 

samples to estimate body mass in small-bodied fossil hominins was problematic. To 

address this, he measured 13 postcranial variables, including femoral head breadth, on 

a broad sample of extant primates, including humans. The human sample included both 

Europeans and two small-bodied African groups (Khoisan and “Pygmies”). For the most 

part, individual body masses were taken from field notes (wild-caught non-human 

primates) or from autopsy records (humans). Body masses for the two small-bodied 

human samples (n=8) however, were estimated from long bone lengths. Analyses were 

conducted on log transformed mean data, using least square (LS), major axis (MA) and 

reduced major axis (RMA) regression, with LS being considered the most appropriate. 

McHenry (1992) found that all the postcranial variables correlated highly with body 

mass, both across hominoids and within Homo sapiens. Within the human sample, the 

femoral shaft measurements correlated slightly better with weight than did the femoral 

head. Despite this, McHenry also concluded that hind limb joint sizes were better 

predictors of body mass in fossil hominins. Subsequent to this study, Ruff et al. (1997) 

used McHenry’s modern human data to derive a combined-sex regression equation for 

femoral head breadth specifically designed to be applicable to small-bodied humans and 

fossil hominins. 
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The third study to use femoral head breadth to estimate mass was carried out by 

Grine and colleagues (1995). Using data from Jungers (1990), the reference sample 

consisted of 10 sex-specific means for several large-bodied modern humans, including 

Europeans, African Americans and Native Americans. Least squares regression was 

again used and the data were not log transformed. Although the resulting combined-sex 

equation was designed to determine the size of a specific specimen (the Berg Aukas 

femur), it has since been recommended as a useful equation for estimating body mass 

in large-bodied hominins more generally (Ruff et al., 1997). 

Ruff et al. (2012) provide the most recent set of mechanically-based regression 

equations. This study employed a large (n=1145) reference sample of geographically 

diverse archaeological specimens to derive sex-specific regression equations for femoral 

head breadth. Individual skeletal measurements were taken, but body masses were 

estimated using another postcranial approach: the “morphometric method” (Ruff, 2002) 

that involves measures of stature and bi-iliac breadth (see below). Arguing that Model II 

statistical techniques are more appropriate over broad size ranges, this study employed 

reduced major axis regression (RMA) instead of the more common least squares 

approach. Ruff et al. (2012:9) concluded that these new regression equations would be 

“broadly applicable to European Holocene populations” and potentially more appropriate 

in circumstances where equations for specific populations or body types were not 

available. As this set of equations was only recently published, they have yet to be 

incorporated into many investigations (but see Trinkaus et al., 2014). 

A second approach to estimating mass from postcranial material has been 

described as the “morphometric method” (Ruff, 2000a; 2002; Auerbach and Ruff, 2004). 

Here, body mass is estimated by reconstructing overall body shape from stature (most 

often taken from femoral length) and a measure of body breadth (usually bi-iliac breadth) 

(Ruff, 1991; 1994; 2002; Ruff et al., 1997; 2005). Initially, a reference sample of living 

individuals from 56 populations around the world was used (Ruff, 1991; 1994). Variables 

consisted of mean anthropometric measurements for bi-iliac breadth and stature, 

combined with body mass data gleaned from various other studies. Although the 

measurement methods sometimes differed between sources, and not every study 

recorded both variables, Ruff (1991) attempted to “match” stature and bi-iliac breadth for 

each sample by using the same number of individuals in each group. Raw (unlogged) 
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data were used to derive sex-specific least square regression equations for estimating 

body mass in humans, after converting skeletal bi-iliac breadth to living breadth (Ruff et 

al., 1997). These equations have been argued to be reliable because the approach does 

not make biomechanical assumptions about the relationship of skeletal morphology to 

mass and employs a geographically diverse sample (Ruff 2000b; Ruff et al., 1997). The 

range of the sample was also used to argue that the equations are applicable even at 

the extremes of human variation (e.g. lean athletes) (Ruff, 2000a). 

A subsequent study by Ruff et al. (2005) expanded on the original reference 

sample by adding two relatively large-bodied, high-latitude groups (Finnish males and 

females). New sex-specific regression equations were then derived that have been 

argued to be “more broadly applicable, particularly to tall and wide-bodied males” (Ruff 

et al., 2005:390) than the previous equations. While these equations were designed 

specifically to increase the representation of high-latitude populations and be used with 

similar groups, in practice, they have largely replaced the earlier equations (Ruff et al., 

2006; 2012; Lorkiewicz-Muszyńska et al., 2013). 

1.3. Limitations of estimation approaches 

Despite the general acceptance of the methods, and the widespread application 

of the regression equations just described (Trinkaus and Jelinek, 1997; Kordos and 

Begun, 2001; Holliday, 2002; Ruff et al., 2006; Rosenberg et al., 2006; Ruff et al., 2006; 

Nakatsukasa et al., 2007; Knusel et al., 2010; Melton et al., 2010; Ruff, 2010), a number 

of practical, methodological, and statistical limitations have been identified in relation to 

estimating body mass from skeletal material. 

Practically, one of the most obvious challenges relates to the choice of variable 

to employ for accurate estimation – a decision that depends heavily on what skeletal 

material is available. Complete elements are rare in the fossil record, and are not always 

common in archaeological or modern contexts (Haglund and Sorg, 2002). Consequently, 

measurements are frequently estimated from fragmentary or reconstructed elements, a 

practice that compounds the error in the resulting estimate. This is a challenge for the 

cranial equations as the “best” variables relate to the eye orbits and basicranium (Aiello 

and Wood, 1994), features that are easily broken or distorted in deposition. It is also a 
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problem for the “morphometric” postcranial equations as they require measures of both 

bi-iliac breadth and stature (Ruff, 2002; Ruff et al., 2005). Stature in particular, is fraught 

with numerous challenges (SWGANTH, 2012) whether it is “anatomically” reconstructed 

from a whole skeleton (Fully, 1956; Raxter et al., 2006), or estimated from a single 

element (e.g. Trotter and Gleser, 1952; Feldesman and Fountain, 1996). 

The choice of variable also depends on the nature of its relationship to body 

mass. In general, the assumption has been that body mass should be better predicted 

by features that are directly related to weight (Jungers, 1988; Ruff, 1991, 1994; 

McHenry, 1992). For most researchers, this refers specifically to load-bearing elements 

like the femur. However, Smith (2002) has argued that while a functional relationship 

may suggest potential candidates for predictive competence, it is the statistical 

properties that determine a variable’s utility. Indeed, it is on this basis that the 

morphometric methods have been argued to be effective, despite the lack of a 

biomechanical relationship between mass and overall body shape (Ruff et al., 1997, 

2005, 2012). 

The choice of reference sample is also a critical issue (Smith, 2002). All methods 

for estimating body mass in biological anthropology rely on comparisons with extant 

primates. However, studies vary in terms of how many species are used and whether or 

not humans are included in the samples. Choices include a broad range of species (e.g. 

all primates), a narrower taxonomic group (e.g. only hominoids), or a single species (e.g. 

modern humans). This decision is based largely on whether or not the feature in 

question shares the same relationship to mass in each group (Steudel, 1980; Hartwig-

Scherer, 1993) and whether the target specimen is expected to fall within the range of 

variation provided in the reference groups. Where humans and non-human primates 

scale the same way – as has been argued for orbital area (Kappelman, 1996) and 

femoral shaft breadth (McHenry, 1992), broad taxonomic comparisons are expected to 

provide a “greater degree of confidence” (Kappelman, 1996:260) in an estimate. Where 

humans scale differently from other primates, as with femoral head diameter because of 

bipedality (Ruff et al., 1991), the use of more narrow reference sample is considered 

more appropriate. For some equations, this has led to the exclusive use of modern 

human samples (Ruff et al., 1991; McHenry, 1992; Grine et al., 1995). 
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In both cases, it is expected that the target specimen is a member of one of the 

populations that was used to generate the regression equation (Smith, 2002; Wood, 

2011), or at least corresponds closely to the reference model in some biologically 

meaningful way (Hartwig-Scherer and Martin, 1992). However, it is not always possible 

to know how representative a reference sample is or to what extent a fossil specimen 

scales the same way as the extant groups (Hartwig-Scherer, 1993; Niskanen and Junno, 

2009). Even within modern humans, body proportions and robusticity vary and predictive 

equations derived from one sample may not apply to another (Ruff et al., 1997; Ruff et 

al., 2012). Indeed, these differences have been used to argue in favour of population-

specific equations for modern samples (Ruff, 1994). However, this again assumes the 

target population can be identified and matched to the reference group – an issue that 

will likely always be problematic (Ruff et al., 2012). 

Another consideration relates to the use of individual data or population means to 

derive the regression equations for estimating mass. Individual, associated data are 

preferred in order to most accurately capture the relationship between a skeletal feature 

and body mass (Ruff et al., 1991; Niskanen and Junno, 2009). However, individual body 

masses are rarely recorded for non-human primates (Kappelman, 1996) and many 

“documented” human skeletal collections contain excessive numbers of emaciated 

individuals or suspect body masses (Stuedel, 1980). In addition, well-documented 

collections are often so small that they do not provide sufficient material for testing 

existing methods or developing new ones (Wood and Collard, 1996). Consequently, 

many studies base their regressions on mean data, either for several modern human 

populations (e.g. Ruff, 1991; Ruff et al., 2005) or multiple primate species (e.g. Aiello 

and Wood, 1994; Kappelman, 1996). While this allows for larger, more diverse samples 

to be included in the regressions, it clearly reduces the predictive power of the equation. 

Importantly, the assumption has been that if interspecies mean data are used, the 

resulting mass is that of the taxon and the value is only ever used to examine broad 

interspecies relationships (Gingerich, 1977; Hartwig-Scherer and Martin, 1992). 

However, this is not the case and the equations have been used to predict the mass of 

individual specimens, often within the same species (Aiello and Wood, 1994; Dagosta 

and Terranova, 1992; Kappelman, 1996; Kordos and Begun, 2001; Spocter and Manger, 

2007). 
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The choice of which regression method to employ is significant as well. To date, 

the most common approach to body mass estimation has been Least Squares (LS) 

regression. This method predicts a value Y (e.g. body mass) from X (e.g. femoral head 

breadth) using a best-fit line that minimizes the sum of the squared deviations of the 

estimated values from the known values (Hartwig-Scherer and Martin, 1992). It has been 

argued to be the best way to predict one variable from another (Konigsberg et al., 1998; 

Smith, 1996, 2002), especially when the goal is to minimize the estimation error of the 

dependent variable (in this case, body mass) (Aiello and Wood, 1994). LSR also has the 

advantage of having correction factors available to account for biases inherent in the 

technique (Smith, 1996). However, LSR has been criticized for assuming the 

independent variable (i.e. the skeletal measurement) is measured without error. This is 

certainly not the case with reconstructed fossil elements or when different methods are 

used for the same measurement (see discussion below in relation to bi-iliac breadth). 

LSR has also been argued to produce biased results when applied outside the range of 

the sample from which it was derived (Konigsberg et al., 1998; Ruff et al., 2012). 

In light of the putative problems with LSR, the Reduced Major Axis (RMA) 

method has been suggested as more appropriate for body mass estimation (Ruff et al., 

1991; Auerbach and Ruff, 2004). RMA techniques allow both dependent and 

independent variables to be sampled with error and generally accept more uncertainty in 

the variable estimates. RMA techniques also produce a best-fit line “unaffected by the 

magnitude of the correlation coefficient” (Aiello and Wood, 1994:412). As a result, RMA 

techniques have been argued to produce better results when extrapolating beyond the 

range of the original dataset and may be applicable over a broader size range. Despite 

this, LSR techniques continue to be used regularly in body mass estimation research 

(e.g. Pomeroy and Stock, 2012) and a clear consensus on the best approach has not 

been reached. 

The final challenge relates to how the predictive competence of an equation is 

evaluated, once it has been derived. Ideally, the most rigorous means of establishing a 

predictive equation’s accuracy is through the use of external validation using a large, 

independent sample of known mass individuals (Porter, 1999; Giancristofaro and 

Salmaso, 2003). However, as noted earlier, very few reference collections meet these 

criteria and their small size has made it impractical – or impossible - to split samples into 
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the groups necessary to generate, and also test, the equations (Kappelman, 1996). As a 

result, predictive equations continue to be generated, and tested, using individuals 

whose body masses are not known (e.g. Pomeroy and Stock, 2012) – a circumstance 

that calls into question the accuracy of the resulting mass estimates. 

In sum, a number of problems suggest that the equations currently available for 

estimating body mass from skeletal material may not be as reliable as they are assumed 

to be. Consequently, a systematic reanalysis of both the cranial and postcranial 

equations, and an exploration of the assumptions that underlie their use, was clearly 

warranted. 

1.4. The application of CT technology 

As just discussed, one of the primary issues in relation to body mass estimation 

in biological anthropology relates to the quality of the reference material. Existing 

skeletal collections are often small, lack associated cranial and postcranial material, and 

may not provide matched biological information for each individual. In seeking a way to 

address this problem, it became apparent that Computed Tomography (CT) might offer a 

potential solution. 

Computed Tomography (CT), was first invented in the early 1970s (Hounsfield, 

1973). Improving on previous radiographic technologies, CT uses multiple x-rays taken 

around the axis of an object to generate a cross-sectional slice of its three-dimensional 

form. X-rays passing through different tissues are absorbed and scattered differently, 

allowing small variations to be distinguished. Images are then produced on a computer 

screen by representing these density differences, or attenuation coefficients, as matrices 

of picture elements (pixels) (Hounsfield, 1980). Whole structures can be visualized by 

moving through consecutive slices or in three-dimensions by “stacking” slices using 

volume-rendering software. Like conventional radiographs, dense tissues are seen as 

lighter while less dense tissues are seen as darker (Fig 1.1). Since its development, CT 

has become the ‘gold-standard’ in medical diagnostic imaging (Beckmann, 2006). 
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Figure 1.1. Example of a cross-sectional CT scan of the chest. Non-dense areas 

(air) are seen in black, while dense areas (bone) are seen in white. 

CT has a number of advantages over other imaging techniques. First, CT is 

much better for visualizing and quantifying three-dimensional structures than two-

dimensional media (like photographs or conventional radiographs). The spatial 

resolution and clarity of structures, especially bone, are better and there is very little 

distortion or magnification error (Adams et al., 2004). CT also avoids the problem of 

structural superimposition associated with conventional radiography (Reichs and Dorion, 

1992). Lastly, as the technology has become more accessible and affordable, CT has 

become a viable tool for research outside the medical community. 

Biological anthropologists were quick to recognize the value of CT for research 

(e.g. Jungers and Minns, 1979; Tate and Cann, 1982). Early studies used CT to 

visualize fossils still trapped in matrix (Wind, 1984), compare the internal morphology 

and structure of fossil and archaeological bones (Spoor et al., 1993) and to “virtually 

unwrap” ancient mummies (Lewin, 1988). More recently, CT data have been used to 

investigate disease processes in bone (Rühli et al., 2002), model changes in craniofacial 

shape over time (Zollikofer and Ponce De Leon, 2002) and to virtually reconstruct 

damaged fossils (Zollikofer et al., 2005). In forensic anthropology, CT has become the 



 

15 

standard in a number of jurisdictions for analyzing post-mortem remains without 

resorting to invasive procedures like autopsy, maceration or sectioning (Thali et al., 

2003; Bassed et al., 2011). Combined with 3D printing technology, CT data are also 

being used to create casts for a number of purposes in biological anthropology (Tobias, 

2001; Gunz et al., 2009; Kettner et al., 2011). 

Advances in volume rendering and computer processing power now allow almost 

any structure to be converted into a three-dimensional virtual representation using CT 

data. These models can be constructed quickly, stored indefinitely, analyzed and re-

analyzed without contact, and can even be shared by researchers across the world 

without the need for transporting fragile remains (Aghayev et al., 2008). More importantly 

for present purposes, modeled elements can be manipulated and measured accurately 

(Adams et al., 2004; Cavalcanti et al., 2004; Robinson et al., 2008). Given these 

advantages, CT data are being used to develop databases of material for reference and 

education purposes (e.g. Messmer et al., 2007). In particular, a number of forensic 

institutions have begun to archive whole-body CT scans taken as part of routine post-

mortem examinations (e.g. Thali et al., 2003, Bassed et al., 2011). Sample sizes are 

increasing steadily and these collections now offer what has been previously unavailable 

to biological anthropologists: accurate, associated skeletal data that can be matched 

directly with known biological information for large numbers of individuals. One such 

sample provided the basis for this study. 

1.5. Present research 

As noted earlier, the three studies presented here aimed to address key issues 

relating to body mass estimation in biological anthropology by taking advantage of a 

large “virtual” collection of documented human subjects (Thali et al., 2007). Using 

volume-rendered skeletal models derived from CT scans and associated individual body 

masses, the first paper (Chapter 2) assessed three existing sets of regression equations 

for estimating body mass from cranial measurements. None of the equations had been 

tested on a population of known mass before, or been compared to each other. 

Accordingly, I tested each of the existing equations against a known-mass population 
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and directly compared their accuracy. This paper was published in the international 

peer-reviewed journal American Journal of Physical Anthropology (AJPA) in April 2014. 

Paper 2 (Chapter 3) used the same sample as the first study, but focused on six 

sets of regression equations that have been developed for postcranial material. I 

evaluated the accuracy of these equations and also explicitly tested five assumptions 

relating to their relative performance. This paper was submitted to the journal 

Archaeological and Anthropological Sciences in December 2014 and is currently 

undergoing peer review. Publication is expected in the spring of 2015. The results of 

these first two papers suggest that existing equations should be used more cautiously 

than has been the practice in biological anthropology and inferences drawn from the 

resulting estimates may need to be re-examined. 

The third paper of this dissertation (Chapter 4) sought to improve body mass 

estimation by rectifying three of the problems identified in the previous research: the use 

of small samples, indirect measures of key variables and unassociated skeletal and 

body mass data. Using part of same sample as the previous two studies as a training 

sample, I derived new regression equations for a suite of cranial and postcranial 

variables. The new regression equations were then evaluated for accuracy and reliability 

against a test sample of individuals drawn from the same population as the training 

sample. This provided the opportunity to compare body mass estimates made from 

cranial and postcranial material on the same known-mass individuals for the first time 

and allowed the exploration of several assumptions relating to how regression equations 

are evaluated for reliability. Due to a dearth of associated known-mass samples, this 

approach had not been taken before. This paper was also submitted to Archaeological 

and Anthropological Sciences in December 2014 and is under review. 

Collectively, these studies sought to answer two questions: 1) how accurate are 

existing body mass estimate equations?; and 2) can we improve upon existing methods 

by deriving new equation from improved reference material? These are important goals 

because body mass estimates are integral to a wide range of conclusions that are made 

about the biology and behaviour of fossil and extant species. If existing equations are 

not accurate, or do not perform consistently, many of the inferences drawn from them 

must be reconsidered. If discrepancies are found, then extra caution must be taken 
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when applying such methods outside very limited circumstances. Similarly, if new 

equations cannot sufficiently improve accuracy or are only accurate for certain 

applications, then this must be considered in all future estimation attempts. While it is not 

likely that any one approach will estimate mass accurately in all contexts, whatever 

methods are employed, they must be demonstrated to be reliable or should not be used. 

In this regard, the results of the three studies described here have significant 

implications for palaeoanthropology, bioarchaeology and forensic anthropology. 
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2.1. Introduction 

The estimation of body mass from skeletal remains continues to be a crucial task 

for paleoanthropologists. Body mass has been shown to affect a wide range of 

ecological, behavioural and life history traits (Calder, 1984; Damuth and MacFadden, 

1990; Smith, 1996). Consequently, estimates of body mass are used regularly to infer 

the characteristics of fossil hominins (e.g. Wood and Collard, 1999; Ruff, 2002; Sciulli et 

al., 2008; Kurki et al., 2010; Churchill et al., 2012). They are also used to control for the 

confounding effects of body size differences in comparative analyses, particularly of 

features like brain size, tooth size, and limb proportion (e.g. Smith and Jungers 1997; 

Rightmire, 2004; DeSilva and Lesnik, 2008). 

Numerous equations for estimating fossil hominin body mass have been 

developed over the last 25 years (Ruff et al., 1991; McHenry, 1992; Aiello and Wood, 

1994; Kappelman, 1996; Ruff et al., 1997; Spocter and Manger, 2007; Ruff et al., 2012). 

Obtained by regressing a skeletal variable on body mass in samples of extant taxa, 

these equations generally have the form Y = a + bX, where Y is the estimated mass, X is 

the skeletal measurement, and a and b are the intercept and slope of the regression line, 

respectively. While most employ postcranial measurements (Ruff et al., 1991; McHenry, 

1992; Ruff et al., 1997; 2012), equations based on cranial measurements have also 

been developed (Aiello and Wood, 1994; Kappelman, 1996; Spocter and Manger, 2007). 

The postcranial equations use either femoral head breadth (Ruff et al., 1991; McHenry, 

1992; Grine et al., 1995; Ruff et al., 1997; 2012) or a combination of stature and bi-iliac 

breadth (Ruff, 1991; Ruff et al., 1997; 2005) and are based on values for individual 

modern humans from a single population (e.g. Ruff et al., 1991), or on mean data for 

multiple modern human groups (e.g. Ruff, 1991; Ruff et al., 2005). The cranial equations 

employ a range of cranial variables, including orbital height, orbital area, and biporionic 

breadth (Aiello and Wood, 1994; Kappelman, 1996; Spocter and Manger, 2007) and are 

derived from means for multiple extant primate species, including modern humans. 
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The accuracy of the postcranial equations has been assessed several times 

(Ruff et al., 1997; Ruff, 2000; Auerbach and Ruff, 2004; Ruff et al., 2012; Lorkiewicz-

Muszyńska et al., 2013). However, the cranial equations have not been tested with 

independent data. They have been argued to be valid because they produce estimates 

that broadly agree with the estimates yielded by the postcranial equations (Aiello and 

Wood, 1994), but their accuracy has never been formally evaluated. In addition, the 

various sets of cranial equations have never been compared to each other, as has been 

done with the postcranial equations (Auerbach and Ruff, 2004). Given that body mass 

estimates obtained with the cranial equations are used to inform theories concerning 

human evolution on a regular basis (e.g. Wood and Collard, 1999; McHenry and Coffing, 

2000; Aiello and Key, 2002; Churchill et al., 2012), there was a clear need to assess 

their reliability. 

In view of the foregoing, the present study used Computerized Tomography 

(CT)-derived cranial data from a large sample of modern humans of known body mass 

to assess the accuracy of published cranial equations (Aiello and Wood, 1994; 

Kappelman, 1996; Spocter and Manger, 2007). Each of these publications provides 

equations derived from both a broad “all primate” sample and a narrower sample 

consisting only of apes and humans. For estimating fossil hominin body mass, however, 

all three recommend using the equations derived from the narrower, hominoid sample 

(Aiello and Wood, 1994; Kappelman, 1996; Spocter and Manger, 2007). Accordingly, 

this study focused on the hominoid-only equations. 

The primary goal of this study was to test the way in which cranial measurements 

are used to estimate fossil hominin body mass in palaeoanthropology. As the equations 

in question are derived from datasets consisting of means for multiple extant primate 

species, the assumption has been that they are not used to estimate single individuals 

within a species (Hartwig-Scherer and Martin, 1992). However, this is not the case. The 

studies that derived the equations used them specifically to estimate the body masses of 

individual fossil hominin specimens (Aiello and Wood, 1994; Kappelman, 1996; Spocter 

and Manger, 2007). The equations have also been applied to other fossil primate 

individuals (e.g. Kordos and Begun, 2001). Accordingly, we used the cranial equations to 

estimate the body masses for each individual in our sample, as would be done with a 
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single fossil specimen. These estimates were then compared to the individuals’ known 

body masses. 

In general, regression-based equations for predicting body mass are expected to 

work best when applied to specimens whose taxon is included in the sample used to 

generate the equations (Smith, 2002). As all the samples used to generate the cranial 

equations contained modern humans (Aiello and Wood, 1994; Kappelman, 1996; 

Spocter and Manger, 2007), the use of a modern human sample in the present study 

was expected to provide a reasonable baseline for the likely accuracy of the equations 

as applied to fossil hominin specimens. 

2.2. Materials and Methods 

2.2.1. Sample 

This study used archived CT scan data from a sample of 253 deceased modern 

human adults. The sample consisted of 128 males and 125 females, between18 and 90 

years (M mean = 48.1 yrs, F mean = 51.2 yrs). The data were obtained from the Institute 

of Forensic Medicine (IFM) at the University of Zurich, Switzerland where whole-body CT 

scans are routinely taken for all individuals entering the facility for forensic evaluation 

(Thali et al., 2007). The scans are maintained on the IFM’s secure server, and were 

accessed with the approval of the IFM in accordance with its protocols. 

Sample individuals were selected through query searches of the IFM’s database, 

record review, and visual inspection of the CT scans. Individuals with skeletal 

abnormalities, trauma, or cranial implants were excluded, as were individuals who were 

processed more than three days after death. Sex, age at death (years), body mass (kg) 

and stature (cm) were recorded for each individual. Body mass index (BMI) was 

calculated from body mass and stature using the standard equation (mass/stature2) to 

provide an indication of overall body condition. As population affinity is not recorded on 

post-mortem documentation in Switzerland it was not included as a variable in the 

present study. However, as more than 80% of the Swiss population is of European 

descent (SFSO, 2012), the sample was considered European. Table 2.1 provides the 

summary data for the sample. 
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Table 2.1. Summary data for test sample 

 Females (n=125) Males (n=128)  Combined-sex (n=253) 

Variable Mean SD Range Mean SD Range Mean SD Range 

Weight (kg) 69.5 19.3 31.8-146.0 81.6 16.4 40.5-142.2 75.6 18.8 31.8-146.0 

Stature (cm) 166.3 8.2 149.0-195.0 177.5 7.9 154.0-193.0 171.9 9.8 149.0-195.0 

Age (yrs) 51.2 16.5 18.0-90.0 48.1 14.1 18.0-80.0 49.6 15.3 18.0-90.0 

BMI1 25.1 6.4 14.3-46.5 25.8 4.6 15.4-46.9 25.4 5.6 14.3-46.9 
1 BMI = body mass index, calculated as mass(kg)/(stature(m))2 

2.2.2. Imaging and 3D reconstruction 

Deceased individuals entering the IFM for forensic evaluation are scanned using 

a 128-slice, Siemens SOMATOM® Definition Flash, Dual-source CT scanner (Siemens 

Healthcare; Forchheim, Germany). Scans of the whole body, as well as specific areas of 

interest (e.g. head, chest), are taken at 120 kV with mAs and field of view (FOV) 

adjusted for optimal resolution. Cranial data are reconstructed with slice thicknesses of 

0.75 mm (0.375 mm overlap), using bone convolution kernels. All data are archived as 

Digital Information and Communications in Medicine (DICOM) files on the IFM’s secure 

Picture Archiving and Communication System (PACS) server (IDS7, Version 12.2.3.297 

[2010], Sweden). 

CT scan data for each patient were accessed specifically for this project from the 

IFM PACS server using OsiriX imaging software (http://www.osirix-viewer.com). Scans 

were anonymized and three-dimensional (3D) virtual models were volume-rendered from 

the DICOM slice data using presets provided by OsiriX. Crania were then oriented in 

consistent planes (coronal, sagittal, or transverse) for visualization and measurement. 

Measurements were taken on the right side, to the nearest 0.1 mm using OsiriX tools. 

The accuracy of 3D volume rendered models from CT has been demonstrated 

previously in a number of studies (Cavalcanti et al., 2004; Lopes et al., 2008; Decker et 

al., 2011; Smyth et al., 2012). To verify this for the present study, an archaeological skull 

from the IFM’s collection was measured using standard calipers. It was then scanned, 

virtually reconstructed, and re-measured according to the method outlined above. 

Differences between the measurements recorded on the physical and virtual skulls were 

less than 3% for all variables. 
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2.2.3. Variables 

The variables selected for this study were chosen on the basis of their 

performance in previous analyses. Specifically, Aiello and Wood (1994) identified orbital 

area, orbital height, and biporionic breadth as good predictors of body mass in their 

hominoid-only sample. Kappelman (1996) also found orbital area and orbital height to be 

strongly correlated with body mass in hominoids. Spocter and Manger (2007) identified 

foramen magnum area, foramen magnum area calculated as an ellipse, and biorbital 

breadth as the best predictors of body mass in their hominoid sample. They also found 

orbital height, orbital area, orbital area as an ellipse, and biporionic breadth to be good 

predictors of body mass in hominoids. 

Thus, a total of six linear measurements were taken for this study: orbital height, 

orbital breadth, biorbital breadth, foramen magnum length, foramen magnum breadth, 

and biporionic breadth (Table 2.2, Figure 2.1). Intra-observer repeatability for these 

measurements was tested by re-measuring them on nine randomly selected crania, with 

a three-week time lapse. Mean percent errors were all below 0.5%. 

Because orbital area was not calculated in the same way by Aiello and Wood 

(1994), Kappelman (1996), and Spocter and Manger (2007), three orbital area 

calculations were also included in the present study. The first orbital area (ORBA1) 

involved a simple breadth-height calculation (area = b x h) following the method used in 

Aiello and Wood (1994) and Spocter and Manger (2007). The second orbital area 

(ORBA2), was calculated as an ellipse (area = (π/4) x b x h). This followed Spocter and 

Manger (2007) who argued that it provided a more accurate reflection of true area than 

simple breadth x height. The third orbital area (ORBA3) employed a method similar to 

Kappelman (1996) in which two-dimensional images of the orbit were imported into a 

computer-aided design (CAD) program (in this case, ImageJ v.1.46, rsbweb.nih.gov/ij/) 

and the area measured by tracing the margin perimeter and using the “area” function of 

the program. 

Finally, two foramen magnum areas were included for the same reason. The first 

foramen magnum area (FMA1) was calculated as breadth x length in the same way as 

Aiello and Wood (1994) and Spocter and Manger (2007). The second area (FMA2) was 
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calculated as an ellipse following Spocter and Manger’s (2007) study. Summary data for 

the linear measurements and area calculations are provided in the Appendix (Table A1). 

Table 2.2. Cranial variables 

No. Abbreviation Description References1 

1 BORB Breadth of orbit: distance between maxillofrontale and 
ectoconchion – in mm 

AW[1], SM[10], 
M[51] 

2 HORB Height of orbit: distance between superior and inferior orbital 
margins, taken at a right angle to BORB – in mm 

AW[2], K[1], SM[9], 
M[52] 

3 BIOR Biorbital breadth: distance between two ectoconchion – in mm AW[5], SM[8], M[44] 
4 BPOR Biporionic breadth: distance from porion to porion – in mm AW[7], SM [13] 

5 LFM Length of foramen magnum: distance between basion and 
opisthion – in mm AW[10], SM[1], M[8] 

6 BFM Breadth of foramen magnum: distance in the coronal plane 
between the inner margins of the foramen magnum – in mm 

AW[11], SM[2], 
M[16] 

7 ORBA1 Orbital area (b x h): product of breadth x height – in mm2 AW[3], SM[11] 

8 ORBA2 Orbital area (ellipse): calculated from breadth x height as an ellipse 
– in mm2 SM[12] 

9 ORBA3 Orbital area (CAD): calculated from perimeter margin using area 
function of ImageJ – in mm2 K[2] 

10 FMA1 Foramen magnum area (b x h): product of breadth x height – in 
mm2 AW[12], SM[3] 

11 FMA2 Foramen magnum area (ellipse): calculated from breadth x height 
as an ellipse – in mm2 SM[4] 

1. literature sources: AW = Aiello and Wood (1994), K = Kappelman (1996), SM = Spocter and Manger 
(2007), square brackets refer to original variable number. As several measurements also correspond to 
those in Martin (1928), the variable references from that publication are also included (e.g. M[44]). 
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Figure 2.1. Frontal (a) and basicranial (b) example of skull three-dimensionally 

rendered from CT data, showing linear variables used for this study. 

2.2.4. Analyses 

As noted previously, this study focused on the putatively most accurate of the 

equations derived from the hominoid-only samples. Within these, Aiello and Wood 

(1994) and Spocter and Manger (2007) provide equations for both Least Square 

Regression (LSR) and Reduced Major Axis (RMA) techniques. Kappelman (1996) 

provides only LSR-based equations for the two variables used in his study. Table 2.3 

lists the LSR-based equations tested, while Table 2.4 lists the RMA-based equations. 

For each set of equations, analyses were carried out on the full sample of 253 

individuals, as well as sub-samples of females (n=125) and males (n=128). 
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Table 2.3. Published LSR equations for body mass estimation (hominoids) 

Variable Aiello & Wood 
(1994) CF Kappelman (1996) CF Spocter & Manger 

(2007) CF 

BORB 5.22*BORB-3.35 1.055 n/a n/a 3.78*BORB-1.31 1.055 
HORB 4.42*HORB-2.12 1.025 4.45*HORB-2.16 1.048 4.45*HORB-2.64 1.0 
BIOR 4.82*BIOR-4.67 1.045 n/a n/a 3.81*BIOR-3.29 1.025 
BPOR 3.77*BPOR-2.95 1.04 n/a n/a 4.82*BPOR-4.92 0.99 
LFM 3.07*LFM+0.18 1.1 n/a n/a 3.86*LFM-1.24 1.03 
BFM 3.74*BFM-0.48 1.09 n/a n/a 3.77*BFM-0.73 1.025 

ORBA1 2.47*ORBA1-2.92 1.025 n/a n/a 2.16*ORBA1-2.27 1.025 
ORBA2 n/a n/a n/a n/a 4.34*ORBA2-5.79 1.01 
ORBA3 n/a n/a 2.26*ORBA3-2.18 1.025 n/a n/a 
FMA1 1.70*FMA1-0.16 1.09 n/a n/a 1.93*FMA1-1.03 1.03 
FMA2 n/a n/a n/a n/a 3.82*FMA2-4.06 1.02 

All data log (base10) transformed. Correction factor (CF) is mean of Smearing and Ratio estimates taken 
from each study. Measurements in mm or mm2, resulting BM in gm. 

