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There is grandeur in this view of life, with its several powers, having

been originally breathed into a few forms or into one; and that, whilst

this planet has gone cycling on according to the fixed law of gravity,

from so simple a beginning endless forms most beautiful and most

wonderful have been, and are being, evolved.

Charles Darwin

Sono diventati un po piccoli, sono diventati.

Anonymous

From horses we may learn not only about the horse itself but also about

animals in general, indeed about ourselves and about life as a whole.

George Gaylord Simpson





Abstract

Describing the morphology of a clade through deep time provides rich insight into

the drivers that shaped modern diversity. It is in this context that Adolph Seilacher

developed the constructional morphology concept, in order to describe which are the

major pressures acting on an organism morphological appearance. The three com-

ponents or apices of constructional morphology are the evolutionary history of the

organism, the constraints placed on the structure, and the opportunity provided by

adaptation. The structure of this thesis is based on the constructional morphology

concept with each chapter focusing on the impact of each of the three components of

constructional morphology with the scope to provide a novel approach to quantify

morphological macroevolution. After introducing concepts of constructional mor-

phology, geometric morphometrics and Bayesian statistics in Chapter 1, Chapter 2

presents an analysis to estimate the historical apex: a phylogenetic analysis based

on the synthesis of previous published matrices, as well as a description of the giant

fossil penguin Kairuku waewaeroa. The resulting phylogenetic tree indicates that the

penguin evolutionary history was characterised by many monophyletic large groups

that challenges previous results and indicate that the body plan of extinct penguins

could be more diverse than previously thought. Chapter 3 focused on the structural

apex, aiming to provide a generalisable Bayesian approach to estimate the size of

extinct giant penguins in the context. By measuring the total volume of the femur

and the humeral articular facet of the coracoid it was possible to generate two sets of

models that together provided novel evidence in favour of reduced body mass esti-

mates for giant penguins when compared with prior published estimates. Moreover,
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although the two sets of estimates are derived from two distinct features, the body

mass estimates from the two models tend to converge, providing confidence in the

accuracy of the Bayesian-informed method. Chapter 4 presents and investigation

into the impact of adaptation on two separate locomotory modules, the humerus

and the tarsometatarsus, using 3D geometric morphometric techniques. Comparing

morphological rates of change reveals a steady rate decrease in the humerus and

more heterogeneous rates for the tarsometatarsus. Similar results are obtained by

estimating the morphospaces for humeri and tarsometatarsi from hypothetical an-

cestors using a penalized likelihood approach. The synthesis that this constructional

morphology framework approach provides highlights the important relationship be-

tween shape and size, showing how size can be a driver of morphological innovation.

More importantly, the results of this thesis highlight the relevance that construc-

tional morphology still has today, and how it can be integrated into palaeontology

and evolutionary biology studies through the use of advanced statistical techniques.

A constructional morphology approach is not solely applicable to penguins and may

be extended to a broad range of groups of organisms, contributing thus to better

understand the underlying forces that shaped the origins of modern biota.
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Chapter 1

Introduction

1.1 The constructional morphology framework

Constructional morphology is a model introduced by German Paleontologist Adolph

Seilacher (Seilacher, 1970) with the aim of explaining the morphological disparity

among organisms (Seilacher & Gishlick, 2019). The concept assumes that similar-

ities occurring between different biological entities are mainly the consequence of

three factors: 1) shared ancestry (e.g. homology), when two distinct organisms

share a character inherited from their most recent common ancestor (Darwin, 1872;

Panchen, 1999; Wagner, 1989); 2) adaptation, when two distantly related organisms

have independently evolved a similar feature for analogous functions; 3) structure,

when features in different organisms exist because of analogous generating mecha-

nisms (i.e. the same physical constraint).

Constructional morphology provides the framework for the investigation pre-

sented in this thesis. The three components of constructional morphology (shared

ancestry, adaptation, structure) are modelled as the corners of a ternary diagram

that explains the origins of a phenotype. A phenotype that is the result of equal

parts ancestry, adaptation and structure would be placed in the centre of that trian-

gle. A phenotype that is purely a consequence of constraint would plot at the tip of

the "structure" corner, and likewise for ancestry and adaptation (Seilacher, 1970).

Seilacher and Gishlick (2019) later included the effect of environment in determin-
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Chapter 1 Section 1.1

ing the appearance of a phenotype and expanded the framework into a tetrahedral

structure termed morphodynamics (Fig. 1.1). Here we focus on the constructional

morphology version of the diagram to assess paleobiological questions.

Figure 1.1: Graphical representation of the morphodynamics framework. Construc-
tional morphology represents one face of a three dimensional tetrahedron. From
Seilacher and Gishlick (2019)

The constructional morphology concept has itself been adapted through time,

keeping almost the same underlying structure but receiving "aptive triangle" as a

synonym (McGhee, 1999). Stephen Jay Gould in his book "The Structure of Evo-

lutionary Theory" (Gould, 2002) popularised the aptive triangle concept but this

idea was presented to the scientific community well before by Gould and Lewontin

(1979). The main purpose of Gould and Lewontin (1979) was to criticise the view of

the so-called "adaptationist programme", also known as the Neo-Darwinian current.

This school of thought greatly emphasised the role of adaptation in the origin and

function of morphological features in organisms. According to researchers who sub-

scribed to the "adaptationist programme", all phenotypic characters were "molded"

entirely under selective pressure, and thus were adaptive in nature (Costa & Bisol,
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Chapter 1 Section 1.1

1978; Rudwick, 1964; Shea, 1977). In an attempt to contrast this view, Gould and

Lewontin (1979) argued that phenotypes can be interpreted as the result of at least

three distinct shaping factors, using the model from Seilacher (1970) as a counter

argument.

Indeed, adaptation still plays a role in this framework but represents only a single

vertex, the one linked to the functional aspect of the organism. Another vertex can

be conceptualised as the structural constraints that act on the phenotype. The third

vertex accounts for the historical dimension, acknowledging that specific biological

features are are simply inherited (Gould, 2002) (Fig. 1.2).

Figure 1.2: The aptive triangle concept. Modified from Gould (2002).

While Gould (2002) acknowledged the strong influence that the constructional

morphology framework (Seilacher, 1970) had on his idea, another major source of

inspiration for Gould was the Galton Polyhedron metaphor (Galton, 1894). Galton

was trying to describe the complex relationship between genotype and phenotype

and developed a model which described organisms as polyhedra located on a plane.

The plane represented a morphospace, that is an hypothetical surface where all po-

tential phenotypes can be projected, with each morphology bearing its own unique
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set of coordinates. Ideally, similar phenotypes should be closer, and an increase

in morphological dissimliarity corresponds to an increase in morphospace distances.

The face on which the polyhedron lies is the actual phenotype of a given organism.

Under the Galton Polyhedron metaphor, natural selection acted to push the polyhe-

dron from one face to another, thus forcing phenotype to change through time. The

concept at the core of this representation (Fig. 1.3) was that species cannot occupy

an infinite continuum of forms, but rather a limited number of discrete phenotypes

dictated by internal constraints.

Figure 1.3: Representation of the Galton polyhedron. From Held (2009).

Constructional morphology sensu Seilacher (1970) is a valuable concept that con-

tinues to guide evolutionary research due to it is intuitive combination of phylogeny,

physiology and environmental constraint (Cubo, 2004; Gould, 2002; McGhee, 1999).

Seilacher intended his idea to be a framework for inspiring research rather than a

theory on its own, but nevertheless he also advocated the potential for construc-

tional morphology to reveal evolutionary patterns (Briggs, 2017; Seilacher, 1984).

Seilacher’s concept is now used as a context for testing evolutionary hypotheses

(Cubo et al., 2008).

A possible issue here is that phenotypes are the outcomes of complex biological

interactions between several networks placed at different hierarchical levels. The

nature of these networks can be genetic, developmental/morphogenetic, metabolic

as well as external factor like trophic and environmental networks. For this reason

4



Chapter 1 Section 1.2

being able to identify one aspect of an organism as an incontrovertible product of a

single vertex is not plausible. However, as an assumption it should be acknowledged

that when a researcher is studying a specific phenotype they are not looking directly

at one of the vertices. Instead, they are "sampling" a point within the area of

the constructional morphology triangle (i.e. ternary diagram) (Cubo, 2004). This

single point will be the result of the vertices operating together, but with three

different magnitudes as in a three coordinate system. An important consideration

discussed by Cubo (2004) is that the three vertices are "fuzzier" than earlier thought.

Understanding the contribution of the "targeted" vertices is instructional, while

keeping in mind that a pure attribution is not possible. This view doesn’t undermine

the validity of the general framework since in most scientific disciplines it is extremely

difficult, or even impossible, to completely isolate an observation from all potential

confounding factors (Worrall, 2002).

This thesis embraces the constructional morphology concept as a guideline to

investigate how the three fundamental aspects (adaptation, structure, phylogeny)

can be jointly studied. Each chapter will have one vertex of the triangle as the

primary focus. This thesis will present mostly morphological data and thus explore

the phenotypic aspects of organisms.

1.2 Geometric morphometrics

1.2.1 Historical perspective

Phenotypes were the main sources of information for understanding evolutionary re-

lationships and biodiversity before the rise of molecular methods (reviewed in Adams

et al., 2004). Studies of morphological phenotypes underwent a "quantification rev-

olution" (Bookstein, 1998) in the early early 20th century when measurements and

statistical methods gained popularity for assessing inter- and intra-specific differ-

ences. This revolution was accompanied by the rise of new research disciplines

including morphometry (J. S. Huxley, 1932; Pearson, 1901; Thompson, 1945). The
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main focus of morphometry was to investigate how biological shape changes in re-

lation to environmental variables or other factors (reviewed in Dryden and Mardia,

1998). Early morphometrics research was often based on linear measurements, ra-

tios of measures, angles between points, and counts of discrete features (Rohlf &

Marcus, 1993). Measurements were often analysed with bivariate or multivariate

statistical methods to assess covariation between the morphometric measurements

to understand the interactions with external factors (Blackith & Reyment, 1971).

Shape would become important for phenotype studies in the mid 20th century,

with foundational studies like Raup (1967). Shape is defined as "...all the geometric

information that remains when location, scale and rotational effects are filtered out

from an object..." (Kendall, 1977). However, this definition of shape exposes an

underlying weakness in the general morphometric framework. Between traditional

morphometricians there was little or no general agreement on which method to

adopt to fully separate size and shape (as reviewed in Adams et al., 2004; Jungers et

al., 1995; Sundberg, 1989). Moreover, the measurements collected from a specimen

were not always taken between homologous points, and consequently the values

could imply different biological meanings in different specimens. Lastly, the ability

to visualise the results of these methods were heavily limited, often resulting in

massive tables of numbers that could be difficult to interpret by researchers (as

reviewed by Zelditch et al., 2012).

