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Abstract
While studies on sexual dimorphism African apes are well represented
in literature, there are comparatively fewer studies on morphological differences of primates correlated with geographic variation. In this project,
we analyze collections of bone measurements with the goal of identifying
geographically correlated variations and patterns in primate morphological data, specifically in the genera Pan and Gorilla. We use a database
of forty-three size-corrected linear measurements of forelimbs and hind
limbs gathered from over a hundred specimen in the each of the genera
Pan and Gorilla, provided by Jabbour in [2]. Data mining techniques are
applied to determine clusters of highly ”similar” specimen. In particular,
data clustering is produced by an implementation of the Jarvis-Patrick Algorithm, in conjunction with four predetermined similarity measures. We
find that under two of our chosen similarity measures (the Minkowski and
Extended Jaccard similarity measures) clustering patterns highlight sexual
dimorphism in both Pan and Gorilla, but do not bear strong correlation with
geographical variation. In contrast, the clustering patterns under the Cosine
and Pearson Correlation similarity measures demonstrate considerable correlation with geographical variations of Pan and Gorilla. Notably, our study
produces data in support of a recent proposal for the reclassification of P.
troglodytes schweinfurthii NW eastern and P. troglodytes schweinfurthii SE
eastern under separate subspecies. Cluster analysis also reveals separation
in the data confirming previously established separations along species, subspecies, and populations within the genera.
Categories and Subject Descriptors:

1.

INTRODUCTION

Classification of the great apes has historically been under constant
review and subject to frequent revision. The reason for which is that
the study of classifications of apes can shed light on primate adaptation, the ancestry of humans and may be helpful for conservation
purposes by identifying specific subgroups of apes who are endangered. In particular, human expansions into traditional ape habitats
have generated a pressing concern for the timely identification of
groups of apes that are potentially affected by human activities [4].
The focus of this study is to find geographically correlated
clustering (grouping) patterns within African apes (in the genera
Pan and Gorilla) based on a data set of limb bone measurements
provided by Jabbour in [2]. Separation of the data into clusters
(groups) is achieved by a clustering algorithm that has been
successfully applied to analyses of comparable data sets in similar
studies, along with four measures of data similarity (chosen to
accommodate the specific characteristics of the data set) used to
identify natural grouping tendencies within the data set. The goal
of this research is to:

(1) produce comparison data for previous studies on geographically correlated morphological patterns in Pan and Gorilla done
using statistical methods such as Principle Component Analysis
(see Jabbour in [2]);
(2) test the effectiveness of a data analysis technique that has not
been used previously in the study of morphological variation in
apes.
This study extends the work done by Jabbour in [2]. In [2],
Jabbour was interested in morphological variations within Pan and
Gorilla at the both the subspecies and populations levels (note that
the population classification is based on the geographic location of
a group of specimen). Jabbour was interested in wether established
classifications of species and subspecies could be detected by
analyzing the morphological data of apes. In her analysis of ape
morphological data, Jabbour primarily used Principal Components
Analysis (PCA). PCA is an unsupervised statistical process
of data analysis, which constructs a new set of axes (as linear
combinations of the standard axes determined by the raw data)
so that when plotted in these axes the data displays maximum
variation. Thereafter, 2-dimensional plots of the data is generated
by considering one pair of the new axes at a time, finally allowing
clusters within the data set to be visually identified. Principal
Component Analysis of the morphological data in [2] demonstrates
geographically correlated variation as well as sexual dimorphism
(see [2] for details).
In this study, we are interested in whether or not the results
obtained by Jabbour in [2] can be replicated using a non-statistical
data-mining method. Further, we are interested to see if new and
meaningful variations in primate morphology can be detected by a
non-traditional analysis of the data.

2.

DATA INFORMATION

The data analyzed in this study consists of two sets of bone measurements, for the genera Pan and Gorilla correspondingly, and are
taken from Jabbour in [2]. All measurements are size-corrected.
That is, the data is rescaled to minimize the appearance of variation
driven by size difference. Size-corrected data is found by taking
the geometric mean of the measurements corresponding to one
specimen and dividing each measurement by the mean (Pearman).
The geometric mean of a set of measurements can be computed as
the follows:

Geometric Mean = (

Qn
i=1

Ci )1/n
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n - amount of elements
C - list of elements, in this case, bone measurements
For example, consider the values: 6, 9, 2, 3. The geometric mean
is calculated as follows: 4th root of (6*9*2*3) = 4.24. Thus, the
geometric mean for the previous values is roughly 4.24.
The data set for Pan consists of 138 individuals, with complete
size-corrected bone measurements. Specimen in the genus Pan are
classified by species, Pan paniscus (P.p.) and Pan troglodytes (P.t.).
Species are given the further classification of subspecies. Subspecies belonging to the species P.t. include:
—P.t verus,
—P.t troglodytes,
—P.t schweinfurthii,
—P.t elloti.
—The subspecies P. pansicus is not further classified into subspecies.
Finally, subspecies of P.troglodytes, with the exception of P.t
verus and P.t elloti are classified by population (geographical location of the habitat of the specimen). The subspecies P.t. troglodytes
include the populations:
—P.t. troglodytes Bipindi,
—P.t. troglodytes Metet,
—P.t. troglodytes Sette Camma,
—P.t. troglodytes Mambili,
—P.t. troglodytes Equitorial Guinea,
—P.t. troglodytes Ebolowa,
—P.t. troglodytes Batouri/Lomie,
—P.t. troglodytes Abong Mbang.
The subspecies P.t schweinfurthii includes the populations of P.t
schweinfurthii NW Eastern and P.t schweinfurthii SE Eastern.
The data set Gorilla consists of 130 individuals, with complete sizecorrected bone measurements. Two species constitutes the genus
Gorilla, which are Gorilla gorilla (G.g) and Gorilla beringei (G.b).
Subspecies belonging to G.graueri include: G.g. gorilla, and G.g
diehli.
The subspecies G.g diehli includes the population G.g diehli Nigeria.
The subspecies G.g. gorilla includes the populations:
—G.g. gorilla Sette Camma
—G.g. gorilla Rio Muni
—G.g. gorilla Nola
—G.g. gorilla Metet
—G.g. gorilla Mambili
—G.g. gorilla Lomie
—G.g. gorilla Gabon
—G.g. gorilla Ebolowa
—G.g. gorilla Bipindi
—G.g. gorilla Batouri
—G.g. gorilla Abong Mbang
Subspecies belonging to G.beringei include G.b beringei and
G.b graueri.
The subspecies G.b. beringei includes the population G.b. beringei
Virungas.
The subspecies G.b. graueri includes the populations:
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—G.b. graueri Utu
—G.b. graueri Tshiaberimu
—G.b. graueri Mwenga Fizi
—G.b. graueri Kahuzi
Each individual specimen has 43 linear size-corrected measurements; the bone measurements are from the limb bones of the apes.
For more details on the measurements and the process of data collection, refer to[2].

3.

GRAPH THEORETIC CLUSTERING APPROACH
TO DATA ANALYSIS

Recall that each individual specimen in the data set consist of
43 size-corrected bone measurements. As such, we may consider
each specimen a point in a 43 dimensional vector space, where
each size-corrected measurement gives a single coordinate of this
point. In this way, the data set can be plotted in a system with 43
axes (each axis representing one location of measurement on the
skeleton) and can thereafter be analyzed for clustering tendencies
and other trends. However, visualization of data in 43 dimensions
is difficult to achieve and unhelpful in the task of efficiently
identifying patterns. Fortunately, there are many well established
techniques for the analysis of high dimensional data, of which
the statistical method Principle Component Analysis is one. PCA
bypasses the difficulty of visualizing and manipulating data in
high dimensions by reducing the visualization of the data to two
dimensions, each time plotting the data in two specially chosen
axes to maximize variation. A review of literature on primate morphological data analysis indicates that this is the predominantly
used method in this field. While effective, PCA assumes that the
user is only interested in finding large variations in data, ignoring
smaller ones [9], and often, it is difficult to interpret the meaning
of the pair of axes which produces clear clusters in the data. [5]
In the fields of machine learning, computer vision, genomics and
many types of biometric research, Principle Component Analysis
appear as just one tool amongst many other widely used data analysis methods. Graph Theoretic Clustering is a popular technique
that has been demonstrably successful in many applications involving high dimensional data. This approach involves applying mathematical concepts and techniques in the study of graphs to identify significant grouping in raw data. Notable applications of Graph
Theoretic Clustering to biological research include the clustering
of gene expression data (as in [6]) and as well as facial and palm
biometrics (as in [10]).

4.

GOALS

The specific goals for this study are as follows:
-Verify established classifications in genera Pan and Gorilla.
-Identify clustering patterns within species, subspecies, and populations for both genera of apes.
-Due to significant behavioral and other differences between the
two groups, a recent proposal has been made to reclassify the P.t
schweinfurthii NW Eastern and P.t schweinfurthii SE Eastern chimpanzees into separate subspecies. As such, we are especially interested in the clustering patterns of these two populations.
-Determine the effects of sexual dimorphism in both genera of apes.
-Contrast the clustering patterns of Eastern and Western Gorillas
(traditionally considered to be separate species).
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5.

