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Machine learning is a formidable tool for pattern recognition in large datasets. We developed and expanded
on these methods, applying machine learning pattern recognition to a problem in paleoanthropology
and evolution. For decades, paleontologists have used the chimpanzee as a model for the chimpanzee-
human last common ancestor (LCA) because they are our closest living primate relative. Using a large
sample of extant and extinct primates, we tested the hypothesis that machine learning methods can
accurately classify extant apes based on dental data. We then used this classification tool to observe
the affinities between extant apes and Miocene hominoids. We assessed the discrimination accuracy of
supervised learning algorithms when tasked with the classification of extant apes (n=175), using three
types of data from the postcanine dentition: linear, 2-dimensional, and the morphological output of two
genetic patterning mechanisms that are independent of body size: molar module component (MMC) and
premolar-molar module (PMM) ratios. We next used the trained algorithms to classify a sample of fossil
hominoids (n=95), treated as unknowns. Machine learning classifies extant apes with greater than 92%
accuracy with linear and 2-dimensional dental measurements, and greater than 60% accuracy with the
MMC and PMM ratios. Miocene hominoids are morphologically most similar in dental size and shape
to extant chimpanzees. However, relative dental proportions of Miocene hominoids are more similar to
extant gorillas and follow a strong trajectory through evolutionary time. Machine learning is a powerful
tool that can discriminate between the dentitions of extant apes with high accuracy and quantitatively
compare fossil and extant morphology. Beyond detailing applications of machine learning to vertebrate
paleontology, our study highlights the impact of phenotypes of interest and the importance of compara-
tive samples in paleontological studies.
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INTRODUCTION

Paleontology is an important approach to the study
of vertebrate evolution that enables quantitative and
qualitative morphological comparisons between fossil
and extant taxa (e.g., Szalay and Delson 1979, Patterson
1981, Hartwig 2002). Over the last several decades,
machine learning has become an increasingly fine-tuned
approach to pattern detection and classification (Brown
et al. 2000, Bishop 2006, Kotsiantis 2007, Michalski
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et al. 2013, Alpaydin 2014, Torkzaban et al. 2015). In
contrast to automated classification methods, machine
learning relies on the ability of the model to ‘learn’, im-
proving classification and generalization via quantitative
repetition and adjustment through a training process
(Shalev-Shwartz and Ben-David 2014). Within the bio-
logical sciences, these techniques have been applied to
questions in cancer research (Shipp etal. 2002, Wang et
al. 2005, Belekar et al. 2015), cognitive sciences (Patel at
el. 2015, Weakley et al. 2015, Caliskan et al. 2016, Mohan
etal. 2016), informatics (Vervier etal. 2015), and animal
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call recognition (Acevedo etal. 2009, Armitage and Ober
2010, Skowronski and Harris 2016), to name a few (see
also MacLeod 2007). Application of these methods to
paleoanthropology is an ideal extension of the approach
because machine learning provides three advantages: 1,
allows the use of continuous data; 2, does not assume
trait independence; and 3, reduces human bias.

One of the major drawbacks of character coding meth-
ods is that continuous data are rarely used without classi-
fication of the trait into discrete categories, reducing both
the power of the method and the biological information
of the phenotype (Mishler 1994, Lee and Bryant 1999).
A classic example in paleontology is the subjective clas-
sification of continuous traits into categories like small,
medium, and large (e.g., Ross etal. 1998). Machine learn-
ing eliminates this drawback by allowing the inclusion
of continuous data in the analyses. Other methods often
also require the assumption of independence between
traits, an assumption that has been shown to be false
with many phenotypes, particularly traits of the denti-
tion, which have been shown to be highly correlated
with other dental phenotypes as well as with skeletal
phenotypes like body size (e.g., Hlusko 2004, Hlusko et
al. 2006, Hlusko 2016, Monson et al. [in press]). In con-
trast, machine learning does not have any assumptions of
trait independence in the methods, it can process highly
multivariate data, and it has strong generalizing capa-
bilities (e.g., Schmidhuber 2015). Additionally, machine
learning reduces human bias by allowing for objective
classification of taxa independent of a priori taxonomic
assumptions or grouping aside from the training data
used in the supervised learning stage of the analysis.

Given how contentious the research debates around
the evolution and taxonomy of many clades can be, the
proven efficacy of human-free machine learning can pro-
vide new insight to paleoanthropology. Machine learning
and supervised learning methods have been applied to a
series of paleontological questions, including analysis of
Quaternary fossil pollen (Punyasena et al. 2012), land-
mark utility in classification analyses (Garriga etal. 2008,
van Bocxlaer and Schultheifs 2010), taphonomic (Arriaza
and Dominguez-Rodrigo 2016, Dominguez-Rodrigo and
Baquedano 2018) and taxonomic studies (Polly and Head
2004). Our work is novel in using a large sample of extant
and fossils individuals to test evolutionary questions of
morphological similarity in the charismatic Superfam-
ily Hominoidea using machine learning methods that
rely on replication and training to increase generalizing
capabilities.

We applied machine learning to the problem of selecting

an appropriate extant homologue for interpretation of
fossil dental morphology. Despite decades of paleon-
tological excavation, the origin of the hominid lineage
(Family Hominidae, defined as all taxa on the human
clade since the split from the chimpanzee clade [White et
al. 2015]) remains a central and intriguing question. We
have limited knowledge about the morphology of these
early hominoids, as there are no known fossils of the
chimpanzee-human last common ancestor (LCA), very
few early fossils on the human side, and none older than
the middle Pleistocene for the chimpanzee (McBrearty
and Jablonski 2005, Wood and Harrison 2011). Likewise,
the dental morphologies of currently known hominoids
do not align with the expectations of ancestral state
reconstruction (Gomez-Robles et al. 2013). As such, our
knowledge of the LCA relies on what can be inferred
from the limited fossil evidence, the Miocene possible
ancestors, and the evolutionarily distant descendants.
Chimpanzees (Pan Oken, 1815) have long been used as
a stand-in for the LCA because they are our closestliving
relative (Goodman 1999). However, with the discovery
of Ardipithecus White et al., 1995, the applicability of the
chimpanzee as an analogue for the LCA was seriously
questioned (Suwa et al. 2009, White et al. 1994, 2009).
This extinct genus, the best known of the earliest on the
hominid lineage, has been recovered from sediments
6-4.4 million years in age (White etal. 2015). This taxon
bears harbingers of an ancestor that lacked chimpanzee
features such as knuckle-walking and tall, highly sexu-
ally dimorphic canines—strongly indicating that the LCA
was distinct from both humans and chimpanzees (White
et al. 2015). Despite this finding however, the certainty
of Ardipithecus-derived insight to the LCA remains con-
troversial (Wood and Harrison 2011). Discovery of the
fossil remains of the LCA will be the ultimate means to
elucidate its morphology, but in the meantime we bring
to bear a significant advance in analytical approach.
We assessed the discrimination accuracy of three
supervised learning algorithms when tasked with the
classification of extant apes (n=175) using three types
of data from the postcanine dentition (mandibular
fourth premolar through third molar): linear (tooth
crown mesiodistal length); 2-dimensional (tooth crown
area: mesiodistal length x buccolingual width); and the
morphological output of genetic patterning mechanisms
(molar module component, MMC, and premolar-molar
module, PMM; Hlusko et al. 2016). We next used the
trained algorithms to classify a sample of fossil speci-
mens, treated as unknowns (n=95). Using this large
sample of extant and fossil data, we tested the hypothesis
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that machine learning methods can accurately classify
extant apes based on dental data. We then used this
classification method to explore the affinities between
dentitions of Miocene hominoid fossils and living apes.

MATERIALS AND METHODS

Materials

Our sample consists of dental data (dental length, den-
tal area, and MMC and PMM ratios [Hlusko et al. 2016])
from four genera of extant primates (Hominoidea n=175;
Table 1), as well as data from 13 fossil genera (Hominoi-
dea n=95; Table 2). All mandibular postcanine dental
lengths were included in the study, with the exception
of the mandibular third premolar, which is highly sexu-
ally dimorphic due to the role it plays in sharpening the
canines (Greenfield 1992). We used mesiodistal length
for tooth length and mesiodistal length by buccolingual

Table 1. Extant sample size, by species. All data are from Suwa
etal, (2009) and references therein except for the sample of
Homo sapiens, which was measured by T.A.M.

Genus Species Sample Size  Repository

Gorilla gorilla 41 CMNH

Homo sapiens 42 PAHMA

Pan paniscus 30 MRAC

P. troglodytes 54 CMNH

Pongo pygmaeus 8 CMNH
TOTAL 175

width for dental area. In addition to the traditional linear
metrics of dental length and area, we calculated MMC and
PMM, two newly-defined ratios that reflect the output of
two genetic mechanisms patterning tooth size variation
in the primate postcanine dentition (Hlusko etal. 2016).
MMC is calculated as the mesiodistal length of the third
molar divided by the mesiodistal length of the first molar
and is likely related to the inhibitory cascade defined in
murine dentition (Kavanagh et al. 2007), and PMM is
calculated as the mesiodistal length of the second molar
divided by the mesiodistal length of the fourth premolar
(Hlusko et al. 2016).

[t is increasingly becoming evident that pleiotropic
effects confound discrimination of fossil and extant taxa
(Hlusko 2004, 2016, Hlusko et al. 2016, Ungar 2017).
Whereas linear metrics of tooth size have shared genetic

(pleiotropic) effects with body size (Hlusko et al. 2006),
MMC and PMM do not (Hlusko etal. 2016). The MMC and
PMM phenotypes were originally defined by Hlusko et al.
(2016) and validated using quantitative genetic analyses
in extant primates. Because both dental area and the
MMC and PMM ratios rely on calculations of length, all
three dental data sets were analyzed separately to avoid
replication of measurements.

The extant hominoid data include modern humans
(Homo sapiens Linnaeus, 1758), gorillas (Gorilla gorilla
Savage and Wymann, 1847), both species of chimpanzee
(Pan troglodytes Elliot, 1913 and Pan paniscus Schwarz,
1929) and orangutans (Pongo pygmaeus Hoppius, 1763).
The humans were measured by T.A.M. at the Phoebe A.
Hearst Museum of Anthropology in Berkeley, CA, accord-
ing to standardized protocols (see Grieco etal. 2013). All
other extant data were derived from Suwa et al. (2009)
and references therein. Gorillas differ from chimpanzees
and orangutans in having skeletal and dental adaptations
to a predominantly folivorous diet, many of which have
effects on the size and shape of the postcanine dentition
(e.g., Kay 1985). Gorillas, chimpanzees, and orangutans
also differ in the relative proportions of their postcanine
dentitions (size of the third molar relative to the second
molar, relative to the first molar; Hlusko et al. 2016).

The fossil data were compiled via comprehensive lit-
erature review and through collaboration with G. Suwa
and T. White (personal communication). All fossil data
compiled from the literature are dental metrics taken
from original specimens (unless otherwise noted in
original text) according to standardized protocols (e.g.,
White 1977). We recognize that these data were collected
by many different researchers across many different
projects, and as such, some variation in method could
affect the results of this study. However, dental metrics
are a highly standardized and well-practiced method of
data collection (e.g., Swindler 1976,2002, Hillson 2005),
and we rely on the scientific consistency and accuracy in
reporting in all references used. The full list of references
from which fossil data were compiled, as well as speci-
men numbers, sample sizes, and geologic information,
is available in Table 2.

Dental data comprise the vast majority of all vertebrate
fossil material, and have been well-studied, with analyses
of tooth crown length and width linear data being cen-
tral to paleontological research for many decades (e.g.,
Swindler 1976, Wood 1981, Ciochon and Holroyd 1992,
Bermudez de Castro et al. 2001, Hlusko et al. 2016). A
huge body of phenotypic and genotypic information
can be garnered from the study of teeth (Hillson 2005,
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Table 2. Fossil sample size, specimen numbers, and reference information.