A second revolution then happened, the "morphometric revolution" (Rohlf &

Marcus, 1993), representing the culmination of a series of advances that aimed to

overcome the weaknesses of traditional morphometry. Landmark-based geometric

morphometrics represented a new synthesis that used both robust mathematical

processes along with new visualisation techniques that made the interpretation of

results easier. The goal of geometric morphometrics was to determine a priori a

series of homologous features across a dataset termed landmarks. These landmarks

were consequently collected on a set of 2D figures or 3D objects. Every specimen

thus resulted in a matrix k × d, where k is the number of landmarks and d is the
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number of dimensions for the coordinate system (Bookstein, 1991).

Homology is a core principle for geometric morphometrics where it was less

important to traditional morphometics. Indeed, one of the key assumptions for geo-

metric morphometrics is that corresponding landmarks across a dataset of specimens

should meet the identity principle (Zelditch et al., 2012). This principle is crucial

because the rationale behind geometric morphometrics is not anymore to analyse

distances and ratios between specific points but rather the differential distribution of

these points as a whole. Changes between specimens can be represented and quan-

tified as functions that deform space between landmarks (Rüber & Adams, 2001),

in a similar fashion as the transformation grids proposed by Thompson (1945) at

the beginning of the 20th century. Homologous points instrumentally inform the

researcher about the implied alterations occurring between them and the decision

on which landmarks to include should be made on the least possible number of

points that sufficiently describes the target shape (A. Watanabe, 2018; Zelditch et

al., 2012).

1.2.2 Procrustes Superimposition

It may help to visualise a given shape as a single point in a hyperdimensional space.

The number of dimensions in this hyperdimensional space is equal to k × d, and

each shape within the same dataset occupies a precise position in this space (Klin-

genberg, 2020; Zelditch et al., 2012). Hence, to quantify the differences between two

shapes one would eventually compute the distance between the two "shape vectors".

However, biological structures described in vector form first require mathematical

transformations to be applied to those vectors before distances between them would

represent differences in shape. This is because the original descriptions of a biolog-

ical structure using a vector of landmarks also includes information about the size,

location and rotation of those structures. In order to filter out non-shape informa-

tion one of the first steps is to compute the centroid for every observation (i.e. a

centroid for every set of landmarks from a single specimen) (Bookstein, 1991). This
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centroid will represent a point at which coordinates are equal to the average set of

points calculated over all landmark coordinates. Next, the size of the centroid is

calculated by taking the square root of the summed squared distances between every

landmark and its corresponding centroid. This will result in a value proportional

to inter-landmark distances (Bookstein, 1991). Then all coordinates in the vector

are updated as the centroid sizes are rescaled to unit size, to control for effects of

size on shape (Zelditch et al., 2012). Centroid coordinates are then subtracted from

all landmarks to remove the effect of location (Bookstein et al., 1985; Zelditch et

al., 2012). The vectors are consequently centered around the same Cartesian ori-

gin, removing the effect of location. With size and location removed, the vectors

are aligned as new shape vectors in what is called "pre-shape" space. Coordinates

at this point can be interpreted as positioned over an hypersphere of radius one

(Klingenberg, 2020; Zelditch et al., 2012).

The new standardised set of coordinates are then rotated. Pairs of "pre-shape"

specimen configurations are chosen with one considered the target configuration.

The second configuration is then rotated on the centroid such that the sum of

squared distances between homologous landmarks is minimised. The square root

of the remaining inter-landmark offset left after the rotation is known also as partial

Procrustes distance (Webster & Sheets, 2010) and the procedure just explained is

known as partial Procrustes superimposition. The process can be extended to more

than two landmark sets, by iteratively repeating the rotational stage to match the

target shape, and then averaging all coordinates. These steps are repeated through

an algorithm until the consensus between stages is reached. This method is called

generalised Procrustes analysis (GPA) (as reviewed in Mitteroecker and Gunz, 2009).

Several superimposition methods have been developed (Dryden & Mardia, 1998;

Goloboff & Catalano, 2016; Rohlf & Slice, 1990; Theobald &Wuttke, 2006) and each

is based on distinct assumptions and diverse procedures. Nevertheless, the rationale

behind these methods is that differences found after a superimposition should be

attributed to shape dissimilarities (Zelditch et al., 2012).
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Note that superimpositions put all shape configurations in a space of kd−d−1−
d(d−1)

2
dimensions. The new space is known as shape space, and as for the pre-shape

space, all shape vectors can be represented as single points lying on the surface of

a hypersphere. The shape space is not Euclidean, thus distances computed across

specimens need to be corrected via a subsequent projection on an Euclidean space

tangent to the hypersphere in correspondence to the target configuration (Rohlf,

1999). The reprojection however inexorably deforms the true distances occurring

between shapes, in the same way that flat maps deform continents displaced on a

geodetic surface. One way to reduce this distortional effect would be to use the

averaged mean shape from all configurations in a given analysis as a target shape

(Bookstein, 1996). It is worth noting that an analysis of mammalian skull shape

variation (Marcus et al., 2000) found that in comparison to true Procrustes distances,

the reprojecton held only a limited amount of induced deformation and that most of

the amount of distortion was found between greatly diverging forms that one should

probably not be included in the same analysis (i.e the shape space is sensitive to

outliers).

1.2.3 Shape Analysis

After shape information has been extracted with the Procrustes superimposition

process (along with scale, location and rotation corrections), the entire set of shape

vectors can be analysed with multivariate methods. Popular current methods in-

clude principal component analysis (PCA) (Sundberg, 1989) or canonical variates

analysis (CVA) to visualise variation among specimens or groups, or ing’s T2 tests

or multivariate analysis of variance (MANCOVA) to compare the effects of inde-

pendent categorical variables on shape (Zelditch et al., 2012). Furthermore, multi-

variate regression models based on geometric morphometric variables (i.e. "shape

regression") can be used to measure the magnitude of a response variable as it re-

lates to shape (Klingenberg, 2016; Monteiro, 1999). Other approaches may measure

the amount of integration within a given shape through the assignation of sets of
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landmarks to separate modules (Goswami & Polly, 2010; Klingenberg & Marugán-

Lobón, 2013). A module is a discrete anatomical unit within a body that may vary

or evolve semi-independently in respect to other such units (Goswami & Polly, 2010).

By assessing modularity (i.e. independence of anatomical features) and integration

(i.e. correlation between anatomical features) it is possible to measure the degree of

semi-independence between modules in a current population (Goswami & Finarelli,

2016), whereas in a macroevolutionary context shape modularity can assess whether

separate modules evolved at different rates (Bardua et al., 2020; Bardua, Wilkinson,

et al., 2019; Felice et al., 2020; A. Watanabe et al., 2019). Geometric morphometrics

connects back to the idea of morphospace first introduced with the Galton Polyhe-

dron model (Galton, 1894). As mentioned above, morphospace can be interpreted

as a space in which different phenotypes can have unique sets of coordinates, in

a similar manner as different shapes occupy different locations in the hypersphere

of the shape space (Klingenberg, 2020). Even if shape space cannot be fully inter-

preted as a whole due to its high dimensionality, differences between phenotypes can

be visualised with different tools like PCA (Sundberg, 1989), phylogenetic princi-

pal component analysis (PhyPCA,Revell, 2010), phylogenetically aligned component

analysis (PACA, Collyer and Adams, 2021), and non-metric multi-dimensional scal-

ing (NMDS, Kruskal, 1964). With these methods it is possible to identify the areas

of a morphospace that some phenotypes occupy and quantify the degree of similarity

(or dissimilarity) between different groups of organisms with respect to the struc-

tures of those organisms represented in the morphospace. The shape analysis that

will be performed in this thesis will rely on the Procrustes method highlighted above

and will take advantage of traditional PCA to visualise and estimate the occupation

of morphospace through time.

Geometric morphometrics is the gold standard when it comes to shape analysis

(Adams et al., 2013). With a robust mathematical framework and intuitive data

visualisation it is possible to correlate shape data with factors that are external (or

internal) to a target organism, allowing us to quantify the effects that the vertices
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of constructional morphology have on shape determination.

1.3 Bayesian Statistics

1.3.1 Limits of frequentist statistics

Bayesian statistics is a broad field that encompasses a multitude of statistical ap-

proaches that are often presented in contraposition to the frequentist "school"

(McElreath, 2020). There are many differences among these schools of thought

but probably the most important is the interpretation of probability. Under a fre-

quentist approach, probability can be interpreted as the absolute frequency (hence

the name) or tendency for an event to occur; in a Bayesian framework, probability is

the expectation that any given observer may have for that same event to occur (Cox,

1946). In a Bayesian sense, probability represents the quantification of a personal

belief (de Finetti, 1970) that can vary through time and subsequently be updated

on the basis of available evidence.

We often attribute two lines of thought to frequentist statistics: the concepts

introduced by Fisher including the well known ideas of null-hypothesis, the signifi-

cance level along with the p-value (Fisher, 1973) and the influences of Neyman and

Pearsons with the ideas of alternative hypothesis and the notion of power (Neyman

& Pearson, 1933; Neyman & Pearson, 1928). When a researcher is interested in

reporting results in the frequentist framework it is usually required to present a

null hypothesis (H0) and at least one alternative hypothesis (H1). Once the data

has been collected a test can be conducted as to whether the data fits a given dis-

tribution. The results of the test should assess whether or not to reject H0, and

usually this is done with p-values. If a p-value falls outside a given confidence in-

terval (traditionally set to 95%) then H0 can be rejected "safely". Although this

approach contributed immensely to the development of verifiability standards in a

scientific context it has also raised some serious issues that may have undermined

the accountability of the majority of published research (Ioannidis, 2005). First,
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p-values are often interpreted as the probability that H0 is false but this is not the

case; in fact, p-values better describe the extremeness of the observed results in an

H0 scenario (Ioannidis, 2005). The probability that H0 fails to be rejected should be

seen as P(H0| data), i.e. the probability of H0 given the observed data (the "poste-

rior probability"). The posterior probability accounts for the "prevalence" of H0 or

how much we weigh this particular hypothesis in relation to any other possible hy-

pothesis (Lesaffre & Lawson, 2012). However, probabilities are not usually assigned

to different hypotheses in frequentist statistical analyses (Lesaffre & Lawson, 2012).

Another issue that needs to be addressed is the link between p-values and the

publication bias. This bias influences researchers, reviewers and editors in the whole

scientific community by reporting or ignoring part of the statistical tests that do not

find significant differences between groups or end up deliberately contradicting the

expected results (Dickersin et al., 1987; Ioannidis, 2005). This bias often leads to a

magnification of the recovered results and seriously undermines the replicability of

the majority of experiments (Ioannidis, 2005).

