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Highlights
 Population affinity methods require validation studies to ensure accurate results
 Online software techniques are a popular choice for population affinity estimation 
 AncesTrees and (hu)MANid were used on a contemporary Spanish sample
 AncesTrees using the skull performed better than (hu)MANid using the mandible
 Model selection, reference population and statistical values need to be considered

Abstract

Population affinity estimation is an important step in the identification of unknown 

individuals. To ensure accurate results, validation studies of newly developed methods must be 

performed using different target populations and skeletal elements. This research aims to 

determine the accuracy and reliability of population affinity estimation on a modern Spanish 

sample using two online software applications.

The sample consists of 114 adult individuals (51 males, 63 females) using 38 measurements 

and one angle from the skull and mandible. AncesTrees was used for craniometric 

measurements and (hu)MANid for mandibular variables with different classification models and 

probability thresholds being evaluated. The required parameters were inputted for each 

individual and statistics were generated to assess the accuracy of the estimation. 

AncesTrees performed with the greatest accuracy as the program correctly classified the 

sample as Southwestern European or European, with highest accuracies being 54.56% (trial 1), 

86.05% (trial 2), 82.61% (trial 3), 34.55% (trial 4) and 100.00% (trial 5). (hu)MANid correctly 

classified the sample as being from white origin with accuracies ranging from 70.59 to 80.00% 

without considering correct sex estimation, while accuracy ranged between 62.75 and 80.00% 

accounting for estimated sex.

Population affinity estimation may determine subsequent methods used in the 

construction of the biological profile. Our results demonstrate varying accuracy rates depending 
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on the element and method, offering a critical view in relation to software applicability and 

validity. Reference populations and intrinsic and extrinsic factors can potentially influence the 

method accuracy and reliability. Future research should focus on the inclusion of 

underrepresented groups.

Key words: population affinity, skull, mandible, online software, Spanish sample
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1. Introduction

When unknown human skeletal remains are encountered, one of the first steps taken is to 

establish their identity through the construction of the biological profile [1]. Population affinity, 

sex, age and stature are the main pieces of information to be gathered for the purpose of 

forensic identification [2]. 

The estimation of population affinity has brought some controversy due to its implication to 

social constructs, with a debate being held on the terminology, sample representation, 

classification groups, etc. [3]. Several authors have proposed to omit the estimation of 

population affinity in forensic anthropology reports due to the misconceptions and possible 

implications for the identification process [4], although others consider this piece of 

information determinant for positive identification [5]. In practical terms, population affinity 

might be crucial for the overall analysis performed to build the individual’s identity, as some 

methods for sex and age estimation are population-specific [6-8]. Thus, it is important to 

accurately estimate population affinity, and to further understand population affinity based on 

population structure – as proposed by Ross and Pilloud [3] – as this will allow the practitioner to 

choose the appropriate methods for subsequent assessment [9, 10].

Both morphoscopic and metric approaches have been developed to estimate population 

affinity [9, 11-16]. Regarding the metric approach, its objectivity based on the nature of data 

collection has been acknowledged and extensive research has been conducted [11-13, 17, 18]. 

Moreover, from all the skeletal elements used for population affinity estimation, the cranial 

skeleton is considered the most suitable as it might not be as environmentally affected as the 

postcranial elements [10, 19-21]. Thus, the number of metric methods developed using the 

cranium has increased in the last decade, with techniques using traditional methods employing 

discriminant function analysis as well as computerized methods being developed from large 

reference samples [12, 17, 18, 22]. Considering the effect that population affinity has on the 

ensuing estimations and the emerging number of population affinity estimation methods, 

validation studies are required to ensure accurate and reliable results [21-25]. 

The present study aims to explore two computerized population affinity estimation 

methods developed for the skull and mandible, AncesTrees [17] and (hu)MANid [18], to 
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determine their reliability and validity to predict group membership of a contemporary Spanish 

sample [26]. Different prediction models and classification strategies were considered, 

accounting for different scenarios, and their respective outcomes were evaluated based on 

data statistics outputs produced by the programs. The results are discussed not only in relation 

to accuracy rates considering the use of the cranium or mandible for population affinity 

estimation, but also in relation to the different methodological approaches adopted by each 

technique. 

2. Materials and Methods

2.1. Materials

The materials used for this study consist of the original sample used by Del Río Muñoz [26]. 

The individuals included in the sample are part of the collection housed at the School of Legal 

Medicine (SLM) (Universidad Complutense de Madrid, Spain). The SLM collection was acquired 

through exhumations of cemeteries surrounding Madrid city. The sample is comprised of 114 

adult individuals of known sex (51 males, 63 females) who died between 1975 and 1985, and 

for which age is known for 100 specimens. The mean age for the total sample is 72.7 years, 

while the mean age at death for males and females is 70.4 years and 74.8 years, respectively. 

The individuals in the sample are representative of the Spanish population, with individuals 

from different geographical areas within the country being included [26].