Table 2.4. Published RMA equations for body mass estimation (hominoid) 

Variable Aiello & Wood (1994) Spocter & Manger (2007) 
BORB 5.46*BORB-3.7 4.09*BORB-1.77 
HORB 4.53*HORB-2.29 4.48*HORB-2.69 
BIOR 5.1*BIOR-5.2 3.88*BIOR-3.43 
BPOR 3.84*BPOR-3.1 4.91*BPOR-5.09 
LFM 3.4*LFM-0.28 3.94*LFM-1.37 
BFM 4.06*BFM-0.89 3.88*BFM-0.87 

ORBA1 2.52*ORBA1-3.05 2.19*ORBA1-2.39 
ORBA2 n/a 4.39*ORBA2-5.92 
FMA1 1.86*FMA1-0.58 1.96*FMA1-1.14 
FMA2 n/a 3.88*FMA-4.19 

All data log (base10) transformed. Measurements in mm or mm2, resulting BM in gm. 

The choice of line-fitting technique is an important consideration when generating 

predictive equations via regression, and much has been written on the relative merits of 

different approaches (Hartwig-Scherer and Martin, 1992; Smith, 1996; Konigsberg et al., 

1998; Smith, 2009). Some researchers argue that Least Squares Regression (LSR) is 

the best method for predicting one variable from another, especially when the goal is to 

minimize the error of the dependent variable (Sokal and Rohlf, 1995; Smith, 1996; 

Konigsberg et al., 1998; Smith, 2009). Others, however, contend that LSR is problematic 
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because it unrealistically assumes that the independent variable is sampled without 

error, and produces biased results when applied outside the range of the sample from 

which it was derived (Konigsberg et al., 1998; Ruff et al., 2012). Accordingly, they 

recommend Reduced Major Axis (RMA) regression because it assumes that both 

variables are sampled with error and produces better results when extrapolating beyond 

the range of the original dataset (Auerbach and Ruff, 2004). Because consensus 

regarding which method is better to use when predicting body mass remains elusive 

(Hartwig-Scherer and Martin, 1992; Smith, 2009), we tested both LSR-based and RMA-

based equations when they were provided. 

To assess the accuracy of the equations, linear measurements and areas were 

first log (base 10) transformed and the resulting values entered into the appropriate 

equations. Estimated weights were then de-transformed and converted to kilograms. For 

the LSR-based analyses, masses were multiplied by correction factors provided by each 

method to account for the de-transformation process (Smith, 1996). Subsequently, raw 

and percent differences between the known and estimated body masses (EBM) were 

calculated for each individual. Raw differences were calculated as (known - EBM), while 

percent difference was calculated using the equation for percent prediction error (PPE): 

PPE = (known - EBM)/known * 100 (Wu et al., 1995). PPEs provide the directional 

difference between the known and estimated masses. A positive PPE value indicates 

that the known mass is larger than the estimated mass and the equation underestimates 

mass. A negative PPE value indicates that the known mass is smaller than the 

estimated mass and the equation overestimates mass. PPEs were calculated for males 

and females as well as the combined-sex sample. Absolute percent differences (|PPE|) 

were also calculated for each group to assess the magnitude of the difference between 

the estimated and known masses (Dagosto and Terranova, 1992; Aiello and Wood, 

1994). Medians, extremes, and quartiles of the differences between known and 

estimated mass were also plotted to evaluate their variability and bias (cf. Pomeroy and 

Stock, 2012), and paired t-tests were carried out to establish the significance of these 

differences. Also in keeping with previous studies (Dagosto and Terranova, 1992; Aiello 

and Wood, 1994; Spocter and Manger, 2007), the percentage of individuals whose 

estimated body mass fell within +/-20% of their known mass was also calculated. As a 

final comparison, we calculated the raw means (in kg) and 95% confidence intervals 

(CIs) for the predicted masses for each equation. However, for consistency with the 
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existing studies, the |PPE|s and the “percent-within-20%” values were used as the 

primary criteria of assessment for each equation. Analyses were conducted in “R” (R 

Development Core Team, 2010). 

2.2.5. Expectations 

The validity of a predictive equation depends largely on its ability to estimate a 

known quantity with reasonable accuracy. However, in the case of body mass 

estimation, there is little consensus regarding the definition of “reasonable”. For 

example, in considering body mass estimates for Eocene primates, Dagosto and 

Terranova (1992) considered mean percent differences between known and estimated 

body mass of 15-30% to be largely inaccurate. In contrast, Aiello and Wood (1994) 

considered several cranial variables to be reliable predictors of body mass despite 

prediction errors of 15-19%. Spocter and Manger (2007) also accepted variables with 

prediction errors of 10-16% as reliable in some of their analyses. In light of this 

variability, we chose to err on the side of leniency and accepted absolute prediction 

errors of 19% or less as our primary criterion of accuracy. 

As a second criterion, we also calculated the number of individuals whose body 

mass fell within +/-20% of their known mass. Ruff et al. (2005) have suggested that a 

reliable equation for estimating body mass should estimate the majority of test 

individuals within 10 or 15% of their known mass. However, Barrickman (2008) has 

argued that an equation only needs to estimate between 60% and 70% of the specimens 

within 20% of their known mass to be considered reliable. Other studies have even lower 

limits, accepting equations that estimate 50% or more of the sample within +/-20% of 

known mass (e.g. Dagosto and Terranova, 1992; Aiello and Wood, 1994). Again, for the 

current study, we adopted a conservative approach and used “50% of the specimens 

estimated within +/-20% of known mass” as the lower limit for an equation to be 

acceptable. 

In addition to assessing the equations by the two criteria outline above, we made 

specific predictions regarding their performance based on the results of the original 

studies. Because Aiello and Wood (1994:421) considered orbital area, orbital height, and 

biporionic breadth to “give the most reliable predictions of body masses for hominoids, 



 

29 

including humans”, these variables were expected to perform well. In particular, orbital 

height was expected to perform best because its predicted mass corresponded closely 

with those from postcranial variables and Aiello and Wood (1994:424) recommend it as 

the overall “preferred cranial predictor” for large-bodied hominines. 

Of the two variables he tested, Kappelman (1996) found the CAD-derived orbital 

area to be a better predictor of mass than orbital height. Consequently, we expected the 

equation for orbital area to perform better than that for orbital height. 

Spocter and Manger (2007) found foramen magnum area, foramen magnum 

area as an ellipse, biorbital breadth and biporionic breadth to be the best predictors of 

mass in their hominoid-only sample. However, orbital height, orbital area and orbital area 

as an ellipse performed almost as well in their study and also returned low prediction 

errors (<13%). Consequently, all seven variables were expected to perform well in the 

current sample. 

2.3. Results 

The results of the tests of the LSR-based equations are summarized in Tables 

2.5-2.7 and Figures 2.2-.2.4. Table 2.8 compares the mean predicted masses, the 

differences from known mean, and provides 95% confidence intervals for the predicted 

masses for each equation, by study source. Aiello and Wood’s (1994) and Spocter and 

Manger’s (2007) RMA-based equations consistently returned higher mean errors, and 

estimated fewer individuals within +/-20% of their known mass than the LSR-based 

equations. Consequently, the results of the RMA analyses are not reported here, but are 

summarized in the Appendix (Tables A2 and A3). 

2.3.1. Aiello and Wood’s (1994) equations 

Aiello and Wood’s (1994) equations did not estimate mass reliably according to 

the |PPE| and 50%-within-20% criteria. Most of the variables failed to meet the criteria 

for prediction suitability and overestimated mass significantly (p=0.01). The only variable 

that met both criteria for acceptance was biporionic breadth and this only occurred in the 

male sample. Two other variables (biorbital breadth and foramen magnum length) 
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estimated more than 50% of some samples within +/-20% of known mass, but failed to 

meet the |PPE| criterion. The equations for foramen magnum breadth and orbital height 

were notably poor predictors of mass. In all three test groups (males, females, 

combined-sex), these equations resulted in |PPE|s over 36% and estimated no more 

than 28% of the individuals within +/-20% of known mass. 

Table 2.5. Difference between known and estimated mass, Aiello and Wood 
(1994) LSR-based equations 

 Females (n=125) Males (n=128) Combined-sex (n=253) 

Variable 
PPE 

Mean1 
(SD) 

|PPE| 
Mean 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean 
(SD) 

20% 
(%) 

BORB 11.4 
(32.1)* 

27.3 
(20.3) 44.0 4.6 

(30.2)* 
25.1 

(17.2) 42.2 8.0 
(31.3)* 

26.2 
(18.8) 43.1 

HORB 26.6 
(28.9)* 

34.4 
(19.0) 28.0 36.8 

(22.8)* 
39.5 

(17.8) 18.7 31.8 
(26.4)* 

36.9 
(18.5) 23.3 

BIOR -10.4 
(34.0) 

25.0 
(25.2) 56.8 -15.3 

(30.5)* 
24.2 

(23.9) 53.9 -12.9 
(32.3)* 

24.6 
(24.5) 55.3 

BPOR 3.3 
(28.2)* 

21.4 
(18.6) 57.6 -1.4 

(21.8) 
17.5 

(13.0) 64.8 0.9 
(25.2)* 

19.4 
(16.1) 61.3 

LFM -23.6 
(39.6)* 

33.5 
(31.6) 41.6 -18.5 

(34.3)* 
28.1 

(26.9) 52.3 -21.0 
(37.1)* 

30.8 
(29.4) 47.0 

BFM -55.6 
(60.9)* 

62.6 
(53.6) 25.6 -52.4 

(54.1)* 
56.7 

(49.4) 21.9 -54.0 
(57.5)* 

59.6 
(51.5) 23.7 

ORBA1 22.2 
(25.8)* 

28.9 
(18.0) 35.2 25.6 

(20.8)* 
28.7 

(16.3) 29.7 23.9 
(23.4)* 

28.8 
(17.1) 32.4 

FMA1 -35.2 
(45.4)* 

41.9 
(39.3) 36.0 -30.8 

(37.9)* 
36.0 

(33.0) 37.5 -32.9 
(41.8)* 

38.9 
(36.3) 36.8 

PPE: percent prediction error (known - estimated)/known * 100, |PPE|: absolute percent prediction error, 
20%: percent of individuals whose estimated body masses fall within +/-20% of known mass. 1. Directional 
differences (positive = underestimation, negative = overestimation); * indicates significance at p=0.01. Bold 
numbers indicate equations that met both acceptance criteria. 

The variables that were identified as the best predictors of mass in Aiello and 

Wood’s (1994) study did not perform well in the present study. In particular, orbital area 

(ORBA1), which showed the lowest errors and highest correlation in Aiello and Wood’s 

(1994) study, returned mean |PPE|s over 28% and failed to estimate more than 35% of 

any group within +/-20% of known mass. The equation for orbital height, which Aiello 

and Wood (1994:424) considered the “preferred cranial predictor” for large-bodied 

hominines also returned high errors (>34%) and estimated few individuals (<28%) within 

+/-20% of known mass. 
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Figure 2.2. Box plots of percentage of prediction error (PPE) between known 

and estimated masses for Aiello and Wood (1994) LSR-based 
equations: (a) females (n=125), (b) males (n=128), and (c) combined 
sex (n=253). Solid line = median, upper, and lower box margins = 
75th and 25th percentiles, respectively, whiskers = limits of data still 
within 1.5 interquartile range (IQR) of Q1/Q3. 
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2.3.2. Kappelman’s (1996) equations 

Kappelman’s (1996) two equations also did not predict mass well in the present 

study. Both equations significantly underestimated mass, and neither met the criteria for 

acceptance as reliable predictors in any of the three samples (males, females, 

combined-sexes). The CAD-derived orbital area equation performed particularly poorly, 

returning |PPE|s in excess of 42% and failing to estimate more than 8% of any sample 

within +/-20% of known mass. 

Table 2.6. Difference between known and estimated mass, Kappelman (1996) 
LSR-based equations. 

 Females (n=125) Males (n=128) Combined-sex (n=253) 

Variable 
PPE 

Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

HORB 24.4 
(29.9)* 

33.4 
(19.2) 28.8 34.9 

(23.5)* 
38.1 

(17.9) 21.9 29.7 
(27.3)* 

35.7 
(18.9) 25.3 

ORBA3 41.7 
(18.9)* 

42.8 
(16.2) 8.0 45.1 

(14.5)* 
45.2 

(14.2) 6.3 43.4 
(16.9)* 

44.0 
(15.3) 7.1 

PPE: percent prediction error (known - estimated)/known * 100, |PPE|: absolute percent prediction error, 
20%: percent of individuals whose estimated body masses fall within +/-20% of known mass. 1. Directional 
differences (positive = underestimation, negative = overestimation); * indicates significance at p=0.01. Bold 
numbers indicate equations that met both acceptance criteria. 

Kappelman’s (1996) equations also did not conform to expectations in terms of 

their performance relative to one another. In Kappelman’s (1996) study, orbital area 

predicted mass more accurately than orbital height in the hominoid sample. In the 

present study, the equation for orbital height performed consistently and significantly 

better than the equation for orbital area. 
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Figure 2.3. Box plots of percentage of prediction error (PPE) between known 

and estimated masses for Kappelman (1996) LSR-based equations: 
(a) females (n=125), (b) males (n=128), and (c) combined sex (n=253). 
Solid line = median, upper, and lower box margins = 75th and 25th 
percentiles, respectively, whiskers = limits of data still within 1.5 
interquartile range (IQR) of Q1/Q3. 
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2.3.3. Spocter and Manger (2007) equations 

Table 2.7. Difference between known and estimated mass, Spocter and Manger 
(2007) LSR-based equations 

 Females (n=125) Males (n=128) Combined (n=253) 

Variable 
PPE 

Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

BORB 43.3 
(17.9) 

44.1 
(15.8) 8.0 43.2 

(15.0) 
43.2 

(14.8) 9.4 43.2 
(16.5)* 

43.6 
(15.3) 8.7 

HORB 75.9 
(9.5) 76.0 (9.5) 0.0 79.3 (7.5) 79.3 (7.5) 0.0 77.6 

(8.7)* 77.6 (8.7) 0.0 

BIOR 73.6 
(7.5) 73.6 (7.5) 0.0 73.7 (6.3) 73.7 (6.3) 0.0 73.7 

(6.9)* 73.7 (6.9) 0.0 

BPOR -41.0 
(44.8) 

46.7 
(38.7) 25.6 -57.8 

(37.3) 
58.2 

(36.7) 15.6 -49.5 
(42.0)* 

52.5 
(38.1) 20.5 

LFM 28.9 
(25.7) 

34.8 
(16.9) 19.2 29.2 

(24.1) 
33.1 

(18.3) 23.4 29.1 
(24.9)* 

33.9 
(17.6) 21.3 

BFM 9.0 
(35.8) 

29.9 
(21.5) 42.4 10.7 

(31.9) 
26.8 

(20.4) 45.3 9.9 
(33.8)* 

28.3 
(21.0) 43.9 

ORBA1 61.6 
(12.2) 

61.6 
(12.2) 0.1 63.9 (9.5) 63.9 (9.5) 0.0 62.8 

(11.0)* 
62.7 

(11.0) 0.4 

ORBA2 -21542.1 
(9526.9) 

21542.1 
(9526.9) 0.0 -22827.0 

(9304.4) 
22863.0 
(9304.4) 0.0 -22210.4 

(9419.5)* 
22210.4 
(9419.5) 0.0 

FMA1 16.2 
(29.9) 

28.2 
(19.0) 38.4 17.1 

(26.4) 
26.9 

(16.2) 39.1 16.7 
(28.1)* 

27.5 
(17.6) 38.7 

FMA2 -13924.5 
(8485.9) 

13924.5 
(8485.9) 0.0 -16678.6 

(10561.2) 
16678.6 

(10561.2) 0.0 -15317.9 
(9672.1)* 

15317.9 
(9672.1) 0.0 

PPE: percent prediction error (known - estimated)/known * 100, |PPE|: absolute percent prediction error, 
20%: percent of individuals whose estimated body masses fall within +/-20% of known mass. 1. Directional 
differences (positive = underestimation, negative = overestimation); * indicates significance at p=0.01. Bold 
numbers indicate equations that met both acceptance criteria. 

As with the equations of Aiello and Wood (1994) and Kappelman (1996), Spocter 

and Manger’s (2007) LSR equations failed to predict mass reliably in the present study. 

Most of their equations underestimated mass, and all resulted in estimates that were 

significantly different from known mass (p=0.01). None met the second criterion for 

acceptance (50% of individuals within +/-20% of known mass) and several (orbital 

height, biorbital breadth, orbital area as an ellipse, and foramen magnum area as an 

ellipse) failed to estimate any individuals within +/-20% of their known mass. The 

equations for orbital and foramen magnum areas as ellipses produced extremely large 

prediction errors (>15,000%). It seems likely that a methodological flaw is responsible for 
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these results. However, repeated discussions (Spocter, pers. comm.) failed to identify 

the source of the error. 

Our results also contrast with those obtained by Spocter and Manger (2007) in 

terms of the relative performance of their LSR equations. The variables identified as the 

overall best estimators by Spocter and Manger (2007)—orbital area and orbital area as 

an ellipse—performed very poorly in the present study. 
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Figure 2.4. Box plots of percentage of prediction error (PPE) between known 

and estimated masses for Spocter and Manger (2007) LSR-based 
equations: (a) females (n=125), (b) males (n=128), and (c) combined 
sex (n=253). Solid line = median, upper, and lower box margins = 
75th and 25th percentiles, respectively, whiskers = limits of data still 
within 1.5 interquartile range (IQR) of Q1/Q3. 
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2.3.4. Inter-study comparison of equations 

Table 2.8. Comparison of mean body mass differences and confidence 
intervals for the combined sex sample (n=253), LSR-based 
equations 

Variable Source predicted BM 
Mean (kg) 

Difference from 
known mean* (kg) 

95% C.I. for 
predicted mass 

BORB Aiello and Wood (1994) 66.5 9.1 64.1-68.9 
 Spocter and Manger (2007) 40.8 34.8 39.8-41.9 
HORB Aiello and Wood (1994) 48.7 26.9 47.0-50.4 
 Kappelman (1996) 50.2 25.4 48.4-51.9 
 Spocter and Manger (2007) 16.0 59.7 15.4-16.5 
BIOR Aiello and Wood (1994) 81.7 6.1 79.4-84.0 
 Spocter and Manger (2007) 19.0 56.6 18.6-19.4 
BPOR Aiello and Wood (1994) 71.8 3.8 70.0-73.6 
 Spocter and Manger (2007) 109.0 33.3 105.4-112.5 
LFM Aiello and Wood (1994) 87.1 11.5 84.6-89.7 
 Spocter and Manger (2007) 51.3 24.4 49.3-53.2 
BFM Aiello and Wood (1994) 110.9 35.3 106.5-115.4 
 Spocter and Manger (2007) 64.9 10.7 62.3-67.6 
ORBA1 Aiello and Wood (1994) 54.6 21.0 53.2-56.1 
 Spocter and Manger (2007) 26.7 48.9 26.1-27.3 
ORBA3 Kappelman (1996) 40.5 35.1 39.5-41.5 
FMA1 Aiello and Wood (1994) 95.8 20.1 92.8-98.7 
 Spocter and Manger (2007) 60.1 15.5 58.0-62.3 

* Mean known body mass for full sample (n=253) is 75.62 kg. 

Orbital height and orbital area are the only variables for which Aiello and Wood 

(1994), Kappelman (1996), and Spocter and Manger (2007) all provide equations. Of the 

three for orbital height, Kappelman’s (1996) equation resulted in the lowest mean |PPE| 

and the largest number of individuals estimated within +/-20% of their known mass. 

Aiello and Wood’s (1994) equation performed the next best, while Spocter and Manger’s 

(2007) equation performed the most poorly. Kappelman’s (1996) orbital height equation 

also resulted in the lowest raw difference between predicted and known mean mass. 

Kappelman (1996) and Aiello and Wood’s (1994) equations returned similar mean 

predicted masses (48.7 and 50.2 kg respectively), and their confidence intervals 

overlapped considerably. Spocter and Manger’s (2007) equation resulted in a very 

different, and much lower, mean predicted mass (15.9 kg) and the confidence interval 

did not overlap with those from the other two equations. 
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With respect to orbital area, Aiello and Wood’s (1994) equation predicted mass 

more accurately than either of Spocter and Manger’s (2007) orbital area equations, or 

Kappelman’s (1996) CAD-derived equation. Although neither estimated mass very 

accurately, Kappelman’s (1996) equation performed better than Spocter and Manger’s 

(2007) equation for this variable. Raw predicted masses showed a similar pattern, with 

Aiello and Wood’s (1994) equation resulting in a lower mean difference than the other 

two equations for orbital area. Mean predicted masses varied considerably between 

studies and 95% confidence intervals did not overlap for any of the three equations. 

It was possible to compare a further six equations between Aiello and Wood’s 

(1994) and Spocter and Manger’s (2007) studies. Overall, Aiello and Wood’s (1994) 

equations had lower |PPE|s and estimated more individuals within +/-20% of their known 

mass than Spocter and Manger’s (2007) equations. The exceptions to this were the 

equations for foramen magnum breadth and foramen magnum area (FMA1). Spocter 

and Manger’s (2007) equations for these variables returned lower |PPE|s and estimated 

more individuals within +/-20% of their known mass than those provided by Aiello and 

Wood (1994). However, the |PPE|s for Spocter and Manger’s (2007) equations were still 

high (>26%) and neither equation estimated more than 45% of any sample within +/-

20% of known mass. Both Aiello and Wood’s (1994) and Spocter and Manger’s (2007) 

equations tended to underestimate known mass. However the directional differences 

were not consistent between the two sets of equations. Aiello and Wood’s (1994) 

equations for biporionic breadth, foramen magnum length, foramen magnum breadth, 

and foramen magnum area (FMA1) overestimated mass, while Spocter and Manger’s 

(2007) equations for the same variables underestimated it. Conversely, Aiello and 

Wood’s (1994) biporionic breadth equation underestimated mass, while Spocter and 

Manger’s (2007) equivalent equation overestimated it. As noted for orbital height and 

area, Aiello and Wood’s (1994) and Spocter and Manger’s (2007) equations for the 

same variable frequently produced very different predicted mean masses. The most 

extreme example of this was with bi-orbital breadth, which resulted in a mean body mass 

estimate of 81.7 kg using Aiello and Wood’s equation, but just 19.0 kg using Spocter and 

Manger’s (2007) equation. Again, 95% confidence intervals for the mean predicted 

masses rarely overlapped between the two sets of equations. 
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2.4. Discussion 

The results of the present study suggest that the existing equations for predicting 

the body masses of fossil hominins from cranial variables are problematic. As previously 

noted, Aiello and Wood (1994) found orbital area, orbital height, and biporionic breadth 

to be good predictors of mass. Kappelman (1996) also considered orbital height and 

orbital area reliable, while Spocter and Manger (2007) found foramen magnum area, 

foramen magnum area as an ellipse, biorbital breadth and biporionic breadth useful, with 

orbital height and area also performing well. However, of the 34 equations tested here, 

Aiello and Wood’s (1994) LSR regression equation for biporionic breadth (BPOR) in 

males was the only one that resulted in estimates that met both the criteria for 

acceptance. For the remaining equations, absolute prediction errors exceeded 19% and 

the number of individuals estimated within +/-20% of their known mass was rarely above 

50%. In addition, the equations varied markedly in terms of the value of the mass 

estimated from the same variable, the masses estimated by different variables, and in 

relation to which variables estimated mass most accurately. Lastly, claims about the 

advantages of RMA over LSR-based analyses were not borne out: the RMA-based 

equations performed worse than all the LSR-based equations. 

Some of these results were more unexpected than others. The poor performance 

of the equations for orbital area was particularly surprising. Orbital area was identified as 

a good predictor of body mass by all three previous studies (Aiello and Wood 1994; 

Kappelman, 1996; Spocter and Manger, 2007). It has also been shown to scale the 

same way in humans and non-human primates (Kappelman, 1996) and has been 

argued to be “the single best predictor” of body mass in hominins (Churchill et al., 

2012:322). However, in the current study, this measurement failed to meet either 

criterion for acceptance in any sample group, regardless of how it was calculated. 

The relative performance of the different area equations was also surprising. For 

both orbital area and foramen magnum area, the breadth x height equations performed 

better than either the ellipse or CAD-derived equations. If these features were 

meaningfully related to body mass, then the more accurate calculations should have 

performed better (Kappelman, 1996). However, this was not the case and neither the 
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ellipse equation nor the CAD-derived equation achieved acceptable rates of accuracy in 

the sample group. 

Several potential problems need to be considered before the results of this study 

can be accepted. The first relates to estimating the body mass of a single individual 

within a species from an interspecies sample. As noted previously, all the equations 

were derived from sex/species means but are used regularly to estimate the body mass 

of individual fossil specimens. Despite this, it is possible that within-species scaling of 

cranial variables with body mass in Homo sapiens is so different from among-species 

scaling of the same variables in non-human primates that the interspecific equations are 

incapable of accurately predicting body mass of an individual human. There are two 

reasons we believe this is an unlikely explanation for the current results. First, orbital 

area has been found to scale in the same way with body mass in humans as it does in 

other primates (Kappelman, 1996). In the current study, three different equations for this 

variable were tested and none resulted in good predictive ability. While such effects may 

still be responsible for errors in other variables, this suggests that the equations’ poor 

performance is not solely a consequence of the variables scaling differently within 

modern humans than among non-human primates. 

The second reason for suspecting that the poor performance of the equations is 

not due to scaling differences is that we carried out a supplementary analysis, and its 

results were not consistent with this explanation. In the analysis in question, we 

generated body mass estimates from the means of 50 sets of ten individuals each 

(randomly selected with replacement) and compared these values with the known mean 

masses. Aiello and Wood’s (1994) equations were used for this test as they yielded the 

most accurate estimates in the initial analyses. If scaling factors were the issue, the 

prediction errors were expected to be consistently lower when mean data were used. 

Contrary to this, prediction errors were lower in some cases but higher in others 

(Appendix Table 4). 

A second potentially confounding factor is the inclusion of very light and very 

heavy individuals in the test sample. Because it consisted of modern Europeans, the 

current sample included individuals with a wide range of BMIs (14-45). Although the 

mean BMI (25.46) corresponds closely with the current national average (24.6) for 
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Switzerland (SFSO, 2012), this BMI range likely differs significantly from that of fossil 

hominins and early modern human populations, particularly in the “overweight” category. 

Consequently, it is possible that the equations performed poorly in the present study 

because the range of variation greatly exceeded that expected by the method. To test 

this possibility, we ran an additional set of analyses on a sub-sample of individuals 

(n=116) with BMIs in what the World Health Organization considers to be the “normal” 

range (18.5-25) (WHO, 2000). Appendix Tables 5 and 6 provide the sample and variable 

summaries for the BMI-restricted groups, while Appendix Tables 7-9 summarize the 

results for the three sets of equations. Restricting the sample to a normal BMI range did 

not consistently improve accuracy. Several of Aiello and Wood’s (1994) and Spocter and 

Manger’s (2007) equations returned lower |PPE|s and estimated more individuals within 

+/-20% of known mass in the BMI-restricted samples. However, other equations 

produced higher |PPE|s and estimated fewer individuals within +/-20% of known mass, 

and most equations still did not meet both criteria for acceptance. Both of Kappelman’s 

(1996) equations returned lower |PPE|s and estimated more individuals within +/-20% of 

known mass, but still failed to meet the criteria for acceptance. Thus, the inclusion of 

very light and very heavy individuals also does not explain the poor performance of the 

equations. 

The inclusion of older individuals in the sample is also potentially problematic. 

Body mass can change significantly over the course of a lifetime, and as past 

populations are less likely to have lived into very old age (Robson and Wood, 2008), it is 

possible that the presence of older individuals negatively affected the results (Ruff, pers. 

comm.). To evaluate this, we ran another set of analyses using only individuals between 

18 and 60 years of age. This reduced the test sample to 87 females and 99 males (total 

n=186). Again, as they produced the most reliable results overall, Aiello and Wood’s 

(1994) equations were used for this test. The results show that constraining the sample 

to a more “realistic” age range for fossil hominins had little effect on accuracy (see 

Appendix Table 10). Prediction errors were variably higher or lower than those for the full 

sample, but none was significantly different (p=0.01). This suggests that the poor 

performance of the equations in the present study was not due to the inclusion of very 

old individuals in the sample either. 
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It appears, then, that the poor performance of the equations is not due to 

shortcomings in the design of our study, but to some other factor or combination of 

factors. 

What else might be driving the poor performance of the equations? One 

possibility relates to the lack of a functional relationship between cranial morphology and 

body mass. Several authors have argued that body mass will be better predicted by 

skeletal features that are functionally related to bearing weight – e.g. the proximal femur 

(Jungers, 1988; Ruff, 1991; 1994; McHenry, 1992). Based on this, cranial variables 

would not be expected to predict mass very well (Hylander, 1985). However, the 

existence of a functional relationship is not essential for a trait to be useful for prediction 

(Smith, 2002). Indeed, the very lack of such a relationship has been argued to be the 

primary advantage of postcranial equations that employ stature and bi-iliac breadth to 

estimate body mass compared to postcranial equations that utilize femur head breadth 

(Ruff et al., 1997; 2005; 2012). Thus, it seems unlikely that the absence of a functional 

relationship between the cranial variables and body mass explains the poor performance 

of the majority of the cranial equations tested in the present study. 

The quality of the data is a more likely source of error. As individual body masses 

are rarely available for wild-caught non-human primates (Kappelman, 1996), the studies 

in question all employed measurements taken from one set of specimens and body 

mass data taken from the literature (Aiello and Wood, 1994; Kappelman, 1996; Spocter 

and Manger, 2007). While this allows more species to be included and larger sample 

sizes, the use of unassociated data necessarily reduces the ability to characterize the 

relationship between cranial morphology and mass. Consequently, the accuracy and 

reliability of the original data used to generate the predictive equations are not assured 

(Ericksen, 1982; Komar and Grivas, 2008). 

Sample size may be a much bigger problem. As noted previously, sample sizes 

in the three studies were very small. Specifically, most of the non-human primate taxa in 

Aiello and Wood’s (1994) study were represented by 10 individuals and the human 

sample consisted of only 12 males and 12 females. Kappelman (1996) used between 5 

and 30 individuals for the non-human primate species and 32 individuals for the human 

sample. Spocter and Manger (2007) used a larger sample of modern humans (90 males, 
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90 females), but their non-human primate samples were represented by only two or 

three individuals. In fact, because all three studies used mean data to generate their 

predictive equations, sample sizes were effectively reduced to the number of 

sex/species data points. For the hominoid-based equations this resulted in sample sizes 

of 5, 12, and 18 in Spocter and Manger’s (2007), Aiello and Wood’s (1994), and 

Kappelman’s (1996) analyses, respectively. However, such small samples significantly 

increase the probability of nonrandom sampling (Ruff, 2003) and cannot be considered 

sufficient for statistically robust interpretations (Dupont and Plummer, 1998; Smith, 

2002). In addition, small sample sizes can produce artificially high correlation coefficients 

and consequently, misleadingly reliable results. This is particularly true of RMA 

regression analyses (Legendre, 1998), although with high r2 values, the slopes of RMA 

and LS regression are similar and LS regression methods are likely to perform as poorly 

as RMA methods when sample sizes are limited. Consequently, the largest contributor 

to the equations’ poor performance may be the small samples of the reference material 

used to generate them. 

The results of the present study have several implications for human evolutionary 

research. The most obvious of these is the need to prioritize the task of improving the 

estimation of fossil hominin body mass from cranial variables. Given the challenges of 

attributing postcranial material to specific taxa (Aiello and Wood, 1994) and the fact that 

the fossil record continues to be weighted heavily towards cranial material (e.g. Ji et al., 

2013), it seems premature to discourage the estimation of body mass from such material 

without at least attempting to correct existing problems. One route would be to develop 

new predictive equations using larger sample sizes. Although challenging (see Wood 

and Collard, 1996), incorporating larger groups of non-human primates with associated 

skeletal dimensions and body mass data into these analyses would be ideal. 

Alternatively, for fossil hominins, particularly those in Homo, it may be more appropriate 

to employ an exclusively modern human sample for the new analyses. Deriving sex-

specific equations from such a sample may also improve predictive ability. Comparisons 

with postcranial material in the same associated human sample might lead to the 

identification of cranial variables that are more effective. Finally, alternate statistical 

approaches could also be considered. In particular, Uhl et al. (2013) demonstrate the 

utility of using Bayesian and maximum likelihood methods for estimating body mass and 

recommend using R statistics to explicitly consider differences in size and scaling 
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between modern and fossil samples. Konigsberg and Frankenberg (2013) expand on 

this concept and provide useful guidance for employing Bayesian methods for a variety 

of questions in biological anthropology. 

A second implication relates to the choice of RMA-based equations versus LSR-

based equations. As noted previously, there is currently no consensus regarding the 

line-fitting method that should be used when developing equations to predict fossil 

hominin body mass from skeletal variables. Some researchers argue that LSR should be 

used, while others contend that RMA regression is more appropriate. Although the 

underlying problem here may have more to do with the sample size of the original 

reference groups than anything else (see above), the results of the present study 

suggest that LSR may be the more accurate method for predicting the body mass of 

fossil hominins. To confirm this, reanalyses of both methods using large and 

representative samples are clearly needed. 