In addition, hypotheses are often rejected with respect to an entirely arbitrary

95% confidence span that has no intrinsic connection to the distribution of the ob-

served data indicating this confidence interval is sufficiently "safe" (Morey et al.,

2016). Note that in this thesis I will use the equally arbitrary value of 89% for the

credible intervals reported here. Credible intervals are often used in Bayesian anal-

yses and have a slightly different interpretation than confidence intervals. Whereas

credible intervals make a specific statement that describes observer uncertainty

around a parameter value, confidence intervals capture whether the value for a

model parameter falls within a given range with a degree of confidence (Gelman

et al., 2013; Gelman et al., 2008; Kruschke, 2015). Although frequentist statistical

methods enabled invaluable progress in science it is still important to acknowledge

the drawbacks that come along with these methods. Poor understanding of p-values,

publication biases, and the lack of a solid foundation for hypothesis rejection repre-

sent some of the limits that may be bypassed with the help of Bayesian statistics.
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1.3.2 Bayes theorem

In Bayesian statistics, hypotheses are neither rejected nor failed to be rejected,

but rather each hypothesis or scenario (hereafter "model") is attributed a degree

of uncertainty, and this uncertainty can be transferred to the parameters of the

model (Kruschke, 2015). A parameter in Bayesian terms is an unmeasured variable

to which a probability distribution can be assigned to help quantify our degree

of belief (McElreath, 2020). Although Pierre-Simon Laplace developed most of the

statistical theory behind modern "Bayesian statistics" (McGrayne, 2011), the school

is named for Thomas Bayes, a theologian who derived the theorem of conditional

probability (Eq.1.1) (Bayes, 1763).

P (A|B) =
P (B|A)P (A)

P (B)
(1.1)

Consider two events (event A and event B) that may occur with probability P(A)

and P(B), respectively. The probability that one event may occur given that the

other has already occurred is the posterior probability, P(A|B) (often referred to

as simply the posterior). Such probability is proportional to the likelihood of that

same event, i.e. P(B|A) multiplied by the probability of that event alone P(A) (Eq.

1.1 numerator). If this quantity is divided by the marginal probability P(B) (often

referred to as simply the marginal) then the posterior probability can be obtained.

Bayes theorem can usefully be extended to observed data and proposed models. The

posterior represents the probability of the model given the data (P(model|data),

and as stated above, this likelihood is the probability of the data given that specific

model(P(data|model)). P(A) is the probability of the model (i.e. P(model)) (Eq.

1.2.)

P (model|data) =
P (data|model)P (model)

P (data)
(1.2)

In this case the marginal probability P(data) is the probability of observing the

collected data under all available models (Eqs. 1.3 and 1.4)
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P (data) =
n∑
P (data|modeln) (1.3)

or

P (data) = P (data|model1) + P (data|model2) + ...+ P (data|modeln) (1.4)

With this premise, Bayesian statistical methodology enables multiple hypotheses

to be evaluated simultaneously. By assigning different weights to each of these

separate hypotheses (i.e. separate models), a study can forego hypothesis rejection

and instead produce more nuanced outcomes that take into account the overall

degree of uncertainty. The way in which the weight of the model or the prior

probability (often referred to as simply the prior) can be determined is discussed in

the next section.

1.3.3 Priors

Although there are no controversies around the validity of Bayes theorem, one of the

major criticisms of the Bayesian workflow is the subjectiveness involved in selecting

priors. One of the requirements of calculating a posterior probability under Bayes

theorem (Eq. 1.2) is to first assign a probability to the model P(model) before

collecting any data. As mentioned above in section 1.3.2, this type of probability is

known as a prior, and there needs to be a prior associated with all parameters of a

given model (McElreath, 2020). Priors can be interpreted as the belief of an observer

and for this reason they are ultimately subjective (Gelman & Nolan, 2017). Priors

embed this subjectiveness into equation 1.2, meaning that the posterior probability

is influenced by the observer’s subjectiveness. An obvious caveat is that the final

results of a Bayesian analysis are strongly influenced by decisions made by the

researcher. One way of limiting issues associated with subjectivity is to carefully

select weakly-informative priors in a manner that the validity of the overall analysis

is not undermined, and indeed, there is substantial literature centered on prior

selection (Gelman et al., 2013; Gelman et al., 2008; Kruschke, 2015). In fact, by
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placing more attention on prior "tuning" the researcher is forced to reason more on

the structure of the model itself, to ensure that a prior can be adequately justified

to reflect the observer’s belief. I personally argue that the robustness of the results

depends more on the goodness of the data collected rather than prior specifications.

Moreover, frequentist approaches are not entirely devoid from subjectiveness given

that many aspects of every statistical analysis require some amount of subjective

decisions (how to collect data and which data to collect, outliers management, test

choice, p-value cut-off, etc. ).

1.3.4 Melanistic penguins and Bayesian updating

Underpinning Bayesian analysis is the concept of updating probabilities after col-

lecting new evidence (Gelman & Nolan, 2017). To better explain the concept of

updating probabilities, a small aside will be taken to present an example modified

from Gelman and Nolan (2017) to suit the subject of this thesis. Melanism is a

condition in which an animal may tend to have an overproduction of melanin pig-

ments in the integument, and therefore often appear darker if not completely black

(Grouw, 2017). Let us assume that we are interested in determining the incidence

of this condition in a population of wild penguins. We embark on a boat and start

to capture penguins in a given stretch of sea. Given that melanistic penguins are

dark also on the ventral section of the body they need to be captured and examined

to be assessed on their condition, meaning that the assessment of melanism in the

population is updated at each capture. We will assume that penguin assessment can

be modeled as a Bernoulli distribution with an outcome of 1 that has probability p1

and an outcome of 0 that has probability 1-p1 The better way to figure this distri-

bution is through the example of a flipping coin for which we do not know the exact

probability of head and tail coming out from a draw. We also are going to assume

that each draw is independent and that the same individual will not be counted more

than once. In the following example p1 will represent the proportion of melanistic

penguins in the whole population and will effectively represent the parameter of
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this model. Our complete ignorance about the proportion of melanistic penguins

in the population will be converted in an uninformative flat prior, in this case a

uniform distribution between 0 and 1 (Fig.1.4.1, dashed line). At the first catch

the penguin is not melanistic so the numbers can be inserted in the Bayes formula

for this scenario (Eq. 1.2) as a Bernoulli distribution with size 1 and an outcome

of 0. However, given that p is a continuous value between 0 and 1, the outcome

of the Bayes formula is a probability density function (Fig.1.4.1 solid line). The

function is skewed toward low values of p but allows for uncertainty at the higher

end (Fig.1.4.1 solid line). At the second catch the penguin is again not melanistic.

The Bayes formula can be updated but this time rather than using the uniform

prior from our initial draw, we instead use the probability density function from

the previous step. The iterative calculation of the Bayes formula using an updated

input term is an essential element of Bayesian statistics in terms of updating our

belief after collecting new evidence, meaning in practice the posterior of an initial

analysis may become the prior for a subsequent one (Kruschke, 2015).

The experiment draws ten more penguins from the population which includes

three melanistic penguins from the 12 sampling events (Fig.1.4.3 to 1.4.12). The

resulting posterior probability density function after these 12 sampling events for

the parameter p1 is centered on 0.25 and has 89% credible intervals spanning from

0.11 and 0.48. One of the aspects to note is how the probability density function

changes through samples, with initial samples impacting the overall shape of the

function the most whereas the last few draws have a relatively minor impact on

function shape. Note how the high probability for extremely low values of p1 drops

as soon as one melanistic penguin is caught with the curve assuming more of a bell

shape (Fig. 1.4.4). This highlights that even with a highly skewed prior (Fig. 1.4.4

dashed line) the posterior can change dramatically when evidence derived from new

data is presented. Note also how each sample has an impact over the position of the

bell with each melanistic penguin "pushing" the peak toward higher values of p1.

Moreover, with increasing sample size, the diameter of the bell tends to shrink (Fig.
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Figure 1.4: Representation of a Bayesian workflow. Each plot represents the pos-
terior density function (solid line) and the prior density function (dashed line) for
the proportion of melanistic penguins in the sampled population. The experiment
is run for 12 samples, silhouettes in each plot denote the type of penguin sampled
at that draw and the smaller silhouettes describe the structure of the whole sample.
Note that the prior in each cell is deriving from the posterior of the previous cell
except for the first cell where the prior is an uniform distribution between 0 and 1.

1.4.4 to 1.4.12), implying a decrease in overall parameter uncertainty along with the

increasing sample size (McElreath, 2020). At this point the researcher may decide

that the amount of collected data is enough and then conclude the experiment or

continue sampling from the population until the estimated distribution of p1 reaches

a sufficiently-reduced uncertainty range. Note also that the outcome of this analysis

can be performed in a single run once that the totality of the data has been collected

and the results would not change so long that the initial prior distribution remain

the same (McElreath, 2020). Now that the structure of Bayesian data analysis has

been clarified we can consider to point out how the posterior probability and the

marginal probability can be estimated correctly.
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1.3.5 Posterior estimation

Methods of data analysis based on Bayes theorem present some challenges that are

not encountered with analyses using "frequentist" methods. As outlined in previous

sections, parameters may often assume values along a probability density function

(Eq. 1.5; compare with Eq. 1.2)).

f(θ|data) =
f(data|θ)f(θ)∫
f(data|θ)f(θ)dθ

(1.5)

If we are trying to compute the posterior for a model with a single parameter θ (e.g.

the example of the melanistic penguin frequency stated above) then the denominator

takes the form of an integral (note that the numerator of the equation remains mostly

unchanged from equation 1.2 with point probabilities simply substituted with their

respectives probability density functions). However, if the complexity of the problem

increases by introducing a second parameter φ (e.g. modelling more than a variable,

like trying to also estimate the average body mass of the penguin population in

addition to melanism frequency) then equation 1.5 becomes equation 1.6.

f(θ, φ|data) =
f(data|θ, φ)f(θ, φ)∫

θ

∫
φ
f(data|θ)f(θ)dθdφ

(1.6)

Now the integral is folded two times, one for each of the model parameters, mean-

ing that it marginalises over all possible value combinations of θ and ρ. These types

of integrals become computationally intractable as the number of parameters grow.

Multilevel models like phylogenetic inference that often deal with hundreds or more

parameters are not possible (Nalborczyk et al., 2019; Wiley & Lieberman, 2011).

One of the most common ways that researchers deal with this type of challenge is

with the use of a Markov Chain Monte Carlo (MCMC) algorithm (Metropolis et al.,

1953). Markov Chain Monte Carlo algorithms sample directly from the posterior

distribution by comparing between two possible states (Eq. 1.7) rather than focusing

on computing the denominator as in equation 1.5 and equation 1.6.
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f(θ∗, φ∗|data)

f(θ, φ|data)
=

f(data|θ∗,φ∗)f(θ∗,φ∗)∫
θ

∫
φ f(data|θ)f(θ)dθdφ
f(data|θ,φ)f(θ,φ)∫

θ

∫
φ f(data|θ)f(θ)dθdφ

=
f(data|θ∗, φ∗)f(θ∗, φ∗)

f(data|θ, φ)f(θ, φ)
(1.7)

Once the posteriors between two different sets of parameter values are calculated

(Eq. 1.7 θ, φ versus θ∗, φ∗) the denominators with integrals are cancelled from the

equation (Eq. 1.7 second and third blocks), resulting in a ratio R equivalent to the

likelihood odds times the prior odds (Metropolis et al., 1953). The MCMC algorithm

needs values for all parameters of the model for the initial iterations (here in this

example θ and φ) and these values can either be supplied or randomly generated.