2.2. Methods

The cranial and mandibular data employed in this study was obtained from Del Río Muñoz 

[26]. The data consists of 38 measurements and one angle, which are required for the 

application of the methods tested in this study (see supplementary material). The cranial and 

mandibular measurements follow the descriptions from Howells [27] and Martin and Saller 

[28]. These descriptions are regarded as the gold standard and continue to be used routinely by 

both experienced and inexperienced scholars [29, 30]. The two-population affinity estimation 

software that were tested using the modern Spanish sample data were AncesTrees [17] and 

(hu)MANid [18], which are both freely available online. 
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AncesTrees was selected due to the software being easily accessible online and its inclusion 

of a European reference sample [17] (https://osteomics.com/AncesTrees/). The AncesTrees 

reference dataset includes 1734 individuals (907 males, 827 females) from Howells’ 

Craniometric Series [27, 31, 32]. The biogeographical groups in which an unknown individual 

can be allocated to when using this software are Northern Asia & Arctic, North America, South 

America, Southwestern Europe, Northern & Central Europe, Northeast Africa, Sub-Saharan 

Africa, South Asia, East Asia, Southeast Asia, Polynesia and Australia & Melanesia [17]. The 

software allows the user to input up to a maximum of 30 measurements. Thus, when the data 

permitted, the required craniometric values for the respective parameters were manually 

entered into AncesTrees for each of the 114 individuals in the sample [26]. For consistency and 

to facilitate better comparison to validation studies already published on this method [21], the 

left side value was used. When the left-side measurement was not available, the right-side was 

used instead.

The accuracy rates associated with AncesTrees were evaluated in five trials to test different 

scenarios, models, and potential biogeographical outcomes. For the first trial, the automated 

default “tournamentForest” algorithm with the default number of trees (256) was selected 

because it provides the optimal binary classification and performs best when prior knowledge 

regarding the unknown individual’s population affinity is limited, as might be in a real-life 

scenario [21, 33]. Following the instructions from the authors [17], the “clustered, 12 clusters” 

option was selected in order to replicate a scenario in which the population affinity of the 

individual is unknown. Trial 2 employed the same parameters as trial 1, but with the “clustered, 

9 clusters” option selected to determine if the correct classification rates increase when the 

ancestral classification groups were less specific (e.g., Europe combined as a single reference 

group instead of Northern/Central and Southern Europe sub-groups). Trials 3 through 5 were 

conducted following the model parameters employed by Fernandes et al. [21] to facilitate 

comparison to the accuracy rates obtained using AncesTrees on the Brazilian sample. For trial 4 

and 5, the “ancestralForest” algorithm was selected to test the software accuracy when 

allocating the unknown skull to the ancestral clusters selected based on its group membership 

likelihood [17] (Table 1). In trial 4, the “clustered, 9 clusters” option was selected, whereas the 

https://osteomics.com/AncesTrees/
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“clustered, 12 clusters” option was chosen for trial 5 with specific selection for Northern & 

Central Europe, Southwestern Europe, Northeast Africa, and Sub-Saharan Africa groups. The 

number of trees for these trials was 512 and the number of sub-forests was 32. The boot-strap 

fraction was set as 63.2% for both trials. Additionally, the trials were processed with balanced 

bootstrap without replacement and the pseudo-random number generator seed was set at 

1989. The “yes” option was selected for parallel computing. For all scenarios, a correct 

classification was considered when an estimation of Southwestern European or European was 

produced in the software output, depending on the trial group selection. Correct group 

classification was first considered regardless of group membership value as in Fernandes et al. 

[21]. Secondly, greater than or equal to 0.80 group membership values were further 

considered, which indicates the probability of an individual belonging to the ancestral groups 

selected by the model [17].

Table 1. AncesTrees model parameters for trials 4 and 5.

Trial # 4 5

Algorithm ancestralForest ancestralForest

Biogeographic Ancestry Coding Clustered, 9 
clusters

Clustered, 12 
clusters

Number of Trees 512 512

Number of Sub-forests 32 32

Bootstrap Fraction 63.2% 63.2%

Balanced Bootstrap Yes Yes

Bootstrap with Replacement No No

Pseudo-random Number 
Generator Seed

1989 1989

Parallel Computing Yes Yes

* All available ancestries selected.
** Northern & Central Europe, Southwestern Europe, Northeast Africa, Sub-Saharan 
Africa selected.
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(hu)MANid was tested in the present research due to its easy accessibility online and its 

inclusion of a white (European) reference sample [18] 

(https://anthropologyapps.shinyapps.io/humanid/). The (hu)MANid reference dataset includes 

1745 individuals (1140 males, 505 females) [34]. Based on the nature of the target sample and 

as recommended by the authors [18], only modern samples from the reference population 

groups as well as sex outcomes were selected, with the groups being: white male 20th century 

(WM (20c)), white female 20th century (WF (20c)), black male 20th century (BM (20c)), black 

female 20th century (BF (20c)), Chinese male (CHM), Hispanic male (HM), Guatemalan male 

(GUATM), Guatemalan female (GUATF), Cambodian male (CAMM), Cambodian female (CAMF), 

Vietnamese male (VIETM), Thai male (THAIM), Thai female (THAIF), Korean male (KORM) and 

Korean female (KORF). When the mandibular data permitted [26], a maximum of nine 

measurements were entered manually into (hu)MANid for each of the 114 individuals in the 

sample. (hu)MANid does not specify whether the left- or right-side measurement should be 

used for bilateral parameters however, the left-side measurement was chosen for consistency. 