A third implication of our results concerns the interpretation of the body mass 

estimates that have already been generated with the cranial equations. If prediction 

errors are high using a sample of individuals whose species is represented in the 

reference sample, it seems likely that they will be at least as high for specimens whose 

species are not represented, as is the case for the fossil hominins. Thus, our results 

suggest that most of the body mass estimates for the fossil hominins that have been 

derived from cranial equations (Aiello and Wood, 1994; Kappelman, 1996; Spocter and 

Manger, 2007; Churchill et al., 2012) should be treated only as very rough “ball park” 

figures. Given that most of the equations failed to accurately estimate more than 50% of 

the specimens in our sample within +/-20% of their known mass, it would seem 

reasonable to allow for the possibility that the body mass estimates for many fossil 

hominins generated with existing equations are at least 20% too low or too high. 

2.5. Conclusion 

Overall, existing equations for estimating body mass from cranial variables 

produced high rates of error in a sample of modern humans. Despite methodological 

similarities, estimates between the studies reviewed varied considerably, as did the 

relative performance of different equations for the same variables. In particular, variables 
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that had previously been identified as good predictors of body mass in hominoids, were 

not the most reliable in the human sample. In addition, RMA regression methods were 

not found to be more appropriate than LSR methods for predicting body mass from 

cranial variables. Problems with the size and composition of the original samples may be 

largely responsible for the failure of the equations to predict mass adequately. 

Consequently, further analyses involving larger samples and careful consideration of 

reference and target groups are warranted. New statistical approaches may also 

improve predictive ability. With refinements such as these, it may still be possible to 

increase the accuracy of body mass estimates in fossil hominins using cranial variables. 
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3.1. Introduction 

Estimating body mass from skeletal remains is an important aspect of biological 

anthropology research. In palaeoanthropological and bioarchaeological contexts, body 

mass estimates offer one of the few ways to access key biological and behavioural 

information (Ruff, 2002; Plavcan, 2012). Estimates of mass also provide the most 

practical means for comparing individuals or groups, and relating these differences to 

their ecological and adaptive contexts (Smith, 1996). In addition, because body mass is 

a conspicuous individualizing feature and a potentially significant influence on 

taphonomic processes, it is becoming an area of interest for modern forensic 

identification and multiple fatality investigations (Rainwater et al., 2007; Agostini and 

Ross, 2011; Moore and Schaefer, 2011; Byard, 2012). 

Body mass is most commonly estimated from the postcranium. Currently, there 

are two broad approaches - referred to as the “mechanical” and “morphometric” methods 

(Ruff, 2002; Auerbach and Ruff, 2004). Mechanical methods rely on the functional 

relationship between body mass and the skeletal elements that bear weight (Ruff et al., 

1991; McHenry, 1992; Grine et al., 1995). In contrast, morphometric methods estimate 

mass by reconstructing overall body shape from measures of stature and bi-iliac breadth 

(Ruff, 1994; Ruff et al., 1997; 2005). Although interspecies analyses have been used to 

estimate mass in fossil hominins (e.g. Steudel, 1980; McHenry, 1992; Hartwig-Scherer, 

1993), the most commonly used methods are based on regression analyses that employ 

reference populations of modern humans, either individuals within a population (Ruff et 

al., 1991; 2012), or sex-specific means for multiple groups (McHenry, 1992; Ruff, 1994; 

Grine et al., 1995; Ruff et al., 2005). 

The regression equations derived from these intraspecies studies have become 

the standard in biological anthropology. They have been used to estimate the mass of 

numerous fossil hominin groups (Ruff et al., 1997; Churchill et al., 2012), individual 

hominin specimens (Ruff and Walker, 1993; Ruff, 1994; Trinkaus and Jelinek, 1997; 

Arsuaga et al., 1999; Rightmire 2004; Rosenberg et al., 2006; Ruff et al., 2006; Melton et 

al., 2010; Ruff, 2010; Walker et al., 2011), and archaeological human populations (Kurki 
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et al., 2010; Myszka et al., 2012; Pomeroy and Stock, 2012; Ruff et al., 2012). The 

equations are also being used to explore body mass estimation as a tool in modern 

forensic contexts (Lorkiewicz-Muszyńska et al., 2013). 

Despite their widespread use, a number of issues suggested that a re-evaluation 

of current postcranial equations was warranted. To begin with, the validity of the 

mechanical and morphological approaches has been based largely on the similarity of 

their results when compared to each other (Holliday, 2002; Auerbach and Ruff, 2004; 

Kurki et al., 2010; Myszka et al., 2012; Pomeroy and Stock, 2012; Ruff et al., 2012). 

However, there were still a number of discrepancies in the results of these studies and 

the similarities demonstrate only that the two sets of methods are roughly congruent, not 

that they are accurate. 

In addition, the equations have not been adequately tested using populations of 

known mass, combined with associated skeletal data. For the mechanical method, only 

two studies have taken such an approach (Ruff et al., 1991; Lorkiewicz-Muszyńska et 

al., 2013). In the first study, Ruff et al. (1991) used skeletal measurements taken from 

clinical radiographs of living individuals (n= 80) and patient-recalled body masses to 

derive predictive equations for estimating body mass in modern and earlier human 

groups. However, in addition to using indirect measures for key variables, the study used 

a very small sample (n=8) to test the resulting equations. Consequently, it did not 

sufficiently demonstrate their accuracy. 

The second study employed CT-derived skeletal measures and clinically 

documented body masses to test several sets of postcranial equations for their 

applicability to forensic identifications (Lorkiewicz-Muszyńska et al., 2013). Although 

documented body masses were used, the authors acknowledged a number of 

inconsistencies in the results. In particular, females were estimated more poorly than 

males and the STBIB equation performed worse than most of the FHB equations. 

Unfortunately, the reasons for the discrepancies were not fully explored. Nor were newly 

published mechanical equations (Ruff et al., 2012) included in the test. As a result, the 

predictive competence of the equations was not established. 

The morphometric equations have also not been validated sufficiently. In 

particular, the most commonly used equations - those of Ruff et al. (1997) and Ruff et al. 
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(2005) – are both based on bi-iliac breadths measured over soft tissue on living 

individuals, combined with body masses gleaned from the literature. Again, since the 

equations were not derived using directly measured variables or associated material, the 

tests did not truly demonstrate the accuracy of the equations or their applicability to 

skeletal material. 

Several other questions associated with the use of the equations also remain 

unanswered. The first is whether or not the biomechanical method is better than the 

morphometric method. Most researchers assume that the mechanical method is more 

accurate because the femur bears the majority of the body’s weight (Jungers, 1988; 

Aiello and Wood, 1994; Churchill et al., 2012). However, the morphometric method has 

been argued to be more reliable than the mechanical method because it encompasses 

greater geographic diversity and uses larger sample sizes (Auerbach and Ruff, 2004). In 

fact, body masses estimated using the morphometric method are now being used as 

‘true masses’ in studies deriving new predictive equations from archaeological material 

(Ruff et al., 2012). For this practice to be appropriate however, the reliability of the 

morphometric method must be explicitly demonstrated. 

A second question relates to the choice of specific equation for the target 

specimen. Some authors have argued that variations in body size and proportion 

necessitate specific mechanical equations for smaller or larger bodied groups (McHenry, 

1992; Grine et al., 1995; Kurki et al., 2010). If a specimen does not fit into one of these 

“target” groups, the use of “generalized” equations has been recommended (Ruff et al., 

1991; 2012). Alternatively, Auerbach and Ruff (2004) recommend averaging the results 

of multiple mechanical equations for non-specific specimens. However, it is not always 

possible to know how well a specimen matches a reference sample (Smith, 2009). In 

addition, there is some question as to whether averaging estimates is statistically 

appropriate (Smith, 2002; SWGANTH, 2012). Either way, such claims must be clearly 

demonstrated before they can be accepted in practice. 

In a similar vein, when choosing which morphometric equation to use, Ruff et al. 

(2005:390), argue that newer equations based on an expanded sample are “more 

broadly applicable, particularly to tall and wide-bodied males” than previous equations 

(Ruff, 1994; Ruff et al., 1997). As a result, the newer equations have largely replaced 
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earlier ones in practice (Ruff et al., 2006; 2012; Lorkiewicz-Muszyńska et al., 2013). 

However, the new equations were designed specifically to increase the representation of 

high-latitude populations in the sample (Ruff et al., 2005). Consequently, applying them 

uncritically to other test groups may not be appropriate and the assumption of their 

general superiority requires confirmation. 

Lastly, the advantage of using sex-specific equations over combined-sex 

equations has not been clearly established. In general, sex-specific equations are 

considered to be more accurate than combined-sex equations because of systematic 

differences in body size between males and females (Ruff et al., 1991). However, sex is 

not always easy to attribute and the level of sexual dimorphism in the reference sample 

may not be the same as that of the target specimen (Niskanen and Junno, 2009). As a 

result, it has been suggested that combined-sex equations may be more accurate 

because they can employ larger reference samples and encompass a broader range of 

variation (Henneberg et al., 2005). Of the most commonly cited studies, two provide both 

sex-specific and combined-sex equations (Ruff et al., 1991; 2012). Two others provide 

only sex-specific equations (Ruff et al., 1997; 2005) and two provide only combined-sex 

equations (McHenry, 1992; Grine et al., 1995). In addition, Ruff (2000) recommends 

averaging the results of the male and female morphometric equations to create the 

equivalent of a ‘combined-sex’ equation for situations when sex cannot be assigned. 

Since the practice of averaging multiple estimates may be statistically problematic 

(Smith, 2002), assumptions regarding the relative predictive ability of equations 

designed to target specific groups must be formally evaluated with a known sample 

before they can be accepted. 

Given the scope of the questions to which skeletally-derived body mass 

estimates are applied in biological anthropology, and the importance of the inferences 

drawn from their results, the validity of existing postcranial methods must be clearly 

demonstrated. Consequently, this study used virtually reconstructed skeletal elements 

derived from CT scans for a large sample of documented modern humans to 

systematically evaluate the predictive ability of the most widely used equations: four sets 

of “mechanical” (Ruff et al., 1991; McHenry, 1992; Grine et al., 1995; Ruff et al., 2012), 

and two sets of “morphometric” (Ruff, 1994; Ruff et al., 1997; 2005) equations. 
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The accuracy rates from these tests were then used to evaluate five claims that 

have been made about the performance of the equations relative to one another: 1. 

Morphometric equations are more reliable than mechanical equations (Auerbach and 

Ruff, 2004); 2. “Matched-target” equations are more accurate than “generalized” 

equations and “mismatched-target” equation are less accurate than either (McHenry, 

1992; Grine et al., 1995); 3. When using the mechanical method, if a specimen does not 

fit with one of the “target” equations, averaging the results of other equations will 

estimate mass reliably (Auerbach and Ruff, 2004); 4. Sex-specific equations are more 

accurate than those based on combined-sex samples (Ruff et al., 2012); and 5. When 

applying the morphometric method, if sex cannot be determined, averaging the sex-

specific equations produces reliable estimates (Ruff, 2000). 

3.2. Materials and Methods 

3.2.1. Sample 

This study used archived CT scan data from a sample of 253 deceased modern 

human adults. The sample consisted of 128 males and 125 females, between 18 and 90 

years (M mean = 48.1 years, F mean = 51.2 years). The data were obtained from the 

Institute of Forensic Medicine (IFM) at the University of Zurich, Switzerland where whole-

body CT scans are routinely taken for all individuals entering the facility for forensic 

evaluation (Thali et al., 2003, 2007). The scans are maintained on the IFM’s secure 

server, and were accessed with the approval of the IFM in accordance with its protocols. 

Sample individuals were selected through query searches of the IFM’s database, 

record review, and visual inspection of the CT scans. Individuals with skeletal 

abnormalities, trauma, or cranial implants were excluded, as were individuals who were 

processed more than three days after death. Sex, age at death (in years), body mass (in 

kg), and stature (in cm) were recorded for each individual. Body mass index (BMI) was 

calculated from body mass and stature using the standard equation (mass/stature2) to 

provide an indication of overall body condition. As population affinity is not recorded on 

postmortem documentation in Switzerland, it was not included as a variable in the 

present study. However, as more than 80% of the Swiss population is of European 
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descent (SFSO, 2012), the sample was considered European. Table 3.1 provides the 

summary data for the sample. 

Table 3.1. Summary data for test sample 

 Females (n=125) Males (n=128)  Combined-sex (n=253) 

Variable Mean SD Range Mean SD Range Mean SD Range 

Weight (kg) 69.5 19.3 31.8-146.0 81.6 16.4 40.5-142.2 75.6 18.8 31.8-146.0 

Stature (cm) 166.3 8.2 149.0-195.0 177.5 7.9 154.0-193.0 171.9 9.8 149.0-195.0 

Age (yrs) 51.2 16.5 18.0-90.0 48.1 14.1 18.0-80.0 49.6 15.3 18.0-90.0 

BMI1 25.1 6.4 14.3-46.5 25.8 4.6 15.4-46.9 25.4 5.6 14.3-46.9 
1 BMI = body mass index, calculated as mass(kg)/(stature(m))2 

3.2.2. Imaging and 3D reconstruction protocols 

CT imaging was conducted according to IFM protocols (Thali et al., 2007). 

Patient scans were accessed from the IFM’s archives and the regions of interest were 

volume rendered using OsiriX imaging software (http://www.osirix-viewer.com). The 

skeletal elements were oriented in a consistent plane and measured on the right side to 

the nearest 0.1 mm using OsiriX tools. In 13 cases where the right femur was unusable 

due to a fracture or prosthetic, the left side was measured on the grounds that directional 

asymmetry in the lower limbs is usually small and inconsequential for the purposes of 

estimating body mass (Auerbach and Ruff, 2004; Ruff et al., 2012). The accuracy of 

reconstructing virtual skeletal elements from CT data has been demonstrated for a 

number of applications (Cavalcanti et al., 2004; Lopes et al., 2008; Decker et al., 2011; 

Kim et al., 2012; Smyth et al., 2012). It was also verified in a previous study by physically 

measuring, scanning, virtually reconstructing, and then virtually re-measuring an 

archaeological skull from the IFM’s collection (Elliott et al., 2014). In the latter study, 

measurement differences between the physical and virtual skulls were less than 3% for 

all variables. 

3.2.3. Skeletal variables 

Two skeletal measurements were taken for this study (Table 3.2, Figure 3.1): 

superior-inferior femoral head breadth (FHB) for use with the mechanical equations, and 



 

53 

bi-iliac breadth (BIB) for use with the morphometric equations. For the morphometric 

equations, stature (ST) was taken from patient documents, as measured by IFM staff at 

the time of processing. Intra-observer repeatability was tested by re-measuring both 

variables on six randomly selected individuals, with a three-week time lapse (mean 

percent errors < 1%). It is important to note that the morphometric equations use “living 

BIB”, a measure that includes the cartilaginous soft tissue between the innominates 

(Ruff, 1994). When dealing with skeletal remains, Ruff (1994) recommends applying a 

conversion factor to skeletal BIB to obtain the “living” value needed for the equations. 

However, because the cartilage was still intact in the cadaveric individuals used here, 

this conversion was not necessary. Table 3.3 provides the summary data for the 

variables. 

Table 3.2. Postcranial variables 

No. Abbreviation Description Reference 

1 FHB Femoral head breadth: superior-inferior breadth perpendicular to 
the cervical axis - in mm Ruff et al. 1991 

2 BIB Bi-iliac breadth: maximum pelvic breadth taken across the iliac 
crests, taken as “Living BIB” - in mm Ruff, 1991; 1994 

 

 
Figure 3.1. Post-cranial elements three-dimensionally rendered from CT data, 

showing linear measurements used for this study. 
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Table 3.3. Summary data for each variable (in mm) 

 Females (n=125) Males (n=128) Combined-sex (n=253) 

Variable Mean SD Range Mean SD Range Mean SD Range 

FHB 45.5 2.3 39.8-55.5 50.9 2.8 41.5-57.5 48.2 3.73 39.8-57.5 

BIB 277.9 18.5 223.1-337.1 283.9 16.8 211.2-324.2 280.9 17.83 211.2-337.1 

3.2.4. Analyses 

Table 3.4 lists the published equations tested in this study, along with the 

composition of the reference samples and the regression method used. Equations for 

the mechanical and morphometric equations are designated by the abbreviation for the 

variable/s used – FHB for the femoral head breadth-based equations and STBIB for the 

stature/bi-iliac breadth equations. Two studies provide sex-specific, as well as 

combined-sex, FHB equations (Ruff et al., 1991; 2012). Two others provide only 

combined-sex FHB equations (McHenry, 1992; Grine et al., 1995). Only sex-specific 

STBIB equations have been published (Ruff et al., 1997; 2005). Although there is 

considerable debate about the best regression method to employ for predictive analyses 

(Smith, 1996; Konigsberg et al., 1998; Smith, 2009; Sokal and Rohlf, 2012), most of the 

equations that have become standard were derived using Least-Squares Regression 

(LSR). The FHB-4 equations are exceptions to this. These equations were derived using 

Reduced Major Axis (RMA) regression (Ruff et al., 2012). 

Analyses were conducted by entering the skeletal measurements into the 

appropriate equation and calculating an estimated mass. Raw and percent differences, 

percent prediction errors (PPE), and absolute percent differences (|PPE|) were 

calculated for each individual in three test groups: males, females and combined sexes. 

Raw differences were calculated as (known - estimated mass), while percent prediction 

errors were calculated as (known - estimated mass)/known*100 (Wu et al., 1995). PPEs 

indicate the directional difference of the error: positive PPE values indicate an 

underestimate (estimated mass < known mass), while negative values denote an 

overestimate (estimated mass > known mass). Absolute percent differences (|PPE|) 

assess the magnitude of the difference between the estimated and known masses 

(Dagosto and Terranova, 1992; Aiello and Wood, 1994). Differences between known 

and estimated mass were plotted and the Wilcoxon signed-rank test was used to 
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establish their significance. The percentage of individuals whose estimated body mass 

fell within +/-20% of the known mass was also calculated (see below). Assessment of 

reliability was based primarily on the |PPE| and the percentage of estimated masses that 

fell within +/-20% known mass. The |PPE|s were also used to compare the equations in 

relation to the assumptions previously discussed, with the Wilcoxon signed-rank test 

once again being used to determine the significance of the differences. 

Table 3.4. Published regression equations for estimating body mass from 
femoral head breadth (FHB) or stature/bi-iliac breadth (STBIB) 

Method Female Male Combined-sex Source Sample composition 
and method 

FHB-1 2.43*FHB-35.1 2.74*FHB-54.9 2.16*FHB-24.8 Ruff et al. 1991; 
1997 

80 living individuals (US 
whites and blacks), LS 
regression 

FHB-2 n/a n/a 2.24*FHB-39.9 
McHenry, 1992, 
see Ruff et al. 
1997 

Mean data from 4 
samples (US European 
and African, Khoisan 
and African Pygmy), LS 
regression 

FHB-3 n/a n/a 2.27*FHB-36.5 Grine et al. 1995 

Mean data from 10 sex-
specific samples 
(African American, 
European American 
and Native American), 
LS regression 

FHB-4 2.18*FHB-35.8 2.80*FHB-66.7 2.30*FHB-41.7 Ruff et al. 2012 
Archaeological sample 
of 1,145 individuals 
(European Holocene), 
RMA regression 

STBIB-1 0.52*STAT+1.8
1*LBIB-75.50 

0.37*STAT+3.03
*LBIB-82.5 

Average of male 
and female1 

Ruff, 1994, Ruff 
et al. 1997; 2000 

Sex-specific mean data 
for 56 samples 
(Worldwide), LS 
regression  

STBIB-2 0.50*STAT+1.8
0*LBIB-72.60 

0.42*STAT+3.13
*LBIB-92.9 

Average of male 
and female1 Ruff et al. 2005 

Same data as for 
STBIB-1, with addition 
of 2 Finnish groups (1 
male, 1 female), LS 
regression 

All equations are for raw (non-logged) data. FHB in mm, stature (ST) and living bi-iliac breadth (LBIB) in cm. 
Resulting BM in kg. 1as recommended by Ruff (2000). 

3.2.5. Expectations 

There are few clear criteria for the acceptance of a skeletally-derived body mass 

estimate. In theory, the predictive ability of a regression equation developed and tested 

on a single species (e.g. humans) should be higher than one that was developed on 
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multiple species and tested on one (Smith, 2002). Since studies using interspecies 

comparisons have considered percent prediction errors of up to 19% to be acceptable 

(Aiello and Wood, 1994), this would argue in favour of a lower threshold for the 

postcranial intraspecific equations being considered here. Despite this, because it 

provided a lenient baseline, we maintained this threshold and accepted estimates as 

reliable when the absolute percent prediction errors (|PPE|) fell below 19%. In addition, 

studies vary in terms of their expectations for the number of individuals that can be 

estimated with +/-20% of their known mass. Interspecific studies tend to use relatively 

high thresholds – accepting equations that place 50% of a sample within +/-20% of 

known mass (Dagosto and Terranova, 1992; Aiello and Wood, 1994). In contrast, 

intraspecific studies suggest that an effective equation should estimate the majority of 

individuals within 10 or 15% of their known mass (Ruff et al., 2005; Lorkiewicz-

Muszyńska et al., 2013). Again, we chose a conservative approach and accepted 

estimates when 50% or more of the specimens fell within +/-20% of their known mass. In 

addition to these broad acceptance criteria, we made specific predictions for the 

performance of each equation, based on the original reference samples and intended 

purpose. 

Mechanical (FHB) equations. Ruff et al.’s (1991) three FHB equations (FHB-1a-

1c) were derived from individual data for a modern North American sample and were 

intended for general application to both fossil and modern humans. The reference 

sample is roughly contemporaneous with our test sample and the characteristics are 

similar (mean body mass=76.7 kg versus our 75.6 kg). In addition, Ruff et al. (1991) 

provide both sex-specific and combined-sex equations. As a result, we expected each of 

the equations to estimate mass accurately in their respective test groups. 

McHenry’s (1992) single FHB equation (FHB-2) was derived from mean, 

combined-sex data for four modern samples (US European and African, Khoisan and 

African “Pygmy”). Because it was designed specifically to estimate mass in smaller-

bodied hominins, this equation was not expected to be accurate when applied to our 

sample, which consists of relatively large, modern Europeans. In light of this mismatch, 

FHB-2 was also expected to estimate mass relatively more poorly than the other 

equations. 
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The combined-sex FHB equation provided by Grine et al. (1995) (FHB-3) was 

derived from mean data for ten sex-specific modern and archaeological samples, with 

the goal of estimating large-bodied hominins. Initially, this suggested to us that the 

equation might overestimate mass in the current sample, as Pleistocene hominins are 

considered to have been heavier and more robust than modern humans (Ruff et al., 

2005; Churchill et al., 2012). However, as a Western, industrialized, modern group, our 

sample might also be carrying more fat than the original reference populations (Ruff et 

al., 1991) and the equation would underestimate mass. On the grounds that these two 

factors would effectively cancel each other out (Ruff, 2000), we expected the FHB-3 

equation to predict mass well here. 

Ruff et al.’s (2012) recently derived FHB equations (FHB-4a-4c) provide sex-

specific, as well as combined-sex equations for Holocene European samples. Because 

they were derived from a large and diverse group of individual skeletal remains, these 

equations have been argued to be “broadly applicable across different geographic 

regions and temporal periods” (Ruff et al., 2012:615). Following this, the equations were 

expected to estimate mass well in our sample. 

Morphometric (STBIB) equations. The two sex-specific STBIB-1 equations tested 

here were developed using population-mean anthropometric data taken from living 

individuals belonging to 56 different populations (Ruff, 1994; Ruff et al., 1997). As 

associated data were not available, mean body masses for each group were gleaned 

from the literature (Ruff, 1991). Designed to encompass a wide range of body sizes, 

these equations have been argued to “provide the most generally reliable” estimates of 

mass when bi-iliac breadth and stature can be measured or estimated with some 

confidence (Auerbach and Ruff, 2004:340). As we were able to measure both features 

directly in our study sample, we expected the equations to perform well. 

As noted earlier, the STBIB-2 equations are the result of efforts to improve body 

mass estimates by expanding the range of variation in the reference sample to include 

more high-latitude (> 46º N) populations (Ruff et al., 2005). As another high-latitude, tall 

and broad population (Zurich is at 47.4° N and all means either met or exceeded those 

for the Inupiat and Finnish groups), we expected body mass to be estimated well with 

these equations, particularly for the males. 
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3.2.6. Relative performance 

We also tested specific expectations for the relative performance of the 

equations based on the claims previously discussed. The first hypothesis states that 

morphometric equations are more reliable than mechanical ones (Auerbach and Ruff, 

2004). Thus, we expected STBIB-1 and STBIB-2 to outperform all of the FHB equations. 

According to the second hypothesis, “matched-target” equations are more 

accurate than “generalized” or “mismatched-target” equations. Here, we expected our 

modern European sample to be estimated better using the large-bodied FHB-3 equation 

than the more “generalized” FHB-1 and FHB-4 equations (at least with the combined-sex 

equations). However, all three of these equations were expected to perform better than 

the “mismatched” FHB-2 equation, which was designed for small-bodied individuals. On 

the same grounds, because our test sample was derived from a relatively high-latitude 

population, we expected the “matched-target” STBIB-2 equation to be more accurate 

than the more “generalized” STBIB-1 equation, particularly for men. 

A third hypothesis claims that the results of multiple mechanical equations can be 

averaged when a specimen is not specifically large- or small-bodied (Auerbach and Ruff, 

2004). Thus, we expected the average of FHB-1, FHB-2 and FHB-3 to estimate mass 

well, and at least as well as the generalized equations. We also expected the average of 

four mechanical equations (FHB-1-4) to perform well. 

The fourth hypothesis assumes that sex-specific equations will perform better 

than combined-sex equations (Ruff et al., 2012). As a result, we expected FHB-1, FHB-

4, STBIB-1 and STBIB-2 to return lower error rates than FHB-2 or FHB-3. 

Lastly, the fifth hypothesis argues that it is appropriate to average the results of 

the sex-specific equations if sex is uncertain (Ruff, 2000). Although we still expected 

males and females to be estimated best with their respective sex-specific morphometric 

equations, averaging the two results was expected to produce reliable estimates. 
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3.3. Results 

Table 3.5 and Figure 3.2 summarize the results for each of the FHB and STBIB 

equations. Table 3.6 provides the raw mean predicted masses, difference from known 

mean and 95% confidence intervals for the predicted masses. 

Table 3.5. Differences between known and estimated body masses for each 
equation. 

 Female (n=125) Male (n=128) Combined-sex (n=253) 

Method 
PPE 

Mean1 
(SD) 

|PPE| 
Mean 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean 
(SD) 

20% 
(%) 

FHB-1 -15.5 
(29.7) 

25.4 
(21.7) 48.0 -7.2 

(20.2) 
16.1 

(14.2) 71.1 -10.4 
(25.0) 

20.2 
(18.1) 59.7 

FHB-2 5.0 
(24.6) 

19.9 
(15.2) 58.4 6.1 

(17.7) 
15.0 

(11.2) 73.4 5.5 (21.3) 17.4 
(13.5) 66.0 

FHB-3 -2.3 
(26.4) 

20.7 
(16.4) 56.0 -0.1 

(18.9) 
14.7 

(11.9) 75.8 -1.2 
(22.9) 

17.6 
(14.6) 66.0 

FHB-4 2.8 
(25.1) 

19.9 
(15.4) 57.6 4.0 

(18.1) 
14.7 

(11.3) 72.7 4.0 (21.7) 17.2 
(13.7) 66.4 

STBIB-1a 6.2 
(22.1) 

18.6 
(13.3) 64.8 11.8 

(15.7) 
16.1 

(11.3) 66.4 8.6 (19.7) 17.5 
(12.4) 62.9 

STBIB-2a 6.5 
(22.0) 

18.6 
(13.4) 63.2 10.7 

(15.8) 
15.4 

(11.2) 68.8 9.1 (19.6) 17.6 
(12.4) 62.1 

PPE: percent prediction error (known - estimated)/known * 100, |PPE|: absolute percent prediction error, 
20%: percent of individuals whose estimated body masses fall within +/-20% of known mass. 1 Directional 
differences (positive values indicate underestimation, negative values indicate overestimation); a) 
combined-sex values are the average of the male and female estimates as recommended by Ruff (2000). 
Bold values indicate the analyses that achieved mean |PPE|s below 19% and estimated more than 50% of 
the sample within +/-20% of known mass. 
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Figure 3.2. Box plots of percent prediction error (PPE) between known and 

estimated masses for post-cranial equations. Solid line=median, 
upper and lower box margins=75th and 25th percentiles 
respectively, whiskers=limits of data still within 1.5 IQR of Q1/Q3. 
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Table 3.6. Predicted mass (kg), mean difference (kg) and confidence intervals 
for each test sample.  

 Female (n=125) Male (n=128) Combined-sex (n=253) 

Method 
Predicted 

mean 
(SD) 

Raw diff.1 
mean 
(SD) 

95% CI 
Predicted 

mean 
(SD) 

Raw diff.1 

mean 
 (SD) 

95% CI 
Predicted 

mean 
(SD) 

Raw diff.1 
mean  
(SD) 

95% 
CI 

Known 
mass 69.5 kg -- -- 81.6 kg -- -- 75.6 kg -- -- 

FHB-1 75.2  
(5.4) 

-5.7 
(19.3)* 

74.3-
76.2 

84.6  
(7.7) 

-3.1  
(15.0)* 

83.3-
86.0 

79.4  
(8.1) 

-3.7  
(17.2)* 

78.4-
80.4 

FHB-2 61.9  
(5.1) 

7.6 
(19.3)* 

61.0-
62.8 

74. 1  
(6.3) 

7.5  
(14.9)* 

73.0-
75.2 

68.1  
(8.4) 

7.6  
(17.2)* 

67.0-
69.1 

FHB-3 66.6  
(5.2) 2.9 (19.3) 65.7-

67.6 
79.0  
(6.3) 

2.6  
(14.9) 

77.9-
80.1 

72.9  
(8.5) 

2.8  
(17.2) 

71.8-
73.9 

FHB-4 63.3  
(5.0) 

6.2 
(19.2)* 

62.5-
64.2 

75.8  
(7.8) 

5.7  
(15.0)* 

74.5-
77.2 

69.2  
(8.6) 

6.4  
(17.2)* 

68.2-
70.3 

STBIB-1 61.6  
(6.0) 

8.0 
(17.7)* 

60.5-
63.6 

69.8  
(6.8) 

11.8  
(14.4)* 

68.6-
71.0 

66.0  
(7.2) 

9.6  
(16.2)* 

65.1-
66.8 

STBIB-2 61.3  
(5.9) 

8.2 
(17.7)* 

60.3-
62.4 

70.7  
(7.3) 

10.8  
(14.3)* 

69.5-
72.0 

65.6  
(7.3) 

10.0 
(16.2)* 

64.7-
66.5 

1 Positive values indicate that the predictive equation underestimates true mass, negative values indicate 
that the equation overestimates true mass. * indicates predicted vs. known mass difference significance at 
p=0.05. 

3.3.1. Mechanical (FHB) equations 

Using Ruff et al.’s (1991) sex-specific FHB-1a and FHB-1b equations 

respectively, the male sub-sample was estimated within acceptable limits, but the female 

sub-sample was not. For males, the mean |PPE| was below 16.1% and 71.1% of the 

individuals were estimated within +/-20% of their known mass. In contrast, for females 

the mean |PPE| exceeded 19% and less than half the sample (48%) was estimated 

within +/-20% of known mass. The combined-sex equation (FHB-1c) only partially met 

the acceptance criteria. More than 50% (59.7%) of the individuals were estimated within 

+/-20% of known mass, but the mean |PPE| exceeded 19% (20.2%). In terms of the 

direction of error, all three equations overestimated mass on average in their respective 

samples. Thus, the FHB-1 equations did not consistently estimate mass within 

acceptable limits in the test samples. 

McHenry’s (1992) single, combined-sex FHB-2 equation estimated mass within 

acceptable limits in the male and combined-sex test groups. In both cases, mean |PPE|s 
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were below 19% and more than 50% of the individuals were estimated within +/-20% of 

their known mass. In contrast, 58.4% of the female sample was estimated within +/-20% 

of known mass, but the |PPE| exceeded 19% (albeit by a small margin at 19.9%). The 

direction of error was again consistent across the three test groups, but masses were 

underestimated. Thus, this equation also failed to estimate mass reliably in all test 

groups. 

Grine et al.’s (1995) equation (FHB-3) also resulted in mean estimates that met 

both criteria for acceptance in the male and combined-sex samples. Males showed the 

lowest mean error and estimated the highest number of individuals within +/-20% of 

known mass (>75%). However, only one of the two acceptance criteria was met in the 

female sample (more than 50% were estimated within +/-20% of known mass, but the 

|PPE| exceeded 19%). In terms of directional error, FHB-3 overestimated mass on 

average in all three groups. This equation did not estimate mass consistently, or within 

acceptable limits, across the three test samples. 

 Of Ruff et al.’s (2012) three sample-specific equations, the ones for males 

(FHB-4b) and combined-sexes (FHB-4c) met the criteria for acceptance. However, the 

female-only equation (FHB-4a) failed to estimate the test sample within the 19% |PPE| 

criterion (again, by a small margin: 19.9%). Directionally, the three equations all 

underestimated mass in their respective test groups. Thus, only two of the three 

equations estimated mass in the test samples within acceptable limits. 

3.3.2. Morphometric (STBIB) equations 

Ruff et al.’s (1997) two sex-specific equations (STBIB-1a and 1b) resulted in 

estimates that met the criteria for acceptance in their respective test groups. Ruff et al.’s 

(2005) sex-specific equations (STBIB-2a and 2b) also resulted in estimates that fell 

within acceptable limits for each test group. All four equations underestimated mass on 

average. Thus, both sets of equations estimated mass reliably in the test groups. 