A new set of parameter values is subsequently proposed (in this example θ∗ and

φ∗) and the ratio R is computed. If the proposed values produce an increase in

the posterior (i.e. f(data|θ∗, φ∗)f(θ∗, φ∗) > f(data|θ, φ)f(θ, φ) they will constitute

the new state of the Markov Chain which is then stored into memory ("sampled")

(Metropolis et al., 1953). If f(data|θ∗, φ∗)f(θ∗, φ∗) < f(data|θ, φ)f(θ, φ) then the

new values are accepted with probability R, meaning that parameter values that

bring a slight decrease in the posterior probability are accepted more often than

values that greatly decrease the posterior (Metropolis et al., 1953). If these steps

are repeated for enough samples the MCMC should reach the global optimum for all

model parameters. Markov Chain Monte Carlo methods have demonstrated their

robusticity in statistical inference (Brooks et al., 2011).

A metaphor commonly used to describe the behavior of a MCMC is that of a

robot climbing over a landscape with many hills in search of the tallest peak (e.g.

Lewis, 2001b). The robot is completely blind and can only measure the height of the

land surface where it is currently standing, and the height of the land surface one step

away. If the neighboring spot is higher then the robot immediately jumps over to

that spot. If the neighbouring point is lower then the robot draws a random number

between 0 and 1; if this number is greater than the ratio between the current height

and the proposed height then the robot jumps; otherwise the proposal is refused.

This type of behavior ensures that the robot doesn’t limit itself to exploring just the

"peaks" in this landscape to avoid the risk of becoming stuck in a local optimum.
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By occasionally walking downhill the robot can do a better job of exploring the

landscape and searching for the tallest possible peak.

The Metropolis MCMC algorithm (Metropolis et al., 1953) described above is

amongst the first to be developed, and has been followed by numerous improvements

to sampling and overall. For example, the Metropolis-Hastings algorithm allows pro-

posals (i.e. the set of parameters values proposed at each iteration of the algorithm)

that are asymmetric (Hastings, 1970), the Gibbs sampler introduced adaptive pro-

posals (Geman & Geman, 1984; Plummer, 2003), and the Hamiltonian or Hybrid

MCMC simulates Hamiltonian physics to sample from the posterior (Carpenter et

al., 2017; Neal, 1994). This thesis will rely on the Metropolis-Hastings algorithm for

phylogenetic inference and evolutionary rates estimates (Chapter 2 and Chapter 4;

Höhna et al., 2016; Rannala and Yang, 2007) and Hamiltonian MCMC for the size

estimations models (Chapter 3; Carpenter et al., 2017). Although MCMC allows

the researcher to overcome what would be classified as an intractable mathematical

problem (the marginal estimation; (Brooks et al., 2011)) these types of algorithms

are still more computationally expensive compared to traditional frequentists ap-

proaches (Quiroz et al., 2019). The recent diffusion of Bayesian statistics in the

scientific community is thus likely driven by increasing availability of computa-

tional resources given that the foundational math was developed before the rise

of widespread computing (Cox, 1946; de Finetti, 1970).

MCMC length is also an important factor to understand if the chain reached

the global optimum for all given parameters. There are three important properties

that suggest that an MCMC has identified a global optimum for a given parameter:

Stationarity, convergence and sufficient mixing (Gelman et al., 2013; Kruschke, 2015;

McElreath, 2020). Stationarity is the relative stability of parameters of a MCMC

throughout most of its length. Stationarity can be checked using traceplots (Fig.

1.5). The traceplot for a particular parameter records the parameter value for all

samples from a MCMC. When interpreting a traceplot it is often desirable to have

a "noisy" chain stable around a value (Fig.1.5A) rather than a fluctuating one (Fig.

20



Chapter 1 Section 1.3

1.5B) because in the former it likely means that the MCMC is sampling from an

optimum point whereas in the latter the MCMC is still exploring the parameter

space (Brooks et al., 2011; McElreath, 2020).

If two independent chains converge to the same or nearly identical set of pa-

rameter estimates (i.e. "convergence"; McElreath, 2020) it may indicate that the

global optimum was reached. Given that often a MCMC starts far from the global

optimum value then the initial phases are not stationary, because the sampling is

still coming from the exploratory phase. To solve the issue these samples are usually

removed after the analysis and the portion of excluded samples become known as

the "burn-in phase" (e.g. Brooks et al., 2011).

Figure 1.5: Traceplots from an hypothetical run of two different MCMCs. The
parameter value is presented on the vertical axis whereas the number of samples (i.e.
"chain length") is presented on the horizontal axis. A) Fluctuation of a functional
MCMC with stationary and random oscillation around a parameter value. B) A
more incoherent oscillation through time implying that the chain did not reach an
optimum value.

Mixing describes the scenario where variation is consistently observed in param-

eter values across the chain length (i.e. that the MCMC continues to explore the

parameter space). In practice, mixing is demonstrated by a MCMC that doesn’t

return the same parameter value sequentially for long periods of time (i.e. doesn’t

produce a traceplot with one or few horizontal lines). Visual inspection of traceplots

is usually the first step in determining if mixing occurred but there are many statis-

tical tools that assess if a MCMC sufficiently explored the posterior. For example,

one of the tools used to explore mixing is the measure of the effective number of

samples for an MCMC (also called effective sample size or ESS) (Carpenter et al.,

2017; Drummond & Rambaut, 2007). This effective sample size metric helps to

quantify the amount of autocorrelation between samples (McElreath, 2020) and can
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be calculated by dividing the total number of samples over the design effect (i.e.

the ratio between the variances of two estimators for any parameter that needs to

be calculated; Kish, 1965). Recall that samples in an MCMC are not independent

from one another given that the probability to accept any proposed value at any

given time is influenced by the state at which the MCMC resides at that stage.

ESS is thus an estimation of the samples that are independent in the chain, usually

the higher the value the better it is for the chain itself (Drummond & Rambaut,

2007; McElreath, 2020). Another tool used to assess chain performance is the R̂

measure, which is also known as the Gelman Rubin convergence test (Gelman &

Rubin, 1992). The R̂ measure compares if separate chains reached a sufficiently

similar value. Stationarity, convergence and mixing will all be evaluated in this

thesis as Bayesian methods of analysis are used to describe multiple aspects of the

evolutionary history of penguins.

1.4 Penguins

Penguins (Aves: Sphenisciformes, Spheniscidae) have many remarkable aspects that

together make them an ideal candidate for this thesis. Penguins are a clade of

flightless birds that are well-adapted for life in water (Davis & Darby, 2012) as one

may easily interpret by looking at their osteological traits.

Underwater flight for penguins is driven by flipper-like wings that generate thrust

during both the downstroke and the upstroke (Clark & Bemis, 1979; Lovvorn et

al., 2001). Such peculiarity is achieved through stiffened wing joints (Ksepka &

Ando, 2011) and a hypertrophied musculus (hereafter m.) supracoracoideus that

connects the humerus to the keel (Schreiweis, 1982). Along with alcids (Charadri-

iformes, Alcidae), petrels (Procellariiformes, Procellariidae) and dippers (Passeri-

formes, Cinclidae), penguins are considered wing-propelled divers, contrary to the

majority of aquatic birds that rely mainly on their legs and feet for underwater mo-

tion (foot-propelled divers; e.g. Podicipediformes and Gaviiformes) (Clifton et al.,

2018; Hinić-Frlog & Motani, 2010). Underwater flight represents an exaptation for
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the bird wing (i.e. an adaptation towards a new function) and this markedly differ-

ent functional role is an excellent candidate to investigate the adaptational vertex

of the constructional morphology triangle.

The penguin hindlimb is conversely less-specialised for swimming and doesn’t

function in propelling the bird through water but instead acts like a rudder (Ksepka

& Ando, 2011). By having a limited role underwater and an ambulatory function

on land it is difficult to assume a strong selective pressure on the hindlimb as a

locomotory module when compared with the wing (Chapter 4). Although the walk-

ing gait of a penguin is more energetically expensive when compared to other birds

(Pinshow et al., 1977), it is important to not be trapped in the pitfall of associating

it with evolutive inefficiency. It has been proven that the waddling pace contributes

to recover mechanical energy during strides (Griffin & Kram, 2000), and that the

structural constraint is given by the shortness of the leg. One of the principal func-

tions of the hindlimb is to support the mass of the penguin on land when the animal

no longer benefits from the buoyancy of water. Hence, the hindlimb is an interesting

region of the penguin body to study the effect of physical constraint in controlling

skeleton shape (Chapter 3).

Lastly, penguins confirm their status of outliers among birds thanks to the rich-

ness of their paleontological record (Chapter 2). Fossil species outnumber living

species by at least three times (Ksepka & Ando, 2011), an amount that keeps grow-

ing even at present day (Blokland et al., 2019; T. L. Cole et al., 2019; Giovanardi et

al., 2021; Mayr et al., 2019). Even though one should acknowledge that the meaning

of species in a paleontological context has a different nuance to the biological species

concept (Allmon & Yacobucci, 2016; Tschopp et al., 2021), it is still important to un-

derstand the reasons behind this unusual pattern. Simply stated, marine ecosystems

show higher fossilisation rates when compared to terrestrial environments (Levin &

King, 2016). Larger and more dense bones are also positively biased in the fossil

record and penguins show osteosclerosis, a reduction of the medullary cavity inside

their bones (Ksepka et al., 2015). The penguin fossil record spans from almost the
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beginning of the Paleogene period (65.5 Ma - 23.03 Ma) with the oldest fossil pen-

guins around 62 million years old (Blokland et al., 2019; Mayr, De Pietri, Love,

Mannering, & Scofield, 2017; Slack et al., 2006). Penguins are known from most

of the Cenozoic (65.5 Ma to present) and even Holocene subfossil remains younger

than 100 thousand years reveal extinct species of penguin (T. L. Cole et al., 2019).