If the left side measurement was not available, then the right side was used. The “more than 

two groups” option was chosen to compare the sample to the groups included in the dataset to 

replicate a real-life scenario in which limited background information from the individual is 

known. Multiple discriminant analysis (MDA) was selected as it has been demonstrated to 

produce, on average, accuracy rates 9.30% greater than linear discriminant function analysis 

(LDFA) [18]. Forward Wilks was used in this study, as according to the authors it produced an 

optimal performance when compared to other stepwise procedures [18]. Moreover, posterior 

probability (PP) was considered as a measure of the likelihood of an unknown individual 

belonging to a particular group [33]. To facilitate comparison to FORDISC3 [13] and to conform 

with the information provided by Elliott and Collard [23], PP values greater than 0.5 and 0.8 

were explored, separately, considering that a result below these thresholds is likely to be an 

incorrect classification [23]. In our study, in the first instance correct classification was 

considered to be WM (20c) or WF (20c) regardless of sex. Further analysis included correct 

classification for both population affinity and sex.

https://anthropologyapps.shinyapps.io/humanid/
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Data was analyzed by gathering the information about group membership obtained 

through the different classification strategies for each software. The number of correctly 

classified individuals was converted into group classification accuracy percentages. For 

example, the ancestral group classification was considered to be correct when the unknown 

individual was classified as European or White. Moreover, the incorrect ancestral group 

membership percentages were also calculated to further explore the different geographical 

groups in which the Spanish individuals were allocated to. This was recorded to understand any 

possible relationship between the reference and target samples. Finally, when the methods 

allowed for sex-specific population affinity estimation, as in (hu)MANid, both correct 

population affinity and sex estimation were also recorded. 

3. Results

The descriptive statistics for the cranial and mandibular measurements and the mandibular 

angle employed in this research [26] can be found in supplementary material.

3.1. AncesTrees

Out of the 114 individuals in the sample, a total of 110 individuals had the required 

measurements to use AncesTrees. The classification rates obtained through tournamentForest 

for trials 1 to 3 are presented in Table 2. Disregarding group membership value, the correct 

classification rates for trials 1 to 3 were 50.91% (Southwestern Europe), 82.73% (Europe), and 

79.07% (Europe), respectively. After the individuals whose group membership value was less 

than 0.80 were discarded, the correct classification rates achieved in trials 1 to 3 were 54.65% 

(trial 1), 86.05% (trial 2), 82.61% (trial 3). The most common classifications, other than 

Southwestern Europe and Europe, included Northern and Central Europe and Northeast Africa 

(Table 2).
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Table 2. Classification rates for tournamentForest-AncesTrees: Trial 1-Trial 3.

% Classification (n/N)Trial # Estimated Population 
Affinity No group membership values Group membership values ≥ 0.8

Northern Asia & Arctic  0 (0/110)  0 (0/86)

North America  0.91 (1/110) 0 (0/86)

South America  2.73 (3/110)  2.33 (2/86)

Northern & Central 
Europe 

31.82 (35/110) 31.40 (27/86)

Southwestern Europe 50.91 (56/110) 54.65 (47/86)
Northeast Africa  5.45 (6/110) 6.98 (6/86)

Sub-Saharan Africa 1.82 (2/110)  1.16 (1/86)

South Asia 1.82 (2/110) 1.16 (1/86)

East Asia  0.91 (1/110) 0 (0/86)
Southeast Asia  0.91 (1/110) 1.16 (1/86)

Polynesia 1.82 (2/110) 0 (0/86)

TRIAL #1: 12-way 
random forest 
(12 ancestral 
groups)

Australia & Melanesia  0.91 (1/110) 1.16 (1/86)

Northern Asia & Arctic 0 (0/110) 0 (0/86)
North & South America 3.64 (4/110) 2.33 (2/86)
Europe 82.73 (91/110) 86.05 (74/86)
Northeast Africa 5.45 (6/110) 6.98 (6/86)
Sub-Saharan Africa 1.82 (2/110) 1.16 (1/86)
South Asia 1.82 (2/110) 1.16 (1/86)
East & Southeast Asia 1.82 (2/110) 1.16 (1/86)
Polynesia 1.82 (2/110) 0 (0/86)

Trial #2: 9-way 
random forest (9 
ancestral groups)