Genus Species Specimen Nos.* Sample Epoch Reference Reference
Size (Geologic) (Data Source)
Afropithecus turkanensis KNM-WK 24300 1 early Harrison Rossie &
Miocene 2002 MacLatchy 2013
Ankarapithecus meteai MTA 2125 1 late Begun Begun & Giile¢
Miocene 2002 1998
Ardipithecus ramidus ARA-1/128 3 late White 2002 G. Suwa &
ARA-1/300 Miocene T.D. White
ARA-6/500 - early (unpublished)
Pliocene
Australopithecus afarensis AL 266-1 7 Pliocene White 2002 White et al.
AL 288-1i 2000, G. Suwa
AL 330-5 & T.D. White
AL 400-1a (unpublished)
AL 417-1a-b
LH-4
MAK-VP-1/12
A africanus STS-52b 5 Plio- White 2002 G. Suwa &
Stw-14 Pleistocene T.D. White
Stw-384 (unpublished)
Stw-404+407
Stw-498
A. anamensis KNM-KP 29281 2 Pliocene White 2002 Ward etal. 2001
KNM-KP 29286
A. bosei KNM-ER 729 3 Pleistocene =~ White 2002 Wood 1991
KNM-ER 3230
Peninj 1
A. garhi BOU-17/1 1 Plio- White 2002 G. Suwa &
Pleistocene T.D. White
(unpublished)
A. robustus SK-23 8 Pleistocene =~ White 2002 G. Suwa &
SK-34 T.D. White
SK-6+100 (unpublished)
SK-75+105+826a+843
+846a+SKW-14129a
SK-858+861+883
SK-876
SKW-5
TM-1517b
Griphopithecus alpani MTA 2253 1 early Begun Giile¢ & Begun
Miocene 2002 2003
Homo antecessor ATD6-96 1 Pleistocene Smith 2002  Carbonell et al.
2005
H. erectus KNM-ER 992 8 Pleistocene  Smith 2002 Arambourg &
ZH G1 Hoffstetter 1963,

Sangiran 1b
Sangiran 22
Thomas Quarry 1
Tighenif 1
Tighenif 2
Tighenif 3

Rightmire 1990,
Kaifu et al. 2005,
Weidenreich
1937, Wood
1991, Wood &
Van Noten 1986,
Walker & Leakey
1993
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Table 2 (continued). Fossil sample size, specimen numbers, and reference information.

5

Genus Species Specimen Nos.* Sample Epoch Reference Reference
Size (Geologic) (Data Source)
Homo habilis (sensu ~ KNM-ER 1802 4 Pleistocene  Smith 2002 G. Suwa &
lato) OH 13 T.D. White
OH 16 (unpublished)
Omo 75-14
H. heidelbergensis  Arago XIII 14 Pleistocene  Smith 2002 Bermudez de
AT-300 Castro 1993,
[ Gabunia & Vekua
1\Y% 1995, Howell
Mauer 1960, Martinon-
VI Torres et al.
XII 2012
XV
XVI
XVIII
XXII
XXIII
XXV
XXVII
H. neanderthalensis Amud mandible I 8 Pleistocene  Smith 2002 Quam et al.
Ehringsdorf Ehr F 2001, T.D. White
L Hortus V (unpublished)
LaQuina mandible
Spy 1
Spy II
Tabun II
VBI
H. sapiens Qafzeh 3 2 Pleistocene  Smith 2002 T.D. White
(Levant) Qafzeh 7 (unpublished)
Kenyapithecus africanus KNM-M] 5 2 middle Ward & Kelley et al.
KNM-TH 28860 Miocene Duren 2002 2002, Pickford
1985
Khoratpithecus piriyai RIN 765 1 late Chaimanee Chaimanee et al.
Miocene etal. 2004 2004
Limnopithecus legetet KNM-LG 1475 1 early Harrison Harrison 1981
Miocene 2002
Micropithecus clarki KNM-CA 380 1 early Harrison Harrison 1981
Miocene 2002
- middle
Miocene
Ouranopithecus macedoniensis ~ RPI-79 4 late Begun Koufos & de
RPI-84 Miocene 2002 Bonis 2006
RPI-88
RPI-89
Proconsul africanus CMH 102 2 early Harrison Le Gros Clark &
R 1948, 50 Miocene 2002 Leakey 1951
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Table 2 (continued). Fossil sample size, specimen numbers, and reference information.

Genus Species Specimen Nos.* Sar_nple Epoch Reference Reference
Size (Geologic)  (Data Source)

P heseloni KNM-RU 1674 4 early Harrison Pickford et al.
KNM-RU 1706 Miocene 2002 2009
KNM-RU 2087
KNM-RU 7290

P major KNM-LG 452 3 early Harrison Le Gros Clark
KNM-S0 396 Miocene 2002 & Leakey 1951,
BNMH-M 16648 Pickford et al.

2009

P nyanzae 1942 mandible 4 early Harrison Le Gros Clark
CMH 4 (KNM-RU 1676) Miocene 2002 1952, Le Gros
KNM-RU 1947 Clark & Leakey
R 1145.'50 1951, Pickford et

al. 2009

Rangwapithecus gordoni KNM-KT 31234 3 middle Begun Cote et al. 2014,
KNM-SO 17500 Miocene 2002 Hill et al. 2013
KNM-SO 22228

Sivapithecus indicus GSP 15000 1 late Kelley 2002 Pilbeam 1982

Miocene
TOTAL 95

*AL=Afar Locality, Ethiopia, ARA=Aramis, Ethiopia, AT=Atapuerca, Spain, BOU=Bouri, Ethiopia, CMH=Rusinga, Kenya, GSP=
Geological Survey of Pakistan, Pakistan, LH=Laetoli Hominid, Tanzania, MAK=Makapansgat, South Africa, OH=0lduvai Hominid,
Tanzania, Omo=Shungura Formation, Ethiopia, RPI=Ravin de la Pluie, Greece, SK=Swartkrans, South Africa, SKW=Swartkrans,
South Africa, STS=Sterkfontein, South Africa, Stw=Sterkfontein, South Africa, ZH=Zhoukoudian, Beijing, China.

Swindler 2002), and the importance of the dentition to
the field of paleontology has been well documented (Un-
gar 2017). As such, use of dental data in this study is not
only justified but also highly appropriate and informative.

Analytical Methods

We began by assessing the relative accuracies of three
different supervised learning algorithms on classifying
teeth to extant genera using their morphological features.
The models used are linear discriminant function analy-
sis (LDA), support vector machines (SVM), and random
forest (RF), implemented in the R statistical environment
3.2.3 (R Core Team 2015).

LDA is a parametric technique that attempts to predict
amulticlass categorical outcome using a linear combina-
tion of predictor features (Rao 1948). It assumes features
are normally distributed, homoscedastic, and represent
a random sample from the population of interest. Ma-
chine learning LDA differs from traditional supervised
discriminant function methods in allowing for adjust-
ment of classification criteria based on the inclusion

of additional information during the training process
(Tharwat et al. 2017).

Support vector machines (SVM) select linear sepa-
rating hyperplanes between classes by maximizing the
margin between the closest points belonging to different
classes. We employed a radial basis function kernel to
allow the computation of nonlinear feature boundaries
(Boser etal. 1992). We optimized for SVM classification
accuracy over a range of misclassification parameters
spanning seven orders of magnitude (0.25-100,000).

The random forest is a decision-tree-based technique
that constructs a large number of decision trees, each
generated from bootstrapped random samples of the
data, and generates predictions using a majority vote
(Breiman 2001). Our random forest was comprised of
500 trees optimized for classification accuracy over a
range of the number of random variables selected at each
bootstrap (mtry parameter).

Accuracy for all models was assessed using 10-fold
cross validation, and both mean and adjusted accuracies
for each model are reported. Adjusted accuracies were
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calculated as the sensitivity plus specificity, divided by
two (Zeng et al. 2002, Tzanis et al. 2005). Because the
scales and ranges of dental features were approximately
equal, scaling and centering the data did not impact re-
sulting classification accuracies, and so untransformed
measures were used. The kappa (k) statistic is a mea-
surement of accuracy adjusted by the probability of
agreement by chance alone (Cohen 1960). Kappa was
calculated by comparing machine learning models us-
ing the resamples and summary commands in R (R Core
Team 2015). We generated a list of the most important
dental dimensions driving the classification with a vari-
able importance analysis, run using the Varlmp function
in the caret package (Kuhn et al. 2012). Variable impor-
tance analysis is a standard output of the random forest
model that averages error across variable permutations
to calculate to what degree each variable influences the
classification relative to the others, generating a rank
list of importance, with the most important variable re-
ceiving a value of 100, and the least important variable
receiving a value of zero (Liaw and Wiener 2002).

The LDA machine learning classification model classi-
fied extant apes with greatest raw accuracy of the three
machine learning techniques, and high adjusted accuracy,
and the output from this classification model was used
in subsequent analysis of fossil specimens. While a priori
taxonomic designations were used in the training data
set, the extant ape species included in this study have
been well agreed upon in the literature using extensive
morphological, behavioral, and molecular data (Tuttle
2014).

We then included a large sample of fossil hominoids
(n=95, Table 2), spanning 13 genera from Miocene to
Pleistocene, to our extant sample of apes to test the
hypothesis that the dentitions of fossil hominoids are
morphologically more similar to extant chimpanzees
than other apes. We assessed the agreement of each clas-
sifier on the predicted identities of fossil teeth using the
following routine: we generated a random seed, which
is used to partition training and test sets during cross-
validation. We then trained the LDA model on the tooth
features of extant genera and classified the fossil teeth
using each classifiers’ most accurate set of parameters.
We repeated this process 50 times, generating 50 lists of
genus predictions for fossil teeth per classifier. We then
took the majority vote of each element of these lists to
determine the extant genus to which a particular classi-
fier most often assigned each fossil. While this method
assumes that fossil taxa occupy the same morphospace
as extant taxa, our goal here was to assess the best

supported extant homologue for the chimpanzee-human
last common ancestor.

In order to visualize the relationships between the
data and better interpret the classification boundaries
drawn by the machine learning methods, we generated
a principle components analysis (PCA) for the dental
phenotypes using the prcomp function in psych (Revelle
2017). We then plotted all fossils and extant taxa over the
classifiers’ decision boundaries, first log-transforming,
scaling, and centering the dental data for both fossil
and extant genera. We decomposed these transformed
features into principle components (PC) scores and
plotted them on the first two PC axes. We then trained
our classifiers on the PC scores of extant genera using
the methods described previously. Next, we generated a
grid of 160,800 regularly-spaced coordinates spanning
the entire range of PC1 and PC2, and we classified each
point on this grid to a particular extant genus. The deci-
sion boundaries for the LDA classifier were approximated
using a contour line to trace around each region assigned
to a particular genus. Over these decision regions, we
plotted both the PC scores of extant genera and fossil
teeth, with the expectation that the fossils most often
disagreed-upon would lie at the boundaries of the clas-
sification regions and thus had features intermediate of
the two (or more) conflicting assigned genera. We also
computed and plotted 95% confidence intervals for the
extant taxa using stat_ellipse in ggplot2 (Wickham 2009).

Because there are only two measurements included in
the comparison of MMC and PMM, we visualized varia-
tion in these ratios with bivariate plots using gplot in
ggplot (Wickham 2009), excepting the machine learning
classification output which requires PCA to plot the clas-
sification boundaries.

The R script for machine learning classification of ex-
tant specimens using the three models (LDA, SVM, and
RF) and the classification of unknowns, here the fossil
sample, is available for download from the Supplemental
Material at https://escholarship.org/uc/item/84d1304f.

Institutional Abbreviations

BMNH: British Museum of Natural History, London,
U.K.; CMNH: Cleveland Museum of Natural History, Cleve-
land, Ohio, U.S.A.; KNM: Kenya National Museum, Nairobi,
Kenya; MRAC: Musée Royal de I'Afrique Centrale, Tervu-
ren, Belgium; MTA: Maden Tetkik ve Arama Enstitiist,
Ankara, Turkey; PAHMA: Phoebe A. Hearst Museum of
Anthropology, Berkeley, California, U.S.A.; RIN: Rajabhat
Institute, Nakhon Ratchasima, Thailand; TM: Transvaal
Museum, Pretoria, South Africa.
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Table 3. Accuracy and Cohen’s kappa of supervised learning techniques determined using 10-fold cross-validation. Abbrevia-
tions: LDA=Linear Discriminate Analysis, RF=Random Forest, SVM=Support Vector Machines, SD=standard deviation.