This remarkable sampling allows paleontologists to identify major macroevolution-

ary shifts that the clade experienced over the last 60 million years. A pattern that

emerges is that the crown clade originated relatively recently (roughly 15 Ma), with

most fossil penguin species instead identified as stem taxa (Gavryushkina et al.,

2017). The crown clade is identified as all of the living members of a group, the

most recent common ancestor that those living members share, and then all of the

descendants of that most recent common ancestor (both living and extinct). A stem

member of a clade is any fossil that is more closely related to one particular crown

clade than to any other but which itself does not have living descendants. By walk-

ing through time across the history of penguins we can see a drastic transformation

in the bauplan (e.g. the body plan). This transformation can be described as series

of modular steps that allow us to infer the rate at which the phenotypic change

occurred (Chapter 4).

1.5 Aims

Of all wing-propelled divers only penguins exhibit a detailed record through time,

enabling detailed analysis of the secondary adaptations to water that have arisen in

birds, and encouraging comparisons with other major clades of marine tetrapods.

The use of geometric morphometrics in studies of penguins has mostly been lim-

ited to inferring the ecology or taxonomic identification of extinct penguins (Acosta

Hospitaleche & Tambussi, 2006; Chávez-Hoffmeister, 2020; Jadwiszczak, 2020; Jad-

wiszczak & Mörs, 2019), whereas Bayesian analyses in penguin research have only

been used for phylogenetic inferences (Blokland et al., 2019; Gavryushkina et al.,

2017; Thomas et al., 2020). This thesis will use geometric morphometrics and
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Bayesian methods to study the evolution of selected phenotypes in fossil and mod-

ern species of penguin.

The broad aim of this thesis is to study shape changes in penguins as they became

more efficient wing-propelled divers, beginning shortly after the macroevolutionary

transition from their aerially-volant ancestors. Addressing the topic from the per-

spective of the constructional morphology concept described by Seilacher (1970),

a core goal is to provide the first quantification of evolutionary rates for key mor-

phological changes (Simpson, 1944). Using extinct taxa as interpolation points it

is possible to effectively determine how these rates changed during time and how

these changes were distributed across the penguin body. More importantly, estab-

lishing these evolutionary rates of morphological change for penguins represents a

new way of studying major morphological shifts, which is a methodology that can

be extended to other groups of extinct or extant taxa.

The three specific aims of this thesis are linked to each apex in the constructional

morphology framework:

• History: Use parsimony- and Bayesian-based methods to infer the evolution-

ary history of penguins. Describe a new species of penguin to contribute to

this understanding of evolutionary history (Chapter 2).

• Structure: Demonstrate that femur volume is mostly the consequence of

structural constraint but is also influenced by evolutionary history and ecology

(Chapter 3).

• Adaptation: Reveal how different regions of the penguin body have been

subject to different rates of evolution through time (Chapter 4).

25



Chapter 1 Section 1.5

F
ig
ur
e
1.
6:

R
ec
on

st
ru
ct
io
n
of

a
gr
ou

p
of

th
e
ea
rl
y
P
al
eo
ce
ne

pe
ng

ui
n
K
ai
ik
a
m
ax
w
el
li
pr
ey
in
g
on

a
sc
ho

ol
of

fis
h.

26



Chapter 2

Historical apex

2.1 Introduction

Within the aptive triangle metaphor of Seilacher (1970), the historical apex would

ideally represent the impact that phylogeny has over any given aspect of a biological

entity (Gould, 2002; Seilacher & Gishlick, 2019). One way that this apex can be

interpreted is the tendency for two closely related species to have more in common

than two species chosen at random (Felsenstein, 1985). Thus in order to grasp the

impact that shared evolutionary history may have over any given trait it is crucial to

be able to estimate accurate phylogenies prior to any comparative assessment. Since

the seminal work of Hennig et al. (1966) that aimed to bring together evolutionary

biology and taxonomy, huge efforts have been made to establish a solid foundational

method for estimating phylogenies (Felsenstein, 2004; Heath et al., 2014; Rannala &

Yang, 1996; Swofford et al., 1996; Wiley & Lieberman, 2011). Today, the software

packages that allow us to use these techniques are common, easy to access (Bouckaert

et al., 2014; Felsenstein, 1993; Goloboff & Catalano, 2016; Höhna et al., 2016), and

widely used across the life sciences and even further (Maurits et al., 2017). The

starting point to infer a phylogeny is often a morphological matrix or molecular

sequence alignment, where each row represents a taxon or specimen and each column

is a homologous character or site within the sequence. Data in each column usually

has a limited range of possible variables (i.e. states within each character), and a
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frequent goal of phylogenetic inference is to estimate an evolutionary bifurcating

tree connecting all taxa that is the most likely given the observed pattern of shared

variables. Taking advantage of the extensive methodological background available

(e.g. Goloboff and Catalano, 2016; Heath et al., 2014), this chapter aims to define

the context in which penguins evolved, in order to use the resulting framework as a

scaffold for analyses in the next two chapters.

2.1.1 Publication of Kairuku waewaeroa

The main body of work for the following chapter is presented in ‘A giant Oligocene

fossil penguin from the North Island of New Zealand’ published on 17/09/2021 in

Journal of Vertebrate Paleontology. I collected the data from the fossil penguin

and from other comparative specimens, and I conducted the majority of the data

analysis and wrote the initial draft manuscript. Daniel Thomas and Daniel Ksepka

contributed to manuscript writing. The published paper is a formal part of this

chapter, but is attached here in Appendix A because of the convention to not name

a new species in a thesis chapter (ICZN, 1999), and because the paper includes

writing contributions from Thomas and Ksepka. Here I provide a brief summary of

the paper and encourage the reader to refer to the manuscript in the appendix for

the full work. This paper describes a novel penguin species, Kairuku waewaeroa,

as a member of a clade that was widely distributed across Zealandia within the

Oligocene (33.9 to 23.03 Ma, Cohen et al., 2013). The taxon described in the

paper was several million years older than previously described Kairuku species,

and a parsimony-based phylogenetic analysis returned Kairuku waewaeroa at the

base of the Kairuku clade. Given the completeness of the specimen the description

of the taxon is also important in explaining how the bauplan (i.e. the overall body

plan) of fossil penguins changed through time. Kairuku waewaeroa shows overall

body proportions closer to living penguins suggesting that the distinctive bauplan

exhibited by Kairuku grebneffi and Kairuku waitaki (Ksepka et al., 2012) may have

been exclusive to these two species rather than being shared across all giant fossil

28



Chapter 2 Section 2.1

penguins, and thus that diversity among fossil penguins was greater than previously

expected.

2.1.2 Penguin evolutionary history explored with Bayesian

methods

After the submission of Giovanardi et al. (2021) I continued to develop the phylo-

genetic framework of this thesis, to keep the results of Chapter 3 and Chapter 4 up

to date with the current state of knowledge. Recent advances in this field include

additional descriptions of extinct penguins (Acosta Hospitaleche et al., 2019; Acosta

Hospitaleche et al., 2021; Blokland et al., 2019; Chávez-Hoffmeister, 2020; Jad-

wiszczak et al., 2021; Mayr et al., 2021; Mayr et al., 2019; Richards, 2019; Thomas

et al., 2020) that were often accompanied by updated morphological matrices. For

example, Blokland et al. (2019) combined data from multiple sources (Bertelli & Gi-

annini, 2005; Chávez Hoffmeister et al., 2014; Chávez-Hoffmeister, 2014; Degrange

et al., 2018; Ksepka et al., 2012) to generate a matrix with 284 morphological charac-

ters scored for 89 taxa. Matrices published by Thomas et al. (2020) and Giovanardi

et al. (2021) added 32 new characters to the matrix from Degrange et al. (2018).

As an effort to fulfill to the principle of "total-evidence" driven inference (Ronquist

et al., 2012; Wiley & Lieberman, 2011), the current chapter sought to merge the ma-

trix of Giovanardi et al. (2021) with that of Blokland et al. (2019). The parsimony

phylogenetic analysis in Giovanardi et al. (2021) was consequently redeveloped, and

a second phylogenetic analysis using Bayesian fossilised birth death tree (FBDT)

models was also developed (Heath et al., 2014). This family of models incorporate

information about specimen geological ages on branch tips along with speciation

and extinction rates (Gavryushkina et al., 2014), and relax the assumption of not

sampling from the tree’s branches, allowing fossil taxa to be recovered as potential

ancestors of any given lineage (Cau, 2017).

Parametric phylogenetic inferences (maximum likelihood and bayesian) were

once restricted to molecular data but have now became more common in paleontol-
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ogy after discrete morphological dataset were able to be used (Geisler et al., 2011;

Lee & Worthy, 2012; Lewis, 2001a; Mongiardino Koch & Thompson, 2021; Šmíd

& Tolley, 2019). Although there is still debate over the influence of missing data

and the effect of parsimony optimised datasets in likelihood model-based inferences

(Goloboff et al., 2018; O’Reilly et al., 2016; Wiens & Morrill, 2011), there is in-

creasing evidence showing the strengths of Bayesian phylogenetic analyses applied

to paleontology (Matzke & Irmis, 2018; Vernygora et al., 2020; A. M. Wright &

Hillis, 2014). Thus rather than focusing the debate on which phylogenetic inference

method is more accurate it would be worthwhile to perform both non-parametric

(parsimony) and parametric (likelihood or Bayesian) analysis and then report both

results. Reflecting on similarities and differences in the phylogenetic topologies re-

sulting from the parsimony and Bayesian analyses provides more insight into the

evolutionary implications of each method, as well as the importance of assump-

tions unique to each method. For these reasons thus this chapter includes both a

parsimony-based and a FBDT model phylogenetic analyses, performed on an up-

dated matrix of penguin diversity. Note that penguin datasets have previously been

studied using both parsimony and FBDT models (Degrange et al., 2018; Gavryushk-

ina et al., 2017; Thomas et al., 2020) showing that thanks to an extensive taxon

sampling lasting for a window of more than 60 million years (Slack et al., 2006),

penguins represent a good candidate for dated phylogenetic inference.