Australia & Melanesia 0.91 (1/110) 1.16 (1/86)
Northern Asia & Arctic 0 (0/110) 0 (0/92)
North & South America 0 (0/110) 0 (0/92)

Europe 79.09 (87/110) 82.61 (76/92)
Northeast Africa 12.73 (14/110) 10.87 (10/92)
Sub-Saharan Africa 1.82 (2/110) 1.09 (1/92)
South Asia 2.73 (3/110) 3.26 (3/92)
East & Southeast Asia 0.91 (1/110) 0 (0/92)
Polynesia 1.82 (2/110) 2.17 (2/92)

Trial #3: 9-way 
random forest (9 
ancestral groups)

Australia & Melanesia 0.91 (1/110) 0 (0/92)
In bold = Correct estimated group
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To explore the accuracy rates differences between males and females, correct classification 

percentages were calculated for each sex separately (Figure 1). The results are evaluated both 

considering no membership value as well as accounting for the 0.80 threshold. For trials 1 and 

2, 65.31-70.00% and 85.71-87.50% of males were correctly classified as Southwestern European 

and European, respectively. For their female counterparts, 40.98-41.30% and 80.33-84.87% of 

females were correctly classified as Southwestern European and European, respectively. The 

correct classification rates obtained for males through trial 3 ranged from 83.67% to 88.10%, 

whereas for females it ranged between 75.41% and 78.00%.

0
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80

90

100

Trial 1 Trial 2 Trial 3

Males (All GMV) Males (GMV ≥ 0.8) Females (All GMV) Females (GMV ≥ 0.8)

AncesTrees Trial and Threshold

Ac
cu

ra
cy

Figure 1. Accuracy rates of males and females using tournamentForest for AncesTrees trials 1-3 

(GMV=group membership value).

Table 3 summarizes the ancestralForest classification rates. When group membership 

values were not considered, the correct classification rates for trials 4 and 5 were 34.55% 

(Europe) and 70% (Southwestern Europe), respectively. Employing a group membership value 

threshold greater than or equal to 0.80 resulted in the correct classification rate for trial 4 to 

drop to 0.00%, whereas it increased to 100% for trial 5. Other than the Southwestern European 
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and European target groups, individuals were most commonly classified as Northeast Africa, 

Northern and Central Europe, Northern Asia and Artic, and North and South America (Table 3) 

For simplicity, the classification rates of the remaining population groups for trial 4 have been 

combined. 

Table 3. Classification rates for ancestralForest-AncesTrees: Trial 4 and Trial 5.

% Classification (n/N)Trial # Estimated Population Affinity
No group 

membership values 
Group 

membership 
values ≥ 0.8

Northern Asia & Arctic 18.18 (20/110) 0 (0/0)
North & South America 16.36 (18/110) 0 (0/0)
Europe 34.55 (38/110) 0 (0/0)

Northeast Africa 15.45 (17/110) 0 (0/0)

Trial #4: 9-way 
random forest (9 
ancestral groups)

Remaining groups 16.36 (18/110) 0 (0/0)
Northern & Central Europe 19.09 (21/110) 0 (0/27)
Southwestern Europe 70 (77/110) 100 (27/27)
Northeast Africa 10.91 (12/110) 0 (0/27)

Trial #5: 12-way 
random forest (4 
ancestral groups)

Sub-Saharan Africa 0 (0/110) 0 (0/27)
In bold = Correct estimated group

Regarding sex classification rates differences with no membership value and with 0.80 

membership threshold, male correct classification rates ranged from 0.00% to 30.78% (trial 4) 

and from 79.59% to 100% (trial 5), while for females the rates ranged between 0.00% and 

31.15% (trial 4) and 63.93% and 100.00% (trial 5) (Figure 2).
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Figure 2. Accuracy rates of males and females using ancestralForest for AncesTrees trials 4 & 5 

(GMV=group membership value).

3.2. (hu)MANid

Overall, out of the 114 individuals in the sample, a total of 107 individuals had the required 

measurements to use the (hu)MANid program. 

Individuals with a PP of less than 0.50 were excluded, leaving 51 individuals for analysis. The 

two thresholds for PP (0.50 and 0.80) were applied and the data was analyzed first without 

taking into consideration correct sex estimation (Table 4). The results demonstrate that 70.59% 

of the sample was correctly classified as either WM (20c) or WF (20c) with a PP of 0.50 or more. 

After individuals with a PP less than 0.80 were excluded, five individuals remained. Regardless 

of sex, 80% were correctly classified as either WM (20c) or WF (20c). For simplicity, only the 

four population groups with the highest classification percentages are displayed in Table 4. The 

remaining groups have been combined.
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Table 4. Classification rates for (hu)MANid, regardless of sex (posterior probability ≥ 0.5 and ≥ 

0.8).