DATA MINING BACKGROUND

Data mining is the (automated) process of analyzing large amounts
of data, and summarizing that data [7] using of advanced search
functions and statistical algorithms. Graph theoretic clustering is a
type of data mining technique that first realizes the raw data as a
graph consisting of a set of nodes and edges. A node represents an
entry in the raw data, where as an edge represents a relationship or
comparison of two nodes. In clustering, an edge between two nodes
indicate that the nodes are “similar” under some predetermined notion of similarity. Edges are typically decorated with a weight (a
number) quantifying the similarity of the nodes connected by the
edge. After generating a relational or similearity graph from the
raw data, an algorithm is applied to identify groups of nodes that
have a strong tendency to cluster. Loosely speaking, a cluster is a
highly connected group of nodes (this would express the fact that
the nodes are highly “similar”). Ideally, in a cluster, each node is
connected to many other nodes (i.e. there should be large number
of edges present in each cluster). In contrast, between clusters, there
should be little to no edges expressing the fact that nodes from different clusters should be dissimilar. A typical clustering algorithm
aims to maximize the number of edges within each cluster and minimize the number of edges between clusters.
For this study we will use four measures to quantify “similarity”
between two data points and we will use the Jarvis-Patrick Algorithm to process the resulting similarity graph of the data to identify
natural clusters.

6.

JARVIS-PATRICK ALGORITHM

The Jarvis-Patrick Algorithm is a clustering technique that uses
the nearest neighbors approach to find clusters in a set of data. The
relatedness of two nodes is defined to be the number of Shared
Nearest Neighbors (SNN) of the nodes. That is, we compute the
list of the nearest neighbors for each node (this is a list of nodes
that are the closest under some similarity measure to a fixed node)
and calculate the number of nodes that appear on both lists. The
SNN of two nodes is recorded as the weight of the edge connecting
them. For example, consider two nodes in a hypothetical similarity
graph, node 1 and node 2. Suppose node 1’s nearest neighbors
are nodes 3, 4, 5, and 7 and that node 2’s nearest neighbors are
nodes 4, 7, 8, 10, and 11. The weight on the edge between node
1 and node 2 will be 2 since they share two nearest neighbors. To
determine the list of nearest neighbors of a node, we consider four
different similarity (or distance) measures (described in the next
subsection). The following is the pseudocode for the Jarvis-Patrick
Algorithm:
-Enter the data as nodes, each node representing an ape.
-Generate list of k nearest neighbors for each node by make a list
of k nodes that are the most similar to the node in question (using
a predetermined similarity measure).
-For each pair of nodes, add an edge with a weight representing
the number of nearest neighbors both nodes have in common. We
call the resulting graph the SNN similarity graph.
-Sparsify SNN graph by removing edges between nodes that have
a weight lower than a predetermined cutoff threshold, n.
-Find all the clusters (group of nodes that are connected only to
each other).
For each data set and each of the four similarity measures,
we generate a SNN similarity graph and identify clusters after
sparsification. In the end, the number of similarity graphs generated
is greater than 8. The most time expensive portion of the algorithm
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comes from finding the nearest neighbor for each node. This is
because each node is compared with every other node resulting in
approximately 1002 comparisons each time a similarity graph is
generated.
For each SSN graph, the algorithm is executed for different
choices of k (ranging from close to 0 to 12 of the size of the entire
data set), in the computation of the k nearest neighbors. This is
done to remove the element of arbitrariness in the choice of k,
making the patterns identified in the results robust. That is, if
a pattern appears for all or most choices of k then we consider
it significant. Furthermore for each fixed k, the algorithm is
executed for different choices of the cutoff threshold n (used in
the sparsification of the graph), ranging from 5 to k (going up by
5 each time). This, again, is done to remove the arbitrariness from
the choice of n and to ensure the robustness of our findings.

7.

SIMILARITY MEASURES

As described above, the Jarvis-Patrick Algorithm uses similarity
measures to determine the “closest” neighbors of a particular node.
Similarity measure, in this application, is a generalization of the
notion of distance between points in the data set. In principle, we
want that high similarity to reflect meaningfully that the two data
entries are closely related, while lower similarity should quantify
the fact that the points are weakly related. The different similarity
measures we use are the Minkowski Measure, Cosine Measure,
Pearson Correlation Measure, and Extended Jaccard Measure.