Model Input Data Accuracy Adjusted Accuracy* Accuracy SD Kappa** Kappa SD

LDA Linear 0.94 0.96 0.07 0.90 0.11
Area 0.97 0.94 0.05 0.95 0.08

MMC & PMM 0.63 0.59 0.07 0.39 0.11

RF Linear 0.92 0.94 0.07 0.88 0.11
Area 0.96 0.96 0.04 0.94 0.07

MMC & PMM 0.60 0.55 0.11 0.37 0.15

SVM Linear 0.94 0.92 0.08 0.90 0.12
Area 0.96 0.96 0.07 0.94 0.10

MMC & PMM 0.61 0.65 0.08 0.29 0.14

*Adjusted accuracy was calculated as (selectivity + sensitivity)/2 (Tzanis et al. 2005).
**The kappa (k) statistic is a measurement of accuracy adjusted by the probability of agreement by chance alone. k > 0.75

indicates substantial agreement.

RESULTS

The three supervised learning algorithms classify ex-
tant apes with greater than 95% accuracy with the four
2-dimensional area measurements, and greater than 92%
accuracy with the four linear measurements (Table 3), a
result that relies heavily on the absolute size differences
between taxa. Adjusted accuracies for classification are
also greater than 90%. With the MMC and PMM pheno-
types, raw accuracy classification decreases to 60-63%,
and adjusted accuracy decreases to 55-65%. However, it
is surprising that the algorithms can classify so well using
only two data points for each individual, in comparison
to the four used in the linear or 2-dimensional analyses.
The reduction in classification accuracy results either
from the use of only two data points for each individual,
or more likely, from the similarity in tooth size propor-
tions between chimpanzees and humans once the effects
of body size are removed, as is the case when using the
MMC and PMM ratios. When assessing the importance
of the dental data for classification, variable importance
analysis identifies dental length of the first molar, area of
the first molar, and the MMC phenotype, respectively, to
be the most important traits used in the classification of
the extant apes (Table 4). This result supports that MMC
differentiates extant and fossil apes with greater power
than PMM, and aligns with previous findings of higher
heritability in MMC relative to PMM (Hlusko etal. 2016).

When comparing fossil ape to extant ape morphology
using machine learning, the dental metric data tend to be
most often classified as Pan using dental length and area
measurements for the majority of the Miocene apes, and
as Gorilla using the MMC and PMM ratios (Table 5, Fig.

1; see results for Afropithecus Leakey and Leakey, 1986,
Griphopithecus Abel, 1902, Kenyapithecus Leakey, 1961,
Limnopithecus Hopwood, 1933, Micropithecus Fleagle
and Simons, 1978, Proconsul Hopwood, 1933, Rangwap-
ithecus Andrews, 1974, and Sivapithecus Pilgrim, 1910).
Likewise, Ouranopithecus macedoniensis de Bonis and
Melentis, 1978 is exclusively classified as Gorilla using
the MMC and PMM phenotypes, but the results for dental

Table 4. Variable importance of the dental traits in classifying
extant apes. Abbreviations: M=molar, P=premolar, L=length,
A=area, 2-D=two-dimensional, GP Phenotypes=genetic pattern-
ing phenotypes (MMC and PMM). All dental data are from man-
dibular dentitions.

Dental Data lIrY;f)iratgLeCe
Linear Metrics
MiL 100.00
M:zL 34.659
MsL 2.278
P4L, 0.00
2-D Metrics
M1A 100.00
M:2A 39.09
M3A 25.26
P4A 0.00
GP Phenotypes
MMC 100.00
PMM 0.00




MONSON ET AL.—MACHINE LEARNING & THE DENTAL MORPHOLOGY OF THE APE LCA

Table 5. Predictions of the machine learning classification under linear discriminant analysis. Abbreviations: LDA=linear
discriminant analysis, Pred.=prediction, MMC=molar module component, PMM=premolar-molar module. Cells containing extant
classification predictions are color-coded: blue=Pan (chimpanzee), green=Gorilla (gorilla), pink=Homo (human), yellow=Pongo
(orangutan), white=NA (not available).

Fossil Specimen ID Species LDA Pred. Linear  LDA Pred. Area LDA Pred.
MMC & PMM

KNM-WK 24300 Af. turkanensis Pan Pan Gorilla
MTA 2125 An. meteai Gorilla Gorilla Gorilla
ARA-1/128 Ar. ramidus Pan Pan Gorilla
ARA-1/300 Ar. ramidus Pan Pan Gorilla
ARA-6/500 Ar. ramidus Pan Pan Gorilla
AL 266-1 Au. afarensis Pongo Gorilla Gorilla
AL 288-1i Au. afarensis Homo Pan Gorilla
AL 400-1a Au. afarensis Gorilla Gorilla Gorilla
AL 417-1a,b Au. afarensis Homo Homo Gorilla
AL 330-5 Au. afarensis Homo Homo Gorilla
LH-4 Au. afarensis Gorilla Gorilla Gorilla
MAK-VP-1/12 Au. afarensis Gorilla Gorilla Gorilla
STS-52b Au. afarensis Pongo Pongo Pan
Stw-14 Au. afarensis Gorilla NA Gorilla
Stw-384 Au. afarensis Gorilla Gorilla Gorilla
Stw-404+407 Au. afarensis Gorilla Gorilla Gorilla
Stw-498 Au. afarensis Gorilla Gorilla Gorilla
KNM-KP 29281 Au. anamensis Homo Homo Gorilla
KNM-KP 29286 Au. anamensis Pan Gorilla Gorilla
KNM-ER 729 Au. boisei Gorilla Gorilla Gorilla
KNM-ER 3230 Au. boisei Gorilla Gorilla Gorilla
Peninj 1 Au. boisei Gorilla Gorilla Gorilla
BOU-17/1 Au. garhi Gorilla NA Gorilla
SK-23 Au. robustus Gorilla Pongo Gorilla
SK-34 Au. robustus Gorilla Gorilla Gorilla
SK-6 + 100 Au. robustus Gorilla Gorilla Gorilla
312'62&2%&3384216;; 38 43+ 4w robustus Gorilla Gorilla Gorilla
SK-858+86+ 883 Au. robustus Gorilla Gorilla Gorilla
SK-876 Au. robustus Gorilla NA Gorilla
SKW-5 Au. robustus Gorilla Gorilla Gorilla
TM-1517b Au. robustus Pongo Pongo Gorilla
MTA 2253 Gr. alpani Pan Pan Gorilla
ATD6-96 H. antecessor Pan Pan Pan

KNM-ER 992 H. erectus Homo Pan Pan
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Table 5 (continued). Predictions of the machine learning classification under linear discriminant analysis. Abbreviations:
LDA=linear discriminant analysis, Pred.=prediction, MMC=molar module component, PMM=premolar-molar module. Cells
containing extant classification predictions are color-coded: blue=Pan (chimpanzee), green=Gorilla (gorilla), pink=Homo
(human), yellow=Pongo (orangutan), white=NA (not available).

Fossil Specimen ID Species LDA Pred. Linear  LDA Pred. Area LDA Pred.
MMC & PMM

ZH G1 H. erectus Homo Homo Pan
Sangiran 1b H. erectus Homo Homo Gorilla
Sangiran 22 H. erectus Pan Homo Pan
Thomas Quarry 1 H. erectus Homo Homo Pan
Tighenif 1 H. erectus Homo Homo Pan
Tighenif 2 H. erectus Homo Homo Pan
Tighenif 3 H. erectus Homo Homo Pan
KNM-ER 1802 H. habilis (sensu lato) Gorilla Gorilla Gorilla
OH 13 H. habilis (sensu lato) Homo Homo Gorilla
OH 16 H. habilis (sensu lato) Gorilla Gorilla Gorilla
Omo 75-14 H. habilis (sensu lato) Gorilla Gorilla Pan
Arago XIII H. heidelbergensis Homo Pongo Pan
AT-300 H. heidelbergensis Pan Pan Gorilla
[ H. heidelbergensis Pan Homo Pan
I\ H. heidelbergensis Pan Homo Pan
Mauer H. heidelbergensis Pan Homo Gorilla
VI H. heidelbergensis Pan Pan Pan
XII H. heidelbergensis Pan Pan Gorilla
XV H. heidelbergensis Homo Pan Pan
XVI H. heidelbergensis Homo Pan Pan
XVIII H. heidelbergensis Homo Pan Pan
XXII H. heidelbergensis Homo Homo Gorilla
XXIII H. heidelbergensis Pan Homo Gorilla
XXV H. heidelbergensis Pan Homo Pan
XXVII H. heidelbergensis Pan Homo Gorilla
Amud mandible I H. neanderthalensis Pan NA Pan
Ehringsdorf Ehr F H. neanderthalensis Homo NA Pan
L Hortus V H. neanderthalensis Pan NA Pan
LaQuina mandible H. neanderthalensis Pan NA Pan
Spy | H. neanderthalensis Pan NA Pan
Spy 1I H. neanderthalensis Homo NA Pan
Tabun II H. neanderthalensis Homo NA Pan
VB 1 H. neanderthalensis Homo Homo Pan
Qafzeh 3 H. sapiens (Levant) Homo NA Pan




MONSON ET AL.—MACHINE LEARNING & THE DENTAL MORPHOLOGY OF THE APE LCA

11

Table 5 (continued). Predictions of the machine learning classification under linear discriminant analysis. Abbreviations:
LDA-=linear discriminant analysis, Pred.=prediction, MMC=molar module component, PMM=premolar-molar module. Cells
containing extant classification predictions are color-coded: blue=Pan (chimpanzee), green=Gorilla (gorilla), pink=Homo

(human), yellow=Pongo (orangutan), white=NA (not available).

Fossil Specimen ID Species LDA Pred. Linear LDA Pred. Area LDA Pred.
MMC & PMM

Qafzeh 7 H. sapiens (Levant) Homo NA Pan
KNM-M] 5 Ke. africanus Pan Pan Gorilla
KNM-TH 28860 Ke. africanus Pan Pan Gorilla
RIN 765 Kh. piriyai Gorilla NA Gorilla
KNM-LG 1475 L. legetet Pan Pan Gorilla
KNM-CA 380 M. clarki Pan Pan Pan
RPI-79 Ou. macedoniensis Gorilla Gorilla Gorilla
RPI-84 Ou. macedoniensis Pan Pan Gorilla
RPI-88 Ou. macedoniensis Homo Homo Gorilla
RPI-89 Ou. macedoniensis Gorilla NA Gorilla
CMH 102 Pr. africanus Pan Pan Gorilla
R 1948, 50 Pr. africanus Pan Pan Gorilla
KNM-RU 1674 Pr. heseloni Pan Pan Gorilla
KNM-RU 1706 Pr. heseloni Pan Pan Gorilla
KNM-RU 2087 Pr. heseloni Pan Pan Gorilla
KNM-RU 7290 Pr. heseloni Pan Pan Gorilla
KNM-LG 452 Pr. major Pan Pan Gorilla
KNM-SO 396 Pr. major Gorilla Pan Gorilla
BNMH-M 16648 Pr. major Gorilla Gorilla Gorilla
1942 mandible Pr. nyanzae Pan Pan Gorilla
CMH 4 (KNM-RU 1676) Pr. nyanzae Pan Pan Gorilla
KNM-RU 1947 Pr. nyanzae Pan Pan Gorilla
R 1145.'50 Pr. nyanzae Pan Pan Gorilla
KNM-KT 31234 R. gordoni Pan Pan Gorilla
KNM-SO 17500 R. gordoni Pan Pan Gorilla
KNM-SO 22228 R. gordoni Pan Pan Gorilla
GSP 15000 S. indicus Pan Pan Gorilla

length and dental area are majority Homo.

Uniquely among the Miocene fossil sample, Micropithecus
clarki Fleagle and Simons, 1978 is classified as Pan with
100% agreement using dental length, area, and the MMC
and PMM ratios. On the opposite end of the spectrum,
Ankarapithecus meteai Ozansoy, 1957 is classified as
Gorilla with 100% agreement using dental length, area,
and the MMC and PMM ratios. Khoratpithecus piriyai
Chaimanee et al., 2004 is also classified as Gorilla with

100% agreement using dental length, and the MMC and
PMM phenotypes (dental areas are not available for this
taxon).