% Classification (n/N)Estimated Population 
Affinity Posterior Probability 

≥ 0.50
Posterior Probability 

≥ 0.8

CAMM or CAMF 7.84 (4/51) 0 (0/5)

GUATM or GUATF 5.88 (3/51) 0 (0/5)

KORM or KORF 11.76 (6/51) 20 (1/5)

WM (20c) or WF (20c) 70.59 (36/51) 80 (4/5)

Remaining groups 3.92 (2/51) 0 (0/0)

 In bold = Correct estimated group

Table 5 presents a summary of the classification rates for the combination of accuracies for 

both population affinity and sex estimations. When sex was included in the assessment with a 

PP greater than 0.50, 62.75% were correctly estimated for both population affinity and sex, 

5.88% were correctly classified for population affinity but not for sex, and 27.45% were 

correctly classified for sex but not for population affinity. When the PP threshold was increased 

to 0.80, 80.00% were correctly classified for both population affinity and sex, none were 

correctly classified for population affinity but not for sex, and 20% were correctly classified for 

sex but not for population affinity.

Table 5. Classification rates for (hu)MANid, including both population affinity and sex 

(posterior probability ≥ 0.5 and ≥ 0.8).

% Classification (n/N)Classification
Posterior Probability ≥ 0.50 Posterior Probability ≥ 0.8

Correct population affinity, correct sex 62.75 (32/51) 80 (4/5)

4. Discussion

In the identification process, several pieces of information are needed to narrow down the 

identity of the unknown individual. Among them, population affinity estimation entails a 
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challenge due to aspects such as population sample under-representation, oversimplistic 

geographical classification groups or the lack of statistical analysis, among others [35, 36]. 

Instead of abandoning the practice, it has been suggested that the estimation of population 

affinity should be fully revised as it is still valuable in forensic investigations [5]. Thus, methods 

are being developed to improve some of the aforementioned issues, with emphasis placed on 

statistical analysis through the application of new mathematical approaches both for 

morphoscopic and metric assessments [17, 37]. To ensure that method reliability is preserved, 

validation studies must be conducted on the existing methods using different target samples. 

To date, only two other validation studies have been conducted using AncesTrees [17, 21], and 

three performed on testing (hu)MANid [18, 38, 39]. The present research revises the reliability 

of both software tools on a Spanish contemporary sample with our results indicating a wide 

range of classification accuracy rates depending on the model and the software used. Overall, 

correct classification rates increased as group membership value and posterior probability 

thresholds increased (except for AncesTrees trial 4); however, the reduced sample size for this 

analysis must be taken into consideration throughout the interpretation and discussion of the 

outcome (Figure 3).
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Figure 3. Comparison of accuracy rates achieved by AncesTrees and (hu)MANid (GMV=group 

membership value; PP=posterior probabilities).

Regarding our results, if prior information is not available, AncesTrees tournamentForest 

produced accuracy rates approximately 30% higher in trial 2 than in trial 1 (Table 2). It appears 

that the selection of 9 target groups instead of 12 seems to increase the accuracy rates, in 

accordance with other authors [17]. Trial 3 produced similar results as trial 2, suggesting that 

increasing the number of trees did not have a dramatic impact on the outcome. Fernandes et 

al. [21] applied the same settings to estimate population affinity on a Brazilian sample obtaining 

accuracy rates higher for the European-Brazilian individuals than the ones reported for the 

Spanish sample. Furthermore, Navega et al. [17] conducted two random forest trials on 

Portuguese and African individuals including 6 and 2 ancestral groups, respectively, with correct 

classification ranging from 80% to 94%. In a study on population affinity estimation for 

Southern European populations, tibia osteometric parameters suggested differences between 

Portuguese and Spanish individuals when direct comparisons were performed separately on 

males and females [40]. Moreover, Spanish individuals showed the lowest overall classification 
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rates followed by the Portuguese and Italian samples, possibly indicating some degree of 

overlapping for these populations. Our accuracy rates are slightly lower than those reported by 

Navega et al. [17], but higher when compared to Kranioti et al. [40]. These results might 

indicate that using AncesTrees for population affinity estimation of Spanish individuals allows 

for a higher classification than the tibial multinomial logistic regression formulae, although 

straight forward comparisons might be done with caution as the reference groups selected are 

less specific in the online tool (e.g., Europe or Southern Europe). Moreover, the degree of 

overlap due to biological affinity between the Southern samples will imply an intrinsic lower 

discrimination power. 

The next set of classification involves ancestralForest for which the skull will be allocated 

based on the highest likelihood to one of the available selected groups [21]. The lowest 

classification accuracy was produced by trial 4 in which 34.55% of individuals were correctly 

classified as European, with none being correctly allocated with more than 0.80 group 

membership value. Conversely, 70.00-100.00% of individuals were correctly classified as 

Southwestern European in trial 5 when only European and African populations were pre-

selected. Comparing the Spanish sample to the European-Brazilian sample [21], our 

classification accuracies are lower for trial 4 and similar for trial 5. The reasons behind the 

discrepancies and similarities between studies performed applying AncesTrees on similar 

Southern European populations and other geographically distinct samples might be related to 

gene flow, migratory forces, climate and admixture, among others [41]. Moreover, additional 

methodological issues such as sample size, classification strategies or individuals self-reported 

ancestral groups should be considered when interpreting the outcomes [17, 21, 40].