2.2 Materials and methods

2.2.1 Updated matrix

The matrix used in the description of Kairuku waewaeroa (Giovanardi et al., 2021)

includes 282 characters and 76 taxa and derived from the matrix in Degrange et

al. (2018) to which were added 31 characters from Thomas et al. (2020). The

Giovanardi et al. (2021) matrix was then updated to include 30 additional char-

acters for the humerus and tarsometatarsus from Chávez-Hoffmeister (2014) and
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Chávez Hoffmeister et al. (2014), which were scored according to phylogenetic anal-

yses published in Blokland et al. (2019). 15 taxa were added to the Giovanardi

et al. (2021) matrix: Arthrodytes andrewsi, Crossvallia unienwilla, Crossvallia wai-

parensis, Eudyptes atatu, Eudyptes calauina, Eudyptes warhamii, Kaiika maxwelli,

Kumimanu biceae, Kupoupou stilwelli, Megadyptes antipodes waitaha, Megadyptes

antipodes richdalei, Paraptenodytes brodkorbi, Paraptenodytes robustus, Pseudapten-

odytes macraei, Platydyptes amiesi. The 15 taxa added to the updated matrix

were scored for all characters used in the description of Kairuku waewaeroa. Char-

acters were scored as missing entries for all instances where it was not possible

to correctly infer the states of characters (e.g. hindlimb characters for Kaiika

maxwelli). Following a recent description of a skull referred to Anthropornis gran-

dis (Acosta Hospitaleche et al., 2019), this taxon was recoded with cranial char-

acters in the updated matrix. Character scoring was performed in Mesquite

(Maddison and Maddison, 2019 v. 3.7). The update resulted in a morphological

discrete matrix of 312 characters scored for 92 taxa (See supplementary file Chap-

ter_2_Morphological_Matrix.nex). The discrete character matrix was then

combined with the mitogenomic alignments currently available for all extant pen-

guins published by T. L. Cole et al. (2019). The phylogenetic assessment included

a parsimony-based analysis and a Bayesian FBDT model inference. Prior to the

Bayesian analysis the matrix was further modified with the removal of all procellari-

iform taxa due to the assumption that only fossils that are part of the ingroup should

represent the least derived taxa in the phylogeny (Gavryushkina et al., 2017). The

deletion of the Procellariiform outgroup resulted in an inflation of invariant char-

acters that were informative to define clades outside of Sphenisciformes. Invariant

characters can be quickly removed from a matrix in Mesquite (Maddison & Mad-

dison, 2019) and resulted with the loss of 47 characters (See supplementary file

Chapter_2_Reduced_Matrix.nex). Fossil dates included in the model were

taken from the most updated information currently available (Blokland et al., 2019;

Gavryushkina et al., 2017; Thomas et al., 2020).
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2.2.2 Phylogenetic software

The parsimony-based analysis was performed in TNT (Goloboff and Catalano, 2016,

v 1.5) on the matrix (see supplementary file Chapter_2_Parsimony.tnt) with

equal weighting and non-molecular multistate characters treated as ordered if at

least one of the states could be interpreted as transitional between the remainder.

After the preliminary most parsimonious trees (MPT) were found with the fast

search algorithm, a subsequent search was run until memory overflow (9999 trees)

with the TNT command bbreak. This subsequent search collapsed nodes with

no support (Tschopp et al., 2015). To gain further insights from the polytomies of

the consensus topology, an "iterative positional congruence reduced" (iterPCR) was

conducted to identify the taxa whose phylogenetic position varied the most causing

a loss in node resolution (Pol & Escapa, 2009). Positional congruence is a way to

assess taxa instability and can be computed by first splitting two phylogenetic trees

into all possible triplets of taxa (quadruplets in case of unrooted trees). Then to

assess the positional congruence of a target taxon all triplets that include that taxon

and share the same topology between the two sets are counted and then divided by

the total number of triplets. This results in a proportion spanning from 0 to 1 with

taxa that exhibit more unstable behavior having lower positional congruence values.

Given that for a large phylogeny this task can be extremely demanding in terms of

computational time, the key principle of iterPCR is calculating positional congruence

at the polytomies and the deriving branches of a consensus tree. The iterPCR was

performed within the TNT software package (Goloboff & Catalano, 2016; Pol &

Escapa, 2009). The FBDT model inference was performed in RevBayes (Höhna

et al., 2016, v.1.1.1), including three partitions of information into the analysis:

a molecular partition (i.e. the mitogenomic alignment), a morphological partition

(i.e the morphological matrix), and the stratigraphic occurrence ranges of the taxa.

During the Markov Chain Monte Carlo (MCMC) sampling, the likelihood of the

combined partitions is evaluated for a given phylogenetic tree topology and a given

set of parameters.
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2.2.3 MCMC - General and FBDT framework

The MCMC model is described below (Fig. 2.1) and follows the visualisation from

Höhna et al. (2014) where each parameter is represented as a node. Each node has in-

puts given by its parent nodes and produces outputs directed to a child node. Nodes

are subdivided into four types (constant, stochastic, deterministic and clamped) and

more nodes can be clustered within a loop plate to iterate more parameters during

each round of the MCMC (Fig. 2.1). During the MCMC sampling run, the value of

a node is updated at each iteration following the distribution given for the priors,

and these values are used to compute the likelihood (Höhna et al., 2016). Constant

nodes are equivalent to a constant value throughout all the analysis and are usually

parent nodes of prior distributions of the analysis. Stochastic nodes instead are

drawn at each MCMC iteration from a distribution given by its parent. Determin-

istic nodes are nodes for which the value is entirely defined by parent nodes (e.g.

a sum or a ratio between two nodes). Clamped nodes are the nodes that represent

the observed data (i.e taxa dates, the morphological matrix and the mitogenomic

alignment). The likelihood of the parameters is computed at these nodes in the

graph. The loop plate represents a for loop in RevBayes and is usually necessary

when a given value needs to be computed for several entries during a single MCMC

round (i.e. assessing when the proposed tree topology is consistent with the dates

availables from the stratigraphic dataset).

Once specified, the model structure of the MCMC was set up to run for 1 ×

108 samples. The analysis was performed on a multi-cluster machine at Massey

University and took roughly 40 days of computation.

The FBDT node is a stochastic node that needs five parameters as inputs (Höhna

et al., 2016): a deterministic diversification rate λ, a deterministic turnover rate µ,

a stochastic fossilisation rate Ψ (Eq. 2.5), a constant sampling probability ρ, and

the stochastic origin time O . λ is given by the difference between the stochastic

speciation rate d and the stochastic extinction rate r (Eq. 2.1) and µ is the ratio

between extinction rate and speciation rate (Eq. 2.2). Following Thomas et al.
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Figure 2.1: Graphical legend for the Markov Chain Monte Carlo model, following the
scheme presented in Höhna et al. (2014). Constant nodes are represented by squares
with solid lines, interpreted as prior information. Stochastic nodes are represented
by solid line circles, whereas deterministic nodes have a dashed outline. Circles filled
with grey background represent clamped nodes where likelihood is computed. Loop
plates are represented as larger squares that contain multiple nodes.

(2020) priors for d, r and Ψ were given as an exponential distribution with mean

1.0 (Eqs. 2.3 to 2.5). Note that the origin was specified as a uniform distribution

between 130 and 65 Million years ago (Eq. 2.6), and that ρ (Eq. 2.7) was set fixed

as 1 given that all living taxa have been sampled (Thomas et al., 2020).

λ = d− r (2.1)

µ =
r

d
(2.2)

d = Speciation rate ∼ Exponential(1.0) (2.3)

r = Extinction rate ∼ Exponential(1.0) (2.4)

Ψ ∼ Exponential(1.0) (2.5)

ρ = 1.0 (2.6)

O ∼ Uniform(130 Ma− 65 Ma) (2.7)

The MCMC process is represented as a directed acyclic graph (DAG) represen-

tation of the FBDT node as presented in Figure 2.2, following the scheme presented

in Höhna et al. (2014). Consistency of the phylogenetic tree T is tested in relation

to fossil occurrences. If dates on the tree do not match the observed time pattern
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Figure 2.2: Tree node structure, following the scheme presented in Höhna et al.
(2014). Both speciation rate d, extinction rate r and fossil recovery rate ψ were
assumed to have an exponential distribution with mean of 1.0. Sampling probability
was set to 1.0 since all currently known species of penguin are present in the matrix.
The origin for the clade was assumed to be between 130 and 65 million years ago.

then the tree is rejected (i.e. if a given taxon is found outside its given temporal

range) (Fig. 2.3). For this operation, each proposed tree from the FBDT node comes

with series of fossil age offsets. These offsets are compared to the lower observed

stratigraphic range (a), and to the upper boundary of the stratigraphic range (b),

for each fossil in the dataset (Fig. 2.3).

2.2.4 MCMC - molecular partition

The likelihood for the molecular partition is calculated at a specific clamped node

known as phylogenetic continuous time Markov chain (PhyloCTMC, Fig. 2.4). Four

input parameters are needed to compute the likelihood for the molecular partition:

a phylogenetic tree T (here deriving from the tree node above specified), a deter-
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Figure 2.3: Schematic showing how fossil age is incorporated into the Markov Chain
Monte Carlo model (Höhna et al., 2014; Stadler et al., 2018). The tree node provides
a series of fossil age offsets and the tree is then rejected if fossil age occurrences are
inconsistent with the lower and upper boundaries of the stratigraphic range.

ministic transition probability matrix Q (Eq. 2.8), the deterministic among sites

variation sr (Eq. 2.11), and a stochastic molecular clock rate r (Eq. 2.13). The Q

matrix is composed of the base frequencies π estimated from a Dirichlet distribution

of four values (Eq. 2.9) that are each multiplied by the specific base transition rate

r , modeled from a Dirichlet distribution of six values (Tavaré, 1986) (Eq. 2.10).

The resulting Q matrix is defined as general time reversible (GTR). The among-

site variation sr is defined by a discretised gamma distribution with α=β and four

discrete categories. The α prior is defined by an exponential distribution with a

mean of 1.0 (Eq. 2.12). Note that here a specific molecular clock rate r i is given

to each branch of the phylogenetic tree (Eq. 2.13), corresponding thus to a relaxed

clock model (Drummond et al., 2006). The molecular clock rates are all drawn from

an exponential distribution with mean 1÷v with v defined as an hyperprior drawn

from an exponential with mean 1.0 (Eq. 2.12).

QGTR =



. rACπC rAGπG rATπT

rACπA . rCGπG rCTπT

rAGπA rAGπC . rGTπT

rATπA rATπC rGTπG .


(2.8)
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π = Base frequencies ∼ Dirichlet(1, 1, 1, 1) (2.9)

r = Base substitution rate ∼ Dirichlet(1, 1, 1, 1, 1, 1) (2.10)

sr ∼ Discrete gamma(α, α, 4) (2.11)

α ∼ Exponential(1.0) (2.12)

ri = Clock rate for branch i ∼ Exponential(1/v) (2.13)

v = Average clock rate ∼ Exponential(1.0) (2.14)

Figure 2.4: Molecular partition structure, following the scheme presented in Höhna
et al. (2014). The substitution model was defined by the general time reversible
(GTR) with both stationary densities π, and rates of transition, r , defined by Dirich-
let distributions set to 1.0 (Tavaré, 1986). The among-site variation sr was assumed
to have a discretised gamma distribution with identical α and β parameters, as-
sumed to be distributed on an exponential of mean 1.0 (Yang, 1994). The model
allowed each branch to have it’s own rate drawn from an exponential distribution
(after Drummond et al., 2006).
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2.2.5 MCMC - morphological partition

Like the molecular partition described above, the morphological partition is com-

puted at a PhyloCTMC clamped node (Fig. 2.5). The morphological partition

follows the same structure as the molecular partition, needing the same four types

of input parameters (T, Q, sr and r) though here the parameters are modeled

differently. Here the transition matrix Q for the morphological partition is mod-

eled following the Mk. model for discrete characters (Jukes & Cantor, 1969; Lewis,

2001a). The model assumes equal transition probabilities among all character states

regardless of the number of the states (Eq. 2.15). The variation among characters

sr has been modeled in the same way as for the molecular partition (Eqs. 2.16 and

2.17), whereas the morphological clock r here is assumed to be uniform across the

tree with a single parameter drawn from an exponential distribution with a mean

of 1.0 (Eq. 2.18).