Like many of the fossil specimens, Ardipithecus is
classified as Pan using dental length, and as Gorilla using
the MMC and PMM ratios. In contrast, Australopithecus
robustus Broom, 1938 is almost exclusively classified as
Gorilla by the machine learning LDA model (Fig. 1). The
other Australopithecus specimens have less agreement
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Figure 1. Series of PCA with machine learning classification boundaries (LDA) overlaid, using linear dental metrics (A), 2-dimen-
sional dental metrics (B), and MMC and PMM ratios (C). Extant ape genera are marked by circles. Fossil taxa are marked by generic
abbreviations. Note how the majority of taxa are subsumed by the Gorilla classification in panel C.

between data sets. Many of the Au. afarensis Johanson
and White, 1979 specimens are classified exclusively as
Gorilla using all three data types, while some of them are
classified as Homo using dental length and dental area,
and as Gorilla using the MMC and PMM phenotypes. All
three of the Australopithecus bosei Leakey, 1959 speci-
mens are exclusively classified as Gorilla.

Interestingly, there is good agreement on the classi-
fication of Homo habilis (sensu lato) Leakey et al., 1964
as Gorilla using all of the phenotypes except for OH-13
which is classified as Homo using dental length and dental
area. In contrast, Homo antecessor Bermudez de Castro
et al, 1997 is classified as Pan with 100% agreement
using dental length, area, and the MMC and PMM ratios.
There is more variation in the other species of Homo
although many of the individuals are classified as Pan
using dental length and area. Homo erectus Mayr, 1951
is largely classified as Homo using dental length and as
Pan with the MMC and PMM ratios. Homo heidelbergensis
Schoetensack, 1908 is jointly classified as Pan and Homo
using dental length and area, but the sample is classi-
fied as Pan, Gorilla, or Pongo using the MMC and PMM
phenotypes. Homo neanderthalensis King, 1864 is almost
exclusively classified as Pan using dental length, but is
jointly classified as Pan and Homo using MMC and PMM.
Overall, many of the H. erectus, H. heidelbergensis, and H.
neanderthalensis specimens are classified as Homo using
dental length, emphasizing the overall similarity of tooth
size between these taxa and modern humans. However,
the dental proportions of fossil Homo fall at the intersec-
tion of modern apes (Homo, Gorilla, and Pan) and tend
to be more variably classified by the machine learning
algorithm. Classifications of each specimen using dental
length, dental area, and the MMC and PMM ratios are fully
detailed in Table 5.

Because machine learning is not static, multiple itera-
tions of the method will result in slight changes of classi-
fication. The training sample also plays an importantrole
in the method, and a larger, or different, extant sample
would likely have some impact on the classification analy-
sis of the fossil taxa. As we note here, the phenotypes used
in the method also dramatically influence the results of
the classification.

DISCUSSION

Machine learning is highly successful at classifying
extant apes based on dental linear and 2-dimensional
metrics, correctly classifying unknown samples with
greater than 92% accuracy. Applying these methods to
a sample of unknown fossils can provide insight about
similarities and differences between extant and fossil
morphology but relies heavily on the phenotypes of
interest and the extant training sample. Different phe-
notypes result in substantially different classification by
machine learning methods, emphasizing the importance
of choosing phenotypes that accurately reflect the bio-
logical mechanisms relevant and appropriate for testing
your hypothesis.

When using linear and 2-dimensional dental metrics
to compare and classify fossil hominoids according to
extant variation, machine learning classifies many of the
Miocene fossils as chimpanzees (e.g., specimens of Rang-
wapithecus, Proconsul, Limnopithecus, Micropithecus, and
Griphopithecus), indicating that many fossil hominoids
have teeth that are most similar in size and area to extant
chimpanzees. This is exactly as we would expect given
the long-appreciated morphological similarity of these
taxa (Gregory 1921). The algorithms using linear denti-
tion metrics classify many of the Miocene apes as Pan
over Gorilla because they sit just within the classification
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Figure 2. The distribution of fossil and extant taxa in multidimensional space. Circles=extant taxa, diamonds=fossil Homo,
triangles=Plio-Pleistocene fossil taxa, crossed square=Miocene fossil taxa. Ellipses represent 95% confidence intervals. PCs com-
puted using specific taxonomy are slightly different than PCs computed using generic taxonomy (Fig. 1). Equations for calculating
MMC and PMM ratios are detailed in the figure next to a diagram of generalized mandibular primate dentition. M3 is mandibular
third molar, M2 is mandibular second molar, M1 is mandibular first molar, P4 is mandibular fourth premolar. A. PCA comparing den-
tal length across the fossil and extant samples. PC1 comprises 93.2% of the variation, and PC2 comprises 3.8% of the variation. B.

PCA comparing dental area across the fossil and extant samples. PC1 comprises 95.4% of the variation, and PC2 comprises 2.6%

of the variation. Note how the Miocene taxa are distinct from the

Plio-Pleistocene and extant taxa in (A )and (B). C. Bivariate plot

comparing the MMC and PMM ratios across the fossil and extant samples.

boundary of Pan set by the supervised learning model
(Fig. 1, Table 5), but it is difficult to confidently argue that
the Miocene taxa are morphologically more similar to
Pan than Gorilla because they are practically equidistant
in PC space despite the classification boundary (Figs. 1,
2A). This same result is also seen for the 2-dimensional
data (Fig. 2B, Table 5).

Use of the MMC and PMM phenotypes provides a dif-
ferent result (Fig. 2C). Miocene apes are more similar

to extant gorillas in dental proportions and are almost
exclusively classified as Gorilla (Table 5). We also quali-
tatively document a strong trajectory through bivariate
space that correlates with evolutionary time, from Mio-
cene apes to Plio-Pleistocene hominids to extant apes,
including humans (Fig. 3). This trend captures a linear
decrease in MMC from Miocene to present which char-
acterizes almost all taxa sampled, further emphasizing
the relatively greater importance of MMC compared to

0.75
MMC 1.8 MMC 1.4
EDe D&y
1.00-
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Figure 3. Bivariate plot of MMC and PMM ratios. All taxa are represented by the species average. Circles=extant taxa,

diamonds=fossil Homo, triangles=Plio-Pleistocene fossil taxa, crossed squares=Miocene fossil taxa. Difference in shape size is an
artifact of R. See Figure 2 for species legend. Blue shading=Miocene, green shading=Pliocene, yellow shading=Pleistocene. Note
the linearly decreasing values of MMC through time. Outliers to the pattern include Limnopithecus, Rangwapithecus, Micropithecus,
Homo habilis, and Gorilla. Sample MMC ratios with figurative tooth proportions (M3, M2, M1) are overlaid on the plot.
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PMM in characterizing primate variation (Fig. 3). Of the
extant apes, gorillas retain more ancestral MMC and PMM
values, as evidenced by their morphological similarity to
Miocene taxa (Figs. 2C, 3). Pliocene taxa (Australopithe-
cus), are also similar to gorillas in dental proportions
(Fig. 3). Fossil taxa do not have PMM and MMC values
comparable to modern humans until genus Homo in the
Pleistocene (Fig. 3). Chimpanzees and humans, as well as
orangutans (Pongo), are morphologically derived relative
to Miocene taxa, and this is why the machine learning
methods fail to classify fossil taxa as chimpanzee using
the MMC and PMM ratios.

Chimpanzees and humans shared a last common an-
cestor approximately five to nine million years ago, in the
Miocene (Goodman 1999, Raaum etal. 2005, Steiper and
Young 2006, Langergraber etal. 2012). Postcanine tooth
size proportions of fossil hominoids in our sample (e.g.,
Afropithecus, Kenyapithecus, Proconsul) are more similar
to those of extant gorillas than chimpanzees or humans,
as are the dentitions of many Pliocene taxa, suggesting
that the last common ancestor of chimpanzees and hu-
mans likely also had dental proportions more similar to
gorillas. The fossil evidence, interpreted through machine
learning classification methods, suggests that humans
and chimpanzees likely converged in their MMC and PMM
values, evolving independently from a dental morphology
that was much more similar to living gorillas.

The similarity between extant Homo and Pan postca-
nine dentitions has long been interpreted as a result of
shared common ancestry (Johanson 1973, Begun 1994,
2004, Lucas et al. 2008). However, our machine learning
approach reveals that the relative sizes of the postca-
nine teeth of putative LCAs were much more like extant
gorillas, suggesting that similarities in postcanine tooth
proportions in extant Pan and Homo postcanine denti-
tions are the result of parallel evolution.

Gorillas have evolved many tooth crown features spe-
cialized for folivory (Glowcka et al. 2016), but retain a
more primitive pattern of dental proportions. Given that
the divergence of humans and chimpanzees occurred in
the late Miocene, and that Miocene apes are much more
similar to Gorilla in dental proportions, we assert that
gorillas are the more appropriate extant model for the Af-
rican ape LCA in terms of the relative sizes of the postca-
nine teeth. This similarity in dental proportions likely has
implications for the interpretation of dietary adaptation
and possibly phylogenetic relationships in Miocene apes,
including the chimpanzee-human last common ancestor.
Overall, our results also further highlight the well-known
dramatic reduction in morphological variation when
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Miocene apes are compared to extant apes.

Machine learning is a powerful tool that can accurately
classify extant species based on dental metrics as well as
be used to explore evolutionary hypotheses that rely on
interpretations of fossil morphology. However, machine
learning still depends heavily on human decisions, and
we emphasize here the importance of carefully consider-
ing which phenotypes to use as input based on which will
best capture the underlying biological mechanisms being
explored, and the importance of considering appropriate
comparative samples.

ACKNOWLEDGEMENTS

The authors thank N. Johnson (Phoebe A. Hearst Mu-
seum of Anthropology, Berkeley, CA) for access to col-
lections, and G. Suwa and T. White for access to tooth
size data. We would like to thank M. Brasil for collecting
fossil data from the literature, and ]. Carlson, C. Taylor,
and A. Weitz for providing helpful feedback and discus-
sion. We would also like to thank P. David Polly and one
anonymous reviewer, and Assistant Editor P. Kloess, for
their comments which greatly improved this manuscript.
T.A. Monson envisioned the project, ran the analyses,
and wrote the manuscript. D.W. Armitage developed the
methods, wrote the machine learning script, and edited
the manuscript. L.J. Hlusko directed the larger projectin
which this work was done and edited the manuscript. All
authors contributed to the intellectual content, context,
and interpretation. T.A. Monson was partially supported
by the Jerry 0. Wolff Fellowship from the Museum of
Vertebrate Zoology, University of California Berkeley.
This is UCMP Contribution No. 2089.

LITERATURE CITED

Abel, 0.1902. Zwei neue Menschenaffen aus den Leithakalkbildin-
gen des wiener Bekkens. Sitzungsberichte der Kaiserlichen
Akademie der Wissenschaften Math 1:1171-1207.

Acevedo, M.A,, C.J. Corrada-Bravo, H. Corrada-Bravo, L.]. Villan-
ueva-Rivera, and T.M. Aide. 2009. Automated classification of
bird and amphibian calls using machine learning: a comparison
of methods. Ecological Informatics 4:206-214. [https://www.
sciencedirect.com/science/article/pii/S1574954109000351]

Alpaydin, E. 2014. Introduction to machine learning. MIT Press,
Cambridge. 584 pp.

Andrews, P. 1974. New species of Dryopithecus from Kenya.
Nature 249(5453):188-190. [https://www.nature.com/
articles/249188a0]

Arambourg, C.,, and R. Hoffstetter. 1963. Le gisement de Ternifine
I1. LAtlanthropus mauritanicus. Archives de l'Institut de Paleon-
tologie Humaine 32:37-190.

Armitage, D.W,, and H.K. Ober. 2010. A comparison of supervised
learning techniques in the classification of bat echolocation


https://www.sciencedirect.com/science/article/pii/S1574954109000351
https://www.sciencedirect.com/science/article/pii/S1574954109000351
https://www.nature.com/articles/249188a0
https://www.nature.com/articles/249188a0

16 PALEOBIOS, VOLUME 35, AUGUST 2018

calls. Ecological Informatics 5:465-473. [https://www.scien-
cedirect.com/science/article/pii/S1574954110000919]

Arriaza, M.C., and M. Dominguez-Rodrigo. 2016. When felids and
hominins ruled at Olduvai Gorge: a machine learning analysis
of the skeletal profiles of the non-anthropogenic Bed I sites.
Quaternary Science Reviews 139:43-52. [https://www.scien-
cedirect.com/science/article/pii/S027737911630066X]

Begun, D.R. 1994. Relations among the great apes and humans:
new interpretations based on the fossil great ape Dryopithecus.
Yearbook of Physical Anthropology 7:11-63. [https://onlineli-
brary.wiley.com/doi/abs/10.1002/ajpa.1330370604]

Begun, D.R. 2002. European hominoids. Pp. 339-368 in W.C.
Hartwig (ed.), The Primate Fossil Record. Cambridge University
Press, Cambridge.