Overall, the accuracy rates achieved using AncesTrees in the present study are higher than 

those reported on an archaeological Spanish sample using FORDISC2 [22]. In this study, the 

archaeological sample was reported to be similar to the Howells’ Egyptian series [27, 31, 32]. In 

711 A.D., after the Umayyad had conquered the levant and reached Northeast Africa, the 

Islamic forces then occupied Spain for several hundred years [42, 43]. As a result, the similarity 

between the 16th-17th century Spanish sample and the Egyptian series may have been the 

product of a biological affinity to the Umayyad people [22, 44]. The Egyptian series is included 
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in the reference sample for AncesTrees and a percentage of individuals was allocated to the 

North East African group for most of our classification models (Table 2 and 3). Furthermore, the 

second membership group in the ranking was Northern and Central Europe, in accordance with 

Ubelaker et al. [22]. This could indicate the potential biological affinity reflecting the settlement 

patterns and various population influxes, such as the Romanization and Germanic invasions 

occurring in the Iberian Peninsula since approximately 800 B.C [43]. Moreover, some individuals 

(2.7-16%) were classified through the different models as North and South American (either 

separated or in combination) maybe reflecting the population influx between Spain and Latin 

America that started in the 15th century [45].

In relation to the power of group discrimination of the mandible in our sample, (hu)MANid 

correctly classified 70-80% of the sample as white, while 62.75- 80% of individuals were 

correctly estimated for both population affinity and sex (Table 4). These results are comparable 

and slightly higher to those achieved by Berg and Kenyhercz [18]. When compared to the 

accuracy rates achieved by Ubelaker et al. [22] using FORDISC2, those for (hu)MANid are higher 

when the PP is accounted for in the assessment, although sample size differences need to be 

acknowledged. One previous validation study using (hu)MANid on sub-adult individuals 

reported both correct population affinity and sex estimation rates between 18.37% and 44.83% 

[38], but comparisons might be made with caution due to the nature of the sample.  

Furthermore, the white origin group not only obtained the highest accuracy but also was more 

often selected than any other ancestral groups, suggesting the possibility of relatively smaller 

mandibles for this population in comparison with the other reference samples [38]. Regarding 

the classification groups obtained through our analysis, Korean, Cambodian and Guatemalan 

populations were next in the ranking of allocated percentages. 

Apart from the aforementioned issues affecting the population allocation outcome in this 

study, sex is an intrinsic factor to further consider. Although sexual dimorphism is not as 

pronounced in humans as it is in other primates, skeletal differences exist between the sexes 

[46]. A study using a geometric-morphometric approach demonstrated that size differences did 

not have a significant effect on craniofacial shape, although sex differences accounting for size 

did [47]. Size differences between males and females have been reported on the Spanish 
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population for cranial, dental and postcranial elements [48-50]. Our results using the two online 

methods demonstrate an overall higher accuracy rate for males than for females, perhaps 

accounting for the sexual dimorphic differences. The nature of the data does not allow for more 

inferences, thus, future research using approaches such as geometric-morphometric as well as 

considering other variables such as mobility or family history will provide further insights.  

Concerning practical aspects of the software online tools tested, the data entry process is 

straightforward, but very time-consuming for both AncesTrees [17] and (hu)MANid [18], as 

each parameter for each individual must be entered into the software one-by-one. AncesTrees 

provides a validation tab, which alerts the user when one or more of the inputted variables 

appears too high or low, helping the user to avoid incorrect data input. In relation to the output 

produced by each software, the (hu)MANid website provides an explanation of the PP and 

other statistical outputs assisting the user to understand the reliability of the classifications that 

the program produces. Including a similar section on the AncesTrees website would help in the 

interpretation of the significance of the results obtained. Understanding the statistical 

approach behind each technique is important as both software applications will force a 

classification into the most similar reference population in its database, even if the target 

parameters are not that similar to the reference sample [22].

5. Conclusion

Considering the importance of population affinity estimation in the identification process, it 

is critical that accurate and reliable methods are being employed. Moreover, requirements set 

up by Daubert [51] and the SWGANTH [52] call for a revision of current methodologies. 

The purpose of this research was to explore the accuracy rates of two population affinity 

estimation software when applied to a modern Spanish sample. Our results suggest that if both 

the cranium and the mandible are available, the assessment should be undertaken using the 

cranium because overall it produced higher accuracy rates than the mandible alone. In a 

situation where the mandible is the only element available, PP should be considered to ensure 

accurate outcomes. Furthermore, the user might take into account the skeletal element under 

analysis, the model selected as well as the reference samples as those will have an impact on 
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group allocation [21]. Accounting for the different statistical approaches used by each software, 

group membership likelihood and PP remains crucial for the interpretation of the results.  