3.3.3. Hypotheses 

1. The morphometric/STBIB method estimates body mass more reliably than the 

mechanical/FHB method. Table 3.7 summarizes the results for this comparison. As can 
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be seen, not all the results are consistent with the prediction. In females, the STBIB-1a 

and STBIB-2a equations estimated mass more reliably than most of the FHB equations, 

to a statistically significant level (p<0.05). However, neither was significantly better than 

the FHB-4 equations. In males, neither the STBIB-1b nor the STBIB-2b equation 

estimated mass more reliably than the FHB equations. 

Table 3.7. Expectation that morphometric (STBIB) equations will achieve 
greater accuracy than the mechanical (FHB) equations 

Expectation  Female (n=125) Male (n=128) Combined-sex (n=253) 

 P value Expectation
1 met?  P value Expectation

1 met?  P value Expectation1 
met?  

STBIB-1 more accurate than 
FHB-1 0.00* Y 0.95 = 0.02* Y 

STBIB-1 more accurate than 
FHB-2 0.05* Y 0.12 N 0.78 N 

STBIB-1 more accurate than 
FHB-3 0.04* Y 0.17 N 0.65 Y 

STBIB-1 more accurate than 
FHB-4 0.08 Y 0.10 N 0.57 N 

STBIB-2 more accurate than 
FHB-1 0.00* Y 0.65 Y 0.03* Y 

STBIB-2 more accurate than 
FHB-2 0.05* Y 0.51 N 0.62 N 

STBIB-2 more accurate than 
FHB-3 0.04* Y 0.44 N 0.98 = 

STBIB-2 more accurate than 
FHB-4 0.08 Y 0.36 N 0.44 N 

1 based on |PPE| values, “=” indicates |PPE|s were the same for both equations; * indicates the difference 
between methods is significant (p=0.05) 

The results for the sample as a whole were mixed. As noted previously, because 

separate equations were not provided, the combined-sex STBIB-1c or 2c results are the 

product of averaging the male and female estimates. However, there is still value in 

considering these results in the context of comparing the mechanical and morphometric 

methods. Here, the STBIB-1c or STBIB-2c averages were only more reliable than the 

FHB-1c equation, at a significant level. The remaining combinations either went against 

the prediction, or were statistically insignificant. Overall, the claim that the morphometric 

method produces more reliable estimates than the mechanical method was not 

consistently supported. 

2. “Matched-target” equations are more accurate than “generalized” equations 

and “mismatched-target” equations are less accurate than either the “matched-target” or 
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“generalized” equations. The results of this test are summarized in Table 3.8. This claim 

was only partially supported in the test sample. In females, three equations performed as 

expected. However, one matched-target equation (FHB-3) went against the prediction 

and was significantly less accurate than a generalized equation (STBIB-1). The 

expectation that the mismatched FHB-2 equation would estimate mass less accurately 

than the matched equations, held only in relation to STBIB-2 and not to FHB-3. The 

mismatched FHB-2 equation estimated mass significantly worse than the generalized 

STBIB-1 equation, and went against expectations by estimating mass significantly better 

than the generalized FHB-1 equation. In the male sample, two matched-target equations 

met expectations and estimated mass significantly more accurately than the general 

equations. However, none of the other combinations met the prediction to statistically 

significant levels. For the combined-sex sample, the matched-target FHB-3 equation and 

STBIB-2 average were significantly more accurate than the general FHB-1 equation. 

Against expectations, the general FHB-1 equation was not more accurate than the 

mismatched FHB-2 equation in this group. Thus, the results do not support the assertion 

that body mass will be estimated most reliably by using a “matched-target” equation. 

3. When using the mechanical method, if a specimen does not fit with one of the 

“target” equations, taking the average of the results from other equations produces 

reliable estimates. Table 3.9 summarizes these results. This hypothesis was also 

partially supported. In males, both the three and four-average estimates resulted in final 

estimates that met the criteria for acceptance. In this group, the averaged results 

estimated mass as well as, or better than, using a single equation. The same pattern 

held for the combined-sex samples – both the average of three and the average of four 

estimates produced mean estimates that met the criteria for acceptance, and 

performance was better than most of the single FHB equations. In females, averaging 

the results of three (FHB-1-3) or four (FHB-1-4) estimates did not result in a final 

estimate that met the acceptance criteria for reliability. However, the estimation accuracy 

was not made worse by averaging estimates in this group. Using the average of four 

equations was better than using the average of three equations in the female and 

combined sex samples (p<0.05), but in not the male group. These results partially 

support the practice of averaging different equations for a “generalized” specimen. 
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Table 3.8. Expectation that “matched-target” equations will achieve greater 
accuracy than “generalized” equations, but that the “mismatched-
target” equation will achieve lower accuracy than the “generalized” 
equations 

Expectation Female (n=125) Male (n=128) Combined-sex (n=253) 
Matched target vs. 

generalized P value Expectation1 
met? P value Expectation1 

met? P value Expectation1 
met? 

FHB-3 more accurate than  
FHB-1 0.00* Y 0.02* Y 0.00* Y 

FHB-3 more accurate than  
FHB-2 0.22 N 0.56 Y 0.58 N 

FHB-3 more accurate than  
FHB-4 0.08 N 0.93 = 0.22 N 

FHB-3 more accurate than  
STBIB-1 0.04* N 0.17 Y 0.65 N 

STBIB-2 more accurate than  
FHB-1 0.00* Y 0.65 Y 0.03* Y 

STBIB-2 more accurate than  
FHB-2 0.05* Y 0.51 N 0.62 N 

STBIB-2 more accurate than  
FHB-4 0.08 Y 0.36 N 0.44 N 

STBIB-2 more accurate than 
STBIB-1 0.57 = 0.00* Y 0.00* N 

Mismatched target vs. 
generalized       

FHB-2 less accurate than  
FHB-1 0.00* N 0.31 N 0.00* N 

FHB-2 less accurate than 
 FHB-4 0.95 = 0.26 Y 0.09 Y 

FHB-2 less accurate than  
STBIB-1 0.05* Y 0.12 N 0.78 N 

1 based on |PPE| values, “=” indicates |PPE|s were the same for both equations; * indicates difference 
between methods is significant (p=0.05) 

Table 3.9. Differences between known and estimated body masses when 
multiple mechanical methods are averaged  

 Female (n=125) Male (n=128) Combined-sex (n=253) 

Method 
PPE 

Mean1 
(SD) 

|PPE| 
Mean 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean 
(SD) 

20% 
(%) 

Mean of 
FHB 1-3a 

-4.3 
(26.9) 

21.1 
 (17.0) 58.4 -0.4  

(18.9) 
14.7 

(11.9) 75.8 -2.0 
(23.1) 

17.8 
(14.8) 66.4 

Mean of 
FHB 1-4b 

-2.5 
(26.4) 

20.7  
(16.5) 56.8 0.7  

(18.7) 
14.6 

(11.7) 75.0 -0.5 
(22.7) 

17.5 
(14.4) 66.4 

1 Directional differences (positive values indicate underestimation, negative values indicate 
overestimation); bold numbers indicate the variables that achieved |PPE|s below 19% and 
estimated more than 50% of the sample within +/-20% of known mass; a) as recommended in 
Auerbach and Ruff (2004); b) as calculated in this study. 
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4. Sex-specific equations are more accurate than the combined-sex equations. 

Table 3.10 summarizes these results. This hypothesis was also only partially supported. 

In males, most of the comparisons went against expectations, but the differences were 

not statistically significant. The differences between FHB-4 and the two combined-sex 

equations were also not statistically significant. However, in females, the sex-specific 

FHB-1 equation estimated mass significantly worse than the combined-sex FHB-2 or 

FHB-3 equations (p<0.05). In the context of this assertion, the sex-specific STBIB-1 and 

STBIB-2 equations were also expected to estimate mass better than the combined-sex 

FHB-2 and FHB-3 equations. This was true for the female test sample (all statistically 

significant at p<0.05), but not for the males. Thus, sex-specific equations are not 

necessarily more reliable than combined-sex equations. 

Table 3.10. Expectation that sex-specific equations will achieve greater 
accuracy than mixed-sex equations 

Expectation  Female (n=125) Male (n=128) 
 P value Expectation1 met?  P value Expectation1 met?  

FHB-1 more accurate than FHB-2 0.00* N 0.31 N 
FHB-1 more accurate than FHB-3 0.00* N 0.02* N 
FHB-4 more accurate than FHB-2 0.95 = 0.26 Y 
FHB-4 more accurate than FHB-3 0.08 Y 0.93 = 

STBIB-1 more accurate than FHB-2 0.05* Y 0.12 N 
STBIB-1 more accurate than FHB-3 0.04* Y 0.17 N 
STBIB-2 more accurate than FHB-2 0.05* Y 0.51 N 
STBIB-2 more accurate than FHB-3 0.04* Y 0.44 N 

1 based on |PPE| values, “=” indicates |PPE|s were the same for both equations; * indicates 
difference between methods is significant (p=0.05) 

5. When applying the morphometric method, if sex cannot be determined, mass 

will be estimated reliably by taking the average of the sex-specific equations. The 

results, summarized in Table 3.5, support this hypothesis. For both STBIB-1 and STBIB-

2, taking the mean of the male and female results produced estimates that met both 

criteria for acceptance. Not surprisingly, using the sex-averaged equations resulted in 

error rates that fell between those of the two sex groups, and overall, did not significantly 

reduce accuracy. In this context, the results support the hypothesis that averaging the 

results of the sex-specific equations will estimate mass reliably. 
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3.4. Discussion 

Many of the equations for estimating body mass from postcranial material met 

the criteria for acceptance in the male and the combined-sex samples. However, this 

was not the case for the combined-sex FHB-1 equation. In addition, none of the 

mechanical/FHB equations estimated mass reliably in the female sample. The equations 

also did not consistently perform as expected given their reference samples and target 

groups. For example, Ruff et al.’s (1991) FHB-1 equations were the least accurate 

estimators of mass in the test sample. This was despite being derived from modern 

individuals with characteristics similar to those of the test sample and including sex-

specific equations. The FHB-4 equations did not estimate mass as well as expected 

despite being derived from a much larger sample, providing sex-specific equations and 

being described as “superior” to all other methods (Ruff et al., 2012:601). In contrast, 

McHenry’s (1992) FHB-2 equation estimated mass better than anticipated given the 

single combined-sex equation and “mismatched” test and reference samples. Even with 

the lenient criteria used in the present study, none of the FHB equations estimated mass 

to the level of acceptance for reliability in females. 

We also found mixed support for the claims that have been made regarding the 

way the equations should perform relative to one another. The morphometric/STBIB 

equations did not estimate mass more reliably than the mechanical/FHB methods in all 

groups. Females were estimated better with the STBIB equations, but males were 

estimated better with the FHB equations. When the sexes were combined, the 

morphometric/STBIB equations estimated mass less reliably than all but one of the 

mechanical/FHB equations (FHB-1c). In light of these results, it is not appropriate to use 

the morphometric/STBIB equations in preference to the mechanical/FHB equations. 

Similarly, using “matched-target” equations did not consistently improve 

estimation accuracy over “generalized” equations. In keeping with the predictions, the 

FHB-3 (Grine et al., 1995) equation designed for large-bodied hominins estimated mass 

better than the general FHB-1 equation (Ruff et al., 1991) in the combined-sex group. 

However, it did not perform as well as the other general FHB-4 equation (Ruff et al., 

2012). McHenry’s (1992) FHB-2 equation met expectations and estimated mass less 

reliably than the general FHB-4 equation. However, as noted previously, it performed 
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better than the generalized FHB-1 equation despite being designed to estimate mass in 

small-bodied hominins. It also unexpectedly estimated males better than it did females. 

For the morphometric method, the “matched-target” STBIB-2 equation (Ruff et al., 2005) 

estimated mass more reliably than the more general STBIB-1 equation (Ruff et al., 1997) 

in males. However, it did not estimate mass better in the female test sample or when the 

sexes were combined. Although the results support Ruff et al.’s (2005) suggestion that 

the newer equations may be more appropriate for estimating large, high-latitude males, 

they also suggest that broadening the reference sample does not necessarily provide 

better estimation and the STBIB-2 equations should not simply replace the STBIB-1 

equations uncritically. 

In partial support of the claim that averaging the results of multiple equations 

produces reliable body masses (Ruff et al., 1991; McHenry, 1992; Grine et al., 1995), 

the male and combined-sex groups were estimated slightly more accurately using the 

average of three FHB equations than using a single equation. In females, although the 

error rates decreased slightly compared to most of the single FHB equations, averaging 

the results of FHB-1a, FHB-2a and FHB-3a still did not produce mean estimates that met 

the criteria for acceptance. Averaging the results of four FHB equations (Ruff et al., 

1991; McHenry, 1992; Grine et al., 1995; Ruff et al., 2012) also resulted in a modest 

improvement compared to using a single equation in the male and combined-sex 

samples. But again, the four-estimate average failed to estimate females to an 

acceptable level. In general, averaging multiple FHB equations has a neutral, or slightly 

positive effect on predictive accuracy. 

Sex-specific equations were not consistently more accurate than those designed 

for combined sexes. The sex-specific FHB-1 or FHB-4 equations should have achieved 

greater accuracy than either of the combined-sex FHB equations (McHenry, 1992; Grine 

et al., 1995). However, this was not the case, particularly in females. This result 

suggests that the use of sex-specific equations may not be critical, at least in species 

like humans, who exhibit relatively low levels of sexual dimorphism (Ruff, 2002). In fact, 

it may be that the greater number of individuals in the combined-sex reference group is 

driving the improved accuracy and that large sample sizes are more important than 

group-specificity for developing predictive equations. 
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Lastly, averaging the male and female morphometric/STBIB estimates in the 

absence of known sex, produced results that met the acceptance criteria. |PPE|s for the 

averaged values were slightly lower than those for females, but higher than for males. 

Fewer individuals were estimated within +/-20% of known mass using the average of the 

sexes than either sex alone. However, in both cases, the differences were small. The 

results of this test suggest that there does not appear to be a significant cost to accuracy 

by averaging sex-specific equations. 

Several of these results require further consideration. First, although they were 

surprising in relation to the claims in the literature, there may be a simple explanation for 

the relatively poor performance of Ruff et al.’s (1991) FHB-1 equations - namely the use 

of indirect measures for the key variables. Specifically, Ruff et al. (1991) used patient-

recalled weight as the measure for body mass. While recall information may be useful in 

some contexts (Olivarius et al., 1997), self-reported weights are notoriously inaccurate, 

particularly in women (Perry et al., 1995; Bayomi and Tate, 2008). The fact that female 

mass was incorrectly estimated more often than males in the current sample supports 

this as a possibility. Ruff et al. (1991) also measured femoral head breadth indirectly 

from conventional radiographs, compensating for variations in magnification caused by 

differences in the distance from the radiographic plate, with a single correction factor 

(19%). While the actual variation between individuals may not have been large, the 

inability to measure each element directly introduces an additional source of error to the 

method. Combined with the subjective assessment of weight, this could explain why the 

equations did not perform well, particularly in females. 

The results in relation to the female sub-sample as a whole are more difficult to 

explain. As noted earlier, none of the FHB equations resulted in mean estimates that 

met the criteria for acceptance in this group, even when sex-specific equations were 

used. Apart from the biases discussed above in relation to FHB-1, this initially suggested 

that the test group females were too different from the females in the reference samples 

and the equations failed because they were extrapolating beyond their range 

(Konigsberg et al., 1998). However, the actual samples are not consistent with this 

explanation. The reference sample for McHenry’s (1992) equation had a FHB mean of 

41.5 mm and a range of 33-47.5 mm, while Grine et al.’s (1995) reference sample 

ranged from 38.4-50.5 mm (Ruff, 2010). Our female sample had a FHB mean of 45.5 
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mm and a range of 39.8-55.5 mm. Thus, it was more similar to Grine et al.’s (1995) 

reference sample and “fit” the appropriate range for their equation better than McHenry’s 

(1992). As result, Grine et al.’s (1995) FHB-3 equation should have estimated mass 

better than McHenry’s (1992) FHB-2 equation. However, this was not the case and FHB-

3 returned higher |PPE|s and estimated fewer individuals within +/-20% of known mass 

than FHB-2. This indicates that a “match” between the reference sample and target 

specimen does not ensure a reliable estimate. 

Despite this, a reference-target sample “mismatch” does not fully explain why all 

the FHB equations estimated females relatively poorly. One possibility relates to the 

level of adipose tissue in females. In addition to carrying more fat and less muscle mass 

than men, women carry their mass differently and are more prone to fluctuations in 

weight than men (Shen et al., 2004; Power and Schulkin, 2008). As a result, it is 

possible that the failure of the postcranial equations to estimate mass as well in females 

as they did in males has to do with a “looser” relationship between femoral head 

morphology and body mass in the former. Correlation coefficients in the present sample 

support this: the relationship between FHB and body mass in females (r=0.15) was 

considerably lower than that for males (r=0.42). However, on these grounds, the sex-

specific FHB-1a (Ruff et al., 1991) and FHB-4a (Ruff et al., 2012) equations should have 

estimated mass better than the combined-sex equations of McHenry (1992) and Grine et 

al. (1995) because they were developed from exclusive female reference groups. This 

was not the case. Thus, further research is needed to determine the cause of the 

differential results for males and females. 

As noted earlier, Lorkiewicz-Muszyńska et al. (2013) also found discrepancies in 

body mass estimates when using a known-mass sample. Although Lorkiewicz-

Muszyńska et al. (2013) did not provide the details of their sample, it was also 

reasonably large (n=120), presumably European (Polish medical sample), and similar to 

our sample in age range (20-88 yrs versus our 18-90) and BMI distribution (53% vs our 

46% within the “normal range”). Consequently, the pattern of mean differences should 

have been similar between the two studies. Indeed, in both studies, Grine et al.’s (1995) 

combined-sex equation estimated mass better than the other equations: females were 

generally estimated more poorly than males, and the STBIB equations did not return 

lower mean differences than the FHB equations. However, this means that Lorkiewicz-
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Muszyńska et al.’s (2013) results also did not conform to expectations of performance 

for many of the equations. Consequently, assumptions relating to how existing 

postcranial equations perform must be re-examined. 

Two additional factors suggest that the equations may be even less accurate 

than what has been described here. First, although many of the equations met the 

acceptance criteria, the standards were extremely lenient, particularly for intraspecies 

regressions. As noted earlier, scaling differences between groups suggest that 

intraspecies regressions will be more accurate than interspecies regressions (Smith, 

2002). As a result, a more appropriate criterion for acceptance in an intraspecies 

analysis would expect the majority of individuals to fall within 10-15% of their known 

mass (Ruff et al., 2005). However, if we apply this to the current sample and require 

50% of the individuals to be estimated within +/-15% of their known mass, the number of 

“acceptable” equations falls significantly (Appendix Table 11). With a +/-10% criterion, 

none of the equations would be considered reliable. In fact, no equation estimates more 

than 41% of the sample within +/-10% of the known mass, a figure that suggests the 

body mass estimates calculated from these equations should only be considered loose 

approximations. 

The second point relates specifically to the use of the morphometric equations. 

Although they estimated mass within acceptable limits and performed marginally better 

than the mechanical equations, it must be emphasized that our results were obtained 

using documented stature – a condition that is rarely available in skeletal specimens, 

even modern ones. Importantly, this suggests that existing estimates of body mass that 

use the morphometric/STBIB method with stature estimated from some other skeletal 

feature are likely to be even less reliable because the error is compounded. Thus, our 

results do not support the claim that the STBIB method should necessarily be preferred 

over the FHB methods, even when bi-iliac breadth and stature can be reliably measured 

(Auerbach and Ruff, 2004). 

The implications of our results for biological anthropology are significant. While 

most of the equations performed adequately on our study sample, they did not estimate 

mass well in the female subsample. In addition, the results were achieved under ideal 

conditions: closely matched test and reference groups, directly measured and 
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associated variables, and lenient acceptance criteria. For fossil species, whose skeletal 

elements may require significant reconstruction or approximation and whose body 

proportions, muscle mass, and sexual dimorphism may differ markedly from modern 

groups (Churchill et al., 2012), errors in estimation are likely to be much larger than 

those obtained here. Thus, the existing equations may not be appropriate for the wide 

range of species they are often applied to (Ruff, 2010) and concerns about making 

inferences about the physiology and behaviour of fossil hominins from these estimates 

are still relevant (Smith, 1996). Similar caveats apply to body mass estimates in 

archaeological and modern samples. Even in forensic contexts, complete elements are 

rare (Pokines et al., 2013) and in both cases variations in body proportion and muscle 

mass between groups make it difficult to identify the “appropriate” equation for the target 

specimen (Ruff et al., 2012). Even with a suitable reference group, fluctuations in 

individual mass in response to dietary changes, pregnancy, age etc. mean that 

estimating mass on an individual level will be associated with even greater error. 

3.5. Conclusion 

Our results suggest that existing equations for estimating body mass from the 

postcranium need to be used more carefully that they typically have been. Most of the 

equations met the criteria for acceptance in the test sample, but the limits for acceptance 

were set very low and reliability dropped significantly when more realistic criteria were 

used. In addition, not all the equations performed equally well, or within expectations 

given the sample characteristics. Several assumptions regarding the use of the 

equations were not fully supported. Specifically, the morphometric/STBIB equations are 

not more reliable than the mechanical/FHB equations, even when stature and bi-iliac 

breadth are measured directly. “Matched-target” equations do not consistently estimate 

mass better than equations designed for broader application. Newer equations for 

estimating mass from stature-bi-iliac breadth are not generally better, or necessarily 

more appropriate for high latitude groups, than earlier equations. Although not consistent 

across all test groups, averaging the results of multiple FHB equations has a neutral or 

slightly positive effect on estimation accuracy. Sex-specific equations are not necessarily 

more accurate that equations derived for combined-sexes, but averaging the results of 

sex-specific equations does not significantly reduce estimation accuracy. Lastly, given 
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the lenient acceptance criteria employed in the present study, the estimation accuracy 

for all the equations is likely to be even lower than that achieved here. Consequently, 

existing body mass estimates derived from these equations must be viewed cautiously. 

Our results suggest that current postcranial body mass estimation methods need 

to be evaluated and applied more critically than has been the practice in biological 

anthropology to date. In order to do this, the issues that have been identified here must 

be resolved using large samples of individuals with matched biological information and 

skeletal data. 



 

74 

Chapter 4.  
 
Estimating body mass from skeletal material: new 
predictive equations and methodological insights 
from analyses of a known-mass sample of humans 

Authors: Marina Elliott, Helen Kurki, Darlene A. Weston and Mark Collard 

Submitted: Archaeological and Anthropological Sciences (December 2014) 

Statement of Contributions of Joint Authors 

Elliott, Marina C. (Candidate): Primary data collection, designing and establishing 
research methodology, data analysis and interpretation, writing and compilation of 
manuscript, preparation of figures and tables 

Collard, Mark (Senior Supervisor): Supervising and assisting with research design, 
editing and co-author of manuscript  

Kurki, Helen (committee member): assisting with research design, editing and co-author 
of manuscript 

Weston, Darlene (committee member): assisting with research design, editing and co-
author of manuscript 

This Chapter is an exact copy of the journal paper referred to above 



 

75 

 

4.1. Introduction 

Body mass estimates are crucial for understanding the evolutionary history of 

humans and other hominins (Damuth and McFadden, 1990; Delson et al., 2000). They 

are required to understand the adaptive strategies of individual hominin species, and to 

accurately compare features across fossil groups (Frayer, 1984; Wood and Collard, 

1999; Delson et al., 2000; DeSilva, 2011). Body mass estimates are also necessary for 

interpreting the characteristics of individuals and groups from more recent periods, 

particularly in terms of growth and development, and health (Steckel and Rose, 2002; 

Cohen and Crane-Kramer, 2007). Lastly, as a conspicuous individualizing feature and a 

potential influence on taphonomic processes, body mass estimation is increasingly being 

used in forensic anthropological research (Suskewicz, 2004; Rainwater et al., 2007; 

Agostini and Ross, 2011; Byard, 2012). 

Over the last quarter of a century, regression analysis has been the main method 

used to estimate body mass from skeletal remains. This approach regresses a skeletal 

variable on body mass in samples of extant taxa to generate an equation with which to 

predict mass in an unknown sample. The equations take the form Y = a + bX, where “Y” 

is the estimated mass, “X” is the skeletal measurement, “a’’ is the intercept of the 

regression line, and “b” is its slope. The body masses of unknown specimens are 

estimated by inserting the target individuals’ values for the skeletal variable into the 

equation. 

Numerous equations for estimating body mass can be found in the literature 

(Ruff et al., 1991; McHenry, 1992; Aiello and Wood, 1994; Ruff, 1994; Grine et al. 1995; 

Kappelman 1996; Ruff et al. 1997, 2005; Auerbach and Ruff, 2004, Spocter and Manger, 

2007). Specifically, three sets of equations have been derived for cranial variables 

(Aiello and Wood, 1994; Kappelman, 1996; Spocter and Manger, 2007). Designed to 

address the paucity of associated postcranial remains in the hominin fossil record and 

the difficulty of associating such material to a given species, these equations have been 

used to generate body mass estimates for a variety of fossil hominin and primate 

specimens (Aiello and Wood, 1994; Kappelman, 1996; Wood and Collard, 1999; Kordos 
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and Begun, 2001; Rightmire, 2004; Spocter and Manger, 2007; Churchill et al., 2012; 

Wu and Athreya, 2013). More commonly however, equations are based on postcranial 

material. The majority of these equations employ measurements of the femur on the 

grounds that the lower limbs support the weight of the head, torso, and upper limbs and 

can therefore be expected to directly reflect body mass (Ruff et al., 1991). However, 

because other factors like activity can also affect femoral morphology (e.g. Lieberman et 

al., 2004), and because mechanical loading may not be the same in past and present 

groups (Ruff, 1994), equations based on overall body shape have also been developed 

(Ruff, 1994; Ruff, 2000; Ruff et al., 2005). These equations employ skeletal variables 

that correspond to measures of body breadth (bi-iliac breadth) and stature (femoral 

length), and have been argued to be as good as the femur-based equations (Ruff et al., 

1997; Auerbach and Ruff, 2004). These equations have been used widely in 

palaeoanthropological, bioarchaeological, and forensic contexts (e.g. Ruff and Walker, 

1993; Arsuaga et al., 1999; Trinkaus and Jelinek, 1997; Kurki et al., 2010; Myszka et al., 

2012). 

Despite their widespread use, currently available equations may not be as 

reliable as they are assumed to be. Evidence for this comes from several recent studies 

that obtained poor, and/or inconsistent results when testing the equations against 

populations of known mass (Lorkiewicz-Muszyńska et al., 2013; Elliott et al., 2014; Elliott 

et al., submitted). In exploring these discrepancies, two issues became apparent as 

potential sources of error. First, the reference samples used to derive the current 

equations are problematic. Specifically, sample sizes are often extremely small and the 

analyses frequently employ indirect measures of key variables and/or unassociated 

mean data for the skeletal features and body mass (McHenry, 1992; Aiello and Wood, 

1994; Kappelman, 1995; Ruff, 2000a; Ruff et al., 2005; Spocter and Manger, 2007). As a 

result, the true nature of the relationship between the skeletal variables and body size 

has not been not adequately captured. In addition, validation of the equations has been 

limited by the paucity of suitable test material: test samples are also often small (e.g. 

Ruff et al., 1991) and in the absence of known-mass groups, predictive competence is 

based solely on statistical grounds using correlation coefficients or standard errors of the 

estimate (e.g. Aiello and Wood, 1994). Other validation efforts have been based on the 

similarity of results between the morphometric and mechanical methods (Ruff et al, 

1997; Auerbach and Ruff, 2004). However, as the samples still include individuals of 
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unknown mass, these tests serve only to demonstrate the congruence between methods 

rather than their accuracy. Consequently, the reliability and precision of the current 

equations for estimating body mass remain uncertain. 

This study aimed to generate new equations for estimating body mass from 

cranial and postcranial skeletal features. By measuring variables directly from volume-

rendered CT data on a large sample of modern humans with individual body masses, 

our goal was to correct the deficiencies of earlier equations and provide more reliable 

means for estimating mass than currently exist. In addition, by employing a known-mass 

test sample, drawn from the same population as the calibration group, we sought to 

evaluate the predictive competence of the resulting equations in a more robust way than 

has been possible in the past. 

4.2. Materials and Methods 

4.2.1. Sample 

This study used archived CT data from 128 male and 125 female deceased 

modern humans (range = 18-90 years, male mean = 48.1 yrs, female mean = 51.2 yrs). 

CT scans were conducted at the Institute of Forensic Medicine (IFM) at the University of 

Zurich, Switzerland as part of routine forensic analyses (Thali et al., 2003) and the data 

were accessed through the IFM’s secure server in accordance with their protocols. 

Query searches, record reviews and visual inspection of the CT scans were used to 

select the sample. Exclusion criteria included individuals with skeletal abnormalities, 

trauma or prosthetics in the anatomical regions of interest, and any individual who was 

processed more than three days after death. Sex, age (yrs), body mass (kg) and stature 

(cm) were recorded for each individual. The full sample of 253 individuals was divided 

into two groups (Tables 4.1 and 4.2): a “calibration” (n=203) and a randomly chosen 

“test” (n=50) sample, of roughly equal numbers of males and females each. The 

calibration sample was used to derive the regression equations, while the test sample 

was used to evaluate their accuracy and precision. Although other methods have been 

suggested (Smith, 2002), such an external validation continues to be the most unbiased 

and rigorous means of testing predictive equations (Harrell et al 1996; Porter, 1999; 

Giancristofaro and Salmaso, 2007). 
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Table 4.1. Summary statistics for calibration sample (n=203) 

 Females (n=100) Males (n=103) Combined-sex (n=203) 

Variable Mean SD Range Mean SD Range Mean SD Range 

Weight (kg) 70.3 20.6 31.8-146 81.2 15.6 40.5-128.4 75.9 19.0 31.8-146 

Stature (cm) 166.8 8.6 149.0-195.0 177.6 7.9 154.0-193.0 172.3 9.9 149.0-195.0 

Age (yrs) 52 17 18-90 49 14.5 18-80 50.5 15.8 18-90 

Table 4.2. Summary statistics for test sample (n=50) 

 Females (n=25) Males (n=25) Combined-sex (n=50) 

Variable Mean SD Range Mean SD Range Mean SD Range 

Weight (kg) 66.3 12.8 48-93.7 83.0 19.8 52-142.3 74.6 18.5 48-142.3 

Stature (cm) 164.0 6.5 152.0-180.0 176.9 7.9 156.0-190.0 170.5 9.7 152.0-190.0 

Age (yrs) 48 14.3 29-80 44 11.7 23-70 46 13.0 23-88 

4.2.2. Imaging and 3D reconstruction protocols 

CT scans were conducted at the IFM using a 128-slice, Siemens SOMATOM® 

Definition Flash, Dual-source CT scanner (Siemens Healthcare; Forchheim, Germany). 

Scans were accessed from the IFM archive and anatomical regions volume rendered 

using OsiriX imaging software (64-bit extension, http://www.osirix-viewer.com) (Figure 

1). Skeletal elements were oriented in consistent planes and measured on the right side 

to the nearest 0.1 mm using OsiriX tools. The accuracy of volume rendering skeletal 

models from CT has been demonstrated by several studies (Decker et al., 2011; Kim et 

al., 2012; Smyth et al., 2012). It was verified during this project by measuring, scanning, 

virtually reconstructing, and then virtually re-measuring an archaeological skull from the 

IFM’s collection (Elliott et al., 2014). Measurement differences between the physical and 

virtual measurements in the latter test were less than 3%. 
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Figure 4.1. Example of a three-dimensionally reconstructed skeletal element, 

volume-rendered from CT data by OsiriX 

4.2.3. Skeletal variables 

Twelve cranial and 24 postcranial variables were used for this study (Tables 4.3, 

4.4, Fig 4.2). The cranial variables included six linear measurements selected on the 

basis of their performance in previous studies (Aiello and Wood, 1994; Kappelman, 

1996; Spocter and Manger, 2007). All of these studies identified orbital and foramen 

magnum areas as useful predictors of body mass in hominoids. However, as the 

variables were not measured in the same way, three calculations each for orbital and 

foramen magnum area were included here: simple breadth x height (area = b x h), in 

accordance with Aiello and Wood (1994) and Spocter and Manger (2007); area as an 

ellipse (area = (π/4) x b x h), following Spocter and Manger (2007); and a CAD-assisted 

method that traced the perimeter of the feature from a two-dimensional image, using a 

procedure similar to that of Kappelman (1996). 