Begun, D.R. 2004. Enhanced cognitive capacity as a contingent
fact of hominid phylogeny. Pp. 15-27 in A.E. Russon and D.R.
Begun (eds.). The Evolution of Thought: Evolutionary Origins of
Great Ape Intelligence. Cambridge University Press, Cambridge.

Begun, D.R., and E. Glile¢. 1998. Restoration of the type and palate
of Ankarapithecus meteai: taxonomic and phylogenetic implica-
tions. American Journal of Physical Anthropology 105:279-314.
[http://anthropology.utoronto.ca/Faculty/Begun/ankara.pdf]

Belekar, V., K. Lingineni, and P. Garg. 2015. Classification of
breast cancer resistant protein (BCRP) inhibitors and
non-inhibitors using machine learning approaches. Combi-
natorial Chemistry and High Throughput Screening 18:476-
485. [http://www.ingentaconnect.com/content/ben/
cchts/2015/00000018/00000005/art00006]

Bermudez de Castro, ].M. 1993. The Atapuerca dental remains.
New evidence (1987-1991 excavations) and interpretations.
Journal of Human Evolution 24:339-371. [https://www.sci-
encedirect.com/science/article/pii/S0047248483710274]

Bermudez de Castro, ].M., A. Rosas, and M.E. Nicolas. 1999. Dental
remains from Atapuerca-TD6 (Gran Dolina site, Burgos, Spain).
Journal of Human Evolution 37:523-566. [https://www.sci-
encedirect.com/science/article/pii/S0047248499903238]

Bermudez de Castro, ].M.,, ].L. Arsuaga, E. Carbonell, A. Rosas, 1.
Martinez, and M. Mosquera. 1997. A hominid from the Lower
Pleistocene of Atapuerca, Spain: possible ancestor to Nean-
dertals and modern humans. Science 276(5317):1392-1395.
[http://science.sciencemag.org/content/276/5317/1392]

Bermudez de Castro, ].M., S. Sarmiento, E. Cunha, A. Rosas, and M.
Bastir. 2001. Dental size variation in the Atapuerca-SH Middle
Pleistocene hominids. Journal of Human Evolution 41:195-
209. [https://www.sciencedirect.com/science/article/pii/
S0047248401904919]

Bishop, C.M. 2006. Pattern recognition and Machine Learning.
Springer, New York. 738 pp.

Boser, B.E, .M. Guyon, and V.N. Vapnik. 1992. A training algorithm
for optimal margin classifiers. Proceedings of the Fifth An-
nual Workshop on Computational Learning Theory 1:144-152.
[https://dl.acm.org/citation.cfm?id=130401]

Breiman, L. 2001. Random forests. Machine Learning
45:5-32. [https://link.springer.com/article/10.1023
/A:1010933404324]

Broom R. 1938. More discoveries of Australopithecus. Nature
141:828-829. [https://www.nature.com/articles/141828b0]

Brown, M.PS., W.N. Grundy, D. Lin, N. Cristianini, C.W. Sugnet,
T.S. Furey, M. Ares, and D. Haussler. 2000. Knowledge-based

analysis of microarray gene expression data by using sup-
port vector machines. Proceedings of the National Acad-
emy of Sciences 97:262-267. [http://www.pnas.org/content/
pnas/97/1/262.full.pdf]

Caliskan, A., ].J. Bryson, and A. Narayanan. 2016. Semantics de-
rived automatically from language corpora contain human-like
biases. Science 356:183-186. [http://science.sciencemag.org/
content/356/6334/183]

Carbonell, E., ].M. Bermudez de Castro, ].L. Arsuaga, E. Allue,
M. Bastir, A. Benito, 1. Caceres, T. Canals, J.C. Diez, . van der
Made, M. Mosquera, A. Oll¢, A. Pérez-Gonzalez, ]. Rodriguez,
X.P. Rodriguez, A. Rosas, . Rosell, R. Sala, ]. Vallverdd, and J.M.
Vergé. 2005. An Early Pleistocene hominin mandible from
Atapuerca-TD6, Spain. Proceedings of the National Academy of
Sciences 102(16):5674-5678. [http://www.pnas.org/content/
pnas/102/16/5674.full.pdf]

Chaimanee, Y, V. Suteethorn, P. Jintasakul, C. Vidthayanon, B.
Marandat, and ].J. Jaeger. 2004. A new orangutan relative from
the Late Miocene of Thailand. Nature 427(6973):439-441.
[https://www.nature.com/articles/nature02245]

Ciochon, R.L., and P.A. Holroyd. 1994. The Asian origin of
Anthropoidea revisited. [https://link.springer.com/chap-
ter/10.1007/978-1-4757-9197-6_6] Pp. 143-162 in].G. Fleagle
and R.F. Kay (eds). Anthropoid Origins. Springer, Boston.

Cohen J. 1960. A coefficient of agreement for nominal scales.
Education and Psychological Measurement 20:37-46. [http://
journals.sagepub.com/doi/abs/10.1177/001316446002000
104?journalCode=epma]

Cote, S., N. Malit, and I. Nengo. 2014. Additional mandibles of
Rangwapithecus gordoni, an early Miocene catarrhine from
the Tinderet localities of Western Kenya. American Journal of
Physical Anthropology 153(3):341-352. [https://onlinelibrary.
wiley.com/doi/full/10.1002/ajpa.22433]

de Bonis, L., and J. Melentis. 1978. Les primates hominoides du
Miocéne supérieur de Macédoine-Etude de la machoire su-
périeure. Annales de Paléontologie 64:185-202.

Dominguez-Rodrigo, M., and E. Baquedano. 2018. Distinguishing
butchery cut marks from crocodile bite marks through machine
learning methods. Scientific Reports 8(1):5786. [https://www.
nature.com/articles/s41598-018-24071-1]

Elliot, D.G. 1913. A Review of the Primates. American Museum of
Natural History, New York. 614 pp.

Fleagle, ].G., and E.L. Simons. 1978. Micropithecus clarki, a small
ape from the Miocene of Uganda. American Journal of Physical
Anthropology, 49(4):427-440. [https://onlinelibrary.wiley.
com/doi/full/10.1002 /ajpa.1330490402]

Gabunia, L., and A. Vekua. 1995. A Plio-Pleistocene hominid
from Dmanisi, East Georgia, Caucasus. Nature 373:509-512.
[https://www.nature.com/articles/373509a0]

Garriga, G.C., A. Ukkonen, and H. Mannila. 2008. Feature selection
in taxonomies with applications to paleontology. Pp. 112-123
in].F.Jean-Fran, M.R. Berthold, and T. Horvath (eds.). Discovery
Science, vol. 5255. Springer Berlin, Germany.

Glowcka, H., S.C. McFarlin, K.K. Catlett, A. Mudakikwa, T.G. Bro-
mage, M.R. Cranfield, T.S. Stoinski, and G.T. Schwartz. 2016.
Age-related changes in molar topography and shearing crest
length in a wild population of mountain Gorillas from Vol-
canoes National Park, Rwanda. American Journal of Physical
Anthropology 160:3-15. [https://onlinelibrary.wiley.com/doi/
full/10.1002 /ajpa.22943]


https://www.sciencedirect.com/science/article/pii/S1574954110000919
https://www.sciencedirect.com/science/article/pii/S1574954110000919
https://www.sciencedirect.com/science/article/pii/S027737911630066X
https://www.sciencedirect.com/science/article/pii/S027737911630066X
https://onlinelibrary.wiley.com/doi/abs/10.1002/ajpa.1330370604
https://onlinelibrary.wiley.com/doi/abs/10.1002/ajpa.1330370604
http://anthropology.utoronto.ca/Faculty/Begun/ankara.pdf
http://www.ingentaconnect.com/content/ben/cchts/2015/00000018/00000005/art00006
http://www.ingentaconnect.com/content/ben/cchts/2015/00000018/00000005/art00006
https://www.sciencedirect.com/science/article/pii/S0047248499903238
https://www.sciencedirect.com/science/article/pii/S0047248499903238
http://science.sciencemag.org/content/276/5317/1392
https://www.sciencedirect.com/science/article/pii/S0047248401904919
https://www.sciencedirect.com/science/article/pii/S0047248401904919
https://dl.acm.org/citation.cfm?id=130401
https://link.springer.com/article/10.1023/A:1010933404324
https://link.springer.com/article/10.1023/A:1010933404324
https://www.nature.com/articles/141828b0
http://www.pnas.org/content/pnas/97/1/262.full.pdf
http://www.pnas.org/content/pnas/97/1/262.full.pdf
http://science.sciencemag.org/content/356/6334/183
http://science.sciencemag.org/content/356/6334/183
http://www.pnas.org/content/pnas/102/16/5674.full.pdf
http://www.pnas.org/content/pnas/102/16/5674.full.pdf
https://www.nature.com/articles/nature02245
http://journals.sagepub.com/doi/abs/10.1177/001316446002000104?journalCode=epma
http://journals.sagepub.com/doi/abs/10.1177/001316446002000104?journalCode=epma
http://journals.sagepub.com/doi/abs/10.1177/001316446002000104?journalCode=epma
https://onlinelibrary.wiley.com/doi/full/10.1002/ajpa.22433
https://onlinelibrary.wiley.com/doi/full/10.1002/ajpa.22433
https://www.nature.com/articles/s41598-018-24071-1
https://www.nature.com/articles/s41598-018-24071-1
https://onlinelibrary.wiley.com/doi/full/10.1002/ajpa.1330490402
https://onlinelibrary.wiley.com/doi/full/10.1002/ajpa.1330490402
https://www.nature.com/articles/373509a0
https://onlinelibrary.wiley.com/doi/full/10.1002/ajpa.22943
https://onlinelibrary.wiley.com/doi/full/10.1002/ajpa.22943

MONSON ET AL.—MACHINE LEARNING & THE DENTAL MORPHOLOGY OF THE APE LCA

Gomez-Robles, A., ].M. Bermudez de Castro, J.L. Arsuaga, E. Car-
bonell, and P.D. Polly. 2013. No known hominin species matches
the expected dental morphology of the last common ancestor of
Neanderthals and modern humans. Proceedings of the National
Academy of Sciences 110(45):18196-18201 [http://www.pnas.
org/content/110/45/18196]

Goodman, M. 1999. The genomic record of humankind’s
evolutionary roots. American Journal of Human Genetics
64:31-39. [https://www.cell.com/ajhg/abstract/S0002-
9297(07)61654-1]

Greenfield, L.0. 1992. Origin of the human canine: a new solution
to an old enigma. American Journal of Physical Anthropol-
ogy 35(15):153-185. [https://onlinelibrary.wiley.com/doi/
abs/10.1002/ajpa.1330350607]

Gregory, W.K. 1921. The origin and evolution of the human den-
tition: a palaeontological review. Journal of Dental Research
3(1):87-228.

Grieco, TM., O.T. Rizk, and L.]. Hlusko. 2013. A modular framework
characterizes micro-and macroevolution of old world monkey
dentitions. Evolution 67(1):241-259. [https://onlinelibrary.
wiley.com/doi/epdf/10.1111/j.1558-5646.2012.01757 x]

Giileg, E., and D.R. Begun. 2003. Functional morphology and af-
finities of the hominoid mandible from Candir. Courier Forsc-
hungsinstitut Senckenberg 240:89-111.

Harrison, T. 1981. New finds of small fossil apes from the Miocene
locality at Koru in Kenya. Journal of Human Evolution 10:129-137.
[http://www.academia.edu/download/33780029/1981_Har-
rison_Koru.pdf]

Harrison, T. 2002. Late Oligocene to middle Miocene catarrhines
from Afro-Arabia. Pp. 311-338 in W.C. Hartwig (ed.), The Pri-
mate Fossil Record. Cambridge University Press, Cambridge.

Hartwig, W.C. 2002. The Primate Fossil Record. Cambridge Uni-
versity Press, Cambridge. 552 pp.