Future research on population affinity should focus on including underrepresented 

populations because it can potentially improve and refine the classification accuracies. 

Furthermore, efforts should be made to be more consistent in the terminology used to describe 

biogeographic origin and to further understand population structure as well as the potential 

underlying factors influencing human variation.
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Appendix A: Supplementary Material
Descriptive statistics of skull measurements (adapted from Del Río Muñoz [26]).

Measurement Abbreviation n Minimum
(mm)

Maximum
(mm)

Mean
(mm)

Standard 
Deviation

Glabello-
occipital length

GOL 108 162 199 178.82 7.679

Nasion-occipital 
length

NOL 107 160 196 176.83 7.256

Basion-nasion 
length

BNL 105 84 107 96.66 5.284

Basion-bregma 
height

BBH 106 113 145 129.00 6.275

Maximum 
cranial breadth

XCB 107 124 159 135.70 6.050

Maximum 
frontal breadth

XFB 104 102 130 115.58 5.969

Bizygomatic 
breadth

ZYB 100 108 139 122.74 6.511

Biauricular 
breadth

AUB 109 103 128 115.33 5.443

Biasterion 
breadth

ASB 107 95 121 107.21 5.905

Basion-
prosthion 
length

BPL 99 71 101 88.60 6.222

Upper facial 
height

NPH 47 61 94 68.81 5.833

Nasal height NLH 100 44 60 50.90 3.702
Bijugal breadth JUB 101 93 117 105.69 5.390
Nasal breadth NLB 96 19 27 22.98 2.016
Maxillo-alveolar 
breadth

MAB 98 43 73 54.28 5.173

Orbital height 
(left)

OBH 104 30 41 34.20 2.110

Orbital height 
(right)

OBH2 102 30 42 34.27 2.212

Orbital breadth 
(left)

OBB 103 33 44 37.67 2.074

Orbital breadth 
(right)

OBB2 101 33 45 37.87 2.086

Interorbital 
breadth

DKB 102 15 26 20.11 1.985
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Bizygomaxillaire
Anterior 
breadth

ZMB 99 72 99 84.36 5.224

Zygomaxillary 
subtense

SSS 94 17 30 22.90 2.648

Bifrontal 
breadth

FMB 104 82 102 92.71 4.285

Naso-frontal 
subtense

NAS 104 10 25 17.86 2.579

Biorbital 
breadth

EKB 101 83 101 92.96 4.012

Maximum 
cheek height

WHM 102 15 25 20.55 2.424

Frontal chord FRC 108 98 123 109.14 5.505
Frontal 
subtense

FRS 107 21 33 26.28 2.289

Parietal chord PAC 109 92 130 11.27 6.890
Parietal 
subtense

PAS 108 16 31 22.91 3.300

Occipital chord OCC 108 81 109 94.43 5.001
Occipital 
subtense

OCS 107 21 47 29.62 4.152

Symphyseal 
height

GNI 53 24 41 30.85 3.754

Mandibular 
body height 
(left)

HML 104 8 36 25.72 5.562

Mandibular 
body height 
(right)

HML2 103 8 38 25.80 5.890

Mandibular 
body breadth 
(left)

TML 104 8 14 10.68 1.402

Mandibular 
body breadth 
(right)

TML2 105 8 14 10.74 1.373

Bigonial 
breadth

GOG 98 75 111 95.02 7.411

Bicondylar 
breadth

CDL 91 101 132 113.60 5.859

Maximum 
ramal breadth 
(left)

WRL 105 21 35 28.90 3.110
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Maximum 
ramal breadth 
(right)

WRL2 100 21 36 29.15 3.205

Maximum 
ramal height

XRL 105 46 72 59.33 5.381

Mandibular 
length

MLT 106 57 84 70.84 5.498

Descriptive statistics of skull angle (adapted from Del Río Muñoz [26]).
Angle Abbreviation n Minimum 

(°)
Maximum
(°)

Mean
(°)

Standard 
Deviation

Mandibular 
angle

MAN 106 108 148 125.04 7.533
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Figure 1. Accuracy rates of males and females using tournamentForest for AncesTrees trials 1-3 

(GMV=group membership value).
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Figure 2. Accuracy rates of males and females using ancestralForest for AncesTrees trials 4 & 5 

(GMV=group membership value).

0

10

20

30

40

50

60

70

80

90

100

AncesTrees 1 AncesTrees 2 AncesTrees 3 AncesTrees 4 AncesTrees 5 (hu)MANid

All GMV GMV ≥ 0.8 PP ≥ 0.50 PP ≥ 0.80

Model and Threshold Used

Ac
cu

ra
cy

 (%
)



30

Figure 3. Comparison of accuracy rates achieved by AncesTrees and (hu)MANid (GMV=group 

membership value; PP=posterior probabilities).

Tables

Table 1. AncesTrees model parameters for trials 4 and 5.

