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Abstract

This project explores the evolutionary history within two genera of ocean-dwelling
creatures, the Pulleniatina and the Globorotalia. The genus Pulleniatina is known
through taxonomic analysis to have evolved from a single ancestor form into ap-
proximately five descendent species over the time period investigated. Previous
morphometric studies of Pulleniatina outline data have failed to identify this shift.
The evolutionary transition from Globorotalia plesiotumida to Globorotalia tu-
mida has previously been thought to have happened gradually, without species
overlap. However, previous studies have not had enough statistical power to con-
firm this claim. We use Procrustes distance and thin plate spline bending energy
to analyze a chronological series of two-dimensional outlines of both Pulleniatina
and G. plesiotumida/G. tumida. We then use spectral eigengap methods to cluster
the outlines and investigate their evolutionary dynamics.

1 Introduction

Computer vision techniques in the domain of shape analysis can be used to provide an objective
measure in biological problem domains such as evolutionary development and medical image anal-
ysis. In this paper we investigate how shape analysis can help us better understand the evolutionary
history of two microscopic ocean-dwelling genera, the Pulleniatina and the Globorotalia.

Changes in morphology can be used to describe variations within or among species over time and/or
space. Classically, landmark based morphometrics has been considered the best or most rigorous
method for investigating morphological variation. However, many aspects of biological form offer
little in the way of landmarks. Planktonic foraminifera, of which both the Pulleniatina and the
Globorotalia are members, are one such group. Outline-based morphometric techniques including
Eigenshape analysis [1] and elliptical Fourier analysis [2] [3] have been used for more than two
decades to investigate evolutionary trends within different taxa of foraminifera.

Planktonic foraminifera are used as a model species for evolution in the open ocean. They occur
throughout the world’s oceans, have a fossil record that spans approximately 150 million years,
and are one of the most abundant groups found in deep-sea sediments. Furthermore, because the
marine microfossil record is generally the highest resolution record available, evolution in planktonic
foraminifera is used as a test of general evolutionary theory. Previous morphometric studies of
planktonic foraminifera have suggested that gradual character change from one ancestor species
to a descendent species is common among planktonic foraminifera and other planktonic groups.
This general finding is surprising as evolution in terrestrial organisms and in marine organisms
almost universally involves sudden, punctuated character evolution and phyletic splitting (where
one ancestor species splits into two or more descendent species). The importance of this finding for
our understanding of evolution in general along with a growing litany of problems and limitations
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Figure 1: Three views of a Pulleniatina primalis from a scanning electron microscope (source:
http://rin.hiroba.org/foraminifera/primalis.html).

with the morphometric studies of the past two decades, suggest that a new analysis of evolutionary
patterns in planktonic foraminifera is long overdue.

For the foraminifera investigated in this paper, previous work has focused on performing a principal
components analysis or elliptical Fourier analysis of the two-dimensional body outlines and ana-
lyzing the main components of shape variation within the results. In general, these methods were
not statistically powerful enough to identify phyletic branching followed by species overlap even
if it had occured [4]. Furthermore, clustering was typically not performed on the results, as indi-
viduals did not form visually apparent clusters along the main axes of variation when considered
one at a time. This approach strips away many of the subtleties present in the original shapes, and
thus we propose a method more faithful to the underlying data, using Procrustes analysis and thin
plate splines [5]. In addition, we estimate the number of clusters in the data and find an appropriate
clustering using recent spectral clustering techniques [6].

2 Methods

Our data set consists of 1140 dated samples of Globorotalia forms and 648 dated samples of Pul-
leniatina forms (see Fig. 2). These samples consist of 100 two-dimensional points evenly spaced
along the outline of each creature’s body. These points were selected by a computer program from
digitized outlines as a simplification of the full outline data due to space constraints at the time of
data collection. The starting point for each outline is selected according to a biologically relevant
landmark (the “knob” on a Globorotalia and the “dimple” on a Pulleniatina), and thus the points can
be considered to roughly correspond, though there may be some jitter in the direction of the outline.
In addition, both the Globorotalia and Pulleniatina forms can be “right-handed” or “left-handed”,
so all of our analyses will consider both the original shape and its reflection.