Hill, A, 1.0. Nengo, and ].B. Rossie. 2013. A Rangwapithecus gordoni
mandible from the early Miocene site of Songhor, Kenya. Journal
of Human Evolution 65:490-500. [https://www.sciencedirect.
com/science/article/pii/S0047248413001449]

Hillson, S. 2005. Teeth. Cambridge University Press, Cambridge.
388 pp.

Hlusko, L.J. 2004. Integrating the genotype and phenotype in
hominid paleontology. Proceedings of the National Academy
of Sciences 101(9):2653-2657. [http://www.pnas.org/con-
tent/101/9/2653.short]

Hlusko, L.J. 2016. Elucidating the evolution of hominid dentition
in the age of phenomics, modularity, and quantitative genet-
ics. Annals of Anatomy 203:3-11. [https://www.sciencedirect.
com/science/article/pii/S0940960215000722]

Hlusko, L.J., L.R. Lease, and M.C. Mahaney. 2006. Evolution of
genetically correlated traits: tooth size and body size in ba-
boons. American Journal of Physical Anthropology 131:420-
427. [https://onlinelibrary.wiley.com/doi/full/10.1002/
ajpa.20435]

Hlusko, L.J., C.A. Schmitt, T.A. Monson, M.F. Brasil, and M.C.
Mahaney. 2016. The integration of quantitative genetics,
paleontology, and neontology reveals genetic underpinnings
of primate dental evolution. Proceedings of the National
Academy of Sciences 113:9262-9267. [http://www.pnas.org/
content/113/33/9262.short]

Hoppius, C.E. 1763. Anthropomorpha. Pp. 63-76 in C. Linnaeus
(ed.). Amoenitates Academicee. Laurentii Salvii, Stockholm.

17

486 pp.

Hopwood, A.T. 1933. Miocene Primates from Kenya. Zoological
Journal of the Linnean Society 38(260):437-464. [https://
onlinelibrary.wiley.com/doi/full/10.1111/j.1096-3642.1933.
th00992 x]

Howell, EC. 1960. European and northwest African middle Pleis-
tocene hominids. Current Anthropology 1:195-232. [https://
www.journals.uchicago.edu/doi/abs/10.1086/200100?jour
nalCode=ca]

Johanson, D.C. 1973. An odontological study of the chimpanzee
with some implications for hominoid evolution. Ph.D. diss.
University of Chicago, Chicago, IL.

Johanson, D.C., and T.D. White. 1979. A systematic assessment of
early African hominids. Science 203(4378):321-330. [http://
science.sciencemag.org/content/203/4378/321]

Kaifu, Y, F. Aziz, and H. Baba. 2005. Hominid mandibular remains
from Sangiran: 1952-1986 collection. American Journal of
Physical Anthropology 128:497-519. [https://onlinelibrary.
wiley.com/doi/full/10.1002/ajpa.10427]

Kavanagh, K.D., A.R. Evans, and ]. Jernvall. 2007. Predicting evolu-
tionary patterns of mammalian teeth from development. Na-
ture 449(7161):427-432. [https://www.nature.com/articles/
nature06153]

Kay, R.F. 1985. Dental evidence for the diet of Australo-
pithecus. Annual Review of Anthropology 14(1):315-341.
[https://www.annualreviews.org/doi/pdf/10.1146 /annurev.
an.14.100185.001531]

Kelley, ]. 2002. The hominoid radiation in Asia. Pp. 369-384 in
W.C. Hartwig (ed.), The Primate Fossil Record. Cambridge
University Press, Cambridge.

Kelley, ], S. Ward, B. Brown, A. Hill, and D.L. Duren. 2002. Dental
remains of Equatorius africanus from Kipsaramon, Tugen
Hills, Baringo District, Kenya. Journal of Human Evolution
42:39-62. [https://www.sciencedirect.com/science/article/
pii/S0047248401905044]

King, W. 1864. The reputed fossil man of the Neanderthal. Quar-
terly Journal of Science 1:88-97.

Koufos, G.D., and L. de Bonis. 2006. New material of Ourano-
pithecus macedoniensis from late Miocene of Macedonia
(Greece) and study of its dental attrition. Geobios 39:223-
243. [https://www.sciencedirect.com/science/article/pii/
S0016699506000076]

Kotsiantis, B.S. 2007. Supervised machine learning: a review of
classification techniques. Informatica 31:249-268. [http://
www.informatica.si/index.php/informatica/article/view-
File/148,/140]

Kuhn M,, J. Wing, S. Weston, A. Williams, C. Keefer, and A. Engel-
hardt. 2012. caret: classification and regression training.
R package version 5.15-044. [http://CRAN.R-project.org/
package=caret]

Langergraber, K.E., K. Priifer, C. Rowney, C. Boesch, C. Crockford,
K. Fawcett, E. Inoue, M. Inoue-Muruyama, J.C. Mitani, M.N.
Muller, M.M. Robbins, G. Schubert, T.S. Stoinski, B. Viola, D.
Watts, R.M. Wittig, RW. Wrangham, K. Zuberbiihler, S. Paédbo,
and L. Vigilant. 2012. Generation times in wild chimpanzees
and gorillas suggest earlier divergence times in great ape
and human evolution. Proceedings of the National Academy
of Sciences 109(39):15716-15721. [http://www.pnas.org/
content/109/39/15716.short]

Le Gros Clark, WE.1952.Reportonfossilhominoid material collected


http://www.pnas.org/content/110/45/18196
http://www.pnas.org/content/110/45/18196
https://www.cell.com/ajhg/abstract/S0002-9297(07)61654-1
https://www.cell.com/ajhg/abstract/S0002-9297(07)61654-1
https://onlinelibrary.wiley.com/doi/abs/10.1002/ajpa.1330350607
https://onlinelibrary.wiley.com/doi/abs/10.1002/ajpa.1330350607
https://onlinelibrary.wiley.com/doi/epdf/10.1111/j.1558-5646.2012.01757.x
https://onlinelibrary.wiley.com/doi/epdf/10.1111/j.1558-5646.2012.01757.x
http://www.academia.edu/download/33780029/1981_Harrison_Koru.pdf
http://www.academia.edu/download/33780029/1981_Harrison_Koru.pdf
https://www.sciencedirect.com/science/article/pii/S0047248413001449
https://www.sciencedirect.com/science/article/pii/S0047248413001449
http://www.pnas.org/content/101/9/2653.short
http://www.pnas.org/content/101/9/2653.short
https://www.sciencedirect.com/science/article/pii/S0940960215000722
https://www.sciencedirect.com/science/article/pii/S0940960215000722
https://onlinelibrary.wiley.com/doi/full/10.1002/ajpa.20435
https://onlinelibrary.wiley.com/doi/full/10.1002/ajpa.20435
http://www.pnas.org/content/113/33/9262.short
http://www.pnas.org/content/113/33/9262.short
https://onlinelibrary.wiley.com/doi/full/10.1111/j.1096-3642.1933.tb00992.x
https://onlinelibrary.wiley.com/doi/full/10.1111/j.1096-3642.1933.tb00992.x
https://onlinelibrary.wiley.com/doi/full/10.1111/j.1096-3642.1933.tb00992.x
https://www.journals.uchicago.edu/doi/abs/10.1086/200100?journalCode=ca
https://www.journals.uchicago.edu/doi/abs/10.1086/200100?journalCode=ca
https://www.journals.uchicago.edu/doi/abs/10.1086/200100?journalCode=ca
http://science.sciencemag.org/content/203/4378/321
http://science.sciencemag.org/content/203/4378/321
https://onlinelibrary.wiley.com/doi/full/10.1002/ajpa.10427
https://onlinelibrary.wiley.com/doi/full/10.1002/ajpa.10427
https://www.nature.com/articles/nature06153
https://www.nature.com/articles/nature06153
https://www.annualreviews.org/doi/pdf/10.1146/annurev.an.14.100185.001531
https://www.annualreviews.org/doi/pdf/10.1146/annurev.an.14.100185.001531
https://www.sciencedirect.com/science/article/pii/S0047248401905044
https://www.sciencedirect.com/science/article/pii/S0047248401905044
https://www.sciencedirect.com/science/article/pii/S0016699506000076
https://www.sciencedirect.com/science/article/pii/S0016699506000076
http://www.informatica.si/index.php/informatica/article/viewFile/148/140
http://www.informatica.si/index.php/informatica/article/viewFile/148/140
http://www.informatica.si/index.php/informatica/article/viewFile/148/140
http://CRAN.R-project.org/package=caret
http://CRAN.R-project.org/package=caret
http://www.pnas.org/content/109/39/15716.short
http://www.pnas.org/content/109/39/15716.short

18 PALEOBIOS, VOLUME 35, AUGUST 2018

by the British-Kenya Miocene Expedition, 1949-1951. Proceed-
ings of the Zoological Society of London 122:273-286. [https://
onlinelibrary.wiley.com/doi/full/10.1111/j.1096-3642.1952.
th00314.x]

Le Gros Clark, WEE., and L.S.B. Leakey. 1951. Fossil Mammals of
Africa, No. 1: The Miocene Hominoidea of East Africa. British
Museum (Natural History), London. 117 pp.

Leakey, L.S.B. 1959. A new fossil skull from Olduvai. Nature
184(4685):491-493. [https://afanporsaber.com/wp-content/
uploads/2017/08/A-new-fossil-skull-from-Olduvai.pdf]

Leakey, L.S.B. 1961. A new lower Pliocene fossil primate from Ke-
nya. Journal of Natural History 4(47):689-696. [https://www.
tandfonline.com/doi/pdf/10.1080/00222936108651194]

Leakey, L.S.B., P.V. Tobias, and ].R. Napier. 1964. A new species of
the genus Homo from Olduvai Gorge. Nature 202:7-9. [http://
docencia.med.uchile.cl/evolucion/textos/leakey1964.pdf]

Leakey, R.E, and M.G. Leakey. 1986. A new Miocene hominoid from
Kenya. Nature 324(6093):143-146. [https://www.nature.
com/articles/324143a0]

Lee, D.C., and H.N. Bryant. 1999. A reconsideration of the coding
of inapplicable characters: assumptions and problems. Cla-
distics 15(4):373-378. [https://onlinelibrary.wiley.com/doi/
full/10.1111/j.1096-0031.1999.tb00273 X]

Liaw, A., and M. Wiener. 2002. Classification and regres-
sion by randomForest. R News 2:18-22. [https://www.
researchgate.net/profile/Andy_Liaw/publication/228451484 _
Classification_and_Regression_by_RandomForest/
links/53fb24cc0cf20a45497047ab/Classification-and-Re-
gression-by-RandomForest.pdf]

Linnaeus, C. 1758. Tomus I. Systema Naturae, Edition 10. Impensis
Laurentii Salvii, Stockholm. 821 pp.

Lucas, PW,, PJ. Constantino, and B.A. Wood. 2008. Inferences re-
garding the diet of extinct hominins: structural and functional
trends in dental and mandibular morphology within the hom-
inin clade. Journal of Anatomy 212:486-500. [https://onlineli-
brary.wiley.com/doi/full/10.1111/j.1469-7580.2008.00877 ]

MacLeod, N. 2007. Automated Taxon Identification in Systemat-
ics: Theory, Approaches and Applications. CRC Press, Florida.
368 pp.

Martin, L. 1981. New specimens of Proconsul from Koru, Kenya.
Journal of Human Evolution 10:139-150. [https://www.sci-
encedirect.com/science/article/pii/S0047248481800115]

Martinon-Torres, M., ].M. Bermudez de Castro, A. Gomez-Robles,
L.Prado-Simoén, and ].L. Arsuaga. 2012. Morphological descrip-
tion and comparison of the dental remains from Atapuerca-
Sima de los Huesos site (Spain). Journal of Human Evolution
62:7-58. [https://ac.els-cdn.com/S0047248411001813/1-
$2.0-S0047248411001813-main.pdf?_tid=0334cf2a-7174-
4bc5-b208-44a5c99591dd&acdnat=1534430911_62dba865
267b6666f3c7d4622d946077]

Mayr, E. 1951. Taxonomic categories in fossil hominids. [http://
symposium.cshlp.org/content/15/109.extract] Pp. 109-118 in
M. Demerec (ed.). Cold Spring Harbor Symposia on Quantita-
tive Biology, Volume 15. The Science Press, Pennsylvania, PA.