7.1

Minkowski Measure

The Minkowski Measure (also known as p norm) is a generalization of the Euclidean distance measure. The distance between a pair
of points is calculated by taking the pth root of the difference. This
equation “specif[ies] different ways of combining the differences
in each dimension into an overall distance” (Page 70 in [1]). Describing both vectors as x and y, the distance equation between the
vectors x and y is:
min(x,y) = (

1

Pn
k=1

|xk − yk |p ) p

In this equation, n represents the amount of samples in the data set
and p is the parameter that will be used to find the distance, it is
the nth root that will be taken. The k represents the dimensions of
the vectors, attributes of the nodes, that will be summed to account
for total distance of the two vectors.

7.2

Cosine Measure

The Cosine Measure quantifies the similarity between two vectors
as the cosine of the angle between the vectors. The Cosine similarity of two vectors is defined as:
cos(x,y) =

x·y
kxkkyk

where is the vector dot P
product. The dot product of two vectors is
n
defined as x y = x · y = k=1 xk yk
The magnitude, length of vector, of both vectors are also required
and expressed in the following equation:
kxk = kxk =

pPn
k=1

x2k
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As in the Minkowski Measure, n represents the amount of
samples in the data set and k represents the current dimension
being calculated in the equation. The range of the Cosine measure
is between 1 and -1. With a value closer to 1 or -1 reflecting a high
degree of similarity and values close to 0 reflecting low degrees of
similarity.

7.3

Pearson Measure

The Pearson Measure is a measure of linear relationship between
the attributes of two vectors (Page 76 in [1]). In visual context, the
attributes of the vectors are represented as points in a graph. For
example, the first attribute, x1 represents a x-coordinate, while y1
represents a y-coordinate. Then, a linear, “best fit” line is applied
to the points that are scattered in the graph. If the slope is close
to 1, this represents high correlation between the points. High correlation represents higher similarity between the two vectors. The
equation used to find correlation measure is:
corr(x, y) =

covariance(x,y)
standard deviation(x)∗standard deviation(y)

Covariance is represented by the following equation:
covariance(x, y) =

1
n−1

Pn
k=1

(xk − x̄)(yk − ȳ)

Standard deviation is represented by the following equation:
sd(x) =

q

Pn

1
n−1

k=1

(xk − x̄)2

x bar, the mean of x, is represented by the equation:
x̄ =

1
n

Pn
k=1

xk

As the previous measure, n and k are the same as past explanations. The range of the Pearson Correlation measure is between 1
and -1. With a value closer to 1 or -1 reflecting a high degree of
similarity and values close to 0 reflecting low degrees of similarity.

7.4

Extended Jaccard Measure

The Extended Jaccard Measure is a comparison of the similarity of
two vectors against their dissimilarity. In other words, this measure
how many attributes both vectors have in common over the number
of attributes of one of the vectors (note that since they both have
the same amount of attributes, then it doesn’t matter which vector
is chosen). The equation used to find the Extended Jaccard Measure
is:
EJ(x, y) =

8.

x·y
kxk2 +kyk2 −x·y

RESULTS

The algorithm was able to confirm established classifications and
found new patterns in the data that were not seen before. Overall,
we find that clustering patterns reflect sexual dimorphism both
chimpanzees and gorillas. Also, in both genera, we find geographically correlated variations. Findings in Pan will be discussed first.

clustering patterns of P. troglodytes and P. paniscus. Finally, we
were interested in geographically correlated clustering patterns
within P.t. schweinfurthii.
8.1.1 Confirmed. In our results, we are able to clearly identify
a separation between P. paniscus and P. troglodytes. We are also
able to observe patterns reflecting sexual dimorphism confirming
the finding of researched by Pearman in [3] (the latter results were
obtained using Principle Component Analysis). Figure 1 shows the
separation between the species, with the blue colors representing
P.paniscus and the red colors representing P.troglodytes. As seen
in Figure 1, cluster 1 and 2 are pure clusters consisting only of
P.paniscus, while most of the other clusters are pure P.troglodytes.
Figure 2 shows the separation between the sexes in Pan, with the
red colors representing males and the blue colors representing the
females. Cluster 2 and 3 consist of mostly females, while cluster 1
is split, showing some sexual dimorphism in Pan.
8.1.2 New Findings. In our results, we also find clear separation between P. troglodytes schweinfurthii NW eastern and P.
troglodytes schweinfurthii SE eastern. Figure 3 and Figure 4 shows
the visuals of the different populations in Pan. We focus on the
two populations belonging to the subspecies schweinfurthii, with
the light blue color representing SE Eastern chimpanzees and the
orange color representing NW Eastern chimpanzees. By inspecting
Figures 3 and 4, notice that SE Eastern and NW Eastern are not
in the same cluster, but form their own clusters, independent from
each other. However, SE Eastern does cluster with P. paniscus,
which could be the case because of their similar locations. Looking
at the map of Africa [8], notice that both SE Eastern chimpanzees
and P.paniscus chimpanzees are both in the South-Eastern part of
the Republic of the Congo. NW Eastern forms their own cluster,
independent of all the other chimpanzees. This finding lends
some support to considering the two groups, NW Eastern and
SE Eastern, to be separate subspecies, however, the clustering of
SE Eastern with P. paniscus complicates matters. Studying other
clustering visuals, with the same k, but a smaller cutoff threshold,
we notice that when the chimpanzees start to form smaller clusters,
SE Eastern and NW Eastern separate at an early cutoff threshold,
which shows their dissimilarity.
Another robust pattern in the clustering is the separation
between inland and coastal (Sette Camma, Equitorial Guinea, and
Bipindi) chimpanzees. Referring to Figures 3 and 4, this separation
is evident. While clustering Pan, we notice that Sette Camma,
Equitorial Guinea, and Bipindi are all present in a cluster together,
while other chimpanzees form different clusters. In addition, notice
that far-inland chimpanzees (Abong Mbang and Batourie/Lomie)
never cluster with the coastal chimpanzees. However, the these
inland chimpanzees do not tend to cluster together as much, but
form their own clusters, or are spread out.
We note here that the aforementioned patterns are all robust, in
the sense that they appear for nearly all choices of k nearest neighbor and cutoff threshold n.