Table 4.3. Cranial variables used in this study 

 Cranial 
Variables Description Reference 

1 BORB Orbital breadth: distance between maxillofrontale and 
ectoconchion – in mm Aiello & Wood 1994 

2 HORB Orbital height: distance between superior and inferior orbital 
margins, taken at a right angle to BORB – in mm Aiello & Wood 1994 

3 BIOR Biorbital breadth: distance between two ectoconchion – in mm Aiello & Wood 1994 

4 BPOR Biporionic breadth: distance from porion to porion – in mm Aiello & Wood 1994 

5 LFM Foramen magnum length: distance between basion and opisthion 
– in mm Aiello & Wood 1994 

6 BFM Foramen magnum breadth: distance in the coronal plane between 
the inner margins of the foramen magnum – in mm Aiello & Wood 1994 
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 Cranial 
Variables Description Reference 

7 ORBA1 Orbital area (b x h): product of breadth x height – in mm2 Aiello & Wood 1994 

8 ORBA2 Orbital area (ellipse): calculated from breadth x height as an ellipse 
– in mm2 Spocter & Manger 2007 

9 ORBA3 Orbital area (CAD): calculated from perimeter margin using area 
function of ImageJ – in mm2 Kappelman 1996 

10 FMA1 Foramen magnum area (b x h): product of breadth x height – in 
mm2 Aiello & Wood 1994 

11 FMA2 Foramen magnum area (ellipse): calculated from breadth x height 
as an ellipse – in mm2 Spocter & Manger 2007 

12 FMA3 Foramen magnum area (CAD): calculated from perimeter margin 
using area function of ImageJ – in mm2 This study 

Table 4.4. Postcranial variables used in this study 

 Postcranial 
variables Description Reference 

13 FHB Femoral head breadth: superior-inferior breadth perpendicular to 
the cervical axis – in mm Ruff et al. 1991 

14 BIB Bi-iliac breadth: maximum pelvic breadth taken across the iliac 
crests, taken as “Living BIB” – in mm Ruff, 1991, 1994 

15 FNB Femoral neck breadth: minimum superior-inferior breadth at the 
point of deepest concavity of the superior surface – in mm Ruff et al. 1991 

16 FLM 
Max femoral length: length of femur from the most superior point 
on the head to the most inferior point on the distal condyles - in 
mm 

Buikstra & Ubelaker 1994 

17 MLSB80 Medio-lateral shaft breadth at 80% of total femur length, as 
measured from the distal end - in mm Ruff and Hayes 1983 

18 MLCB80 Sum of medial and lateral cortical breadths at 80% of total femur 
length, as measured from the distal end - in mm Ruff and Hayes 1983 

19 CA80 Index of cortical area at 80%: calculated from medio-lateral shaft 
(D) and cortical (d) breadth using π/4(D2-d2) – in mm2 Ruff et al. 1991 

20 I80 Index of second moment of area at 80%: calculated from shaft (D) 
and cortical breadth (d) using π/64(D4-d4) – in mm4 Ruff et al. 1991 

21 MLSB65 Medio-lateral shaft breadth at 65% of total femur length, as 
measured from the distal end – in mm Ruff and Hayes 1983 

22 MLCB65 Sum of medial and lateral cortical breadths at 65% of total femur 
length, as measured from the distal end – in mm Ruff and Hayes 1983 

23 CA65 Index of cortical area at 65%: calculated from shaft (D) and cortical 
(d) breadth using π/4(D2-d2) – in mm2 Ruff et al. 1991 
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 Postcranial 
variables Description Reference 

24 I65 Index of second moment of area at 65%: calculated from shaft (D) 
and cortical breadth (d) using π/64(D4-d4) – in mm4 Ruff et al. 1991 

25 MLSB50 Medio-lateral shaft breadth at 50% of total femur length, as 
measured from the distal end – in mm Ruff and Hayes 1983 

26 MLCB50 Sum of medial and lateral cortical breadths at 50% of total femur 
length, as measured from the distal end – in mm Ruff and Hayes 1983 

27 CA50 Index of cortical area at 50%: calculated from shaft (D) and cortical 
(d) breadth using π/4(D2-d2) – in mm2 Ruff et al. 1991 

28 I50 Index of second moment of area at 50%: calculated from shaft (D) 
and cortical breadth (d) using π/64(D4-d4) – in mm4 Ruff et al. 1991 

29 MLSB35 Medio-lateral shaft breadth at 35% of total femur length, as 
measured from the distal end – in mm Ruff and Hayes 1983 

30 MLCB35 Sum of medial and lateral cortical breadths at 35% of total femur 
length, as measured from the distal end – in mm Ruff and Hayes 1983 

31 CA35 Index of cortical area at 35%: calculated from shaft (D) and cortical 
(d) breadth using π/4(D2-d2) – in mm2 Ruff et al. 1991 

32 I35 Index of second moment of area at 35%: calculated from shaft (D) 
and cortical breadth (d) using π/64(D4-d4) – in mm4 Ruff et al. 1991 

33 MLSB20 Medio-lateral shaft breadth at 20% of total femur length, as 
measured from the distal end – in mm Ruff and Hayes 1983 

34 MLCB20 Sum of medial and lateral cortical breadths at 20% of total femur 
length, as measured from the distal end – in mm Ruff and Hayes 1983 

35 CA20 Index of cortical area at 20%: calculated from shaft (D) and cortical 
(d) breadth using π/4(D2-d2) – in mm2 Ruff et al. 1991 

36 I20 Index of second moment of area at 20%: calculated from shaft (D) 
and cortical breadth (d) using π/64(D4-d4) – in mm4 Ruff et al. 1991 
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Figure 4.2. Cranial and post-cranial measurement variables and cross-sectional 

locations used in this study 
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The postcranial variables included the two most commonly used measurements 

for predicting body mass from skeletal material: femoral head breadth (FHB) and bi-iliac 

breadth (BIB). FHB has been used in four sets of published regression equations (Ruff 

et al., 1991; McHenry, 1992; Grine et al., 1995; Ruff et al., 2012) and is associated with 

the “mechanical” estimation approach (Ruff, 2002; Auerbach and Ruff, 2004). BIB is 

used in conjunction with stature (STAT), in second set of postcranial equations known as 

the “morphometric” approach (Ruff, 1994; Ruff et al., 1997; 2005). An additional 12 

measurements of the femur were recorded in order to examine other assertions that 

have been made in the literature. Specifically, femoral neck breadth (FNB) was 

measured in light of Ruff’s (1991) suggestion that femoral neck size will exhibit a pattern 

of correlation with body mass between that of the head and shaft due to its intermediate 

location. Following Ruff and Hayes (1983) and Ruff (1991; 2000b), Maximum femoral 

length (FLM) and measurements of medio-lateral shaft breadth (MLSB) and cortical 

breadth (MLCB), taken at multiple locations along the femur, were recorded to explore 

how diaphyseal cross-sectional dimensions relate to weight. Lastly, shaft and cortical 

breadths were used to calculate 10 indices that correspond to cortical area (CA) and 

second moment of area (I) (Ruff et al., 1991). CA and I provide information about the 

cross-sectional geometry and strength of the femur (Ruff and Hayes, 1983) and are 

calculated as: CA=π/4(D2-d2) and I=π/64(D4-d4), respectively. Although the femur is 

obviously not cylindrical, and the indices are therefore only approximations of the ‘true’ 

cross-sectional value of the element, these calculations were used here for direct 

comparison with Ruff and Hayes (1983) and Ruff et al. (1991). Tables 4.5-4.8 provide 

the summary data for the 36 variables in both samples. 
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Table 4.5. Summary data for cranial variables, calibration sample (n=203) 

 Female (n=100) Male (n=103) Combined-sex (n=203) 

Variable Mean  
(SD) Range Mean  

(SD) Range Mean  
(SD) Range 

BORB 35.2 
(1.6) 31.9-39.7 37.2 

(1.9) 33.7-42.3 36.2 
(2.0) 31.9-42.3 

HORB 34.3 
(2.2) 28.3-39.9 34.3 

(2.3) 27.5-41.4 34.3 
(2.3) 27.5-41.4 

BIOR 93.7 
(4.0) 84.7-105.9 98.4 

(4.1) 88.3-107.1 96.0 
(4.7) 84.7-107.1 

BPOR 112.3 
(5.1) 99.5-123.3 119.9 

(5.1) 109.6-132.3 116.1 
(6.4) 99.5-132.3 

LFM 33.6 
(2.2) 29.4-41.2 35.1 

(2.6) 30.0-42.1 34.4 
(2.5) 29.4-42.1 

BFM 28.5 
(92.3) 22.9-34.1 29.7 

(2.5) 22.1-37.3 29.1 
(2.5) 22.1-37.3 

ORBA1 1207.7 
(104.0) 911.3-1501.5 1275.5 

(107.6) 1035.0-1531.9 1242.1 
(110.9) 911.3-1531.9 

ORBA2 948.6 
(81.7) 715.7-1179.3 1001.8 

(84.5) 812.9-1203.1 975.6 
(87.1) 715.7-1203.1 

ORBA3 969.6 
(81.4) 766.2-1205.7 1024.3 

(81.7) 831.7-1267.9 997.2 
(85.8) 766.2-1267.9 

FMA1 961.2 
(125.6) 692.3-1404.9 1045.3 

(150.5) 758.0-1507.2 1003.9 
(144.7) 692.3-1507.2 

FMA2 754.9 
(98.7) 543.7-1103.4 821.0 

(118.2) 595.4-1183.7 788.4 
(113.7) 543.7-1183.7 

FMA3 679.6 
(90.3) 490.5-1008.8 745.7 

(102.3) 548.1-1059.1 713.0 
(101.8) 490.5-1059.1 
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Table 4.6. Summary data for postcranial variables, calibration sample (n=203) 

 Female (n=100) Male (n=103) Combined-sex (n=203) 

Variable Mean  
(SD) Range Mean  

(SD) Range Mean  
(SD) Range 

BIB 279.2 
(19.2) 223.1-337.1 284.8 

(15.5) 246.3-324.2 282.0 
(17.6) 223.1-337.1 

FLM 445.0 
(26.1) 390.1-530.3 474.1 

(25.6) 412.3-534.6 459.8 
(29.6) 390.1-534.6 

FHB 45.6 
(2.4) 39.8-55.5 51.1 

(2.6) 43.2-57.5 48.4 
(3.7) 39.8-57.5 

FNB 31.9 
(2.3) 26.7-38.6 36.6 

(2.4) 30.1-43.2 34.3 
(3.3) 26.7-43.2 

MLSB80 33.8 
(2.2) 27.7-41.2 37.3 

(2.6) 30.9-43.2 35.6 
(3.0) 27.7-43.2 

MLCB80 16.4 
(2.5) 10.6-23.9 17.5 

(3.1) 8.4-26.1 16.9 
(2.9) 8.4-26.1 

CA80 686.0 
(104.7) 404-1187.9 853.8 

(127.3) 593.8-1179.6 771.1 
(143.6) 404.1-1187.9 

I80 6.2x104 
(1.7x104) 2.6x104-1.4x105 9.3x104 

(2.6x104) 4.4x104-1.6x105 7.8x104 
(2.7x104) 2.6x104-1.6x105 

MLSB65 29.0 
(2.4) 24.5-35.4 32.2 

(2.2) 26.1-38.4 30.6 
(2.8) 24.5-38.4 

MLCB65 8.2 
(2.0) 4.8-13.8 9.2 

(2.1) 5.0-19.9 8.7 
(2.1) 4.8-19.9 

CA65 609.2 
(109.3) 424.9-920.0 749.2 

(107.7) 482.2-1079.6 680.2 
(129.0) 424.9-1079.6 

I65 3.6x104 
(1.3x104) 1.8x4-7.6x104 5.4x104 

(1.5x104) 2.3x104-1.1x105 4.5x104 
(1.6x104) 1.8x104-1.1x105 

MLSB50 28.6 
(2.1) 24.0-35.1 31.6 

(2.0) 25.6-37.6 30.1 
(2.5) 24.0-37.6 

MLCB50 8.8 
(1.8) 3.5-12.6 9.7 

(1.9) 5.7-13.9 9.2 
(1.9) 3.5-13.9 

CA50 585.2 
(95.7) 390.2-860.1 709.5 

(93.0) 468.2-1004.7 648.3 
(112.9) 390.2-1004.7 

I50 3.4x104 
(1.1x104) 1.6x104-7.4x104 4.9x104 

(1.3x104) 2.1x104-9.7x104 4.2x104 
(1.4x104) 1.6x104-9.7x104 

MLSB35 30.8 
(2.3) 25.7-36.2 34.1 

(2.2) 30.1-40.7 32.5 
(2.8) 25.7-40.7 
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 Female (n=100) Male (n=103) Combined-sex (n=203) 

Variable Mean  
(SD) Range Mean  

(SD) Range Mean  
(SD) Range 

MLCB35 14.7 
(2.7) 7.1-21.6 15.9 

(2.8) 9.2-23.5 15.3 
(2.8) 7.1-23.5 

CA35 575.0 
(84.0) 380.0-787.9 713.8 

(90.7) 540.6-1097.4 645.4 
(111.6) 380.0-1099.4 

I35 4.3x104 
(1.3x104) 2.1x104-7.9x104 6.4x104 

(1.7x104) 3.9x104-1.3x105 5.4x104  
(1.8x104) 2.1x104-1.3x105 

MLSB20 39.8 
(3.2) 32.4-49.1 43.1 

(3.5) 36.2-51.9 41.5 
(3.7) 32.4-51.9 

MLCB20 26.7 
(4.1) 13.7-39.4 28.0 

(4.6) 13.8-39.5 27.4 
(4.4) 13.7-39.5 

CA20 677.4 
(124.8) 394.5-1092.6 836.4 

(154.4) 529.9-1499.8 758.1 
(161.3) 394.5-1499.8 

I20 9.9x104 
(2.9x104) 4.4x104-1.8x105 1.4x104 

(4.4x104) 7.3x104-3.3x105 1.2x105 
(4.3x104) 4.4x104-3.3x105 
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Table 4.7. Summary data for cranial variables, test sample (n=50) 

 Female (n=25) Male (n=25) Combined-sex (n=50) 

Variable Mean  
(SD) Range Mean  

(SD) Range Mean  
(SD) Range 

BORB 35.4 
(1.8) 32.0-39.4 36.8 

(1.3) 34.8-39.3 36.1 
(1.7) 32.0-39.4 

HORB 33.5 
(2.1) 28.6-36.8 34.5 

(1.8) 30.6-37.5 34.0 
(2.0) 28.6-37.5 

BIOR 93.8 
(3.2) 87.4-100.7 97.8 

(3.0) 92.7-102.4 95.8 
(3.7) 87.4-102.4 

BPOR 111.9 
(4.6) 105.7-120.5 118.4 

(4.7) 110.7-128.9 115.1 
(5.6) 105.7-128.9 

LFM 32.6 
(1.8) 29.6-36.5 34.8 

(2.8) 30.5-41.1 33.7 
(2.6) 29.6-41.1 

BFM 27.9 
(1.6) 24.9-31.1 29.8 

(2.4) 26.1-34.8 28.8 
(2.2) 24.9-34.8 

ORBA1 1189.1 
(105.4) 915.2-1335.3 1271.4 

(85.0) 1092.4-1409.1 1230.2 
(103.5) 915.2-1409.1 

ORBA2 933.9 
(82.8) 718.8-1048.8 998.5 

(66.8) 858.0-1106.7 966.2 
(81.3) 718.8-1106.7 

ORBA3 957.8 
(87.1) 732.8-1076.2 1008.4 

(78.2) 837.4-1146.3 982.1 
(86.0) 732.8-1146.3 

FMA1 910.2 
(75.4) 744.5-1042.6 1039.5 

(142.7) 802.2-1430.3 974.9 
(130.5) 744.5-1430.3 

FMA2 714.9 
(59.2) 584.7-818.8 816.4 

(112.1) 630.0-1123.3 765.6 
(102.5) 584.7-1123.3 

FMA3 638.6 
(62.1) 504.7-739.3 727.7 

(103.9) 583.2-982.1 681.3 
(95.1) 504.7-982.1 
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Table 4.8. Summary data for postcranial variables, test sample (n=50) 

 Female (n=25) Male (n=25) Combined-sex (n=50) 

Variable Mean  
(SD) Range Mean  

(SD) Range Mean  
(SD) Range 

BIB 272.9 
(14.3) 251.6-302.5 280.0 

(21.1) 211.2-313.2 276.5 
(18.2) 211.2-313.2 

FLM 433.3 
(20.8) 384.7-494.6 475.8 

(27.1) 431.1-549.1 454.6 
(32.1) 384.7-549.1 

FHB 45.0 
(1.8) 41.5-48.1 50.3 

(3.5) 41.5-54.9 47.6 
(3.9) 41.5-54.9 

FNB 31.6 
(2.1) 26.7-35.8 36.0 

(3.2) 28.3-43.8 33.8 
(3.5) 26.7-43.8 

MLSB80 33.3 
(2.2) 29.1-38.3 36.2 

(3.3) 26.7-42.0 34.8 
(3.1) 26.7-42.0 

MLCB80 15.5 
(1.9) 12.2-18.9 17.6 

(3.1) 11.7-26.4 16.5 
(2.8) 11.7-26.4 

CA80 684.8 
(96.5) 504.5-973.0 787.4 

(175.4) 452.4-1122.4 736.1 
(149.7) 452.4-1122.4 

I80 9.4x105 
(2.5x105) 5.3x105-1.6x106 1.3x106 

(4.6x105) 3.8x105-2.4x106 1.1x106 
(4.1x105) 3.8x105-2.4x106 

MLSB65 28.8 
(2.3) 25.2-35.6 30.9 

(2.9) 23.0-36.7 29.8 
(2.8) 23.0-36.7 

MLCB65 7.6 
(1.5) 4.1-10.6 8.6 

(2.1) 3.2-12.5 8.1 
(1.9) 3.2-12.5 

CA65 606.7 
(109.3) 464.5-975.0 694.6 

(138.7) 389.1-987.0 650.7 
(131.3) 389.1-987.0 

I65 5.6x105 
(2.0x105) 3.2x105-1.3x106 7.5x105 

(2.7x105) 2.2x105-1.4x106 6.5x105 
(2.6x105) 2.2x105-1.4x106 

MLSB50 28.3 
(2.2) 24.2-34.4 30.7 

(2.8) 25.1-35.8 29.5 
(2.7) 24.2-35.8 

MLCB50 8.4 
(1.9) 3.6-11.7 9.2 

(1.5) 6.3-12.9 8.8 
(1.8) 3.6-12.9 

CA50 576.0 
(96.7) 427.8-889.8 677.0 

(134.5) 453.0-940.1 626.5 
(126.7) 427.8-940.1 

I50 5.2x105 
(1.7x105) 2.7x105-1.1x106 7.2x105 

(2.7x105) 31.x105-1.3x106 6.2x105 
(2.4x105) 2.7x105-1.3x106 

MLSB35 30.5 
(2.4) 25.7-34.5 33.2 

(3.0) 27.1-40.5 31.8 
(3.0) 25.7-40.5 
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 Female (n=25) Male (n=25) Combined-sex (n=50) 

Variable Mean  
(SD) Range Mean  

(SD) Range Mean  
(SD) Range 

MLCB35 14.0 
(2.8) 8.4-19.8 15.0 

(2.7) 11.5-20.4 14.5 
(2.8) 8.4-20.4 

CA35 574.0 
(88.2) 409.4-812.1 689.5 

(124.0) 468.0-1055.9 631.8 
(121.5) 409.4-1055.9 

I35 6.6x105 
(1.9x105) 3.3x105-1.1x106 9.5x105 

(3.5x105) 4.1x105-2.0x106 8.1x105 
(3.2x105) 3.3x105-2.0x106 

MLSB20 39.1 
(3.9) 32.4-45.4 41.9 

(4.9) 33.5-52.0 40.5 
(4.6) 32.4-52.0 

MLCB20 25.8 
(3.7) 19.5-34.8 27.2 

(4.9) 19.0-37.8 26.5 
(4.3) 19.0-37.8 

CA20 678.4 
(128.7) 464.8-1010.0 799.2 

(182.7) 529.3-1234.6 738.8 
(167.9) 464.8-1234.6 

I20 1.5x106 
(5.5x105) 7.3x105-2.7x106 2.1x106 

(9.5x105) 8.6x105-4.7x106 1.8x106 
(8.2x105) 7.3x105-4.7x106 

4.2.4. Analyses 

Using the calibration sample (n=203), correlation coefficients were calculated and 

regression equations derived for each variable for a combined-sex sample, as well as 

female-only (n=100) and male-only (n=103) subsamples. Regression equations were 

derived for each group using three methods: least square (LS), reduced major axis 

(RMA) and major axis (MA) regression because debate continues to surround the most 

appropriate choice for predicting an unknown quantity using regression. Konigsberg et 

al. (1998) outline five univariate estimation methods (“inverse calibration”, “classic 

calibration”, “major axis regression”, “reduced major axis regression” and “ratio 

estimators”) and note that least square regression (LRS) of body size (stature) on bone 

length (termed “inverse calibration”) is the most appropriate when the target specimen 

can be assumed to come from the same distribution as the calibration sample. 

Alternatively, they suggest that “classic calibration” – regression of bone length on 

stature, followed by solving for stature – may be better in situations where extrapolation 

is expected or uncertain. Despite this, most existing equations for estimating body mass 

have employed LSR and “inverse calibration” on the grounds that it minimizes the 

estimation error of the dependent variable (in this case, body mass) (Aiello and Wood, 

1994). LSR also has the advantage of having correction factors available to account for 
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biases inherent in the technique (Smith, 1996). Alternate methods like Reduced Major 

Axis (RMA) or Major axis (MA), have been argued to accept more uncertainty in the 

variables and produce better results when extrapolating beyond the range of the original 

dataset (Ruff et al., 1991, Auerbach and Ruff, 2004). However, body mass estimates 

continue to be derived from one or other method (Pomeroy and Stock, 2012; Ruff et al., 

2012) and consensus on the most appropriate approach has not been reached (Smith, 

2009). Consequently, we derived equations with all three methods. To avoid problems 

associated with non-normal distributions, the data were logarithmically transformed 

(base 10). Analyses were also conducted on the raw data, but as the results were 

generally worse, they have not been included here. The standard error of the estimate 

(SEE) was calculated according to the formula SEE= √∑(y-y’)2/n-2 (Hinton, 2004). Two 

correction factors - the smearing estimate (SE) and ratio estimator (RE) - were also 

calculated to account for de-transformation biases when converting from logarithmically 

transformed units into arithmetic units in LS regression (Smith, 1993). 

Once the regression equations were derived, individual skeletal measurements 

from the test sample were entered into the corresponding equation and an estimated 

body mass calculated in kilograms. For the LS regression equations the estimated mass 

was corrected by multiplying it by the average of the SE and RE, to obtain a final 

estimated body mass (EBM) (Smith, 1993). Estimated body masses were then 

compared to known mass for each individual. Raw differences (RD) were calculated as 

known-EBM. Percentage differences were calculated as percent error using the formula 

(PE)= (known-EBM)/ known*100 (Wu et al., 1995). Absolute percentage differences 

(|PE|) were also calculated to assess the magnitude of the difference between the 

estimated and known masses (Aiello and Wood, 1994; Ruff et al., 2005). Mean RDs, 

PEs and |PE|s were calculated for males and females as well as the whole test sample. 

Differences were plotted and Wilcoxon signed-rank tests used to establish their 

significance. Lastly, in keeping with previous studies (e.g. Dagosto and Terranova, 1992; 

Aiello and Wood, 1994), we also calculated the percentage of individuals whose EBM 

fell within +/-20% of their known mass. All analyses were conducted in “R” (R 

Development Core Team, 2010). 
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4.2.5. Evaluation criteria 

To evaluate the predictive competence of an equation, we used the same 

acceptance criteria as we employed in two recent tests of the validity of published cranial 

and postcranial equations (Elliott et al., 2014; Elliott et al, in review). Specifically, 

equations were considered valid when absolute percent errors were below 19% and at 

least 50% of the individuals were estimated within +/-20% of their known mass. These 

values were selected in light of ongoing debate regarding what constitutes “acceptable” 

levels of error for predictive analyses. With respect to percent errors, Dagosto and 

Terranova (1992) considered 15-30% to be inaccurate in interspecific analyses. In 

contrast, Spocter and Manger (2007) accepted prediction errors of 10-16% for some of 

their analyses and Aiello and Wood (1994) considered errors of 15-19% to be 

acceptable. Regarding the number of estimates that should fall close to the actual mass, 

Ruff et al. (2005) suggest that a reliable intraspecific equation might be expected to 

estimate the majority of individuals within 10-15% of their known mass. Others suggest 

that an equation may be considered reliable if it estimates 60%-70% of the specimens 

within 20% of their known mass (Barrickman, 2008). Due to the broader range of 

variation, interspecific analyses are expected to perform slightly worse than intraspecific 

ones (Smith, 2002). Consequently, interspecfic studies often have even lower limits—

accepting equations that estimate 50% or more of the sample within +/-20% of known 

mass (e.g. Dagosto and Terranova, 1992; Aiello and Wood, 1994). Given this variability, 

we used the “19% absolute error” and “50% within 20%” criteria as our limits of 

acceptance for consistency and because they provided a lenient baseline to assess the 

equations’ predictive competence. 

4.3. Results 

4.3.1. Regression equations 

Combined-sex test sample: Tables 4.9 and 4.10 provide the LSR, MA and RMA 

regression statistics derived from the combined-sex calibration sample. Correlation 

coefficients (r) for the cranial variables range from 0.06 (p=0.36) for orbital height 

(HORB) to 0.33 (p=0.00) for biporionic breadth (BPOR). For the postcranial variables, 

correlation coefficients range from -0.03 (p=0.63) for mediolateral cortical breadth at 
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80% of femoral shaft length (MLCB80) to 0.59 (p=0.00) for the index of cortical area at 

50% of femoral shaft length (CA50). SEEs for the cranial variables are consistent at 

0.11, while SEEs vary slightly for the postcranial variables (0.09-0.11). 

Table 4.9. Least square (LS), Major Axis (MA) and Reduced Major Axis (RMA) 
regression equations for cranial variables. Combined-sex calibration 
sample (n=203). All data log10 transformed. See= Standard error of 
estimate, CF=Correction factor (mean of SE and RE) 

   LSR regression MA regression RMA regression 

Variable r p-value Slope Intercept See CF Slope Intercept Slope Intercept 

BORB 0.21 0.003 0.95 0.38 0.11 1.03 21.45 -31.59 4.62 -5.34 

HORB* 0.06 0.362 0.24 1.49 0.11 1.03 55.24 -82.89 3.81 -3.98 

BIOR 0.30 0.000 1.57 -1.24 0.11 1.03 16.67 -31.18 5.20 -8.43 

BPOR 0.33 0.000 1.53 -1.28 0.11 1.03 13.23 -25.44 4.59 -7.61 

LFM 0.21 0.012 0.73 0.75 0.11 1.03 15.59 -22.06 3.51 -3.52 

BFM* 0.13 0.063 0.38 1.30 0.11 1.03 19.92 -27.27 2.94 -2.43 

ORBA1 0.17 0.013 0.49 0.34 0.11 1.03 14.34 -42.47 2.83 -6.89 

ORBA2 0.17 0.013 0.49 0.40 0.11 1.03 14.34 -40.96 2.83 -6.59 

ORBA3 0.18 0.012 0.52 0.30 0.11 1.04 14.81 -42.51 2.95 -6.97 

FMA1 0.19 0.007 0.34 0.84 0.11 1.03 6.86 -18.69 1.81 -3.57 

FMA2 0.18 0.007 0.34 0.88 0.11 1.03 6.86 -17.97 1.81 -3.38 

FMA3 0.20 0.004 0.37 0.81 0.11 1.03 6.50 -16.65 1.83 -3.34 

* regression non-significant at ∝=0.05 
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Table 4.10. Least square (LS), Major Axis (MA) and Reduced Major Axis (RMA) 
regression equations for postcranial variables. Combined-sex 
sample (n=203). All data log10 transformed. See= Standard error of 
estimate, CF=Correction factor (mean of SE and RE) 

   LSR regression MA regression RMA regression 

Variable r p-value Slope Intercept See CF Slope Intercept Slope Intercept 

BIB 0.36 0.000 1.43 -1.65 0.10 1.03 10.6 -24.1 4.0 -7.96 

FLM 0.33 0.000 1.28 -1.54 0.10 1.03 11.3 -28.1 3.9 -8.54 

FHB 0.40 0.000 1.33 -0.38 0.10 1.03 7.6 -11.0 3.3 -3.72 

FNB 0.43 0.000 1.12 0.16 0.10 1.03 5.3 -6.3 2.6 -2.11 

MLSB80 0.41 0.000 1.25 -0.06 0.10 1.03 6.6 -8.4 3.0 -2.78 

MLCB80* -0.03 0.630 - 0.05 1.93 0.11 1.03 -23.3 30.3 -1.5 3.71 

CA80 0.52 0.000 0.71 -0.18 0.09 1.03 1.8 -3.3 1.4 -2.11 

I80 0.44 0.000 0.33 0.24 0.10 1.03 0.54 -0.8 0.8 -1.8 

MLSB65 0.49 0.000 1.35 -0.14 0.10 1.03 5.1 -5.6 2.7 -2.20 

MLCB65 0.14 0.039 - 0.15 2.00 0.11 1.03 -1.4 3.1 -1.0 2.82 

CA65 0.55 0.000 0.73 - 0.18 0.09 1.03 1.6 -2.7 1.3 -1.91 

I65 0.50 0.000 0.34 0.28 0.10 1.03 0.5 -0.4 0.7 -1.30 

MLSB50 0.52 0.000 1.58 -0.47 0.09 1.03 5.3 -6.0 3.0 -2.6 

MLCB50 0.15 0.038 -0.17 2.02 0.11 1.03 -2.3 4.1 -1.1 2.96 

CA50 0.59 0.000 0.85 -0.53 0.09 1.03 1.8 -3.2 1.4 -2.18 

I50 0.53 0.000 0.40 0.03 0.09 1.03 0.6 -0.9 0.8 -1.60 

MLSB35 0.44 0.000 1.29 -0.08 0.10 1.03 6.1 -7.4 2.9 -2.58 

MLCB35* 0.00 0.992 0.00 1.87 0.11 1.03 0.0 -844.9 0.0 0.33 

CA35 0.56 0.000 0.82 -0.44 0.09 1.03 1.9 -3.5 1.5 -2.23 

I35 0.47 0.000 0.35 0.21 0.97 1.03 0.6 -0.7 0.7 -1.65 

MLSB20 0.32 0.000 0.89 0.43 0.10 1.03 7.8 -10.8 2.8 -2.66 

MLCB20* 0.04 0.597 0.06 1.79 0.11 1.03 22.3 -30.0 1.5 -0.28 

CA20 0.50 0.000 0.62 0.10 0.10 1.03 1.5 -2.5 1.2 -1.68 

I20 0.42 0.000 0.31 0.32 0.10 1.03 0.5 -0.7 0.7 -1.84 

* regression non-significant at ∝=0.05 
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Female test sample: Tables 4.11 and 4.12 provides the regression equations 

derived from the female (n=100) calibration sample. Here, the correlation coefficients for 

the cranial measurements vary from -0.01 for foramen magnum breadth (BFM) to 0. 12 

for biporionic breadth (BPOR). However, none of the correlations is significant at 

∝=0.05. Correlation coefficients for the postcranial measurements vary from -0.11 

(p=0.28) for mediolateral cortical breadth at 35% (MLCB35) to 0.59 (p=0.00) for the 

index of cortical area at 50% of femoral shaft length (CA50). SEEs for the cranial 

variables are again consistent, this time at 0.12. SEEs for the postcranial variables range 

from 0.10-0.12. 