In our analysis of this data set, we consider two methods of calculating distances between shapes,
Procrustes analysis and thin plate spline bending energy [5].

As a baseline method for generating a distance matrix between samples in our data set, we perform
a simple Procrustes analysis. First we standardize the data by centering it on the origin and dividing
both the X and Y components by their Frobenius norm. This standardized data is used both for our
Procrustes analysis and to calculate the thin plate spline bending energy. Next, an optimal rotation
between two samples, U and V, is found by taking the singular value decomposition of UTV

svd(UTV ) = MDN

setting D equal to I , and then transforming V into V ′.

V ′ = NMTV

Finally the distance is computed by taking the sum of all squared distances between the correspond-
ing points in the aligned figures.
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Figure 2: An example of a Globorotalia (left) and Pulleniatina (right) outlines.

distance =
n∑

i=1

(V ′xi − Ux
i )2 + (V ′yi − U

y
i )2

As another measure of distance, we consider the minimum bending energy obtained from the thin
plate spline (TPS) model described by Bookstein [5]. Bending energy between two sets of points
can be found using the following method. Let (xi, yi) for i = 1...N be a set of two dimensional
outline points for the shape we want to transform (though in this case we aren’t interested in actually
performing the transformation), v be a matrix where each row is equal to (x′i, y

′
i) and x′i, y

′
i are

the corresponding destination points for xi, yi. Construct the matrices K and P where Kij =
U(||(xi, yi)− (xj , yj)||) and the ith row of P is equal to (1, xi, yi). U is the kernel function defined
as U(r) = r2logr2. Solve the linear system(

K P
PT 0

)(
W
a

)
=
(
v
0

)
for W and a. The bending energy is equal to the mean value of the diagonal elements of the matrix
WTKW .

With the distance matrices generated by the above two methods we can now find a clustering of
the samples that represents inherent groups in the shape data. In order to determine the number of
clusters to search for, we use a recent method proposed by Azran and Ghahramani [6]. Let D be a
distance matrix for all points in the data set. Create a similarity matrix

Sij = exp(−Dij

σ2
)

and a diagonal matrix

Tnn =
N∑

i=1

Sni

Let P = T−1S and find the eigensystem of P , {λn, vn} for n = 1...N . P can be interpreted
as a transition matrix for performing a random walk between nodes in a graph (in this case the
nodes represent outlines, and the transition probabilities are determined by the similarity between
outlines). From markov chain theory, we know that PM = V ΛMV −1, where the columns of V are
the eigenvectors of P and Λ is a diagonal matrix of the eigenvalues of P . PM

ij can be interpreted as
the probability that a random walk beginning at node i will end up at node j after M steps.

By investigating the size of the gaps between eigenvalues as a random walk with the transition
matrix P is performed, we can obtain an estimate of the number of clusters, k, in the data. For
each M, record the size of the maximum gap, ∆ = maxk(λk − λk+1) and the location K =
argmaxk(λk − λk+1). Plotting ∆ and K versus the number of steps taken, M , gives two plots like
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Figure 3: Size of maximum eigengap, ∆ (left), and location, K (right).

those in Fig. 3. Inflection points on the graph of ∆ represent possible clusterings, with k equal to
the location of the maximum gap (tracked by the graph of K).

Finally we perform spectral clustering on the eigenvectors of P . Given the number of clusters we
are searching for, k, from the previous step, we perform k-means clustering on the rows of V using
only columns 2 through k + 1 in order of largest eigenvalue.

For the above calculations we used two different values of σ. To generate a transition matrix for the
random walk we used a very small value around 0.0005 that caused the initial eigenvalues to all be
close to one. If σ is too large, the maximum gap will be between the first and second eigenvalues for
the entire random walk. This same σ is not useful for spectral clustering, however, because it causes
the top k+ 1 eigenvectors of P to lack structure (they are all equal to a column vector of ones times
some very small constant, and thus result in many singleton clusters). For this reason, we used a σ
of 0.5 when performing spectral clustering.