McBrearty, S., and N.G. Jablonski. 2005. First fossil chimpan-
zee. Nature 437(7055):105-108. [https://www.nature.com/
articles/nature04008]

McCrossin, M.L., and B.R. Benefit. 1993. Recently recovered Ke-
nyapithecus mandible and its implications for great ape and
human origins. Proceedings of the National Academy of Sciences

90:1962-1966. [http://www.pnas.org/content/90/5/1962.
short]

Michalski, R.S., ].G. Carbonell, and T.M. Mitchell. 2013. Machine
Learning: An Artificial Intelligence Approach. Springer, New
York. 572 pp.

Mishler, B.D. 1994. Cladistic analysis of molecular and morphologi-
cal data. American Journal of Physical Anthropology 94:143-
156. [https://onlinelibrary.wiley.com/doi/abs/10.1002/
ajpa.1330940111]

Mohan, D.M., P. Kumar, F. Mahmood, K.F. Wong, A. Agrawal, M.
Elgendi, R. Shukla, N. Ang, A. Ching, J. Dauwels, and A.H.D.
Chan. 2016. Effect of subliminal lexical priming on the sub-
jective perception of images: a machine learning approach,
PloS One 11:e0148332. [http://journals.plos.org/plosone/
article?id=10.1371/journal.pone.0148332]

Monson, T.A., ].L. Coleman, and L.]. Hlusko. 2018. Craniodental
allometry, prenatal growth rates, and the evolutionary loss
of the third molars in New World monkeys. The Anatomical
Record [in press].

Oken, L. 1815. Lehrbuch der Naturgeschichte, Volume 3. [https://
play.google.com/store/books/details?id=MAwWOAAAAQAA]&r
did=book-MAwWOAAAAQAA]&rdot=1] Schmid, Jena. 909 pp.

Ozansoy, F. 1957. Faunes de mammiferes du tertiaire de Turquie
et leurs revisions stratigraphiques. Bulletin of the Mineral Re-
search and Exploration Institute of Turkey 49:29-48. [http://
dergipark.ulakbim.gov.tr/bulletinofmre/article/down-
load/5000123341/5000113634]

Patel, M.]., C. Andreescu, ].C. Price, K.L. Edelman, C.F. Reynolds,
and H.J. Aizenstein. 2015. Machine learning approaches for
integrating clinical and imaging features in late-life depression
classification and response prediction. International Journal
of Geriatric Psychiatry 30:1056-1067. [https://onlinelibrary.
wiley.com/doi/full/10.1002/gps.4262]

Patterson, C. 1981. Significance of fossils in determining evolu-
tionary relationships. Annual Review of Ecology and System-
atics 12(1):195-223. [http://www.annualreviews.org/doi/
pdf/10.1146/annurev.es.12.110181.001211]

Pickford, M. 1985. A new look at Kenyapithecus based on recent
discoveries in western Kenya. Journal of Human Evolution
14:113-143. [https://www.sciencedirect.com/science/ar-
ticle/pii/S0047248485800026]

Pickford, M., B. Senut, D. Gommery, and E. Musiime. 2009. La dis-
tincion entre Ugandapithecus y Proconsul. Estudios Geoldgicos
65:183-241. [http://estudiosgeol.revistas.csic.es/index.php/
estudiosgeol/article/view/641]

Pilbeam, D. 1982. New hominoid skull material from the Miocene
of Pakistan. Nature 295:232-234. [https://www.nature.com/
articles/295232a0]

Pilgrim, G.E. 1910. Notices of new mammalian genera and species
from the Tertiaries of India. Records of the Geological Survey
of India 40:63-71.

Polly, P.D., and ].]. Head. 2004. Maximum-likelihood identification
of fossils: taxonomic identification of Quaternary marmots
(Rodentia, Mammalia) and identification of vertebral posi-
tion in the pipesnake Cylindrophis (Serpentes, Reptilia). Pp.
197-221in AM.T. Elewa (ed.). Morphometrics. Springer-Verlag,
Heidelberg.

Punyasena, S.W, D.K. Tcheng, C. Wesseln, and P.G. Mueller. 2012.
Classifying black and white spruce pollen using layered
machine learning. New Phytologist 196:937-944. [https://


https://onlinelibrary.wiley.com/doi/full/10.1111/j.1096-3642.1952.tb00314.x
https://onlinelibrary.wiley.com/doi/full/10.1111/j.1096-3642.1952.tb00314.x
https://onlinelibrary.wiley.com/doi/full/10.1111/j.1096-3642.1952.tb00314.x
https://afanporsaber.com/wp-content/uploads/2017/08/A-new-fossil-skull-from-Olduvai.pdf
https://afanporsaber.com/wp-content/uploads/2017/08/A-new-fossil-skull-from-Olduvai.pdf
https://www.tandfonline.com/doi/pdf/10.1080/00222936108651194
https://www.tandfonline.com/doi/pdf/10.1080/00222936108651194
http://docencia.med.uchile.cl/evolucion/textos/leakey1964.pdf
http://docencia.med.uchile.cl/evolucion/textos/leakey1964.pdf
https://www.nature.com/articles/324143a0
https://www.nature.com/articles/324143a0
https://onlinelibrary.wiley.com/doi/full/10.1111/j.1096-0031.1999.tb00273.x
https://onlinelibrary.wiley.com/doi/full/10.1111/j.1096-0031.1999.tb00273.x
https://www.researchgate.net/profile/Andy_Liaw/publication/228451484_Classification_and_Regression_b
https://www.researchgate.net/profile/Andy_Liaw/publication/228451484_Classification_and_Regression_b
https://www.researchgate.net/profile/Andy_Liaw/publication/228451484_Classification_and_Regression_b
https://www.researchgate.net/profile/Andy_Liaw/publication/228451484_Classification_and_Regression_b
https://www.researchgate.net/profile/Andy_Liaw/publication/228451484_Classification_and_Regression_b
https://onlinelibrary.wiley.com/doi/full/10.1111/j.1469-7580.2008.00877.x
https://onlinelibrary.wiley.com/doi/full/10.1111/j.1469-7580.2008.00877.x
https://www.sciencedirect.com/science/article/pii/S0047248481800115
https://www.sciencedirect.com/science/article/pii/S0047248481800115
https://ac.els-cdn.com/S0047248411001813/1-s2.0-S0047248411001813-main.pdf?_tid=0334cf2a-7174-4bc5-b208-44a5c99591dd&acdnat=1534430911_62dba865267b6666f3c7d4622d946077
https://ac.els-cdn.com/S0047248411001813/1-s2.0-S0047248411001813-main.pdf?_tid=0334cf2a-7174-4bc5-b208-44a5c99591dd&acdnat=1534430911_62dba865267b6666f3c7d4622d946077
https://ac.els-cdn.com/S0047248411001813/1-s2.0-S0047248411001813-main.pdf?_tid=0334cf2a-7174-4bc5-b208-44a5c99591dd&acdnat=1534430911_62dba865267b6666f3c7d4622d946077
https://ac.els-cdn.com/S0047248411001813/1-s2.0-S0047248411001813-main.pdf?_tid=0334cf2a-7174-4bc5-b208-44a5c99591dd&acdnat=1534430911_62dba865267b6666f3c7d4622d946077
http://symposium.cshlp.org/content/15/109.extract
http://symposium.cshlp.org/content/15/109.extract
https://www.nature.com/articles/nature04008
https://www.nature.com/articles/nature04008
http://www.pnas.org/content/90/5/1962.short
http://www.pnas.org/content/90/5/1962.short
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0148332
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0148332
https://play.google.com/store/books/details?id=MAwOAAAAQAAJ&rdid=book-MAwOAAAAQAAJ&rdot=1
https://play.google.com/store/books/details?id=MAwOAAAAQAAJ&rdid=book-MAwOAAAAQAAJ&rdot=1
https://play.google.com/store/books/details?id=MAwOAAAAQAAJ&rdid=book-MAwOAAAAQAAJ&rdot=1
http://dergipark.ulakbim.gov.tr/bulletinofmre/article/download/5000123341/5000113634
http://dergipark.ulakbim.gov.tr/bulletinofmre/article/download/5000123341/5000113634
http://dergipark.ulakbim.gov.tr/bulletinofmre/article/download/5000123341/5000113634
https://onlinelibrary.wiley.com/doi/full/10.1002/gps.4262
https://onlinelibrary.wiley.com/doi/full/10.1002/gps.4262
http://www.annualreviews.org/doi/pdf/10.1146/annurev.es.12.110181.001211
http://www.annualreviews.org/doi/pdf/10.1146/annurev.es.12.110181.001211
https://www.sciencedirect.com/science/article/pii/S0047248485800026
https://www.sciencedirect.com/science/article/pii/S0047248485800026
http://estudiosgeol.revistas.csic.es/index.php/estudiosgeol/article/view/641
http://estudiosgeol.revistas.csic.es/index.php/estudiosgeol/article/view/641
https://www.nature.com/articles/295232a0
https://www.nature.com/articles/295232a0
https://nph.onlinelibrary.wiley.com/doi/full/10.1111/j.1469-8137.2012.04291.x

MONSON ET AL.—MACHINE LEARNING & THE DENTAL MORPHOLOGY OF THE APE LCA

nph.onlinelibrary.wiley.com/doi/full/10.1111/j.1469-
8137.2012.04291.x]

Quam, R.M,, J.L. Arsuaga, ].M. Bermudez de Castro, ].C. Diez, C.
Lorenzo, ].M. Carretero, and N. Garcia. 2001. Human remains
from Valdegoba Cave (Huérmeces, Burgos, Spain). Journal of
Human Evolution 41(5):385-435. [https://www.sciencedirect.
com/science/article/pii/S0047248401904865]

R Core Team. 2015. R: alanguage and environment for statistical
computing. R Foundati anon for Statistical Computing, Vienna.
[http://www.R-project.org/]

Rao, C.R. 1948. The utilization of multiple measurements in prob-
lems of biological classification. Journal of the Royal Statistical
Society: Series B. Statistical Methodology 10:159-203. [http://
www.jstor.org/stable/2983775]

Raaum, R.L., K.N. Sterner, C.M. Noviello, C.B. Stewart, and T.R.
Disotell. 2005. Catarrhine primate divergence dates estimated
from complete mitochondrial genomes: concordance with
fossil and nuclear DNA evidence. Journal of Human Evolution
48(3):237-257. [https://www.sciencedirect.com/science/
article/pii/S0047248404001666]

Revelle, W. 2017. psych: procedures for personality and psycho-
logical research. [https://personality-project.org/r/psych-
manual.pdf | Northwestern University, Evanston, IL.

Rightmire, G.P. 1990. The Evolution of Homo erectus: Comparative
Anatomical Studies of An Extinct Human Species. Cambridge
University Press, Cambridge. 276 pp.

Ross, C., B. Williams, and R.F. Kay. 1998. Phylogenetic analysis
of anthropoid relationships. Journal of Human Evolution
35(3):221-307. [https://www.sciencedirect.com/science/
article/pii/S0047248498902548]

Rossie, J.B., and L. MacLatchy. 2013. Dentognathic remains of an
Afropithecus individual from Kalodirr, Kenya. Journal of Human
Evolution 65:199-208. [https://www.sciencedirect.com/sci-
ence/article/pii/S0047248413001188]

Savage, T.S., and ]. Wyman. 1847. Notice of the external characters
and habits of Troglodytes gorilla, a new species of orang from
the Gaboon River; osteology of the same. Boston Journal of
Natural History 5:417-442.

Schmidhuber, ]. 2015. Deep learning in neural networks: An over-
view. Neural Networks 61:85-117. [https://www.sciencedirect.
com/science/article/pii/S0893608014002135]

Schoetensack, 0.1908. Der unterkiefer des Homo heidelbergensis:
aus den sanden von mauer bei Heidelberg. W. Engelmann,
Leipzig. 67 pp.

Schwarz, E. 1929. Das Vorkommen des Schimpansen auf den
linken Kongo-Ufer. Revue de Zoologie et de Botanique Africaines,
XVI4:425-23.

Shalev-Shwartz, S., and S. Ben-David. 2014. Understanding
Machine Learning: From Theory to Algorithms. Cambridge
University Press, Cambridge. 397 pp.