QJC =



−µ0 µ01 . . . µ0n

µ10 −µ1 . . . µ1n

...
... . . . ...

µn0 µn1 . . . −µn


(2.15)

sr ∼ Discrete gamma(αMorpho, αMorpho, 4) (2.16)

αMorpho ∼ Exponential(1.0) (2.17)

r = Morphological clock rate ∼ Exponential(1.0) (2.18)
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Figure 2.5: Morphological partition structure, following the scheme presented in
(Höhna et al., 2014). The Q node was defined by the Jukes-Cantor model as for-
malized in the Mk. model (Jukes & Cantor, 1969; Lewis, 2001a). Priors for the
rate variation among characters sr was identical to the priors used for the molecular
partition, whereas the morphological clock r was modeled under the assumption of
uniform rates across the phylogeny.

2.3 Results

2.3.1 Parsimony analysis

The initial parsimony search found 259 most parsimonious trees (MPTs) with 10,646

steps each, then a consensus tree was obtained from an extended search until mem-

ory overflow (Fig. 2.6). The iterPCR step revealed that the most unstable taxa

were Crossvalia unienwilla, Delphinornis larseni, Eudyptes atatu, Eudyptes calauina,

Icadyptes salasi, Kaiika maxwelli, Kumimanu biceae, Notodyptes wimani and Py-

goscelis grandis and these taxa were then pruned to re-estimate the consensus tree

(Fig. 2.7).
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2.3.2 Fossilized Birth Death Tree analysis

Given the length of the total chain log file, the samples were subsetted to 63,771 (0.1

of the total length) to reduce file size and ease parameter summarisation. A burn-in

of 25% of the resulting chain length was then set. Some of the sampled parameters

of the analysis exhibited relatively low effective sample sizes (ESS) (i.e. origin time

and age of the crown radiation, Table 2.1 and some branch rates from the molecular

partition, Supplementary file Chapter_2_Log_summary.csv). The low ESS

means that perhaps the space parameter was not sampled long enough during the

MCMC to draw confident conclusions (Drummond & Rambaut, 2007). Importantly

though, the majority of parameters reached an ESS greater than 200 indicating

that the MCMC reached the global optimum for these parameters (Bouckaert et al.,

2014; Drummond et al., 2006). Both d and r exhibited values around 0.5 and had

similar credible intervals. In a similar manner also mitogenomics average rates and

the morphological rates shared similar mean values, with mitogenomic rates having

broader credible intervals (Table 2.1). The topology of the phylogenetic tree from the

Bayesian analysis differs in several key ways from the parsimony analysis described

above. Most importantly, Palaeospheniscus is outside the crown radiation in the

maximum credibility clade (MCC) tree (Fig. 2.8) and in the maximum a posteriori

(MAP) tree (Fig. 2.9). Madrynornis remains within the crown in both the MCC and

MAP trees. As a consequence of placing Palaeospheniscus deeper in the phylogeny,

the origin of the crown clade moves from earliest Miocene in the parsimony tree to

middle Miocene in the Bayesian results (around 13 to 17 Ma; Table 2.1; Figs. 2.8

and 2.9). Importantly for this study, a single clade is recovered that includes many

giant penguins ranging from the Eocene up to the Oligocene (similar to the result

from the parsimony inference). Other genera like Platydyptes, Archaeospheniscus,

and Paraptenodytes are not part of any major radiation but instead form a single

monophyletic clade. Delphinornis is recovered closer to the crown than in previous

reports (cf. Giovanardi et al., 2021; Ksepka et al., 2012; Mayr, Scofield, et al.,

2017; Thomas et al., 2020) and Nucleornis is placed in a clade with Paraptenodytes
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Table 2.1: Parameter estimates from the Fossilized birth death analysis. Estimates
have been computed from a subset of 63,771 samples from the total chain with
a burn-in of 25% of the total length. For each parameters are presented mean,
standard deviation (SD), 89% credible intervals (lower and upper) and effective
sample size (ESS)

Mean SD Lower Upper ESS
Posterior -52253.73 25.22 -55398.91 -52217.03 166.60
Likelihood -52160.87 9.94 -55315.16 -52146.89 355.60

Prior -92.86 24.04 -129.72 -43.64 169.80
Diversification

λ
0.01 0.02 -0.03 0.05 20153.50

Turnover
µ

0.98 0.05 0.91 1.05 13834.50

Speciation rate
d

0.52 0.10 0.38 0.69 372.90

Extinction rate
r

0.51 0.10 0.37 0.68 376.70

Fossilization
rate Ψ

0.03 0.01 0.02 0.04 435.90

Age crown
radiation (Ma) 15.64 1.24 13.77 17.64 45.30

Origin time
O

96.75 17.19 71.72 124.91 28.50

Number of total
sampled ancestors 4.14 1.56 2.00 7.00 308.50

α 0.17 0.01 0.16 792494.11 10214.70
αmorpho 1.51 0.33 1.07 2.07 9775.10

Mitogenomic
average rate v 0.01 0.00 0.01 0.01 115.40

Morphological
rate r 0.01 0.00 0.01 0.02 126.60

(this result was not observed in Ksepka and Thomas, 2012). Here Sphenisciformes

is hypothesised to have originated in the Late Cretaceous (Table 2.1, Fig. 2.9 and

2.8), representing so far one of the oldest estimates for the origin of the clade (cf.

Blokland et al., 2019; Gavryushkina et al., 2017; Thomas et al., 2020).
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2.4 Discussion

The evolutionary hypotheses emerging from both the parsimony and Bayesian phy-

logenetic analyses share several key topological traits and differ in some aspects

from previous analyses (Degrange et al., 2018; Gavryushkina et al., 2017; Ksepka

et al., 2012). The most significant divergence between the parsimony-based result

presented here and previous studies is the inclusion of Palaeospheniscus as a mem-

ber of the crown, which pushes back the origin of the crown clade at least before

the 19 million years ago mark and substantially inflates implied ghost lineages as a

result (a ghost lineage is the predicted extension of a lineage beyond the range of

fossil evidence for that lineage). Paleospheniscus was incorporated into the crown

clade primarily because of similarities with Madrynornis, in addition to synapomor-

phies shared with crown taxa. Bootstrap values indicate stronger support for sister

relationships between Paleospheniscus and Madrynornis compared with the crown

clade itself.

The fossilised birth death tree (FBDT) returns a phylogenetic hypothesis with

a topology and node ages more consistent with previous studies (Degrange et al.,

2018; Gavryushkina et al., 2017; Ksepka et al., 2012). However, an important

feature of the FBDT phylogeny described here is a "giant penguin" clade. If the

monophyly of giant penguins is confirmed in future studies it may suggest that gi-

gantism evolved among penguins fewer times than previously expected (Clarke et al.,

2007; Ksepka et al., 2012; Mayr et al., 2019; Mayr, Scofield, et al., 2017), meaning

that many resemblances between these taxa may be due to shared inherited traits

rather than ecological convergence. It is worth noting that the phylogenetic posi-

tion of Palaeeudyptes in the ‘giant penguin’ clade is relatively basal. Since its first

description based on a single fragmentary element (T. H. Huxley, 1859), the referral

of additional specimens to this taxon has been challenging and not universally sup-

ported (see Ksepka et al., 2012). The specimens that are lumped into Palaeeudyptes

often lack distinctive features (Marples & Finlay, 1952). If the phylogenetic position

of Palaeeudyptes, which is presented here as a stemward and relatively undifferen-
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tiated giant penguin, is confirmed in future studies, then this more-basal position

may help explain this taxonomic history. Specifically, Palaeeudyptes may have been

defined using plesiomorphic features and thus not sufficiently reflect a pattern of

derived traits to define a real clade (Hennig et al., 1966).

The ‘giant penguin’ clade recovered here is interesting for the evolution ofKairuku

(Thomas & Ksepka, 2016). As with the phylogeny presented in Giovanardi et al.

(2021), the FBDT still finds a monophyletic grouping for all Kairuku although with

possibly different relationships among the three named species (Fig. 2.9 and 2.8).

Kairuku would here be considered the final lineage of ‘giants’ before their extinc-

tion in the late Oligocene. With the description of K. waewaeroa it is evident that

K. grebneffi and K. waitaki evolved a peculiar bauplan compared to their closer

relatives. The shorter stature of K. grebneffi and K. waitaki could indicate the pres-

ence of different environmental pressures for the giant penguins of Zealandia during

the Oligocene (Ando & Fordyce, 2014). The FBDT analysis also suggests that all

Paleocene taxa belong to a single clade within Sphenisciformes. Moreover, these

numerous taxa near the root of the phylogenetic tree may explain why the Bayesian

analysis in this chapter returns such an early origin for the whole Sphenisciformes

clade compared to previous estimates (96 Ma here, in contrast to 70 Ma in Thomas

et al., 2020 and around 60 Ma in Gavryushkina et al., 2017). The current analysis

includes eight early taxa into the morphological matrix compared to previous time-

calibrated analyses where only Waimanu, Muriwaimanu (Gavryushkina et al., 2017)

and Sequiwaimanu (Thomas et al., 2020) were included. Given that the estimated

rates of speciation remain unchanged, the Bayesian inference would expect an earlier

origin to account for a greater number of species.

It’s worth noting that the same updated matrix produced two slightly different

hypotheses under two different methods of phylogenetic inference. Explanations for

discrepancies between these hypotheses, other than differences between parsimony-

and likelihood-based computations, may be brought back to the inclusion of the

time variable in the analyses. The Bayesian analysis is much more sensitive to
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inflations from ghost lineages, penalising trees that do not fit the stratigraphy as

well if they are not supported by a consistent amount of morphological and molecular

evidence (Lee & Palci, 2015). Such behaviour may also explain the reason behind the

shifting position of the Delphinornis clade to a younger age, given their extremely

fragmentary nature their phylogenetic position will be impacted much more by the

available temporal information.