3 Results

In this section we will focus first on the Globorotalia and then on the Pulleniatina. A spectral eigen-
gap analysis of the thin plate spline based distance matrix for the Globorotalia indicated that there
are two strong clusters in the population (see Fig. 3). Based on this analysis, we performed spectral
clustering on the Globorotalia data with k = 2. Figure 4 shows a random sample of five outlines
each from the two clusters we found. Qualitatively, the specimens in the bottom row are narrower
and more pointy than their counterparts in the top row. More interesting is the relative distribution of
these two populations over time. In the supplemental video material (tumidaTPS.mov), we see
that there are three distinct stages in the evolution of the Globorotalia. In the first stage, creatures
similar to the top row of Figure 4 are dominant, representing over 90% of the total Globorotalia
population. In the second stage, both morphologies coexist evenly for several time steps. In the
third stage, creatures similar to the bottom row of Figure 4 become dominant, and represent over
90% of the population for the last four time steps.

This analysis is based on the thin plate spline distance matrix. Using a plain Procrustes-based dis-
tance matrix, the transition from one morphology to another is not nearly as clear. In the supplemen-
tal video material (tumidaPro.mov), we see the population dominance of clusters one and two
rapidly shifting back and forth, creating a schizophrenic and biologically implausible impression of
the Globorotalia’s evolutionary course. Due to this shortcoming, we will focus on thin plate spline
based distance matrices for the remainder of this section.

The Pulleniatina are a slightly more complex case because we know a priori that there should be five
or six distinct morphologies in the data. Our spectral eigengap analysis indicated a likely clustering
at k = 17, but this value is far out of the traditionally assumed range so we will focus on an analysis
with k = 6. For a portion of the random walk, the largest gap existed at k = 5, but this portion of
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Figure 4: A random sampling from the two Globorotalia clusterings. Each row is a separate cluster.

the walk did not result in an inflection point, and thus should not be considered a strong suggestion
from the eigengap algorithm.

Figure 5 shows a random sample of five Pulleniatina outlines from each of the six clusters we
found. It is harder to qualitatively assess these outlines due to their global similarity, but one can
notice trends such as greater horizontal elongation amongst the members of row three and a greater
smoothness (or lack of a dimple) amongst the members of row four. In the supplemental video
material (pulleniatina.mov), we can see that groups 2 through 5 are more prevalent early
in the evolutionary history of the Pulleniatina, whereas groups 1 and 6 represent almost all of the
population at later time steps. This pattern is somewhat in conflict with the prevailing opinion that
Pulleniatina split from a single ancestor to around five descendants over this time period, but the
transitions are smooth and plausible, so further analysis is needed.

4 Discussion

Our results give us new insight into the evolutionary history of both the Globorotalia and the Pul-
leniatina. We can see that the Globorotalia went through an intermediate stage of evolution where
two distinct morphologies coexisted for some time. The development of the Pulleniatina is more
complex, given the number of distinct morphologies, but we can see trends such as the emergence
of the morphologies represented by clusters one and six as the dominant forms later in the evolu-
tionary history of the Pulleniatina. For the next stage of our analysis, we will have an expert human
biologist inspect the clusters we have found and determine their biological credibility. Until these
results are tested against some form of ground truth, we cannot be sure of the efficacy of our method,
however plausible the results seem.

While these results are a good first step towards an objective and partially automated morphological
analysis of Globorotalia and Pulleniatina, much more work can be done. First, our bending energy
calculations can be modified such that they ignore variation along the outline of each specimen.
Since the two-dimensional points making up the outline were not chosen as landmarks, but rather
just based on equidistant spacing (with the exception of the starting point), there might be some jitter
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Figure 5: A random sampling from the six Pulleniatina clusterings. Each row is a separate cluster.

along the outline that is essentially noise. Second, we could further explore more detailed partitions
of the data. In the case of the Pulleniatina, our automated algorithm indicates that there may be as
many as 17 distinct groups in the data. Performing a clustering with k = 17 and having a human
expert examine the results could result in the discovery of new distinctions not present in previous
literature. Finally, additional methods of measuring the distance between shapes could be explored.
If the evolutionary patterns found by our analysis are present under a different methodology, it would
only lend more credibility to our results.
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