Shipp, M.A., K.N. Ross, P. Tamayo, A.P. Weng, ].L.. Kutok, R.C.T. Aguiar,
M. Gaasenbeek, M. Angelo, M. Reich, G.S. Pinkus, T.S. Ray, M.A.
Koval, K.W. Last, A. Norton, T.A. Lister, J. Mesirov, D.S. Neuberg,
E.S. Lander, J.C. Aster, and T.R. Golub. 2002. Diffuse large B-cell
lymphoma outcome prediction by gene-expression profiling
and supervised machine learning. Nature Medicine 8:68-74.
[https://www.nature.com/articles/nm0102-68]

Skowronski, M.D., and J.G. Harris. 2006. Acoustic detection and
classification of microchiroptera using machine learning: les-
sons learned from automatic speech recognition. The Journal

19

of the Acoustical Society of America 119:1817-1833. [https://
asa.scitation.org/doi/abs/10.1121/1.2166948]

Smith, FH. 2002. Migrations, radiations and continuity: patterns
in the evolution of Middle and Late Pleistocene humans. Pp.
437-456 in W.C. Hartwig (ed.), The Primate Fossil Record.
Cambridge University Press, Cambridge.

Steiper; M.E., and N.M. Young. 2006. Primate molecular divergence
dates. Molecular Phylogenetics and Evolution 41(2):384-394.
[https://www.sciencedirect.com/science/article/pii/
S$1055790306001953]

Suwa, G., B. Asfaw, R.T. Kono, D. Kubo, C.0O. Lovejoy, and T.D. White.
2009. Paleobiological implications of the Ardipithecus ramidus
dentition. Science 326:94-99. [http://science.sciencemag.org/
content/326/5949/69]

Swindler, D.R. 1976. Dentition of Living Primates. Academic Press,
New York. 308 pp.

Swindler D.R. 2002. Primate Dentition. Cambridge University
Press, Cambridge. 312 pp.

Szalay ES., and E. Delson. 1979. Evolutionary History of the Pri-
mates. Academic Press, San Diego. 580 pp.

Tharwat, A., T. Gaber, A. Ibrahim, and A.E. Hassanien. 2017. Linear
discriminant analysis: a detailed tutorial. Al Communications
30(2):169-190. [https://content.iospress.com/articles/ai-
communications/aic729]

Torkzaban, B., A.H. Kayvanjoo, A. Ardalan, S. Mousavi, R. Mariotti, L.
Baldoni, E. Ebrahimie, M. Ebrahimi, and M. Hosseini-Mazinani.
2015. Machine learning based classification of microsatel-
lite variation: an effective approach for phylogeographic
characterization of olive populations. PloS One 10:e0143465.
[http://journals.plos.org/plosone/article?id=10.1371/jour-
nal.pone.0143465]

Tuttle, R.H. 2014. Apes and Human Evolution. Harvard University
Press, Cambridge.

Tzanis, G., C. Berberidis, A. Alexandridou, and 1. Vlahavas. 2005.
Improving the accuracy of classifiers for the prediction of
translation initiation sites in genomic sequences. Pp. 426-436
in Panhellenic Conference on Informatics. Springer, Berlin.

Ungar, P. 2017. Evolution's Bite: A Story of Teeth, Diet, and Human
Origins. Princeton University Press, Princeton. 248 pp.

van Bocxlaer, B., and R. Schultheif3. 2010. Comparison of morpho-
metric techniques for shapes with few homologous landmarks
based on machine-learning approaches to biological discrimi-
nation. Paleobiology 36:497-515. [http://www.bioone.org/
doi/abs/10.1666/08068.1]

Vervier, K., P. Mahé, M. Tournoud, ].B. Veyrieras, and J.P. Vert. 2015.
Large-scale machine learning for metagenomics sequence clas-
sification. Bioinformatics 32:1023-1032. [https://academic.
oup.com/bioinformatics/article/32/7/1023/1743748]

Walker, A, and R.E. Leakey. 1993. The Nariokotome Homo erectus
Skeleton. Harvard University Press, Cambridge. 457 pp.

Wang, Y., I.V. Tetko, M.A. Hall, E. Frank, A. Facius, K.F. Mayer, and
H.W. Mewes. 2005. Gene selection from microarray data for
cancer classification—a machine learning approach. Com-
putational Biology and Chemistry 29:37-46. [https://www.
ciencedirect.com/science/article/pii/S1476927104001082]

Ward, S.C. and D.L. Duren. 2002. Middle and late Miocene African
hominoids. Pp. 385-398 in W.C. Hartwig (ed.), The Primate
Fossil Record. Cambridge University Press, Cambridge.

Ward, C.V,, M.G. Leakey, and A. Walker. 2001. Morphology of Aus-
tralopithecus anamensis from Kanapoi and Allia Bay, Kenya.


https://nph.onlinelibrary.wiley.com/doi/full/10.1111/j.1469-8137.2012.04291.x
https://nph.onlinelibrary.wiley.com/doi/full/10.1111/j.1469-8137.2012.04291.x
https://www.sciencedirect.com/science/article/pii/S0047248401904865
https://www.sciencedirect.com/science/article/pii/S0047248401904865
http://www.jstor.org/stable/2983775
http://www.jstor.org/stable/2983775
https://www.sciencedirect.com/science/article/pii/S0047248404001666
https://www.sciencedirect.com/science/article/pii/S0047248404001666
https://personality-project.org/r/psych-manual.pdf 
https://personality-project.org/r/psych-manual.pdf 
https://www.sciencedirect.com/science/article/pii/S0047248498902548
https://www.sciencedirect.com/science/article/pii/S0047248498902548
https://www.sciencedirect.com/science/article/pii/S0047248413001188
https://www.sciencedirect.com/science/article/pii/S0047248413001188
https://www.sciencedirect.com/science/article/pii/S0893608014002135
https://www.sciencedirect.com/science/article/pii/S0893608014002135
https://www.nature.com/articles/nm0102-68
https://asa.scitation.org/doi/abs/10.1121/1.2166948
https://asa.scitation.org/doi/abs/10.1121/1.2166948
https://www.sciencedirect.com/science/article/pii/S1055790306001953
https://www.sciencedirect.com/science/article/pii/S1055790306001953
http://science.sciencemag.org/content/326/5949/69
http://science.sciencemag.org/content/326/5949/69
https://content.iospress.com/articles/ai-communications/aic729
https://content.iospress.com/articles/ai-communications/aic729
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0143465
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0143465
http://www.bioone.org/doi/abs/10.1666/08068.1
http://www.bioone.org/doi/abs/10.1666/08068.1
https://academic.oup.com/bioinformatics/article/32/7/1023/1743748
https://academic.oup.com/bioinformatics/article/32/7/1023/1743748
https://www.sciencedirect.com/science/article/pii/S1476927104001082
https://www.sciencedirect.com/science/article/pii/S1476927104001082

20

Journal of Human Evolution 41:255-368. [https://www.sci-
encedirect.com/science/article/pii/S004724840190507X]

Weakley, A, ].A. Williams, M. Schmitter-Edgecombe, and D.]. Cook.
2015. Neuropsychological test selection for cognitive impair-
ment classification: a machine learning approach. journal
of Clinical and Experimental Neuropsychology 37:899-916.
[https://www.tandfonline.com/doi/abs/10.1080/1380339
5.2015.1067290]

Weidenreich, F. 1937. The dentition of Sinanthropus pekinensis:
a comparative odontography of the hominids. Palaeontologia
Sinica Series D 1:1-180.

White, T.D. 1977. New fossil hominids from Laetoli, Tanzania.
American Journal of Physical Anthropology 46(2):197-
229. [https://onlinelibrary.wiley.com/doi/abs/10.1002/
ajpa.1330460203]

White, T.D. 2002. Earliest hominids. Pp. 407-418 in W.C. Hartwig
(ed.), The Primate Fossil Record. Cambridge University Press,
Cambridge.

White, T.D., B. Asfaw, Y. Beyene, Y. Haile-Selassie, C.0. Lovejoy, G.
Suwa, and G. WoldeGabriel. 2009. Ardipithecus ramidus and the
paleobiology of early hominids. Science 326:75-86. [http://
science.sciencemag.org/content/326/5949/64]

White, T.D., C.0. Lovejoy, B. Asfaw, ].P. Carlson, and G. Suwa.
2015. Neither chimpanzee nor human, Ardipithecus reveals
the surprising ancestry of both. Proceedings of the National
Academy of Sciences 112:4877-4884. [http://www.pnas.org/
content/112/16/4877.short]

White, T.D., G. Suwa, and B. Asfaw. 1994. Australopithecus rami-
dus, a new species of early hominid from Aramis, Ethiopia.

PALEOBIOS, VOLUME 35, AUGUST 2018

Nature 371(6495):306-312. [https://www.nature.com/
articles/371306a0]

White, T.D., G. Suwa, and B. Asfaw. 1995. Australopithecus ramidus,
a new species of early hominid from Aramis, Ethiopia. Nature
375:88 (corrigendum).

White, T.D., G. Suwa, S. Simpson, and B. Asfaw. 2000. Jaws and
teeth of Australopithecus afarensis from Maka, Middle Awash,
Ethiopia. American Journal of Physical Anthropology 111:45-68.
[https://onlinelibrary.wiley.com/doi/abs/10.1002/(SIC[)1096-
8644(200001)111:1%3C45::AID-AJPA4%3E3.0.CO;2-1]

Wickham, H. 2009. ggplot2: Elegant Graphics for Data Analysis.
Springer-Verlag, New York. 213 pp.

Wood, B.A. 1981. Tooth size and shape and their relevance to stud-
ies of hominid evolution. Philosophical Transactions of the Royal
Society of London B: Biological Sciences 292:65-76. [http://
rstb.royalsocietypublishing.org/content/292/1057/65.short]

Wood, B.A. 1991. Koobi Fora Research Project, Vol. 4, Hominid
Cranial Remains. Clarendon, Oxford. 496 pp.

Wood, B.A,, and T. Harrison. 2011. The evolutionary context of the
first hominins. Nature 470:347-352. [https://www.nature.
com/articles/nature09709]

Wood, B.A,, and F.L. Van Noten. 1986. Preliminary observations on
the BK 8518 mandible from Baringo, Kenya. American Journal
of Physical Anthropology 69:117-127. [https://onlinelibrary.
wiley.com/doi/abs/10.1002 /ajpa.1330690113]

Zeng, F, R.H. Yap, and L. Wong. 2002. Using feature generation
and feature selection for accurate prediction of translation ini-
tiation sites. Genome Informatics 13:192-200. [https://www.
jstage.jst.go.jp/article/gi1990/13/0/13_0_192/_article/-
char/ja/]


https://www.sciencedirect.com/science/article/pii/S004724840190507X
https://www.sciencedirect.com/science/article/pii/S004724840190507X
https://www.tandfonline.com/doi/abs/10.1080/13803395.2015.1067290
https://www.tandfonline.com/doi/abs/10.1080/13803395.2015.1067290
https://onlinelibrary.wiley.com/doi/abs/10.1002/ajpa.1330460203
https://onlinelibrary.wiley.com/doi/abs/10.1002/ajpa.1330460203
http://science.sciencemag.org/content/326/5949/64
http://science.sciencemag.org/content/326/5949/64
http://www.pnas.org/content/112/16/4877.short
http://www.pnas.org/content/112/16/4877.short
https://www.nature.com/articles/371306a0
https://www.nature.com/articles/371306a0
https://onlinelibrary.wiley.com/doi/abs/10.1002/(SICI)1096-8644(200001)111:1%3C45::AID-AJPA4%3E3.0.CO;2-I
https://onlinelibrary.wiley.com/doi/abs/10.1002/(SICI)1096-8644(200001)111:1%3C45::AID-AJPA4%3E3.0.CO;2-I
http://rstb.royalsocietypublishing.org/content/292/1057/65.short
http://rstb.royalsocietypublishing.org/content/292/1057/65.short
https://www.nature.com/articles/nature09709
https://www.nature.com/articles/nature09709
https://onlinelibrary.wiley.com/doi/abs/10.1002/ajpa.1330690113
https://onlinelibrary.wiley.com/doi/abs/10.1002/ajpa.1330690113
https://www.jstage.jst.go.jp/article/gi1990/13/0/13_0_192/_article/-char/ja/
https://www.jstage.jst.go.jp/article/gi1990/13/0/13_0_192/_article/-char/ja/
https://www.jstage.jst.go.jp/article/gi1990/13/0/13_0_192/_article/-char/ja/