Table 4.11. Least square (LS), Major Axis (MA) and Reduced Major Axis (RMA) 
regression equations for cranial variables. Female calibration 
sample (n=100). All data log10 transformed. See= Standard error of 
estimate, CF=Correction factor (mean of SE and RE) 

   LSR regression MA regression RMA regression 

Variable r p-value Slope Intercept See CF Slope Intercept Slope Intercept 

BORB* 0.04 0.721 0.22 1.50 0.12 1.05 160.6 -246.5 6.0 -7.4 

HORB* 0.08 0.448 0.33 1.33 0.12 1.04 52.1 -78.1 4.2 -4.7 

BIOR* 0.15 0.127 1.00 -0.14 0.12 1.04 41.3 -79.6 6.5 -11.0 

BPOR* 0.12 0.247 0.71 0.38 0.12 1.04 50.5 -101.6 6.1 -10.6 

LFM* 0.07 0.500 0.30 1.38 0.12 1.03 60.4 -90.3 4.3 -4.8 

BFM* -0.01 0.914 -0.04 1.88 0.12 1.05 -280.4 409.3 -3.4 6.7 

ORBA1* 0.08 0.446 0.24 1.07 0.12 1.07 37.3 -113.1 3.2 -8.0 

ORBA2* 0.08 0.446 0.24 1.10 0.12 1.06 37.3 -109.2 3.2 -7.6 

ORBA3* 0.06 0.560 0.19 1.25 0.12 1.04 50.3 -148.5 3.3 -8.0 

FMA1* 0.03 0.790 0.06 1.66 0.12 1.03 63.3 -186.7 2.2 -4.6 

FMA2* 0.03 0.790 0.06 1.66 0.12 1.04 63.3 -180.1 2.2 -4.4 

FMA3* 0.03 0.754 0.07 1.64 0.12 1.04 52.0 -145.2 2.1 -4.2 

* regression non-significant at ∝=0.05 
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Table 4.12. Least square (LS), Major Axis (MA) and Reduced Major Axis (RMA) 
regression equations for postcranial variables. Female calibration 
sample (n=100). All data log10 transformed. See= Standard error of 
estimate, CF=Correction factor (mean of SE and RE) 

   LSR regression MA regression RMA regression 

Variable r p-value Slope Intercept See CF Slope Intercept Slope Intercept 

BIB 0.32 0.001 1.27 -1.27 0.11 1.03 11.8 -26.9 4.0 -7.9 

FLM* 0.14 0.156 0.68 0.04 0.12 1.03 31.6 -81.8 4.7 -10.7 

FHB* 0.15 0.128 0.82 0.47 0.11 1.04 33.8 -54.3 5.4 -7.1 

FNB 0.27 0.006 1.05 0.25 0.12 1.04 13.3 -18.2 3.9 -4.0 

MLSB80 0.33 0.001 1.36 -0.25 0.11 1.04 12.2 -16.8 4.2 -4.6 

MLCB80 -0.25 0.013 -0.44 2.36 0.12 1.04 -5.1 8.0 -1.8 4.0 

CA80 0.53 0.000 0.99 -0.98 0.10 1.04 2.8 -6.2 1.9 -3.4 

I80 0.38 0.000 0.40 -0.09 0.11 1.05 1.1 -3.6 1.1 -3.2 

MLSB65 0.43 0.000 1.43 -0.27 0.11 1.05 7.3 -8.8 3.4 -3.1 

MLCB65 -0.36 0.000 -0.40 2.19 0.11 1.05 -1.4 3.1 -1.1 2.8 

CA65 0.52 0.000 0.83 -0.47 0.10 1.03 2.3 -4.4 1.6 -2.6 

I65 0.44 0.000 0.37 0.16 0.11 1.03 0.7 -1.2 0.8 -2.0 

MLSB50 0.49 0.000 1.82 -0.83 0.11 1.05 7.3 -8.8 3.7 -3.6 

MLCB50 -0.30 0.002 -0.37 2.18 0.11 1.03 -1.8 3.6 -1.2 3.0 

CA50 0.59 0.000 1.02 -0.98 0.10 1.02 2.4 -4.8 1.7 -3.0 

I50 0.50 0.000 0.47 -0.27 0.11 1.01 0.9 -2.1 0.9 -2.4 

MLSB35 0.37 0.000 1.39 -0.24 0.11 1.04 9.4 -12.1 3.7 -3.7 

MLCB35* -0.11 0.279 -0.15 2.00 0.12 1.05 -6.0 8.8 -1.4 3.4 

CA35 0.57 0.000 1.09 -1.18 0.10 1.04 2.8 -5.8 1.9 -3.4 

I35 0.42 0.000 0.40 -0.03 0.11 1.05 0.9 -2.3 1.0 -2.6 

MLSB20 0.21 0.034 0.72 0.68 0.12 1.04 14.7 -21.6 3.4 -3.6 

MLCB20* -0.12 0.243 -0.20 2.11 0.12 1.05 -9.3 15.0 -1.7 4.2 

CA20 0.54 0.000 0.82 -0.50 0.10 1.05 2.1 -4.1 1.5 -2.5 

I20 0.36 0.000 0.33 0.17 0.11 1.06 0.8 -2.1 0.9 -2.7 

* regression non-significant at ∝=0.05 
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Male test sample: In the male sample (Tables 4.13 and 4.14), the correlation 

coefficients for the cranial measurements vary from 0.05 (p=0.62) for orbital height 

(HORB), to 0.28 (p=0.00) for biporionic breadth (BPOR). Correlations for the postcranial 

variables range from -0.02 (p=0.81) for medio-lateral cortical breadth at 35% of femoral 

shaft (MLCB35), to 0.42 (p=0.00) for the index of cortical area at 50% of femoral shaft 

length (CA50). SEEs for the cranial variables are consistent at 0.09 and range from 

0.08-0.09 for the postcranial variables. 

Table 4.13. Least square (LS), Major Axis (MA) and Reduced Major Axis (RMA) 
regression equations for cranial variables. Male calibration sample 
(n=103). All data log10 transformed. See= Standard error of estimate, 
CF=Correction factor (mean of SE and RE) 

   LSR regression MA regression RMA regression 

Variable r p-value Slope Intercept See CF Slope Intercept Slope Intercept 

BORB* 0.09 0.384 0.35 1.35 0.09 1.02 43.3 -66.1 4.0 -4.4 

HORB* 0.05 0.620 0.14 1.67 0.09 1.04 52.3 -78.4 2.9 -2.6 

BIOR 0.19 0.051 0.92 0.07 0.09 1.02 23.5 -45.0 4.7 -7.6 

BPOR 0.28 0.004 1.30 -0.79 0.09 1.01 15.9 -31.1 4.6 -7.7 

LFM 0.20 0.039 0.54 1.06 0.09 1.03 11.4 -15.7 2.7 -2.2 

BFM* 0.15 0.134 0.35 1.39 0.09 1.02 12.9 -17.0 2.3 -1.5 

ORBA1* 0.09 0.359 0.22 1.23 0.09 1.01 21.4 -64.5 2.4 -5.5 

ORBA2* 0.09 0.359 0.22 1.25 0.09 1.01 21.4 -62.2 2.4 -5.2 

ORBA3* 0.12 0.237 0.30 1.00 0.09 1.02 18.0 -52.3 2.5 -5.7 

FMA1 0.20 0.043 0.28 1.04 0.09 1.04 3.9 -9.8 1.4 -2.4 

FMA2 0.20 0.043 0.28 1.07 0.09 1.04 3.9 -9.4 1.4 -2.2 

FMA3 0.21 0.035 0.32 0.99 0.09 1.02 4.3 -10.5 1.5 -2.4 

* regression non-significant at ∝=0.05 
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Table 4.14. Least square (LS), Major Axis (MA) and Reduced Major Axis (RMA) 
regression equations for postcranial variables. Male calibration 
sample (n=103). All data log10 transformed. See= Standard error of 
estimate, CF=Correction factor (mean of SE and RE) 

   LSR regression MA regression RMA regression 

Variable r p-value Slope Intercept See CF Slope Intercept Slope Intercept 

BIB 0.34 0.000 1.23 -1.11 0.08 1.01 10.0 -22.7 3.6 -7.0 

FLM 0.29 0.003 1.07 -0.97 0.09 1.03 11.5 -28.9 3.6 -7.9 

FHB 0.40 0.000 1.57 -0.78 0.08 1.02 9.3 -14.0 3.9 -4.8 

FNB 0.34 0.000 1.04 0.28 0.08 1.02 7.9 -10.5 3.0 -2.8 

MLSB80 0.26 0.008 0.74 0.74 0.09 1.02 9.6 -13.2 2.8 -2.6 

MLCB80* 0.06 0.517 0.07 1.81 0.09 1.03 2.9 -1.7 1.1 0.6 

CA80 0.29 0.003 0.39 0.75 0.09 1.03 2.5 -5.3 1.3 -2.0 

I80 0.28 0.005 0.20 0.92 0.09 1.01 0.4 0.1 0.7 -1.7 

MLSB65 0.34 0.000 1.00 0.41 0.09 1.00 7.7 -9.8 2.9 -2.5 

MLCB65* -0.08 0.406 -0.07 1.97 0.09 1.02 -0.3 2.2 -0.9 2.8 

CA65 0.39 0.000 0.53 0.38 0.08 1.02 2.1 -4.2 1.4 -2.0 

I65 0.35 0.000 0.25 0.71 0.08 1.03 0.4 -0.2 0.7 -1.5 

MLSB50 0.35 0.000 1.12 0.22 0.08 1.02 8.3 -10.6 3.2 -2.9 

MLCB50* -0.15 0.133 -0.15 2.04 0.09 1.03 -0.8 2.7 -1.0 2.9 

CA50 0.42 0.000 0.64 0.07 0.08 1.03 2.5 -5.1 1.5 -2.4 

I50 0.36 0.000 0.29 0.56 0.08 1.00 0.6 -0.7 0.8 -1.8 

MLSB35 0.24 0.014 0.76 0.74 0.09 1.02 11.7 -16.0 3.1 -2.9 

MLCB35* -0.02 0.814 -0.03 1.93 0.09 1.03 -9.3 13.0 -1.1 3.2 

CA35 0.36 0.000 0.58 0.26 0.08 1.01 3.1 -6.8 1.6 -2.7 

I35 0.27 0.005 0.22 0.84 0.09 1.03 0.5 -0.5 0.8 -2.0 

MLSB20 0.20 0.048 0.48 1.11 0.09 1.03 10.7 -15.6 2.5 -2.1 

MLCB20* 0.13 0.196 0.15 1.69 0.09 1.02 2.7 -2.1 1.2 0.2 

CA20 0.23 0.017 0.27 1.10 0.09 1.03 1.8 -3.4 1.2 -1.5 

I20 0.24 0.014 0.16 1.06 0.09 1.05 0.3 0.5 0.7 -1.6 

* regression non-significant at ∝=0.05 
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4.3.2. Prediction accuracy 

Tables 4.15-4.20 summarize the directional and absolute differences, as well as 

the percentage of individuals whose body mass was estimated within +/-20% of their 

true mass, for each sample using the LSR regression equations. It must be noted here 

that a number of the regressions in each training group were non-significant at ∝=0.05. 

Normally, this would preclude further use of the resulting equation for predictive 

purposes. However, for maximum comparability with previous studies and heuristic 

purposes, all of the regression equations were tested as derived. As the major axis (MA) 

and Reduced Major Axis (RMA) regression equations produced significantly higher rates 

of error for most skeletal measurements in all three samples, their results are provided in 

the Appendix (Tables A12-13) and only the least square (LS) regression results are 

discussed here. 

Combined-sex test sample: In this sample, the cranial variables with the best 

predictive accuracy based on the absolute percentage errors and number of individuals 

estimated within +/-20% of known mass, were biporionic breadth (BPOR) and biorbital 

breadth (BIOR) (Tables 4.15 and 4.16). These two variables resulted in mean absolute 

percent errors (|PE|) of 17.1 and 18.1% respectively. Both variables estimated 64% of 

the test sample within +/-20% of the known mass. The worst performing cranial variable 

was foramen magnum breadth, which produced a |PE| of 19.6% and estimated 56% of 

the sample within +/-20% of known mass. 

The postcranial variable with the best predictive accuracy in the combined-sex 

test sample was the index of cortical area at 35% of femoral length (CA35) – returning a 

|PE| of 11.9% and estimating 82% of the sample within +/-20% of known mass. The five 

indices of second moment of area (I) returned the lowest accuracy rates, resulting in 

|PE|s exceeding 100% and estimating no individuals within +/-20% of known mass. 
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Table 4.15. Summary of difference between known and estimated mass using 
LSR cranial equations. Combined-sex test sample (n=50), ordered by 
percentage of individuals estimated within 20% of known mass 

 Directional Difference Absolute Difference   

Cranial Raw diff (kg) 
Mean (SD) 

PE 
Mean (SD) 

Raw diff (kg) 
Mean (SD) 

|PE| 
Mean (SD) 20% (%) Wilcoxon  

T-value 

BPOR -0.5 (16.2) -5.4 (21.2) 12.3 (10.4) 17.1 (13.5) 64.0 0.82 

BIOR -1.3 (17.1) -6.8 (22.9) 12.8 (11.3) 18.1 (15.3) 64.0 0.6 

FMA3 -1.2 (17.8) -6.8 (22.9) 13.4 (11.6) 18.9 (14.3) 58.3 0.65 

BORB -1.1 (17.8) -6.8 (23.6) 13.8 (11.2) 19.3 (14.9) 58.0 0.66 

LFM -0.2 (18.2) -5.5 (22.8) 13.6 (11.8) 18.8 (13.7) 58.0 0.94 

ORBA1 -0.8 (18.0) -6.5 (23.6) 13.7 (11.6) 19.2 (15.0) 58.0 0.74 

ORBA2 -0.9 (18.0) -6.6 (23.6) 13.7 (11.6) 19.2 (15.0) 58.0 0.72 

FMA1 -0.4 (17.8) -5.8 (22.9) 13.6 (11.4) 18.9 (14.0) 58.0 0.87 

FMA2 -0.5 (17.8) -5.9 (22.9) 13.6 (11.4) 18.9 (14.0) 58.0 0.85 

ORBA3 -2.4 (18.0) -8.7 (23.8) 13.6 (11.8) 19.5 (15.9) 56.2 0.36 

HORB -1.1 (18.4) -7.1 (24.2) 14.2 (11.7) 19.9 (15.3) 56.0 0.68 

BFM -0.9 (18.0) -6.7 (23.7) 13.9 (11.2) 19.6 (14.7) 56.0 0.71 

Table 4.16. Summary of difference between known and estimated mass using 
LSR postcranial equations. Combined-sex test sample (n=50), 
ordered by percentage of individuals estimated within 20% of known 
mass 

 Directional Difference Absolute Difference   

Postcranial Raw diff (kg) 
Mean (SD) 

PE  
Mean (SD) 

Raw diff (kg) 
Mean (SD) 

|PE| 
Mean (SD) 20% (%) Wilcoxon  

T-value 

CA35 0.8 (11.3) -1.6 (14.6) 8.9 (6.8) 11.9 (8.4) 82.0 0.62 

CA65 -2.1 (12.5) -5.9 (16.2) 10.2 (7.3) 14.1 (9.9) 80.0 0.24 

MLSB50 1.0 (12.6) -1.7 (16.0) 9.2 (8.6) 12.3 (10.2) 80.0 0.58 

CA50 2.3 (11.7) 0.7 (14.4) 8.6 (8.2) 11.1 (8.9) 80.0 0.17 

MLSB65 1.4 (13.4) -1.4 (16.5) 9.9 (9.1) 13.0 (10.1) 78.0 0.46 

CA80 1.1 (12.9) -1.7 (16.5) 9.6 (8.5) 12.8 (10.3) 76.0 0.56 

MLSB35 0.1 (13.9) -3.5 (18.1) 10.9 (8.5) 14.7 (10.8) 74.0 0.95 

FHB 1.3 (15.7) -2.3 (19.4) 12.1 (9.8) 16.2 (10.7) 70.0 0.55 

CA20 -2.8 (14.2) -7.5(19.4) 11.7 (8.3) 16.5 (12.4) 70.0 0.17 
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 Directional Difference Absolute Difference   

Postcranial Raw diff (kg) 
Mean (SD) 

PE  
Mean (SD) 

Raw diff (kg) 
Mean (SD) 

|PE| 
Mean (SD) 20% (%) Wilcoxon  

T-value 

MLSB80 -1.2 (14.6) -5.5 (18.8) 11.1 (9.4) 15.4 (12.0) 68.0 0.56 

BIB 3.0 (16.8) -0.5 (21.4) 12.7 (11.3) 16.8 (13.0) 64.0 0.21 

MLSB20 -0.1 (16.1) -4.6 (20.9) 12.6 (9.9) 17.2 (12.5) 62.0 0.97 

FLM -0.4 (17.0) -5.2 (21.6) 13.2 (10.6) 18.1 (12.5) 60.0 0.88 

MLCB65 -1.0 (18.4) -7.0 (24.8) 14.4 (11.3) 20.4 (15.5) 58.0 0.69 

MLCB50 -0.3 (18.8) -6.0 (24.8) 14.5 (11.7) 20.2 (15.4) 58.0 0.92 

FNB -2.2 (16.1) -7.2 (21.1) 13.2 (9.3) 18.4 (12.4) 56.0 0.35 

MLCB80 -1.6 (18.5) -7.9 (26.2) 14.6 (11.4) 20.6 (18.3) 54.0 0.54 

MLCB35 -1.7 (18.5) -8.1 (24.7) 14.6 (11.4) 20.6 (15.6) 54.0 0.51 

MLCB20 -2.6 (18.4) -9.3 (24.8) 14.7 (11.2) 21.0 (15.9) 54.0 0.31 

I80 -101.1 (16.0) -144.1 (42.3) 101.1 (16.0) 144.1 (42.3) 0.0 0.00 

I65 -108.4 (16.3) -153.6 (41.0) 108.4 (16.3) 153.6 (41.0) 0.0 0.00 

I50 -150.7 (23.4) -211.0 (48.4) 150.7 (23.4) 211.0 (48.4) 0.0 0.00 

I35 -117.4 (17.4) -166.1 (44.6) 117.4 (17.4) 166.1 (44.6) 0.0 0.00 

I20 -109.7 (20.7) -156.6 (49.4) 109.7 (20.7) 156.6 (49.4) 0.0 0.00 

Female test sample: The best performing cranial variables in this sample were 

biorbital breadth (BIOR) and orbital area calculated as l x w (ORBA1) (Tables 4.17 and 

4.18). These variables resulted in mean |PE|s of 17.8 and 19.2% respectively and 

estimated 56% of the sample within +/-20% of known mass. The least accurate cranial 

variable was orbital area, calculated as an ellipse (ORBA3). The equation for this 

variable returned a |PE| of 18.3%, and estimated 48% of the sample within +/-20% of 

known mass. 

The best postcranial predictor of body mass in females was the index of cortical 

area at 80% of femur length (CA80), which returned a |PE| of 13.8% and estimated 80% 

of the sample within +/-20% of known mass. Mediolateral cortical breadth at 35% of 

femur length, as well as the five second moment of area indices, all returned |PE|s in 

excess of 100% and failed to estimate any individuals within +/-20% of known mass. 
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Table 4.17. Summary of difference between known and estimated mass using 
LSR cranial equations. Female test sample (n=25), ordered by 
percentage of individuals estimated within 20% of known mass 

 Directional Difference Absolute Difference   

Cranial Raw diff (kg) 
Mean (SD) 

PE  
Mean (SD) 

Raw diff (kg) 
Mean (SD) 

|PE| 
Mean (SD) 20% (%) Wilcoxon  

T-value 

BPOR -4.4 (12.3) -10.3 (20.3) 10.7 (7.2) 17.8 (13.8) 56.0 0.09 

BIOR -5.8 (12.5) -12.5 (20.8) 11.4 (7.4) 19.2 (14.6) 56.0 0.03 

FMA3 -5.1 (12.5) -11.5 (20.6) 11.3 (7.0) 18.8 (13.9) 56.0 0.05 

BORB -5.1 (12.8) -11.5 (20.9) 11.5 (7.3) 19.0 (14.1) 52.0 0.06 

LFM -3.7 (12.4) -9.2 (20.1) 11.2 (6.1) 18.3 (12.0) 52.0 0.15 

ORBA1 -4.0 (12.7) -9.7 (20.3) 10.9 (7.3) 17.9 (13.4) 52.0 0.13 

ORBA2 -2.9 (12.5) -8.0 (20.0) 11.1 (6.2) 17.9 (11.5) 52.0 0.26 

FMA1 -4.8 (12.8) -11.1 (20.9) 11.5 (7.1) 19.0(13.7) 52.0 0.07 

FMA2 -3.7 (12.8) -9.3 (20.6) 11.3 (6.6) 18.5 (12.5) 52.0 0.17 

ORBA3 -3.6 (12.8) -9.3 (20.6) 11.3 (6.6) 18.5 (12.5) 52.0 0.17 

HORB -4.0 (12.8) -9.8 (20.7) 11.4 (6.7) 18.7 (12.9) 52.0 0.13 

BFM -4.2 (12.5) -10.1 (20.4) 11.2 (6.7) 18.3 (13.1) 48.0 0.1 

Table 4.18. Summary of difference between known and estimated mass using 
LSR postcranial equations. Female test sample (n=25), ordered by 
percentage of individuals estimated within 20% of known mass 

 Directional Difference Absolute Difference   

Postcranial Raw diff (kg) 
Mean (SD) 

PE  
Mean (SD) 

Raw diff (kg) 
Mean (SD) 

|PE| 
Mean (SD) 20% (%) Wilcoxon  

T-value 

CA35 -3.6 (10.1) -7.5 (16.4) 8.6 (6.2) 13.8 (11.3) 80.0 0.09 

CA65 -3.6 (10.9 -7.3 (16.8) 10.0 (5.3) 15.4 (9.4) 76.0 0.11 

MLSB50 -3.0 (11.0) -6.3 (17.2) 8.9 (6.9) 13.8 (11.7) 76.0 0.18 

CA50 -2.7 (11.5) -7.0 (18.4) 9.6 (6.7) 15.4 (11.9) 72.0 0.26 

MLSB65 -2.6 (10.3 -6.4 (16.4) 8.5 (6.1) 13.7 (10.8) 72.0 0.21 

CA80 -4.8 (10.0) -9.3 (16.0) 9.7 (5.3) 15.3 (10.0) 72.0 0.02 

MLSB35 -2.3 (11.2) -5.8 (17.8) 9.4 (6.3) 14.8 (11.2) 72.0 0.31 

FHB -3.2 (12.3) -7.2 (19.7) 9.2 (8.6) 14.7 (14.8) 72.0 0.2 

CA20 -3.0 (12.2) -7.3(18.9) 10.1 (7.2) 15.9 (12.1) 68.0 0.24 
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 Directional Difference Absolute Difference   

Postcranial Raw diff (kg) 
Mean (SD) 

PE  
Mean (SD) 

Raw diff (kg) 
Mean (SD) 

|PE| 
Mean (SD) 20% (%) Wilcoxon  

T-value 

MLSB80 -5.4 (12.7) -11.9 (21.0) 11.5 (7.5) 19.0 (14.6) 64.0 0.04 

BIB -3.4 (12.6) -8.5 (19.7) 10.8 (7.0) 17.3 (12.3) 64.0 0.19 

MLSB20 -4.5 (12.8) -10.6 (21.2) 11.4 (7.0) 18.9 (13.9) 64.0 0.09 

FLM -4.4 (14.2) -10.2 (23.7) 11.5 (9.2) 18.8 (17.3) 60.0 0.13 

MLCB65 -3.3 (13.0) -8.7 (20.8) 11.3 (6.9) 18.3 (12.6) 56.0 0.22 

MLCB50 -3.1 (14.0) -8.5 (22.1) 12.0 (7.5) 19.2 (13.4) 56.0 0.28 

FNB -2.4 (13.6) -7.3 (21.5) 11.3 (7.6( 18.1 (13.2) 52.0 0.38 

MLCB80 -3.8 (13.5) -9.7 (21.2) 11.9 (7.0) 19.3 (12.6) 52.0 0.17 

MLCB35 -7.0 (13.3) -14.1 (22.5) 12.2 (8.5) 20.5 (16.6) 52.0 0.01 

MLCB20 -141.6 (19.5) -221.9 (54.5) 141.6 (19.5) 221.9 (54.5) 0.0 0 

I80 -130.1 (19.2) -203.0 (46.6) 130.1 (19.2) 203.0 (46.6) 0.0 0 

I65 -194.0 (32.8) -301.3 (67.3) 194.0 (32.8) 301.3 (67.3) 0.0 0 

I50 -89.3 (14.4) -143.3 (47.0) 89.3 (14.4) 143.3 (47.0) 0.0 0 

I35 -140.4 (22.5) -219.8 (55.6) 140.4 (22.5) 219.8 (55.6) 0.0 0 

I20 -104. 1 (20.5) -164.4 (50.1) 104.1 (20.5) 164.4 (50.1) 0.0 0 

Male test sample: The best cranial predictor of body mass in males was 

biporionic breadth (BPOR) (Tables 4.19 and 4.20). This variable returned a |PE| of 

15.9% and estimated 76% of the sample within +/-20% of known mass. The least 

accurate predictors were orbital height (HORB), foramen magnum breadth (BFM), orbital 

area as an ellipse (ORBA2) and orbital area as b x h (ORBA1). These variables resulted 

in |PE|s between 17.6-19.2% and estimated 60% of the sample within +/-20% of known 

mass. 

With regard to the postcranial variables, the male sample was estimated best 

using mediolateral shaft breadth at 65% of femur length (MLSB65). The LSR equation 

for this measurement resulted in a |PE| of 17.6% and estimated 65% of the sample 

within +/-20% of known mass. As in the other two test samples, the indices of second 

moment of area performed particularly poorly – with four of the five returning |PE|s in 

excess of 66% and estimating only 4% of the sample within +/-20% of known mass. 
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Table 4.19. Summary of difference between known and estimated mass using 
LSR cranial equations. Male test sample (n=25), ordered by 
percentage of individuals estimated within 20% of known mass 

 Directional Difference Absolute Difference   

Cranial Raw diff (kg) 
Mean (SD) 

PE  
Mean (SD) 

Raw diff (kg) 
Mean (SD) 

|PE| 
Mean (SD) 20% (%) Wilcoxon  

T-value 

BPOR 3.7 (17.9) 0.1 (20.1) 13.4 (12.1) 15.9 (11.8) 76 0.3 

BIOR 2.1 (19.5) -2.5 (23.0) 14.5 (12.9) 17.7 (14.4) 72 0.6 

FMA3 0.6 (20.4) -4.6 (23.7) 15.1 (13.3) 18.8 (14.7) 65.2 0.9 

BORB 0.8 (20.3) -4.2 (22.4) 14.6 (13.8) 17.8 (13.7) 65.2 0.9 

LFM 0.1 (19.8) -4.9 (22.7) 14.8 (12.7) 18.3 (13.8) 64 1.0 

ORBA1 0.2 (19.8) -4.8 (22.7) 14.8 (12.7) 18.3 (13.8) 64 1.0 

ORBA2 1.2 (20.5) -3.7 (23.2) 15.4 (13.3) 18.7 (13.7) 64 0.8 

FMA1 2.1 (19.6) -2.5 (22.9) 14.9 (12.6) 18.2 (13.6) 64 0.6 

FMA2 -0.2 (20.0) -5.5 (24.0) 15.3 (12.4) 19.2 (14.9) 60 1.0 

ORBA3 1.5 (19.3) -3.1 (22.2) 14.4 (12.6) 17.6 (13.5) 60 0.7 

HORB 2.6 (19.9) -1.9 (23.1) 15.2 (12.8) 18.5 (13.5) 60 0.5 

BFM 2.7 (19.9) -1.8 (23.1) 15.2 (12.8) 18.5 (13.5) 60 0.5 

Table 4.20. Summary of difference between known and estimated mass using 
LSR postcranial equations. Male test sample (n=25), ordered by 
percentage of individuals estimated within 20% of known mass 

 Directional Difference Absolute Difference   

Postcranial Raw diff (kg) 
Mean (SD) 

PE  
Mean (SD) 

Raw diff (kg) 
Mean (SD) 

|PE| 
Mean (SD) 20% (%) Wilcoxon 

T-value 

CA35 9.0 (19.6) 6.6 (20.3) 15.8 (14.4) 17.6 (11.7) 65 0.0 

CA65 1.7 (20.5) -3.2 (24.5) 15.7 (12.9) 19.4 (14.9) 64 0.7 

MLSB50 7.8 (21.1) 4.4 (23.7) 16.9 (14.6) 19.6 (13.5) 64 0.1 

CA50 9.2 (19.9) 6.6 (21.2) 16.4 (14.4) 18.4 (11.9) 64 0.0 

MLSB65 0.2 (19.6) -4.9 (23.5) 15.3 (11.9) 19.1 (14.1) 60 1.0 

CA80 5.2 (19.9) 1.5 (23.0) 15.5 (13.1) 18.4 (13.3) 60 0.2 

MLSB35 7.9 (20.2) 4.8 (22.2) 16.2 (14.2) 18.6 (12.5) 60 0.1 

FHB 1.9 (19.7) -2.7 (23.0) 14.9 (12.6) 18.3 (13.7) 56 0.6 

CA20 2.4 (19.9) -2.2 (23.3) 15.1 (12.8) 18.4 (13.9) 56 0.6 



 

104 

 Directional Difference Absolute Difference   

Postcranial Raw diff (kg) 
Mean (SD) 

PE  
Mean (SD) 

Raw diff (kg) 
Mean (SD) 

|PE| 
Mean (SD) 20% (%) Wilcoxon 

T-value 

MLSB80 6.0 (21.1) 2.0 (24.3) 16.7 (13.8) 19.7 (13.7) 56 0.2 

BIB 10.0 (21.2) 7.3 (23.0) 17.5 (15.4) 19.7 (13.3) 56 0.0 

MLSB20 10.2 (19.6) 8.1 (20.1) 16.1 (14.9) 17.7 (12.1) 56 0.0 

FLM 11.3 (19.9) 9.4 (20.5) 16.6 (15.6) 18.2 (12.9) 56 0.0 

MLCB65 12.4 (19.9) 11.0 (20.2) 17.2 (15.8) 18.8 (12.9) 56 0.0 

MLCB50 0.4 (19.2) -4.4 (22.8) 15.0 (11.7) 18.6 (13.4) 52 0.9 

FNB 7.8 (20.3) 4.70 (22.3) 16.4 (14.0) 18.8 (12.3) 52 0.1 

MLCB80 9.8(22.0) 6.8 (23.2) 18.0 (15.8) 20.2 (12.7) 52 0.0 

MLCB35 16.3 (21.6) 15.1 (21.5) 20.8 (17.1) 22.8 (12.6) 48 0.0 

MLCB20 12.5 (22.3) 10.1 (23.3) 19.2 (16.6) 21.5 (13.1) 40 0.0 

I80 -33.9 (22.3) -48.7 (37.1) 36.3 (17.9) 50.3 (34.7) 16 0.0 

I65 -47.9 (21.0) -66.0 (38.6) 49.3 (17.6) 66.9 (36.9) 4 0.0 

I50 -59.8 (21.0) -80.3 (39.3) 60.4 (19.4) 80.7 (38.5) 4 0.0 

I35 -80.4 (23.0) -106.6 (46.9) 80.4 (23.0) 106.6 (46.9) 4 0.0 

I20 -52.0 (23.2) -71.7 (42.8) 53.2 (20.1) 72.5 (41.3) 4 0.0 

4.4. Discussion 

The goal of the study reported here was to improve the estimation of body mass 

from skeletal remains by deriving new regression equations based on more robust data 

than had been available to previous studies. To achieve this, we used a large calibration 

sample consisting of both males and females; employed skeletal elements that were 

complete and undistorted; and derived regression equations from directly measured 

skeletal variables matched to individual, associated body masses. The resulting 

equations were then evaluated against a known-mass test sample, using acceptance 

criteria derived from the literature. 

The results show that six of the 12 cranial equations can be considered valid in 

the combined-sex sample. Fourteen of the 24 postcranial equations met the criteria for 

acceptance in this group. In the female-only sample, all but two cranial equation 
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(ORBA3) and 14 of 24 postcranial equations were valid. In the male-only sample, all but 

one cranial equation met the criteria, while 11 of the postcranial equations were 

acceptable predictors. Thus, the majority of the equations can be considered reliable 

estimators of mass, according to the assessment criteria. 

Table 4.21 summarizes a comparison between the results of our equations and 

those of previous studies as tested against our combined-sex test sample (n=50). The 

test employed the three “best” cranial predictors from Aiello and Wood (1994) (orbital 

area, orbital height and biporionic breadth) and the femoral head breadth equations 

provided by Ruff et al. (1991), McHenry (1992), Grine et al. (1995), and Ruff et al. 

(2012). Aiello and Wood’s (1994) equations were used rather than those of Kappelman 

(1996) and Spocter and Manger (2007) because they produced lower levels of error in a 

previous assessment (Elliott et al., 2014). The four combined-sex FHB equations were 

included because they are all regularly applied (e.g. Trinkaus et al., 2014). We used only 

the combined-sex sample to ensure a large sample size and because sex is often 

difficult to attribute in fragmentary skeletal remains. 

Table 4.21. Comparison of the present results with those of previously 
published regression equations (combined-sex test sample, n=50) 

 estimate (kg)  
mean (SD) 

raw diff (kg)  
mean (SD) |PE| (SD) 20% 

Known Mass 74.6  -- -- 

ORBA1 (Aiello and Wood 1994) 53.5 (10.6) 21.1 (19.2) 28.7 (15.0) 28 

ORBA1 (present study) 75.5 (3.2) 0.9 (18.0) 19.2 (15.0) 58 

HORB (Aiello and Wood 1994) 47.1 (11.6) 27.5 (20.9) 35.7 (17.7) 26 

HORB present study 75.7 (1.1) -1.1 (18.4) 19.9 (15.3) 56 

BPOR (Aiello and Wood 1994) 69.7 (13.0) 4.9 (15.7) 15.6 (12.4) 70 

BPOR present study 75.1 (5.6) -0.5 (16.2) 17.1 (13.5) 64 

     

FHB-1 (Ruff et al. 1991) 78.1 (8.3) -3.5 (15.6) 18.5 (12.7) 62 

FHB-2 (McHenry, 1992) 66.7 (8.7) 7.9 (15.6) 14.9 (11.4) 68 

FHB-3 (Grine et al. 1995) 71.5 (8.8) 3.1 (15.6) 15.4 (10.5) 68 

FHB-4 (Ruff et al. 2012) 67.8 (8.9) 6.8 (15.6) 14.8 (11.2) 68 

FHB (Present study) 73.3 (7.9) 1.3 (15.7) 16.2 (10.7) 70 
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Our regression equations for orbital area (ORBA) and orbital height (HORB) 

resulted in lower rates of error and placed more individuals within +/-20% of their known 

mass than Aiello and Wood’s (1994) equations. In contrast, our equation for biporionic 

breadth (BPOR) had a higher percent error and estimated fewer individuals within +/-

20% of known mass than Aiello and Wood’s (1994) equation (64% compared to 70%). 

Among the FHB equations, our regression equation estimated more individuals within +/-

20% of known mass than any of the published equations, including the newest one, 

which is designed for broad application to Holocene populations (Ruff et al., 2012). 

Thus, our equations generally outperformed the “best” equations in the literature. 

Given that the majority of the equations we generated met the criteria for 

accuracy and generally outperformed the best equations in the literature, the study 

achieved its goal of improving the estimation of body mass from skeletal remains. 

However, there are reasons to temper this conclusion. 