8.2
8.1 Pan
As previously stated, one of our goals for Pan is to verify established classifications within the genera Pan. Another goal is
to identify clustering patterns within species, subspecies, and
populations. Specifically, we were interested in the comparison of
ACM Transactions on Graphics, Vol. , No. , Article , Publication date: .

Gorilla

Like Pan, apes in Gorilla are expected to cluster along the two
species in Gorilla, G. gorilla and G. beringei. In addition, clustering Gorilla is initially expected to be affected by sexual dimorphism, based on previous work by Pearman in [3]. Lastly, differences in the clustering pattern of Eastern and Western Gorillas are
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expected due to their location differences and difference in habitat. Habitats can effect the clustering tendencies of the Western and
Eastern Gorillas since habitat determines the behavioral and physical adaptations of the populations (depending on the needs of the
animals, such as climbing or long distance traveling).
8.2.1 Confirmed. As expected, we observe the clustering
patterns in Gorilla reflecting exual dimorphism. These patterns
are evident in the Minkowski and Extended Jaccard measure (we
will explained why these two measures produce clustering driven
by sex). By looking at Figures 5 and 6, one can see separation
between female (blue) and male (red) gorillas. While there are a
few females in the first cluster, it is predominantly male. Cluster
3 gives clear evidence of sexual dimorphism because only female
gorillas were present in the cluster. The rest of the clusters are a
split, but most clusters show a clear separation of the genders, thus
concluding that sexual dimorphism does affect Gorilla.
The distinction between the two species, G. gorilla and G.
beringei, are also observable in the clustered data. This separation
is evident using the Extended Jaccard measures. Figure 7 and 8
show the clusters of G. gorilla (red) and G. beringei (blue). Notice
that the first four clusters consist of only G. gorilla, while cluster
5 consist of only G. beringei. These clusters show clear separation between the species because there are very few clusters where
both were part of the same cluster, and many other clusters are pure
G.gorilla or G.beringei.
8.2.2 New Findings. Like in the case of Pan, when clustered,
Gorilla data showed distinction between coastal and inland
gorillas. Inland gorillas consist of Batourie, Lomie, Abong Mbang,
and Metet, while coatal gorillas consist of Bipindi, Sette Camma,
and Gabon. Examining Figures 9 and 10, notice that the coastal
gorillas belong to one cluster, with the exception of Bipindi, which
tends to spread out in the other clusters; while the other inland
gorillas either are found in a cluster together, or form their own
clusters. Unexpectedly, the cluster containing the coastal gorillas
also include Virunags and Ebolowa. An explanation for Ebolowa
being present is that Ebolowa is in between the coast and inland,
so there could be gorillas that resemble coastal gorillas, while
others closely resemble inland gorillas. Virungas, on the other
hand, appear very unpredictable because they tended to spread out
in the clusters, and do not cluster in a specific manner. In fact, the
unorganized manner of the Virungas clustering is a new finding.
Virungas would be expected to cluster with other Eastern gorillas
because of their location. However, we find the opposite in our
results, as Virungas cluster everywhere, as seen in Figures 9 and
10. A possible explanation for Virungas not clustering with other
Eastern gorillas could be traced back to their habitat. Virungas
gorillas live in a region with mountains, while other Eastern
gorillas are more lowland. This could affect how Virungas bones
are shaped because of the different demands in the body needed to
survive in that kind of habitat. This pattern is robust because of the
pattern persistence with different k nearest neighbors and different
n cutoff thresholds for the Cosine and Pearson measures.
Another unexpected pattern is the pure clustering of Mwenga
Fizi, which is a population belonging to Gorilla beringei graueri.
Mwenga Fizi belongs to the Eastern Gorilla’s group, and would be
expected to cluster in that group because of the similar location.
As seen in the African map [8], Mwenga Fizi is relatively close to
the other Eastern Gorillas, yet, they form their own cluster. Looking back at Figures 9 and 10, one can see that in cluster 3, only
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Mwenga Fizi is present, and they are not located in any other cluster, except for a single Mwenga Fizi gorilla that ended up clustering with other Eastern gorillas, which belong to the subspecies G.
beringei graueri. This test showed that Mwenga Fizi wasn’t as related to other Eastern gorillas, but showed independence from all
other gorillas.
8.2.3 Contradicted. Sexual dimorphism was expected to play
a more significant role in the clustering of Gorilla, more than was
present in Pan. This is not the case since they are both equally
affected by sexual dimorphism. Pearman, in [3], discovered that
sexual dimorphism had a greater role in the grouping of Gorilla
than what it had with Pan [3]. Looking at Figures 5 and 6, there
is some sexual dimorphism in Gorilla; but by looking at Figure
1, which is a visual highlighting sex in Pan, notice that sexual
dimorphism doesn’t affect Gorilla anymore than it did with Pan,
and vice-versa.
Western gorillas and Eastern gorillas were expected to cluster
separately because of the differences in their habitats, which can
affect physical adaptation. However, there is no clear separation between both types of gorillas. Eastern gorillas belong to G. beringei
graueri and G. beringei beringei, while the Western gorillas belong
to the other type of gorillas: G.g. gorilla, and G.g. diehli. Looking
back at Figures 9 and 10, Utu, Tshiaberimu, and Kahuzi, Eastern
gorillas, can all be found in cluster 1; however, they are not the only
gorillas present in that cluster. There are different type of Western gorillas that occupy that cluster as well. Looking at Figures 11
and 12, notice that by looking at a visual in the subspecies level,
the cluster is occupied by G.beringei graueri, G.beringei beringei
(Eastern Gorillas), and G.gorilla gorilla (Western Gorillas). While
the two Eastern gorillas previously stated always cluster together,
no matter which k nearest neighbor or n cutoff is chosen, there is
no clear distinction between the Western and Eastern gorillas.