Trial # 4 5

Algorithm ancestralForest ancestralForest

Biogeographic Ancestry Coding Clustered, 9 
clusters

Clustered, 12 
clusters

Number of Trees 512 512

Number of Sub-forests 32 32

Bootstrap Fraction 63.2% 63.2%

Balanced Bootstrap Yes Yes

Bootstrap with Replacement No No

Pseudo-random Number 
Generator Seed

1989 1989

Parallel Computing Yes Yes

* All available ancestries selected.
** Northern & Central Europe, Southwestern Europe, Northeast Africa, Sub-Saharan 
Africa selected.
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Table 2. Classification rates for tournamentForest-AncesTrees: Trial 1-Trial 3.

% Classification (n/N)Trial # Estimated Population 
Affinity No group membership values Group membership values ≥ 0.8

Northern Asia & Arctic  0 (0/110)  0 (0/86)

North America  0.91 (1/110) 0 (0/86)

South America  2.73 (3/110)  2.33 (2/86)

Northern & Central 
Europe 

31.82 (35/110) 31.40 (27/86)

Southwestern Europe 50.91 (56/110) 54.65 (47/86)
Northeast Africa  5.45 (6/110) 6.98 (6/86)

Sub-Saharan Africa 1.82 (2/110)  1.16 (1/86)

South Asia 1.82 (2/110) 1.16 (1/86)

East Asia  0.91 (1/110) 0 (0/86)
Southeast Asia  0.91 (1/110) 1.16 (1/86)

Polynesia 1.82 (2/110) 0 (0/86)

TRIAL #1: 12-way 
random forest 
(12 ancestral 
groups)

Australia & Melanesia  0.91 (1/110) 1.16 (1/86)

Northern Asia & Arctic 0 (0/110) 0 (0/86)
North & South America 3.64 (4/110) 2.33 (2/86)
Europe 82.73 (91/110) 86.05 (74/86)
Northeast Africa 5.45 (6/110) 6.98 (6/86)
Sub-Saharan Africa 1.82 (2/110) 1.16 (1/86)
South Asia 1.82 (2/110) 1.16 (1/86)
East & Southeast Asia 1.82 (2/110) 1.16 (1/86)
Polynesia 1.82 (2/110) 0 (0/86)

Trial #2: 9-way 
random forest (9 
ancestral groups)

Australia & Melanesia 0.91 (1/110) 1.16 (1/86)
Northern Asia & Arctic 0 (0/110) 0 (0/92)
North & South America 0 (0/110) 0 (0/92)

Europe 79.09 (87/110) 82.61 (76/92)
Northeast Africa 12.73 (14/110) 10.87 (10/92)
Sub-Saharan Africa 1.82 (2/110) 1.09 (1/92)
South Asia 2.73 (3/110) 3.26 (3/92)
East & Southeast Asia 0.91 (1/110) 0 (0/92)
Polynesia 1.82 (2/110) 2.17 (2/92)

Trial #3: 9-way 
random forest (9 
ancestral groups)

Australia & Melanesia 0.91 (1/110) 0 (0/92)
In bold = Correct estimated group
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Table 3. Classification rates for ancestralForest-AncesTrees: Trial 4 and Trial 5.

% Classification (n/N)Trial # Estimated Population Affinity
No group 

membership values 
Group 

membership 
values ≥ 0.8

Northern Asia & Arctic 18.18 (20/110) 0 (0/0)
North & South America 16.36 (18/110) 0 (0/0)
Europe 34.55 (38/110) 0 (0/0)

Northeast Africa 15.45 (17/110) 0 (0/0)

Trial #4: 9-way 
random forest (9 
ancestral groups)

Remaining groups 16.36 (18/110) 0 (0/0)
Northern & Central Europe 19.09 (21/110) 0 (0/27)
Southwestern Europe 70 (77/110) 100 (27/27)
Northeast Africa 10.91 (12/110) 0 (0/27)

Trial #5: 12-way 
random forest (4 
ancestral groups)

Sub-Saharan Africa 0 (0/110) 0 (0/27)
In bold = Correct estimated group

Table 4. Classification rates for (hu)MANid, regardless of sex (posterior probability ≥ 0.5 and ≥ 

0.8).

% Classification (n/N)Estimated Population 
Affinity Posterior Probability 

≥ 0.50
Posterior Probability 

≥ 0.8

CAMM or CAMF 7.84 (4/51) 0 (0/5)

GUATM or GUATF 5.88 (3/51) 0 (0/5)

KORM or KORF 11.76 (6/51) 20 (1/5)

WM (20c) or WF (20c) 70.59 (36/51) 80 (4/5)

Remaining groups 3.92 (2/51) 0 (0/0)

 In bold = Correct estimated group
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Table 5. Classification rates for (hu)MANid, including both population affinity and sex 

(posterior probability ≥ 0.5 and ≥ 0.8).

% Classification (n/N)Classification
Posterior Probability ≥ 0.50 Posterior Probability ≥ 0.8

Correct population affinity, correct sex 62.75 (32/51) 80 (4/5)