One important issue is that the equations were generated and tested under ideal 

conditions: both the calibration and test samples comprised individuals of known body 

mass and sex, and the test sample was drawn from the same population as the 

calibration sample. Thus, the results represent a “best-case-scenario” and must be 

considered to be the upper limit of accuracy for estimating body mass from skeletal 

remains. Despite this, failure rates were surprisingly high and the body masses of many 

specimens were not estimated within 20% of their actual body masses. To reiterate, in 

the combined-sex sample, six of the 12 cranial variables failed to meet the |PE| criterion 

and none estimated more than 64% of the sample within 20% of their known mass. Ten 

of the 24 postcranial variables failed to meet the |PE| criterion and only four variables 

(CA35, CA65, MLSB50 and CA50) estimated 80% or more individuals within 20% of 

their known mass. This suggests that the utility of the standard, regression-based 

approach to estimating body mass from skeletal remains is much more limited than the 

field has appreciated. Even under ideal conditions, body mass estimates are not likely to 

be very accurate, and any deviation in terms of incomplete or distorted elements, sex 

uncertainty or proportional differences between the reference and target groups, will 

almost certainly result in greater error. As a result, estimating body mass using any 

regression equation must be undertaken very cautiously and the resulting masses 

considered ball-park figures at best. 
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Our results also challenge current assumptions regarding the way different 

variables perform. In relation to cranial variables, orbital height (HORB) has been argued 

to be the best single predictor of body mass in hominoids, including humans (Aiello and 

Wood, 1994; Churchill et al., 2012). However, in the present study, HORB was not one 

of the top four estimators in any of the test samples, In fact, in the combined-sex sample, 

it was one of the least accurate. Orbital area (ORBA) also failed to estimate mass as 

reliably as previous studies have suggested (Aiello and Wood, 1994; Kappelman, 1996; 

Spocter and Manger, 2007). Aiello and Wood (1994) also identified biporionic breadth 

(BPOR) as a reliable predictor. In the present study, this variable achieved lower rates of 

error than other cranial variables, but still failed to estimate more than 64% of the 

combined-sex sample within +/-20% of known mass. As a result, these variables should 

not necessarily be considered the most appropriate for estimating mass. 

Several expectations regarding postcranial variables were also not met. For 

example, femoral head breadth was not among the top five postcranial predictors for any 

of the samples and none of the FHB equations estimated more than 70% of any of the 

three test samples within +/-20% of known mass. This was surprising since femoral head 

breadth is the most widely-used skeletal variable for estimating body mass (Ruff et al., 

1991; McHenry, 1992; Grine et al., 1996; Ruff, 2010; Ruff et al., 2012), in part because 

proximal femora are more common in the fossil record and the relevant measurements 

are easy to take (Ruff et al., 1997). Femoral head breadth has also been argued to be 

more appropriate for body mass estimation than other areas of the femur because it is 

less responsive to external influences like environmental stresses and activity (Ruff et 

al., 1997). Habitual activity in particular, is thought to influence femoral cross-sectional 

dimensions strongly (Ruff and Hayes, 1983; Ruff et al., 1984; Trinkaus et al., 1991; 

Trinkaus and Ruff, 1999). Despite this, several shaft dimensions produced lower rates of 

error than femoral head breadth in the present study. Consequently, these results 

suggest that FHB may not be as reliable an estimator of mass as it is usually assumed 

to be. 

Although the extent to which diaphyseal dimensions are influenced by activity, 

environment, body mass or some combination of these factors continues to be poorly 

understood (Pearson and Lieberman, 2004; Pearson et al., 2008), our results suggest 

that shaft measurements should be investigated more thoroughly for their ability to 
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estimate individual mass reliably. As noted, mid-shaft dimensions, particularly cortical 

area indices and medio-lateral shaft breadths, consistently performed better than FHB. 

While obtaining cortical dimensions was a difficult task in the past as it required the use 

of two-dimensional radiography or physical sectioning of the bone (e.g. Ruff and Hayes, 

1983), technologies like CT and MRI are becoming more accessible for anthropological 

research and offer the potential for accurate and non-destructive ways of accessing 

these data (Thali et al., 2003). Consequently, further research in this area should be 

pursued. 

More surprising still, the results did not consistently support expectations 

regarding the relative reliability of cranial versus postcranial variables. Although 

functional relationships are not a prerequisite for good predictability (Smith, 2002), most 

researchers argue that postcranial features will estimate mass better than cranial 

features because they bear the body’s weight (e.g. Jungers, 1990; Ruff et al., 1991). Our 

results suggest that this assumption needs to be examined more closely. Overall, the 

equations derived from the postcranial variables estimated mass more accurately than 

the cranial variables in the female and combined-sex samples (Table 4.22). In males, 

however, the postcranial variables were generally less accurate than the cranial 

variables. This suggests that the relationship between lower limb morphology and mass 

may be different in males than in females. While this may be due to variations in activity 

or muscle mass, as noted earlier, the relationship between skeletal morphology, activity 

and muscling continues to be a complex problem (Stirland, 1998; Weiss et al 2010; 

Takigawa, 2014). Although accurate data regarding activity patterns and muscle mass 

are difficult to obtain outside specialized research settings (Kim et al., 2002), the results 

obtained here argue strongly in favour of further research in this area. 

Table 4.22. Comparison of the 20% criterion results for cranial and postcranial 
variables 

 Females Males Combined-sex 

 Mean (SD) Range Mean (SD) Range Mean (SD) Range 

Cranial variables (n=12) 52.7 (2.3) 48-56 64.5 (5.0) 60-76 58.5 (2.7) 56-64 

PC variables (n=19) 62.1 (17.5) 52-80 56.5 (6.2) 40-65 67.3 (10.2) 54-82 

All variables 58.5 (14.4) 48-80 59.6 (6.9) 40-76 63.9 (9.2) 54-82 
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Lastly, our results suggest that the way in which equations are assessed for 

reliability may be problematic. When deriving predictive equations, most studies refer to 

correlation coefficients for determining which variables will be the most appropriate 

(Steudel, 1980; Ruff et al., 1991; Delson et al., 2000; Spocter and Manger, 2007, 

Niskanen and Junno 2009). The assumption here is that the higher the correlation 

coefficient, the better the variable relates to body mass and the better the resulting 

predictive equation will be. However, Smith (1984:155) has argued that “a high 

correlation coefficient does not ensure that the corresponding regression will have good 

predictability”. This is particularly true when sample sizes are small (Steudel, 1985) and 

may explain the poor accuracy of the equations generated in previous studies. For 

example, using an interspecific sample of just five specimens, all but one of Spocter and 

Manger’s (2007) 15 cranial variables were associated with correlation coefficients (r) 

greater than 0.97. With a sample size of 12, all 15 cranial variables used in Aiello and 

Wood’s (1994) hominoid regressions had r’s greater than 0.73. On this basis one would 

be led to believe that cranial variables should be good predictors of mass. However, this 

was not borne out by the present study or other tests (Elliott et al., 2014). 

By the same token, lower correlations did not necessarily indicate poorer 

predictability either. For example, in the combined-sex sample, the correlation coefficient 

between femoral neck breadth and mass was 0.43 (p<0.01) and 56% of the sample was 

estimated within +/-20% of known mass. In contrast, femoral head breadth (FHB) had a 

lower correlation (r=0.40, p<0.01) but estimated more of the sample (70%) within +/-20% 

of known mass. Interestingly, these correlations are similar to those in Ruff et al. (1991), 

where femoral neck breadth and femoral head breadth correlated with current weight in 

the combined-sex sample at r=0.53 and r=0.49 respectively. Although interspecific 

correlation coefficients are always expected to be higher than intraspecific ones (Smith, 

2002), the lower correlation coefficient would argue against femoral head breadth as the 

more appropriate estimator of mass. Regardless, it is clear that correlation coefficients 

may not be a reliable means of assessing the predictive competence of an equation. 

While this point has been made before (Smith, 1984; 1985) it appears to have had little 

impact on practice (e.g. de Groot and Humphrey, 2011; Eller et al., 2014; Jung et al. 

2014). 
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As an alternative to correlation coefficients, authors like Smith (2002) have 

argued in favour of assessing predictive performance based on the smallest standard 

error of the estimate (SEE). Indeed, SEEs of 0.11 and 0.09 were the basis for the 

suggestion that orbital height (HORB) and orbital area (ORBA) were the most reliable 

predictors of hominoid mass respectively (Aiello and Wood, 1994). However, SEEs are 

heavily influenced by sample size, with the distribution of SEE values narrowing as n 

increases (Hennig and Cooper, 2011). Under such conditions, lower SEEs may not 

result in better predictability. In Aiello and Wood’s (1994) case, ORBA had a lower SEE, 

but estimated fewer individuals within +/-20% of ‘known’ mass than HORB (50% vs 

63%). With our larger sample of known-mass individuals, the SEEs range was narrower 

(0.09-0.11 in the combined-sex sample), but the number of individuals estimated within 

+/-20% of known mass was considerably higher (54-82%). Consequently, it appears that 

SEEs may not be a sufficient means of assessing predictive competence either. 

To explore these issues further, we examined the relationship between SEEs, 

correlation coefficients, absolute prediction errors and the percentage of individuals who 

are estimated within +/-20% of their known mass. Table 4.23 shows that although there 

is a reasonably good (inverse) relationship between SEEs and the correlation 

coefficients for a given variable, neither statistic is a good indicator of estimation 

competence as evaluated by the percentage difference from known mass and the “+/-

20% criterion”. Thus, in the absence of a known mass sample, neither the correlation 

coefficient of the variable, nor the SEE of the regression equation are adequate to 

determine the accuracy of the resulting estimate. Consequently, in order to ensure a 

regression equation is reliable, one must start with accurately measured variables 

combined with associated individual body masses. The resulting equation should be 

tested on a known, independent sample, ideally drawn from the same population as the 

reference group (Giancristofaro and Salmaso, 2007). Subsequent validation on known-

mass samples from other populations would then provide additional confidence and 

broader applicability. But without these steps, equations cannot be adequately assessed 

for their ability to estimate mass in unknown specimens. Even under these conditions, 

only broad estimate ranges can be expected and any inferences drawn from them must 

be made with caution. 
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Table 4.23. Comparison of correlation with SEE, combined-sex calibration 
sample (n=203) 

 r2 |PE| 20% criterion 

Cranial variables -0.729 0.710 -0.054 

PC variables -0.999 -0.001 -0.053 

All variables -0.993 -0.182 0.022 

4.5. Conclusion 

The results of this study support Smith’s (2002:271) contention that body mass 

estimation is not the “simple matter” some researchers have perceived to be. The 

majority of the cranial and postcranial variables tested met the criteria for acceptance as 

estimators of mass. In addition, most of the equations returned lower rates of error than 

previously published equations for the same variables. However, the acceptance criteria 

used in the present study were lenient and the improvements over earlier studies were 

modest. Given the vagaries of taphonomy, uncertainties of sex attribution in fragmentary 

skeletal remains and the difficulty (or worse, impossibility) of ensuring a reference 

sample is appropriate for the target specimen, these results suggests that body mass 

estimation is fraught with more uncertainty than most applications acknowledge. In 

addition, the attempt to derive more accurate regression equations for estimating body 

mass revealed other problems. Specifically, the variables currently favoured for body 

mass estimation may not be the most reliable. In addition, variables with a functional 

association to mass (e.g. femoral head breadth) were not consistently better predictors 

than those without (e.g. orbital height) and the criteria currently employed to evaluate 

predictive competence did not assure accuracy. While some of the variables tested here 

show promise as predictors of mass, further research using large documented samples 

needs to be undertaken to address the issues that have been identified. 
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Chapter 5.  
 
General Discussion 

The results of these three studies are not encouraging for the estimation of body 

mass from skeletal remains as it is currently undertaken in biological anthropology. 

However, several limitations of the present research must be considered before the 

described results are accepted. The first relates to the nature of the reference sample 

used. During the peer-review process for the first paper, our use of individual modern 

humans to test regression equations derived from inter-specific mean data was criticized 

(Ruff, pers. comm.). Because the relationship between body mass and a skeletal 

variable inevitably differs between-species as compared to within-species, inter-specific 

regressions are assumed to be applicable only to estimating the average mass of a 

fossil species (Gingerich, 1977). However, this is not how the equations are used in 

practice and our decision was justified for all three studies for several reasons. 

First, an exclusively modern human sample was selected because it was large, 

fully documented with associated skeletal measurements and body masses, and 

independent of all the samples previously used to generate the regression equations. As 

a result, it was an excellent choice for testing the postcranial equations, which were also 

based on human samples, as well as for the third study, which derived new regressions 

using a more robust sample than had been employed before. It was also appropriate for 

the first study because the goal was to assess published cranial equations using a 

known-mass sample, something that had not been done before. Since modern humans 

comprised two out of the 12 hominoid groups in Aiello and Wood (1994), two of 18 

groups in Kappelman (1996) and one fifth of the groups in Spocter and Manger (2007), 

the analyses did not extrapolate beyond the reference range (Auerbach and Ruff, 2004) 

or violate the statistical requirement for the test specimens to be members of one of the 

same populations used to derive the regressions (Smith, 2002; Wood, 2011). While it 

would have been informative to include non-human primates in the analyses, as noted 
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previously, such samples are rare, and those that do exist are likely to have been 

included in the material used to generate the regression equations in the first place. 

Also, there are currently no equivalent CT datasets for non-human primates that include 

individual associated body masses. 

Importantly, the decision to use individual data rather than sample means 

provided more fine-grained analyses than would have been achieved otherwise. For the 

second and third studies, this was critical because the equations have been argued to 

be appropriate for estimating individual mass (Ruff et al., 1991) and are routinely used to 

do so (Ruff, 2010; Trinkaus et al., 2014). For the first study, individual data were used in 

order to explicitly test current anthropological practice. As described earlier, the three 

sets of cranial equations employed species or sex specific mean values for a variety of 

extant primates. As such, the assumption is that the resulting body mass represents an 

average species mass only, and is not used to evaluate differences between individual 

fossil specimens. However, this is not the case. Specifically, all the original cranial 

studies (Aiello and Wood, 1994; Kappelman, 1996; Spocter and Manger, 2007) as well 

as others (e.g. Kordos and Begun, 2001; Rightmire, 2004), have estimated masses for 

multiple individuals within a species from the mean interspecific regressions. 

Furthermore, the resulting masses were not necessarily combined into a single average 

for the taxon or interpreted that way. Consequently, the present research tested the 

equations as they would be applied to single fossil specimens, thus replicating the way 

in which cranial measurements are actually used to estimate body mass in biological 

anthropology. The decision was also supported by supplementary analyses carried out 

on mean data for multiple sub-sets of the sample, as described in the first paper. 

Another potentially confounding factor in the present research relates to the body 

condition of the sample individuals. On the grounds that extreme outliers may negatively 

bias the predictions, many studies that employ modern human samples exclude 

emaciated and obese individuals from their analyses (Holloway, 1980; Sciulli and Blatt, 

2008; Daneshvari, 2011). Obese individuals, in particular, are removed on the grounds 

that obesity is a relatively modern phenomenon and past groups are unlikely to have 

carried excess weight. In fact, this was the logic behind the recommendation to use a 

downward correction factor of approximately 10% when estimating the mass of earlier 

human samples and fossil hominins with regressions derived from modern groups (Ruff 
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et al., 1991; Ruff, 2010). Despite this, I chose not to exclude individuals whose body 

masses fell above or below the World Health Organization definition (WHO, 2000) of 

“normal” (BMI 18.5-25) for several reasons. First, including the full range of BMIs 

provided the opportunity to explicitly test the effect of body condition on estimate 

accuracy. To do this, analyses were carried out on BMI restricted samples for both the 

cranial and postcranial equations. The results for the cranial equations are provided in 

Appendix Tables 6-9. Appendix table A16 provides the summary data for the postcranial 

variables in the BMI-restricted sample, while table A17 summarizes the postcranial 

results. In both cases, estimation accuracy improved for some equations, but not for all 

and not consistently. Since there is still some question as to whether or not past groups 

were more heavily muscled than current populations (Pearson et al., 2008) and muscle 

weighs approximately 13% heavier than fat (Snyder et al., 1975; Janssen et al., 2000; 

Kuczmarski and Flegal, 2000), the exclusion of obese individuals in reference samples 

(and the 10% downward correction) may be unwarranted. Lastly, if one of the potential 

uses of body mass estimation is to discriminate one individual from a list of candidates, 

as in a forensic context (Stubblefield, 2003; Moore and Schaefer, 2011; Lorkiewicz-

Muszyńska et al., 2013), then the ability to identify extremes of body mass may actually 

be more informative. This issue requires further investigation. 

The broad age range of the sample (18-90 yrs) was also a potentially 

confounding factor in the current research. Body mass has been argued to increase with 

age, particularly in females and after the fifth decade, as a result of increased fat 

accumulation (Holloway, 1980; Ruff et al., 1991, 2005). In addition, past populations are 

less likely to have lived into very old age (Robson and Wood, 2008), making the 

inclusion of older individuals in reference samples potentially unnecessary. However, 

body mass may also decrease with advanced aged (>60) due to inactivity, cachexia and 

sarcopenia (Seidell et al., 2000; Perissinotto et al., 2002). Age is also extremely difficult 

to assess once adulthood is reached, particularly in populations whose growth and 

senescent trajectories may not be the same as modern humans (Dean et al., 2014). 

Stature also decreases with age, as a result of disc compression, fractures, and postural 

changes (Cline et al., 1989). This factor may be particularly relevant for the 

morphometric postcranial equations and for females, as the effect may be exaggerated 

due to their higher susceptibility to osteoporosis (Pothiwala et al., 2006). Accordingly, the 

extent to which body mass predictions could vary with age is not clear. 
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To explore the effect of age on estimation accuracy in the present research, I 

conducted two additional sets of analyses. First, correlation coefficients for the absolute 

PPEs for the published regression equations were plotted against age (Appendix Tables 

18 and 19). Aiello and Wood’s (1994) LSR equations were used for the cranial analyses, 

while both the mechanical and morphometric equations were used for the postcranial 

analyses. Absolute differences were used in order to assess the magnitude of the 

relationship, rather than the direction. For most of the cranial equations, correlations are 

slightly positive, indicating that prediction errors get somewhat larger with age. For the 

postcranial equations, a similar pattern exists for females and the combined-sex 

samples, but not consistently for males. These results suggest that age-related body 

mass differences between females and males may be an important consideration. 

However, the effect is small and further research is needed before age adjustments 

could be recommended. A similar test with stature found an increase in prediction error 

(overestimation) with age (Ruff et al., 2012) and a more exaggerated response in 

females. However, as in the current study, the effect was small in both sexes and Ruff et 

al. (2012) concluded that an age adjustment was unnecessary. 

A second set of analyses used the new regression equations and the same test 

sample as in paper 3, but restricted the test sample to individuals between 18 and 60 

years (n=46). For most of the cranial and postcranial variables, absolute percent 

prediction errors did not change significantly when ‘elderly’ (>60 yrs) individuals were 

removed (Appendix Tables 20 and 21). Several variables (femoral head breadth, I80, 

I65, I50) showed a small drop in |PPE|, but others (FNB, CA35), showed a slight 

increase when age was restricted. The reasons for these results are unclear, but may be 

worth investigating. 

In sum, although there are several factors that may lead to greater degrees of 

inaccuracy when regression equations for estimating body mass are applied to fossil, 

archaeological or modern groups, the present research attempted to mitigate these 

issues as much as possible. In addition, the methods and evaluation criteria were 

deliberately lenient, allowing for the greatest opportunity for success given the 

application of the various equations. This is a critical point: since this research 

represents the best case scenario for estimating body mass in biological anthropology, 
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any deviation from the conditions adhered to here will almost certainly result in greater 

error. 

The potential impact of the current research on biological anthropology has been 

outlined in the individual studies. However, there are two broader implications that 

should be stressed. First, it is clear that existing equations for estimating mass must be 

treated more cautiously than they have been to date. Despite using test individuals from 

the same population as the reference sample, error rates in the three studies reported 

here were surprisingly high. As a result, previously published equations derived from 

less robust samples are likely to produce even higher rates of error because they were 

derived from smaller samples, used unassociated material and did not necessarily 

employ known body masses. Consequently, these equations should be used carefully, 

regardless of the target specimens. 

It is also clear that the body masses of fossil hominins and other specimens that 

have been estimated using these equations need to be reviewed. For example, the 

Tyrolean “ice-man” whose body was discovered in the Swiss Alps in 1991 (Seidler et al., 

1992) has a femoral head diameter of 44.3 mm (Ruff et al., 2006). Using an average of 

the three published equations (Ruff et al., 1991; McHenry, 1992; Grine et al., 1995), as 

recommended by Auerbach and Ruff (2004), this individual was estimated at 61 kg (Ruff 

et al., 2006). However, using the regression equation for FHB derived from our modern 

Swiss sample, “Oetzi’s” body mass would be 65.1 kg. While this is still well within the 

normal human range, a difference of almost 7% could have a significant impact on 

interpretations of this individual’s robusticity and activity patterns (Ruff et al., 2006). A 

more extreme example is evident when considering OH5, a large male attributed to 

Paranthropus boisei (Leakey, 1959). Using Aiello and Wood’s (1994) equations for 

orbital height and orbital area, this individual would be estimated at 40.0 or 67.0 kg 

respectively. However, on the basis of the only equation that satisfied both of the criteria 

for reliability in our first study (biporionic breadth), this same specimen would be 

estimated at 122.2 kg. Clearly, if the latter is more accurate, the current interpretations of 

this species biology and behaviour require revision. 

The results obtained in the three studies reported here raise the question of how 

best to proceed in future. As a preliminary step, it is imperative that the most robust and 
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comprehensive samples be used when testing existing methods or attempting to 

develop new ones. Without employing reference material comprised of known values, it 

is impossible to define the true nature of the relationship between a skeletal feature and 

body mass. Consequently, any subsequent prediction made on the basis of that 

relationship will necessarily be even more imprecise. In addition, if the relationship is not 

verified in an extant group, it is not possible to determine if, or to what extent, the 

relationship holds in past species (Smith, 1996). 

To this end, biological anthropologists with appropriately robust samples should 

be encouraged to share their datasets, and be as detailed and explicit about their 

collection methods and procedures as possible. There are a number of promising 

examples in this regard, some of which encourage contributions on an ongoing basis 

(e.g. Jantz and Ousley, 2005). To this end, the data for the present study will be made 

available upon request. However, a better approach would be to develop a single large, 

repository of material that could be available for diverse avenues of research. While 

there are significant practical, financial and legal challenges to such a task, this should 

not stop researchers from pursuing this goal. 

The acquisition of similar datasets for non-human primates must also be 

pursued. Well-documented non-human primate collections have always been rare 

(Kappelman, 1996), but ethical and conservation issues have exacerbated the problem 

by preventing the replacement of existing material or the development of new collections 

(Holloway, 1980). However, zoo, research and wildlife facilities continue to house 

numerous primate species and many maintain detailed records of the individuals under 

their care (AZA, 2014). While there are national and international laws regulating the 

distribution of animals or their parts after death for ethical and public health reasons 

(IUCN, 2014), CT technology offers the ability to obtain the necessary skeletal and 

biological information without compromising the integrity of the remains. Since the 

resulting data would then be permanently accessible to researchers in multiple 

disciplines, even remotely, zoo and wildlife facilities might be encouraged to enter into 

such collaborations in order to maximize resources and raise their own profiles. These 

relationships should be sought out and supported. 
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The incorporation of new technology should also be strongly encouraged. The 

use of CT has a long history in anthropology (Jungers and Minns, 1979), but the 

possibilities for research truly exploded with the development of three dimensional 

visualization tools and reconstruction software (e.g. De Greef and Willems, 2005; 

Balzeau et al., 2010). As powerful as CT is, it is not the only technology with potential 

benefits for those interested in estimating body mass from skeletal remains. Magnetic 

Resonance Imaging (MRI) and Dual-energy X-ray Absorptiometry (DXA) also hold 

significant potential as research tools. While originally designed for soft-tissue analyses 

(Lauterbur, 1973), MRI is now capable of detailed and accurate skeletal assessments 

(Woodhead et al., 2001; Anastasi et al., 2009; Spahic et al., 2009). In addition, MRI is 

does not require the same level of radiation exposure that CT does. Consequently, 

large-scale in-vivo studies of non-pathological individuals are possible, even in juveniles 

(Vannucci et al., 2011). In addition, whole body MRI scans are now being offered to the 

public for prophylactic purposes (CMI, 2014). While there may be selection biases in 

terms of who has the interest and financial means to undertake such scanning, these 

data offer the unique ability to review anatomical details on large numbers of non-

pathological individuals in more detail than traditional radiographs and with lower risk. 

DXA is also of interest, because it allows for the analysis and quantification of bone 

mineral density, an important measure of biomechanical load in skeletal studies (Lam 

and Pearson, 2005). DXA also has the ability to measure total body composition, 

including lean muscle and fat and is being increasingly used in anthropological 

applications (Whitmarsh et al., 2010; Castillo et al., 2011). Both MRI and DXA hold 

considerable potential for research on body mass estimation from skeletal remains and 

should be taken advantage of whenever possible. 

Future research may also benefit from taking a different approach to the problem. 

In biological anthropology, body mass is rarely the feature of interest per se. Instead, the 

goal is usually to use an estimate to establish some other aspect of an individual or 

species’ biology or behaviour that corresponds to size. As Smith (1996) points out, a 

host of ecological, physiological and behavioural traits have been “determined” this way. 

However, as he also suggests, for biological anthropologists seeking to predict such life 

history characteristics, it may be more fruitful to eliminate the intermediate variable (body 

mass) and go straight to an analysis of the relationship between the skeletal feature and 

the life history trait. Although there is no functional reason for the two to correspond, this 
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is not necessary for good predictability (Smith, 2002) and this approach would eliminate 

the error inherent in making a two-step prediction. It would also encourage more 

circumspection when interpreting the results. While this is certainly an unconventional 

proposal and one that has not been taken up enthusiastically, it may be worth 

considering. 

Different statistical approaches may also be constructive. Alternatives to the 

standard single-variable technique of regression of mass on a skeletal measure have 

been proposed several times (Konigsberg et al., 1998; Hens et al., 2000). Multivariate 

regression analyses have also been employed in the past (e.g. Jungers, 1990) and have 

certainly been encouraged (Smith, 1996, 2002). Despite this, univariate “inverse 

calibration” methods still dominate body mass analyses (Pomeroy and Stock, 2012), 

presumably because most skeletal material still consists of isolated elements. This 

should not however, prevent the exploration of novel multivariate methods as a way to 

ensure more options are available. A number of studies have started pursuing other 

options (Daneshvari, 2011; Moore and Schaefer, 2011; Konigsberg and Frankenberg, 

2013; Uhl et al 2013) with promising results. Ideally, whatever method is employed, it 

should use a robust, documented sample and a combination of cranial and postcranial 

material. Such methods would then be available when associated skeletal material is 

found. 
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Chapter 6.  
 
Conclusions 

This research had two primary goals. The first was to test existing methods for 

estimating body mass from skeletal material. The second was to derive new regression 

equations for improving this task. In both cases, the approach was to use a large 

sample, directly measured variables and individual, associated body masses. As a 

result, I expected the sample to provide the most robust test of existing methods and be 

the best way to capture the true nature of the relationship between skeletal morphology 

and mass accurately. The results were mixed. 

Previously published equations for estimating body mass from cranial variables 

produced high rates of error in a sample of modern humans. Body mass estimates 

varied between studies, as did the predictive competence of the different equations for 

the same variables. In particular, two variables (orbital height and orbital area) that have 

been argued to be good predictors in the past, did not estimate mass reliably in the test 

sample. Thus, the continued use of these cranial equations cannot be recommended. 

Published postcranial equations estimated more of the test sample accurately. 

However, predictive competence was not consistent and variables that were expected to 

estimate mass reliably did not always do so. In addition, several assumptions regarding 

the way the equations are applied in biological anthropology were not supported. 

Specifically, morphometric equations are not more reliable than mechanical equations, 

even though they are based on a larger, more diverse sample of modern humans. The 

more recently published morphometric equations were not more appropriate for high 

latitude groups than earlier equations. However, averaging sex-specific morphometric 

equations when the sex of the specimen is unknown is acceptable. With respect to the 

mechanical method, there is very little advantage to averaging the results of multiple 

equations and sex-specific equations are not consistently more accurate that those 

derived for combined-sexes. Furthermore, equations designed for particular body types 
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did not necessarily estimate mass in accordance with expectations for their target 

groups. 

The predictive ability of previously published regression equations may have 

been compromised by small reference samples, the use of indirect measures for key 

variables and the inability to use associated skeletal material and body mass data. 

Consequently, I assumed that employing a large calibration sample of directly measured 

variables and associated, individual data, would significantly improve the accuracy of 

body mass estimates. This was only partially the case. The present regression equations 

estimated mass more accurately on a well-matched test sample than most previously 

published equations. However, for both cranial and postcranial variables, estimation 

accuracy was lower than expected and not always consistent. Although it may be 

advantageous to employ these equations rather than existing ones when estimating 

mass in fossil hominins and archaeological or modern human groups, the results 

suggest that all body mass estimates are subject to significant error. 

Further analyses involving large samples of known individuals are needed to 

resolve the issues identified in these studies. Incorporating comparable data for non-

human primates into these analyses would be ideal. As appropriate to the research 

question and resources, the use of medical technologies like CT, MRI and DXA should 

be encouraged. Finally, new statistical approaches should be investigated to help 

improve predictive ability. With refinements such as these, it may be possible to increase 

the accuracy of body mass estimates from skeletal material. Until then, existing mass 

estimates must be viewed critically and all equations used judiciously. 
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Appendix.  
 
Supplementary Tables 

Table A1. Summary data for cranial variables (see Table 2.2 for descriptions) 

 Female (n=125) Male (n=128) Combined-sex (n=253) 

Variable Mean 
(SD) Range Mean 

(SD) Range Mean 
(SD) Range 

BORB 35.3 
(1.7) 31.9-39.7 37.1 

(1.8) 33.7-42.3 36.2 
(1.9) 31.9-42.3 

HORB 34.1 
(2.2) 28.3-39.9 34.4 

(2.2) 27.5-41.4 34.3 
(2.2) 27.5-41.4 

BIOR 93.7 
(3.8) 84.7-105.9 98.3 

(3.9) 88.3-107.1 96.0 
(4.5) 84.7-107.1 

BPOR 112.2 
(5.0) 99.5-123.3 119.6 

(5.1) 109.6-132.3 116.0 
(6.3) 99.5-132.3 

LFM 33.4 
(2.2) 29.4-41.2 35.0 

(2.7) 30.0-42.1 34.2 
(2.5) 29.4-42.1 

BFM 28.4 
(2.2) 22.9-34.1 29.7 

(2.5) 22.1-37.3 29.1 
(2.4) 22.1-37.3 

ORBA1 1204.0 
(104.1) 911.2-1501.5 1274.7 

(103.3) 1035.0-1531.9 1239.8 
(109.4) 911.3-1531.9 

ORBA2 945.6 
(81.8) 715.7-1179.3 1001.2 

(81.1) 812.9-1203.1 973.7 
(85.9) 715.7-1203.1 

ORBA3 967.3 
(82.4) 732.8-1205.7 1021.4 

(81.0) 831.7-1267.9 994.3 
(85.9) 732.8-1267.9 

FMA1 951.0 
(118.8) 692.3-1404.9 1044.2 

(148.5) 758.0-1507.2 998.1 
(142.4) 692.3-1507.2 

FMA2 746.9 
(93.3) 543.7-1103.4 820.1 

(116.6) 595.4-1183.7 783.9 
111.7 543.7-1183.7 

FMA3 671.3 
(86.7) 490.5-1008.8 742.4 

(102.4) 548.1-1059.1 706.9 
101.2 490.5-1059.1 



 

139 

Table A2. Difference between known and estimated mass, Aiello and Wood 
(1994) RMA regressions for cranial variables 

 Female (n=125) Male (n=128) Combined-sex (n=253) 

Variable 
PPE 

Mean1 
(SD) 

|PPE| 
Mean2  
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

PPE  
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

BORB 11.6 
(32.8) 

27.9  
(20.7)* 43.2 3.6 

(31.4)* 
25.8 

(18.1) 39.8 7.6  
(32.3)* 

26.8 
(19.4) 41.5 

HORB 28.5 
(28.6) 

35.6  
(19.0)* 24.0 38.4 

(22.6)* 
40.8 

(17.8) 17.2 33.5  
(26.1)* 

38.2 
(18.6) 20.6 

BIOR -11.3 
(35.1) 

25.7  
(26.3) 56.8 -17.8 

(32.0)* 
26.1 

(25.6) 51.6 -14.6 
(33.7)* 

25.9 
(25.9) 54.2 

BPOR 8.4 
(26.9) 

22.0  
(17.6)* 53.6 3.5 

(20.8)* 
17.2 

(12.2) 59.4 5.9  
(24.1)* 

19.5 
(15.3) 56.5 

LFM -24.5 
(41.9) 

34.8  
(33.7)* 43.2 -21.3 

(37.6)* 
31.1 

(30.0) 46.9 -22.9 
(39.8)* 

32.9 
(31.9) 45.1 

BFM -63.0 
(66.8) 

69.6  
(59.8)* 22.4 -62.1 

(61.7)* 
66.0 

(57.4) 16.4 -62.5 
(64.1)* 

67.8 
(58.5) 19.4 

ORBA1 19.7 
(26.9) 

27.7  
(18.4)* 36.0 23.1 

(21.8)* 
27.5 

(15.8) 35.2 21.4  
(24.4)* 

27.6 
(17.1) 35.6 

FMA1 -41.6 
(49.7) 

47.4  
(44.2)* 35.2 -39.1 

(43.0)* 
43.4 

(38.7) 32.8 -40.4 
(46.4)* 

45.4 
(41.5) 34.0 

PPE: percent prediction error (known - estimated)/known * 100, |PPE|: absolute percent prediction error, 
20%: percent of individuals whose estimated body masses fall within +/-20% of known mass. 1. Directional 
differences (positive values indicate underestimation, negative values indicate overestimation); 2. Absolute 
differences; * indicates significance at p=0.01. 
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Table A3. Difference between known and estimated mass, Spocter and Manger 
(2007) RMA regressions for cranial variables 

 Female (n=125) Male (n=128) Combined-sex (n=253) 

Variable 
PPE 

Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

BORB 43.6 
(18.3)* 

44.5 
(16.0) 8.8 42.6 

(15.7) 
42.8 

(15.4) 9.4 43.1 
(17.0)* 

43.6 
(15.7) 9.1 

HORB 76.2  
(9.5)* 

76.2  
(9.5) 0.0 79.5  

(7.5) 
79.5  
(7.5) 0.0 77.8 (8.7)* 77.8  

(8.7) 0.0 

BIOR 74.4  
(7.3)* 

74.4  
(7.3) 0.0 74.4  

(6.2) 
74.4  
(6.2) 0.0 74.4 (6.8)* 74.4  

(6.8) 0.0 

BPOR -47.3 
(47.2)* 

52.2 
(41.7) 20.8 -65.8 

(39.6) 
66.0 

(39.3) 11.7 -56.7 
(44.4)* 

59.2 
(41.0) 16.2 

LFM 32.2 
(24.8)* 

36.9 
(17.0) 16.8 32.1 

(23.5) 
35.3 

(18.4) 23.4 32.2 
(24.1)* 

36.1 
(17.7) 20.2 

BFM 6.9  
(37.2)* 

30.4 
(22.3) 38.4 8.2  

(33.6) 
26.8 

(21.8) 46.1 7.5 (35.4)* 28.6 
(22.1) 42.3 

ORBA1 64.8 
(11.2)* 

64.8 
(11.2) 0.0 66.9  

(8.8) 
66.9  
(8.8) 0.0 65.9 

(10.1)* 
65.9 

(10.1) 0.0 

ORBA2 -22302.8 
(9933.2)* 

22302.8 
(9933.2) 0.0 -23737.0 

(9749.3) 
23737.0 
(9749.3) 0.0 23028.4 

(9847.2)* 
23028.4 
(9847.2) 0.0 

FMA1 22.4 
(28.0)* 

31.13 
(17.6) 34.4 23.0 

(24.8) 
29.7 

(16.2) 25.8 22.7 
(26.4)* 

30.4 
(16.9) 30.0 

FMA2 -15108.0 
(9350.4)* 

15108.0 
(9350.4) 0.0 -18210.7 

(11742.3) 
18210.7 

(11742.3) 0.0 -16677.7 
(10720.3)* 

16677.7 
(10720.3) 0.0 

PPE: percent prediction error (known - estimated)/known * 100, |PPE|: absolute percent prediction error, 
20%: percent of individuals whose estimated body masses fall within +/-20% of known mass. 1. Directional 
differences (positive values indicate underestimation, negative values indicate overestimation); 2. Absolute 
differences; * indicates significance at p=0.01. 
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Table A4. Difference between known and estimated masses using individual 
data and mean data for 50 sub-samples of ten individuals, Aiello and 
Wood (1994) LS regressions for cranial variables 

 Individual data 50 x 10 individuals Significant Difference2 

Variable Mean PPE1 (SD) Mean PPE1 (SD) p=0.01 

BORB 8.0 (31.3) 15.8 (9.1) Higher 

HORB 31.8 (26.4) 37.0 (6.8) Higher 

BIOR -12.9 (32.3) -6.0 (11.5) Lower 

BPOR 0.9 (25.2) 6.0 (8.4) Not sign. different 

LFM -21.0 (37.1) -14.1 (10.8) Not sign. different 

BFM -54.0 (57.5) -42.5 (19.7) Not sign. different 

ORBA1 23.9 (23.4) 28.9 (6.4) higher 
FMA1 -32.9 (41.8) -25.9 (13.7) Not sign. different 

1. Directional differences (positive values indicate underestimation, negative values indicate 
overestimation). 2. indicates whether the bootstrapped 50 x 10-individual mean PPE is higher, lower or not 
significantly different from the single-individual sample mean PPE. 