9.

CLUSTERING DEPEND ON CHOICE OF
DISTANCE MEASURES

In the Jarvis-Patrick Algorithm, the use of distance measures is
needed to determine how “far” one node is from another. In this
study we use four distance similarity measures: Minkowski Measure, Extended Jaccard Measure, Cosine Measure, and Pearson
Correlation Measure. We find that the clustering patterns depended
significantly on the choice of similarity measure. One can see that
the Minkowski Measure and the Extended Jaccard Measure produced similar results; while the Cosine Measure and Pearson Correlation Measure produced similar results. The former pair produced clustering driven by sex while the latter produced clustering driven by geographical variation. We interpret this to mean that
since Minkowski and Extended Jaccard measures are sensitive to
absolute difference in the attributes of two data points, they are affected by differences in size-related attributes between the sexes
(these persist despite adjusting the data via the geometric mean).
In comparison, Cosine and Pearson Correlation Measures cannot
distinguish measurements that are scaled versions of each other. In
this way, these measures are more sensitive to ratios and proportions (relative difference) rather than absolute difference.

9.1

Pan

When using the Minkowski and Extended Jaccard Measures on the
Pan data, we see consistent patterns throughout different choices
for k nearest neighbors and different cutoff values. Using these
measures, separation between P. paniscus and P. troglodytes is
ACM Transactions on Graphics, Vol. , No. , Article , Publication date: .
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evident. In addition, these two measures also produce separation
between the sexes in Pan. Biologically, separation between
species is more evident than subspecies because of the hierarchy
of taxonomy, and differences in the sexes, specifically in size.
Mathematically, both the Minkowski Measure and Extended
Jaccard Measure considers the absolute size of the chimpanzees.
So size difference between the certain subspecies and gender can
have a huge effect on how the data clusters. Male chimpanzees
tend to be bigger than female chimpanzees, which would favor
more separation between the genders because of size difference.
Similarly, P. paniscus and P. troglodytes are separated when
clustered, which makes sense because P. paniscus is generally
smaller than P. troglodytes.

determine the statistical significance of the results. The latter is
especially important, as any collection of data, random or not,
can produce clusters. Thus verification is essential to ensure that
results are biologically and statistically meaningful. In addition,
cluster validations help us pick the optimal k nearest neighbors and
cutoff threshold to represent clustering patterns.