Table A5. Summary data for the BMI-Restricted sample (BMI=18.5-25) 

 Female (n=57) Male (n=59) Combined-sex (n=116) 

Variable Mean 
(SD) Range Mean 

(SD) Range Mean 
(SD) Range 

Weight (kg) 59.4 
(8.1) 43.0-95.0 72.3 

(8.4) 52.0-86.1 65.9 
(10.4) 43.0-95.0 

Stature (cm) 165.9 
(8.2) 150.0-195.0 177.9 

(8.6) 156.0-193.0 172.0 
(10.4) 150.0-195.0 

Age (yrs) 49.7 
(16.2) 20.0-89.0 45.6 

(13.9) 22.0-80.0 47.6 
(15.2) 20.0-89.0 

BMI 21.6 
(2.0) 18.6-24.9 22.8 

(1.5) 19.5-24.9 22.2 
(1.9) 18.6-24.9 
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Table A6. Summary data for the cranial variables, BMI-Restricted sample  

 Female (n=57) Male (n=59) Combined-sex (n=116) 

Variable Mean 
(SD) Range Mean 

(SD) Range Mean 
(SD) Range 

BORB 35.5 
(1.6) 32.0-39.7 37.2 

(1.8) 33.7-41.2 36.3 
(1.9) 32.0-41.2 

HORB 34.0 
(2.1) 28.6-39.9 34.3 

(2.3) 28.5-41.4 34.2 
(2.2) 28.5-41.4 

BIOR 94.0 
(3.8) 87.4-105.9 97.9 

(4.2) 88.3-107.1 96.0 
(4.4) 87.4-107.1 

BPOR 111.7 
(4.7) 103.1-122.7 119.0 

(4.8) 110.6-132.3 115.4 
(6.0) 103.1-132.2 

LFM 33.4 
(2.4) 29.6-41.2 35.1 

(2.7) 30.1-42.1 34.3 
(2.7) 29.6-42.1 

BFM 28.5 
(2.1) 22.9-34.1 30.0 

(2.4) 26.1-37.3 29.2 
(2.4) 22.9-37.3 

ORBA1 1205.1 
(96.9) 915.2-1420.4 1275.0 

(97.5) 1035.0-1519.4 1240.6 
(103.0) 915.2-1519.4 

ORBA2 946.4 
(76.1) 718.8-1115.6 1001.4 

(76.6) 812.9-1193.3 974.4 
(80.9) 718.8-1193.3 

ORBA3 966.0 
(75.8) 732.8-1118.3 1014.5 

(78.1) 831.7-1205.2 990.6 
(80.5) 732.8-1205.2 

FMA1 953.5 
(121.4) 744.3-1404.9 1055.0 

(147.7) 802.2-1507.2 1005.1 
(144.2) 744.3-1507.2 

FMA2 748.9 
(95.3) 584.5-1103.4 828.6 

(116.0) 630.0-1183.7 789.4 
(113.2) 584.5-1183.7 

FMA3 673.1 
(85.3) 530.7-1008.8 747.3 

(100.3) 554.2-1040.2 710.8 
(100.0) 530.7-1040.2 
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Table A7. Difference between known and estimated mass, Aiello and Wood 
(1994) LS regressions for cranial variables, BMI-restricted samples 

 Female (n=57) Male (n=59) Combined-sex (n=116) 

Variable 
PPE 

Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

BORB -0.8  
(26.6) 

19.8 
(17.6) 63.2 -6.0 

(28.7) 
22.9 

(18.0) 50.8 -3.4  
(27.7) 

21.4 
(17.8) 56.9 

HORB 19.9 
(24.5)* 

26.4 
(17.2) 43.9 30.5 

(23.8)* 
34.6 

(17.2) 27.1 25.3 
(24.6)* 

30.6 
(17.6) 35.3 

BIOR -24.6 
(25.4)* 

26.7 
(23.1) 50.9 -25.1 

(28.9)* 
28.7 

(25.3) 49.1 -24.9 
(27.1)* 

27.7 
(24.2) 50.0 

BPOR -5.2  
(18.8) 

14.7 
(12.7) 71.9 -9.6 

(17.6)* 
15.6 

(12.6) 72.9 -7.5 
(18.3)* 

15.1 
(12.6) 72.4 

LFM -36.6 
(29.1)* 

37.2 
(28.4) 28.1 -31.0 

(31.3)* 
33.7 

(28.3) 42.3 -33.8 
(30.3)* 

35.4 
(28.3) 35.3 

BFM -71.5 
(41.1)* 

73.0 
(38.4) 8.8 -71.9 

(53.0)* 
71.9 

(53.0) 6.7 -71.7 
(47.3)* 

72.4 
(46.2) 7.8 

ORBA1 13.3 
(19.5)* 

19.2 
(13.6) 59.6 18.2 

(18.6)* 
22.4 

(13.1) 42.3 15.8 
(19.1)* 

20.8 
(13.4) 50.9 

FMA1 -49.1 
(28.5)* 

49.2 
(28.4) 15.8 -46.0 

(34.5)* 
46.0 

(34.5) 17.0 -47.5 
(31.6)* 

47.6 
(31.5) 16.4 

PPE: percent prediction error (known - estimated)/known * 100, |PPE|: absolute percent prediction error, 
20%: percent of individuals whose estimated body masses fall within +/-20% of known mass. 1. Directional 
differences (positive values indicate underestimation, negative values indicate overestimation); 2. Absolute 
differences; * indicates significance at p=0.01. 

Table A8. Difference between known and estimated mass, Kappelman (1996) 
LS regressions for cranial variables, BMI-restricted samples  

 Female (n=57) Male (n=59) Combined-sex (n=116) 

Variable 
PPE 

Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

HORB 17.5 
(25.3)* 

25.4 
(17.3) 45.6 28.4 

(24.7)* 
33.4 

(17.2) 28.8 23.0 
(25.5)* 

29.4 
(17.6) 37.1 

ORBA3 35.3 
(13.5)* 

35.3 
(13.5) 10.5 40.7 

(12.3)* 
40.7 

(12.3) 8.5 38.1 
(13.1)* 

38.1 
(13.1) 9.5 

PPE: percent prediction error (known - estimated)/known * 100, |PPE|: absolute percent prediction error, 
20%: percent of individuals whose estimated body masses fall within +/-20% of known mass. 1. Directional 
differences (positive values indicate underestimation, negative values indicate overestimation); 2. Absolute 
differences; * indicates significance at p=0.01. 
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Table A9. Difference between known and estimated mass, Spocter and Manger 
(2007) LS regressions for cranial variables, BMI-restricted samples  

 Female (n=57) Male (n=59) Combined-sex (n=116) 

Variable 
PPE 

Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

BORB 35.8 
(13.2)* 

36.2 
(12.2) 10.5 37.1 

(13.1)* 
37.2 

(12.6) 11.9 36.4 
(13.1)* 

36.7 
(12.4) 11.2 

HORB 73.8 
(8.1)* 

73.8 
(8.1) 0.0 77.2 

(7.9)* 
77.2 
(7.9) 0.0 75.5 

(8.1)* 
75.5 
(8.1) 0.0 

BIOR 70.3 
(5.1)* 

70.3 
(5.1) 0.0 71.4 

(5.6)* 
71.4 
(5.6) 0.0 70.9 

(5.4)* 
70.9 
(5.4) 0.0 

BPOR -52.5 
(32.6)* 

52.5 
(32.6) 14.0 -69.7 

(32.9)* 
69.7 

(32.9) 5.1 -61.3 
(33.7)* 

61.3 
(33.7) 9.5 

LFM 21.5 
(21.5)* 

26.8 
(14.1) 31.6 21.5 

(23.6)* 
26.9 

(16.9) 35.6 21.5 
(22.5)* 

26.9 
(15.6) 33.6 

BFM -0.3 
(24.2) 

19.3 
(14.4) 66.7 -0.7 

(31.3) 
22.7 

(21.4) 55.9 -0.5 
(27.9) 

21.0 
(18.3) 61.2 

ORBA1 57.2 
(8.8)* 

57.2 
(8.8) 0.0 60.3 

(8.3)* 
60.3 
(8.3) 0.0 58.8 

(8.6)* 
58.8 
(8.6) 0.0 

ORBA2 -23957.4 
(8299.1)* 

23957.4 
(8299.1) 0.0 -25136.7 

(9053.1)* 
25136.7 
(9053.1) 0.0 -24577.2 

(8673.3)* 
24557.2 
(8673.3) 0.0 

FMA1 7.6 
(20.1)* 

15.90 
(14.4) 70.2 7.3 

(25.1)* 
21.2 

(15.1) 54.2 7.5 
(22.7)* 

18.6 
(15.0) 62.1 

FMA2 -15254.2 
(7743.6)* 

15254.2 
(7743.6) 0.0 -19001.1 

(11776.3)* 
19001.1 

(11776.3) 0.0 -17160.0 
(10133.2)* 

17159.9 
(10133.2) 0.0 

PPE: percent prediction error (known - estimated)/known * 100, |PPE|: absolute percent prediction error, 
20%: percent of individuals whose estimated body masses fall within +/-20% of known mass. 1. Directional 
differences (positive values indicate underestimation, negative values indicate overestimation); 2. Absolute 
differences; * indicates significance at p=0.01. 
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Table A10. Mean percent prediction errors for Aiello and Wood (1994) LS 
regressions for cranial variables, Age-restricted samples (18-60 yrs) 

 Female (n=87) Male (n=99) Combined-sex (n=186) 

Variable PPE 
Mean1 (SD) 

|PPE| 
Mean2 (SD) 

PPE 
Mean1 (SD) 

|PPE| 
Mean2 (SD) 

PPE 
Mean1 (SD) 

|PPE| 
Mean2 (SD) 

BORB 11.8 (29.4) 25.4 (18.6) 5.58 (28.7) 24.0 (16.5) 8.47 (29.1) 24.7 (17.5) 
HORB 27.3 (27.5) 34.3 (18.0) 38.5 (22.9) 40.8 (18.3) 33.2 (25.7) 37.8 (18.4) 
BIOR -10.4 (29.5) 22.5 (21.6) -14.8 (29.3) 23.1 (23.2) -12.7 (29.4) 22.8 (22.4) 
BPOR 3.03 (26.3) 20.1 (17.1) 0.11 (19.9) 16.4 (11.1) 1.48 (23.1) 18.1 (14.3) 
LFM -25.1 (36.5) 32.8 (29.7) -18.0 (33.3) 28.1 (24.2) -21.3 (34.9) 30.3 (27.4) 
BFM -58.2 (57.5) 63.9 (51.0) -50.8 (53.2) 55.9 (47.7) -54.3 (55.2) 59.7 (49.3) 

ORBA1 22.7 (23.8) 28.1 (17.0) 27.1 (20.3) 29.5 (16.6) 25.0 (22.1) 28.8 (16.7) 
FMA1 -37.0 (44.6) 42.0 (36.5) -29.8 (37.1) 35.4 (31.6) -33.2 (39.3) 38.5 (34.0) 

PPE: percent prediction error (known - estimated)/known * 100. 1. Directional differences (positive values 
indicate underestimation, negative values indicate overestimation); 2. Absolute differences; * indicates 
values that are significantly different (p=0.01) from mean PPEs in age-unrestricted sample (Table 2.5). 

Table A11. Percent of individuals whose mass was estimated within +/-10% or 
+/-15% of true mass, for postcranial equations. 

Source Female (n=125) Male (n=128) Combined-sex (n=253) 
 +/-10% +/- 15% +/-10% +/- 15% +/-10% +/- 15% 

FHB-1 29.6 36.0 40.6 60.2 36.0 49.8 
FHB-2 29.6 43.2 39.1 54.7 34.4 49.0 
FHB-3 28.0 48.0 38.3 60.9 33.2 54.6 
FHB-4 31.2 42.4 39.1 57.0 34.8 49.8 

Mean of FHB 1-3 28.8 45.6 40.6 60.9 34.0 53.0 
Mean of FHB 1-4 28.8 48.0 40.6 59.4 33.6 54.2 

STBIB-1 28.0 43.2 34.4 49.2 30.4 47.0 
STBIB-2 28.0 44.0 36.7 53.1 30.8 45.5 
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Table A12. Differences between known and estimated mass for cranial 
variables (MA equations), combined-sex test sample (n=50)	  

 Directional Difference Absolute Difference   

Variable Raw diff (kg) 
Mean (SD) 

%PE 
Mean (SD) 

Raw diff (kg) 
Mean (SD) 

|%PE| 
Mean (SD) 

Wilcoxon  
T-value 20% (%) 

BORB -27.8 (100.2) -40.0 (154.2) 65.4 (80.3) 92.6 (129.0) 0.06 16 

HORB -839.8 
(2246.3) 

-1164.2 
(3181.2) 

898.3 
(2223.1) 

1241.0 
(3151.4) 0.01 4 

BIOR -10.2 (48.4) -14.5 (71.7) 37.3 (32.1) 53.0 (49.9) 0.14 20 

BPOR -7.2 (50.2) -6.4 (60.1) 34.1 (37.2) 44.8 (40.1) 0.31 28 

LFM -45.3 (218.9) -50.3 (241.6) 96.6 (201.3) 117.9 (216.3) 0.15 14 

BFM -120.1 (415.9) -134.6 (427.4) 172.0 (396.8) 205.3 (397.7) 0.05 12 

ORBA1 -39.5 (110.1) -56.1 (154.7) 75.1 (89.2) 105.8 (125.5) 0.01 20 

ORBA2 -41.0 (111.5) -58.1 (156.7) 76.0 (90.8) 107.1 (127.7) 0.01 20 

ORBA3 -38.1 (118.8) -57.5 (176.2) 77.2 (97.5) 111.4 (147.5) 0.03 19 

FMA1 -22.8 (136.3) -24.2 (145.0) 62.6 (122.9) 76.5 (125.1) 0.24 26 

FMA2 -22.9 (136.4) -24.3 (145.1) 62.6 (123.0) 76.5 (125.2) 0.24 26 

FMA3 -11.2 (106.0) -10.5 (115.8) 55.1 (90.9) 90.9 (93.7) 0.47 24 

 

Table A13. Differences between known and estimated mass for postcranial 
variables (MA equations), combined-sex test sample (n=50)	  

 Directional Difference Absolute Difference   

Postcranial Raw diff (kg) 
Mean (SD) 

PE  
Mean (SD) 

Raw diff (kg) 
Mean (SD) 

|PE| 
Mean (SD) 

 Wilcoxon  
T-value 20% (%) 

BIB 1.8 (40.5) 2.9 (54.3) 31.2 (25.6) 42.4 (33.5) 0.75 34 

FLM -41.0 (114.3) -49.7 (137.9) 62.6 (103.9) 77.8 (123.9) 0.01 28 

FHB 8.4 (35.3) 13.5 (45.8) 31.1 (18.3) 41.7 (22.5) 0.10 18 

FNB 3.3 (37.2) 5.2 (48.6) 27.1 (25.4) 36.9 (31.6) 0.54 28 

MLSB80 6.5 (33.2) 11.6 (42.1) 26.3 (20.9) 35.0 (25.7) 0.18 36 

MLCB80 -12097.8 
(42667.1) 

-18919.1 
(74958.8) 

12156.4 
(42650.1) 

18997.6 
(74938.5) 0.05 0 

CA80 0.0 (19.0) 0.6 (24.7) 15.1 (11.4) 20.3 (13.8) 0.99 56 

I80 -236.2 (49.8) -326.2 (74.5) 236.2 (49.8) 326.2 (74.5) 0.00 0 
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 Directional Difference Absolute Difference   

Postcranial Raw diff (kg) 
Mean (SD) 

PE  
Mean (SD) 

Raw diff (kg) 
Mean (SD) 

|PE| 
Mean (SD) 

 Wilcoxon  
T-value 20% (%) 

MLSB65 -16.7 (35.9) -19.2 (43.3) 25.3 (30.3) 32.6 (34.2) 0.00 40 

MLCB65 -0.7 (37.1) -5.6 (50.2) 25.2 (27.0) 33.7 (37.4) 0.89 38 

CA65 10.1 (14.5) 13.7 (18.1) 14.9 (9.4) 19.6 (11.2) 0.00 52 

I65 -241.0 (48.6) -332.7 (68.4) 241.0 (48.6) 332.7 (68.4) 0.00 0 

MLSB50 6.5 (25.6) 11.7 (31.8) 20.4 (16.6) 27.2 (19.9) 0.08 44 

MLCB50 -30.6 (95.1) -52.5 (165.6) 45.7 (88.7) 69.9 (158.9) 0.03 28 

CA50 4.3 (16.9) 6.8 (21.1) 13.3 (11.1) 17.7 (13.2) 0.08 62 

I50 -295.7 (71.8) -404.3 (80.6) 295.7 (71.8) 404.3 (80.6) 0.00 0 

MLSB35 7.6 (32.3) 13.6 (39.4) 25.2 (21.3) 33.8 (24.0) 0.10 34 

MLCB35 74.6 (18.5) 100 (0.00) 74.6 (18.5) 100 (0.00) 0.00 0 

CA35 6.3 (14.9) 9.6 (19.5) 13.7 (8.4) 18.6 (11.1) 0.00 56 

I35 -612.1 (143.6) -837.2 (165.1) 612.1 (143.6) 837.2 (165.1) 0.00 0 

MLSB20 -1.7 (67.6) 3.3 (78.1) 46.5 (48.6) 59.4 (50.2) 0.86 20 

MLCB20 -6488.2 
26922.2 

-7475.8 
30728.2 

6552.4 
26906.3 

7562.8 
30706.5 0.09 6 

CA20 9.9 (17.9) 12.8 (23.5) 16.4 (12.0) 22.0 (15.1) 0.00 48 

I20 -189.0 (49.0) -263.2 (76.8) 189.0 (49.0) 263.2 (76.8) 0.00 0 
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Table A14. Differences between known and estimated mass, cranial variables 
(RMA equations), combined-sex test sample (n=50) 

 Directional Difference Absolute Difference   

Variable Raw diff (kg) 
Mean (SD) 

%PE 
Mean (SD) 

Raw diff (kg) 
Mean (SD) 

|%PE| 
Mean (SD) 

Wilcoxon  
T-value 20% (%) 

BORB 1.5 (20.7) -2.1 (29.0) 15.2 (14.0) 20.8 (20.1) 0.62 52 
HORB 1.4 (23.1) -2.9 (30.4) 17.9 (14.4) 24.5 (17.8) 0.67 46 
BIOR -1.3 (18.5) -5.6 (26.8) 13.1 (13.0) 18.5 (20.0) 0.62 68 
BPOR 2.2 (16.7) 0.4 (21.8) 12.3 (11.4) 16.4 (14.1) 0.35 66 
LFM 3.3 (24.4) 0.9 (27.7) 18.1 (16.4) 22.9 (15.2) 0.35 50 
BFM 0.5 (20.9) -3.2 (27.2) 16.4 (12.7) 22.2 (15.9) 0.86 50 

ORBA1 1.8 (21.9) -1.8 (29.8) 16.7 (14.1) 23.0 (18.7) 0.57 56 
ORBA2 1.3 (21.9) -2.5 (30.0) 16.7 (14.1) 23.1 (19.0) 0.69 56 
ORBA3 0.3 (23.2) -3.9 (32.6) 17.7 (14.8) 25.1 (20.8) 0.94 54 
FMA1 4.5 (21.5) 2.8 (24.6) 16.6 (14.2) 20.9 (12.9) 0.14 42 
FMA2 4.5 (21.5) 2.8 (24.6) 16.6 (14.2) 20.9 (13.0) 0.14 42 
FMA3 2.7(22.6) 0.2 (26.5) 17.3 (14.6) 22.3 (13.9) 0.41 40 

 
Table A15. Differences between known and estimated mass, postcranial 

variables (RMA equations), combined-sex test sample (n=50)	  

 Directional Difference Absolute Difference   

Postcranial Raw diff (kg) 
Mean (SD) 

PE  
Mean (SD) 

Raw diff (kg) 
Mean (SD) 

|PE| 
Mean (SD) 

Wilcoxon  
T-value 20% (%) 

BIB 9.0 (18.5) 9.3 (24.5) 15.7 (13.2) 20.6 (16.0) 0.00 58 

FLM 5.9 (21.1) 5.5 (24.9) 15.5 (15.3) 19.4 (16.3) 0.05 58 

FHB 7.4 (17.5) 8.2 (21.2) 15.0 (11.6) 19.2 (11.9) 0.00 58 

FNB -0.2 (19.8) -2.6 (25.9) 14.9 (12.9) 20.0 (16.5) 0.95 60 

MLSB80 3.2 (15.9) 2.9 (20.5) 12.8 (9.8) 17.0 (11.6) 0.16 62 

MLCB80 -3.6 (26.9) -11.2 (40.3) 21.3 (16.5) 30.7 (28.2) 0.34 46 

CA80 -8.3 (16.1) -11.9 (21.7) 13.8 (11.5) 19.2 (15.5) 0.00 62 

I80 -469.4 (135.7) -638.4 (150.6) 469.4 (135.7) 638.4 (150.6) 0.00 0 

MLSB65 12.9 (13.1) 16.3 (15.1) 14.7 (11.0) 18.8 (11.7) 0.00 52 

MLCB65 -8.4 (29.2) -16.9 (42.0) 22.3 (20.4) 31.7 (32.1) 0.05 44 

CA65 17.0 (12.4) 22.0 (13.4) 17.8 (11.1) 23.1 (11.4) 0.00 44 

I65 -504.9 (143.7) -684.4 (144.5) 504.9 (143.7) 684.4 (144.5) 0.00 0 
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 Directional Difference Absolute Difference   

Postcranial Raw diff (kg) 
Mean (SD) 

PE  
Mean (SD) 

Raw diff (kg) 
Mean (SD) 

|PE| 
Mean (SD) 

Wilcoxon  
T-value 20% (%) 

MLSB50 8.4 (13.3) 10.7 (16.5) 12.8 (9.1) 16.6 (10.4) 0.00 58 

MLCB50 -13.7 (32.9) -25.7 (54.1) 23.7 (26.5) 35.8 (47.8) 0.00 42 

CA50 19.6 (11.7) 25.9 (12.6) 19.8 (11.3) 26.2 (12.0) 0.00 28 

I50 -995.7 (317.4) -1338.4 (280.3) 995.7 (317.4) 1338.4 (280.3) 0.00 0 

MLSB35 13.2 (13.9) 16.7 (17.5) 15.9 (10.6) 20.8 (12.2) 0.00 50 

MLCB35 72.5 (18.5) 97.0 (0.7) 72.5 (18.5) 97.0 (0.7) 0.00 0 

CA35 -20.1 (16.3) -27.3 (21.3) 20.9 (15.3) 28.3 (19.9) 0.00 46 

I35 -226.2 (68.1) -308.0 (78.2) 226.2 (68.1) 308.0 (78.2) 0.00 0 

MLSB20 3.0 (20.8) 2.3 (27.5) 17.1 (12.1) 22.8 (15.20 0.31 48 

MLCB20 2.3 (22.7) -1.1 (28.9) 18.0 (13.9) 23.5 (16.5) 0.48 52 

CA20 16.4 (14.7) 20.8 (17.6) 18.8 (11.6) 24.3 (12.2) 0.00 38 

I20 -268.1 (95.9) -366.8 (120.7) 268.1 (95.9) 366.8 (120.7) 0.00 0 

 
Table A16. Summary data for the postcranial variables, BMI-Restricted sample  

 Female (n=57) Male (n=59) Combined-sex (n=116) 

Variable Mean (SD) Range Mean (SD) Range Mean (SD) Range 

BIB 275.6 (18.3) 223.1-317.5 280.3 (16.6) 211.2-313.3 278.0 (17.5) 211.2-317.5 

FHB 45.4 (2.4) 39.8-55.5 50.5 (2.9) 41.5-56.6 48.0 (3.7) 39.8-56.6 
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Table A17. Difference between known and estimated mass for post cranial 
regressions, BMI-restricted samples 

 Female (n=57) Male (n=59) Combined-sex (n=116) 

Equation 
PPE 

Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

PPE 
Mean1 
(SD) 

|PPE| 
Mean2 
(SD) 

20% 
(%) 

FHB-1 -27.8 
(15.6) 

-27.9 
(15.3) 40.3 -16.3 

(11.3) 
16.7 

(10.5) 61.0 -21.1 
(13.6) 

21.4 
(13.2) 49.1 

FHB-2 -5.1 
(13.1) 

10.6 
(9.2) 82.5 -1.9 

(9.7) 
8.0 

(5.8) 98.3 -3.5 
(11.6) 

9.3 
(7.8) 90.5 

FHB-3 -13.2 
(13.9) 

15.2 
(11.7) 68.4 -8.7 

(10.3) 
10.9 
(7.9) 84.7 -10.9 

(12.4) 
13.0 

(10.1) 76.7 

FHB-4 -7.5 
(13.3) 

11.4 
(10.1) 80.7 -3.9 

(10.5) 
8.8 

(6.8) 91.5 -5.2 
(11.8) 

9.7 
(8.5) 87.9 

Mean of 
FHB 1-3 

-15.4 
(14.2) 

16.1 
(12.0) 66.7 -9.0 

(10.4) 
11.4 
(8.1) 81.4 -11.8 

(12.5) 
13.7 

(10.4) 75.9 

Mean of 
FHB 1-4 

-13.4 
(14.0) 

14.6 
(11.5) 70.2 -7.7 

(10.4) 
10.4 
(7.7) 84.7 -10.2 

(12.3) 
12.5 
(9.9) 80.2 

STBIB-1 -3.5 
(10.6) 

8.9 
(6.6) 93.0 4.3 

(8.3) 
7.4 

(5.7) 96.6 -0.1 
(11.0) 

8.1 
(6.2) 94.0 

STBIB-2 -3.2 
(10.6) 

8.8 
(6.5) 87.7 3.1 

(8.5) 
6.9 

(5.7) 96.6 0.5 
(10.9) 

7.9 
(6.2) 93.1 

PPE: percent prediction error (known - estimated)/known * 100, |PPE|: absolute percent prediction error, 
20%: percent of individuals whose estimated body masses fall within +/-20% of known mass. 1. Directional 
differences (positive values indicate underestimation, negative values indicate overestimation); 2. Absolute 
differences; * indicates significance at p=0.01. 

Table A18. Correlations (r) between absolute percent prediction error and age 
for cranial equations (Aiello and Wood LS regressions) 

Variable Female (n=125) Male (n=128) Combined-sex (n=253) 
BORB 0.159 0.068 0.125 
HORB -0.037 -0.007 -0.037 
BIOR 0.262 0.028 0.156 
BPOR 0.152 0.049 0.123 
LFM 0.074 -0.116 0.002 
BFM 0.024 -0.009 0.015 

ORBA1 0.039 0.020 0.031 
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Table A19. Correlations (r) between absolute percent prediction error and age 
for postcranial equations 

Equation Female (n=125) Male (n=128) Combined-sex (n=253) 
FHB-1 0.145 -0.060 0.087 
FHB-2 0.145 0.005 0.106 
FHB-3 0.158 -0.028 0.104 
FHB-4 0.063 -0.025 0.105 

STBIB-1 0.104 -0.014 0.076 
STBIB-2 0.104 -0.019 0.076 

 
Table A20. Comparison of mean percent prediction errors for the cranial 

variables using the LS regressions derived in the present study, 
with and without age-restriction  

 
 Non-age restricted (x=46.1 yrs) (n=50) Age restricted 18-60 (x=43.4 yrs) (n=46) 

Cranial Variable |PPE| Mean1 (SD) |PPE| Mean1 (SD) 
BORB 19.2 (15.0) 19.6 (13.8) 
HORB 19.8 (15.5) 20.1 (14.4) 
BIOR 18.1 (15.4) 18.4 (14.3) 
BPOR 17.1 (13.5) 17.7 (13.23) 
LFM 18.8 (13.7) 19.1 (12.9) 
BFM 19.5 (14.8) 19.9 (14.2) 

ORBA1 19.0 (15.2) 19.5 (13.8) 
ORBA2 19.0 (15.2) 19.5 (13.8) 
ORBA3 19.4 (16.1) 19.6 (14.6) 
FMA1 18.8 (14.0) 19.2 (13.4) 
FMA2 18.9 (14.1) 19.2 (13.4) 
FMA3 18.9 (14.4) 19.3 (13.6) 
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Table A21. Comparison of mean percent prediction errors for the postcranial 
variables using the LS regressions derived in the present study, 
with and without age-restriction  

 
 Non-age restricted (x=46.1 yrs) (n=50) Age restricted 18-60 (x=43.4 yrs) (n=46) 

Postcranial Variable |PPE| Mean1 (SD) |PPE| Mean1 (SD) 
FHB 18.1 (12.5) 16.1 (10.2) 
BIB 16.8 (13.0) 16.7 (11.4) 
FNB 16.2 (10.7) 18.2 (11.4) 
FLM 18.4 (12.4) 18.7 (11.9) 

MLSB80 15.4 (12.0) 15.4 (11.2) 
MLCB80 20.6 (18.3) 20.9 (15.0) 

CA80 12.8 (10.3) 12.6 (9.5) 
I80 144.1 (42.3) 142. 6 (41.4) 

MLSB65 13.0 (10.1) 12.6 (8.9) 
MLCB65 20.4 (15.5) 20.6 (15.3) 

CA65 14.1 (9.9) 13.5 (8.6) 
I65 153.6 (41.0) 150.9 (38.8.) 

MLSB50 12.3 (10.2) 12.0 (9.4) 
MLCB50 20.2 (15.4) 20.7 (15.1) 

CA50 11.1 (8.9) 11.0 (8.8) 
I50 211.0 (48.4) 208.1 (46.5) 

MLSB35 14.7 (10.8) 14.8 (10.9) 
MLCB35 20.6 (15.6) 20.9 (14.9) 

CA35 11.9 (8.4) 12.3 (8.5) 
I35 166.1 (44.6) 165.7 (45.3) 

MLSB20 17.2 (12.5) 17.2 (11.8) 
MLCB20 21.0 (15.9) 21.2 (15.2) 

CA20 16.5 (12.4) 16.5 (12.1) 
I20 156.6 (49.4) 156.0 (48.9) 

 