When using the Cosine and Pearson Correlation Measure on
the Pan data, we see a pattern of separation between NW Eastern
and SE Eastern chimpanzees, which both belong to P.troglodytes
schweinfurthii. Separation between coastal and inland chimpanzees
is relevant in both of these measures as well. Cosine Measure and
Pearson Correlation does not consider apes that differ by a scalar in
size to be dissimilar. That is, if a chimpanzee is twice as big as another chimpanzee but have nearly identical proportions, then both
chimpanzees will be considered similar. The Cosine Measure produces this result because if two apes are scalar differences of each
other, then in a graph, they would be collinear. This would produce
a smaller angle, representing stronger similarity. The Pearson Correlation Measure takes the same attribute of both apes being compared, and plotting them on a graph against each other. Consider
taking the first measurement of the apes, which is MC length, the
first ape’s bone can be noted as x1 , and the second ape’s bone can
be noted as y1 . This constitutes one point in the graph, and this process follows for the rest of the bone measurements for both apes.
If the apes sizes differed by a scalar multiple, than all the points
would be collinear. This would make the apes very similar. Since
male chimpanzees could differ by a scalar multiple compared to female chimpanzees, than the Cosine and Pearson Correlation Measures would not have detected this pattern. However, this suggests
that there could be a significant, or even a small difference in sizes
between NW Eastern and SE Eastern chimpanzees, causing separation in clusters. Similarly, the same can be argued for coastal and
inland chimpanzees, different sizes, not differentiating by a scalar,
produced separation between both chimpanzees in the clusters.

10.1

9.2 Gorilla
When using the Minkowski and Extended Jaccard Measures on the
Gorilla data, we observe a pattern separation by sex. Similar to the
case of chimpanzees, we have that male gorillas are much bigger
than female gorillas. This would in turn cause separation between
both genders since these measures consider the absolute size of the
gorillas.
When using the Cosine and Pearson Correlation on the Gorilla
data, we again observe patterns of separation between coastal and
inland gorillas; in addition to the separation between Mwenga Fizi
and other Eastern gorillas. Like Pan, if the sizes of the gorillas do
not differentiate by a scalar, then the gorillas will be tend to be
found in different clusters.

10.

CLUSTER VALIDATIONS

After clustering the data, cluster validations must be performed
on the clusters to validate their preciseness. Cluster validations
must be performed to verify the accuracy of the clusters and to
ACM Transactions on Graphics, Vol. , No. , Article , Publication date: .

The following cluster validations are considered unsupervised
validations, due to the fact that these validations measure the quality of clusters without the consideration of external measures, information about the data points (Pg 535 in [1]). The three cluster
validations we use are: SSE (Sum of Squares Error), cluster cohesion, and cluster separation.

SSE

The Sum of Squares Error (SSE) is one form of cluster validation.
This validation takes the average pairwise distance of the points.
(The sum of all the Eucledean distances between points in a single
cluster.) After finding the average pairwise distance, each point is
compared to the average distance, and the resulting value is then
squared. This new value is the error, we add all the errors to find
the total SSE. Thus, a lower SSE means more accurate results; and
the clusters produce accurate clustering and meaningful data. The
equation used for SSE:
SSE =

10.2

1
2mi

P

P

x∈Ci

y∈Ci

dist(x, y)2

Cluster Cohesion

Cluster cohesion is another form of cluster validation. This validation measures how connected nodes within a cluster are to each
other. The validation will give a result based on the compactness
of the data, which will determine how closely related the nodes are
to each other. This is done by taking the sum of the weights (how
related the nodes connected by edge are) of all the edges within
a cluster, then divide the number by the amount of nodes in the
cluster. Thus, a higher cluster cohesion for each cluster is desired
because cluster with high cohesion describes greater similarity between the nodes in the cluster, indicating meaningful results. The
equation used for cluster cohesion:
cohesion(Ci ) =

P
x∈Ci ,y∈Ci

proximity(x, y)

proximity = similarity
proximity(x,y) = weight(edge(x,y)) = number of shared neighbours
of (x,y)

10.3

Cluster Separation

Cluster separation is the last form of cluster validation that was
used. This validation measures how separated clusters are from
each other. The validation will find how distinct each cluster is from
other clusters (Pg. 535 in [1]). Each of the clusters is weighted with
a value indicating how “far” apart they are from other clusters. This
process is done by taking the sum of the edges from nodes of one
cluster to nodes in another (Pg. 535 in [1]). A higher separation is
desired because higher separation between clusters mean that they
are dissimilar to each other, indicating higher similarity between
nodes in their cluster, and not with other nodes in different clusters.
The equation used for cluster separation:
separation(Ci , Cj ) =

P
x∈Ci ,y∈Cj

proximity(x, y)
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11.

OPTIMAL GRAPHS

We compute the SSE, cluster cohesion, and the cluster separation
for all results produced by the choices of k nearest neighbors and
cutoff threshold values n. After this, we graph of the validation
measures against the various choices of k and n. By doing this, we
identify the choice of k and n which optimize all three validation
measures. We consider the clustering results for the optimal k and
n to be representative of the natural patterns in the data.
Figure 13 shows the cluster validations graphed with the axes
portraying k nearest neighbors and scaled average cluster statistics.
This cluster validation graph shows the optimal k nearest neighbors
for the Cosine Measure on the Gorilla data. Another aspect to note
is that only clusters with more than two nodes were considered
because smaller clusters would cause error in the calculations.
Analyzing the graph, one can observe that at 15 nearest neighbors,
SSE is relatively low, while separation is quite high, and cohesion
is at a good level. The reason this specific k was selected was
because at other k’s, the SSE was too high, which resulted in
inaccurate results. Although cohesion and separation are high on
higher k’s, that could be the result of a larger amount of smaller
clusters. The smallest k doesn’t show enough separation in the
clusters, yielding large clusters, with low cluster cohesion, so
the nodes were not very similar. Thus, a k with a small SSE, a
decent amount of separation and cohesion will result with the most
optimal results. This process was repeated for all the other distance
measures and for Pan.
We also use cluster validations to find the optimal cutoff n for the
optimal k nearest neighbors. This is done by graphing the cluster
validations for the optimal k nearest neighbors. Figure 14 shows the
cluster validations with the x-axis representing the cutoff thresholds
and y-axis representing the scaled average cluster statistics. Following from Figure 13, the graph represents the cluster validations for
the nearest neighbors being 15, for the Cosine Measure on the Gorilla data. Similarly, finding a cutoff threshold which yields a low
SSE, relatively high cohesion and separation was ideal. Analyzing
Figure 14, one notices that at cutoff’s 12, 13, and 14, the SSE is
really low and separation is high for the earlier two cutoff’s, with
cohesion being quite high as well. However, by looking at those
clusters, they were all very small, giving no significant data. Thus,
cutoff 11 proved to show the best results because of its relatively
low SSE, high cohesion, and enough separation between clusters.
This was the basis for picking the best cutoff thresholds for all optimal k nearest neighbors for all distance measures, both in Pan and
Gorilla.

12.

RANDOM DATA

A problem that arises from clustering data is that any set of data
can produce clusters even if there are no natural clusters present
[1]. We ensure the statistical significance of our results by comparing our optimal cluster validation measure to the average cluster
validations of random data. To do this, we generate 40 sets of random values, with the entries of each set matching the number of
entries in the Pan and Gorilla data sets respectively. We compute
the SSE for the clustering each set of random data corresponding
to Pan or Gorilla. The random SSE’s are then averaged, and the
average is compared to SSE’s obtained for Pan and Gorilla data. If
the SSE of the ape data is significantly different from the random
average SSE, then we conclude that our clustering of the ape data
produced statistically meaningful results. The pseudocode for cre-

•
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ating the random data is as follows (this applies for both Pan and
Gorilla):
—Create same amount of random points as sample size
—Create random measurements for attributes in random data by
finding minimum and maximum value of an attribute and generating random measurement in between the values
—Repeat for all the attributes in original sample data for all random
data
—Repeat process 40 times to create 40 different random data sets
Currently, SSE’s of the random data points are still being generated, then that data will be compared with the ape data SSE.

13.

SUMMARY

Graph Theoretic Clustering is a powerful tool for the automated
process of finding meaningful patterns in data and may produce
different results from statistical analysis of the same data. For our
sets of primate morphological data, clustering techniques produces
results that confirm established findings and patterns in the data that
were previously unobserved. This research also represents a unique
approach to the analysis of primate biometric data. Future work
could include the use of different clustering algorithms to verify
patterns observed in this study or to find new patterns. We may
also consider similarity measures other than the four considered
here. Modification of our code to include non-size-adjusted data is
another possible future direction of development.
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Appendix B
Implementation of the Jarvis-Patrick
Clustering Algorithm in Python

1

2

3

4

5

6

7