2.5 Conclusion

The current analysis provides a different perspective on the phylogeny of living

and extinct penguins. Although evolutionary relationships among crown species

were mostly unchanged compared to previous analyses (T. L. Cole et al., 2019;

Gavryushkina et al., 2017; Thomas et al., 2020) relationships among many stem

penguins showed a different pattern compared with previous hypotheses (Giovanardi

et al., 2021; Ksepka et al., 2012). Rather than a fully pectinated phylogenetic tree,

penguin lineages may have faced at least two major radiations: one in the Paleocene

and one during the Eocene. These results demonstrate the impact that character

selection can have on a phylogenetic analysis. With the phylogenies generated in

this chapter it is now possible to assess the impact of phylogeny over any given set

of traits shared among penguins. From here we proceed in investigating the impact

that the two other vertices of the aptive triangle have had on the evolutionary history

of Sphenisciformes.
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Chapter 3

Structural apex

3.1 Introduction

The size range of all known taxa encompasses at least 21 orders of magnitude (Robin-

son et al., 1983). Species at the extreme ends of this size spectrum are subject to

completely different physio-ecological pressures dictated by the physical laws of the

surrounding environment (Willmer et al., 2009). Size consequently determines how

an organism is able to interact with the environment and is thus one of the most

studied traits both generally in biology, and specifically in evolutionary research

(Blanckenhorn, 2000; Chown & Gaston, 2010; Larramendi et al., 2020; Maurer et

al., 1992; Pimiento et al., 2019; Slater et al., 2017). Knowledge about the body

size of organisms within a clade can provide a better understanding of macroevolu-

tionary events including for example the secondary adaptation to new environments

observed in several vertebrate lineages (Benson et al., 2018; Finarelli, 2008). Within

living vertebrates alone, body mass ranges from only a few grams (Rittmeyer et al.,

2012) up to several tons (Sears & Perrin, 2009), with implications for respiration,

nutrition, heat management, structural support, and much more. Consequently,

when analysing evolutionary events it can be important to measure the size of both

extant taxa as well as provide accurate estimates for extinct taxa (McClain & Boyer,

2009). However, the incomplete preservation of fossils makes the estimation of size

for ancient life challenging. As a result, great efforts have been made to accurately
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estimate body mass of extinct vertebrates by describing scaling relationships for

measurable morphological features (Anderson et al., 1985; N. E. Campione & Cam-

pione, 2020; N. E. Campione & Evans, 2020; N. E. Campione et al., 2014; Field

et al., 2013).

Developing accurate and well-constrained morphological scaling rules for esti-

mates of body mass is especially important when the range of body masses of an

extinct study group exceeds the range of body masses observed in close living rela-

tives. As an example, non-avian theropods could reach dramatic sizes up to 6.4-7.9

tons (Ibrahim et al., 2020) compared to living theropods with the common ostrich

Struthio camelus that can reach up to 156 kg (Davies et al., 2002). Penguins and

their stem-taxa show a similar pattern, with size variation in living penguins rela-

tively limited compared to the extinct forms. The body mass of extant penguins

ranges 1 kg for little penguins (Eudyptula spp.) up to 34 kg for emperor penguins

(Aptenodytes forsteri) (Stonehouse, 1975). Extinct taxa exhibited a much broader

range of body sizes (and therefore body masses) compared with the crown-clade

ranging from small, Eudyptula-sized species (e.g. Eretiscus tonni and "Pakudyptes

hakataramea") up to the "giant" forms already introduced in the previous chapter

of this thesis (Acosta Hospitaleche, 2016; Acosta Hospitaleche & Alicia, 2004; Ando,

2007; Clarke et al., 2010; Ksepka et al., 2012; Simpson, 1981). Previous studies have

estimated the body masses of extinct penguins (Jadwiszczak, 2001; Livezey, 1989)

using regressions based solely on extant penguins and thus have often extrapolated

well beyond the range of body sizes represented by living penguins. Taking a broader

perspective, however, we can recognise that penguins are still subjected to similar

constraints (Bright et al., 2016; Demery et al., 2021; Heers & Dial, 2015) that act

over crown group birds (Aves). Thus, by first exploring general scaling rules across

the whole avian clade, it would be possible to gain information that can be used

to predict the body masses of particular avian clades (Gelman et al., 2012). By

incorporating information from a wide diversity of birds when developing the mor-

phological scaling rules for penguins we can provide for the first time constraints
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around the estimates of body masses for extinct penguins that were larger than any

living penguin species.

Including a set of morphological measurements from a wide diversity of birds to

define a set of scaling rules would also contribute to solve another limitation: extant

penguins have an uneven size distribution as they are represented by a few smaller

species (i.e. ∼ 2 kg or less), many medium-sized species (between ∼2 and ∼13 kg),

and one large species (Aptenodytes forsteri ; ∼34 kg). The consequence of such an

uneven size distribution is that the emperor penguin bears a considerable amount

of leverage (Young, 2019), meaning that it has a greater influence on body mass

scaling relationships than any other living species of penguin and therefore biases

the inferences for any large- or giant-sized penguin. Given the lack of opportunity

for validating body mass estimates for "giant" penguins in particular, and the often

fragmentary preservation of penguin fossils, there is a high risk of overestimating

the body mass of large extinct penguins when making predictions based on scaling

rules developed entirely from living penguins. This risk is especially pertinent when

we consider that some "giant" penguins have been found to be more slender than

we might have otherwise expected (Giovanardi et al., 2021; Ksepka et al., 2012). By

incorporating data for more birds into the scaling rules for penguins we can reduce

the leverage that any one living penguin species has on the body mass predictions

for extinct species.

A challenge of building a model for estimating body mass that includes a broad

amount of avian diversity arises in the selection of a biological measurement that

would make penguins comparable to all other birds. We must be mindful that while

birds generally have a conserved body plan compared with other tetrapod clades

(e.g. lissamphibians, lepidosaurs, synapsids), penguins do have a body plan that

is dissimilar from most other birds (Ksepka & Ando, 2011; Simpson, 1946). More-

over, penguin bones are more dense than those of aerially-volant birds (Larramendi

et al., 2020), and no other living avian group is as well adapted to life in water,

meaning that any model informed by body masses outside of Sphenisciformes has
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the potential to underestimate penguin body mass. The challenge that this chapter

aims to overcome is to find the right balance among overestimation of body mass

(i.e. estimates of giant penguin body mass based entirely on living penguins) and

underestimation of body mass (i.e. allowing non-penguin birds to have too strong

of an influence on estimates of penguin body mass) and thus generate and validate

an informed model that may produce reliable estimates.

The body mass of many groups of living birds has previously been shown to

be strongly correlated with the width of the humeral articular facet (HAF) on the

coracoid (Field et al., 2013) (Fig. 3.1). The great majority of birds in the dataset for

the Field et al. (2013) study were volant taxa where the coracoid HAF is an extremely

important articular surface for locomotion. The strong correlation between coracoid

HAF and body mass is best explained by the structural or constraint apex of the

constructional morphology triangle (Seilacher & Gishlick, 2019). Specifically, greater

body masses require proportionately greater amounts of thrust to achieve flight

(Tobalske, 2007), and thus it is reasonable to think that HAF size undergoes little

or null ecological overprinting as stated by the original study authors (Field et al.,

2013). In this sense, the constructional morphology framework may represent a

guideline to quantify trait evolvability (sensu Klingenberg, 2005) providing thus

reliable correlates for size.

Figure 3.1: Coracoids of A) Platalea regia (left, OR29403) and B) Eudyptes
pachyrhynchus (right OR29154) seen in dorsal views. The zoomed section of both
bones shows inferred humeral articular facet highlighted in red and the scapular
cotyle highlighted in blue. Figure uses 3D meshes and not photographs.
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Importantly for the current chapter, Field et al. (2013) did not include extant

penguins, allowing the possibility that the scaling relationship between body mass

and coracoid HAF may only hold for birds that fly through air and not in water

(i.e. a physio-ecological relationship for birds that only fly in a low-viscosity fluid).

As described in Chapter 1: Introduction, penguins are wing-propelled divers (Simp-

son, 1946) meaning that they use their forelimbs to generate thrust like most birds.

However, given the increased density of water compared to air we anticipate that

the coracoid HAF-body mass relationship for penguins may lie on a different regres-

sion line when compared with the regression line for birds that are volant in air.

Stated another way, a penguin may have a larger or smaller coracoid HAF com-

pared to an aerially-volant bird with the same body mass because of the additional

thrust required to overcome the drag of water. Hence, when developing a model

for estimating body mass from coracoid HAF, we should aim to 1) include a broad

diversity of birds in addition to penguins so that we can estimate the body masses

of the full range of penguins including the extinct "giants", while also 2) allowing

the model to select the best regression parameters for the focal group of birds. The

current chapter aims to expand the dataset of Field et al. (2013) to include penguins

and therefore investigate the relationship between coracoid HAF and body mass for

penguins.

This chapter will also aim to develop a second set of models that focus on the

femur in addition to the coracoid. Measurements from femora have previously been

demonstrated to correlate well with body mass estimates of quadrupedal and bipedal

tetrapods (N. E. Campione & Campione, 2020; N. E. Campione & Evans, 2020;

N. E. Campione et al., 2014). As the autopodial bone in the hindlimb of birds

and other tetrapods, the femur needs to bear the weight of the animal in order to

resist the gravitational forces from the body to the ground (Bessho et al., 2007;

N. E. Campione et al., 2014). Penguins and many other birds may principally swim

but they still rely on hindlimbs to support their upper body mass when they walk.

Similar to the relationship between coracoid HAF and body mass described above,
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the proportions of femora are likely tightly constrained by the body mass of the

bird (Gould & Lewontin, 1979; Seilacher & Gishlick, 2019). A femur that is too

small for the body mass of the bird would not adequately support the weight of

the animal, and a femur that is too large for the body mass of the bird would

impose an unnecessary mass burden. Moreover, femur shape is highly conserved

among clades. Selecting the femur among the elements of the hindlimb is a sensible

starting point in terms of comparability across birds compared with the tibiotarsus

and tarsometatarsus, where the latter two tend to show more diverse morphologies

between avian groups (Baumel & Witmer, 1993).

Previous studies that estimate the body masses of extinct birds tended to use

linear measurements from bones, like circumferences and widths (e.g. Anderson et

al., 1985; N. E. Campione and Evans, 2020; Field et al., 2013). However, with the

ongoing digital revolution of the paleontological field (Sutton et al., 2016; Tocheri,

2009), size and shape-accurate digital replicas of the bones are easily maneuverable

in a virtual environment, often allowing easier access to intricate measurements that

can be more difficult to achieve in the real world (Brassey, 2017). Specifically, mea-

suring the volume of a digital replica is a relatively easy task implemented in several

software packages compared to previous methods for volume estimation (Colbert,

1962). The increase in bone volume and body mass are both cubic compared to

linear measurements (Willmer et al., 2009). Hence, we anticipate that body mass

will correlate more closely with femur volume than with any one linear measurement

of the femur. The statistical models developed in this chapter will therefore focus

on the total volume of the femur as well as the linear measurement from coracoid

HAF (the latter for consistency with the Field et al., 2013 dataset). Note that to-

tal volume includes the bone, marrow and air spaces within the bone despite the

different densities of these materials, and their different proportions between avian

groups.

The body mass estimation methods developed for femora and coracoid HAF will

use Bayesian methods (for background see Chapter 1: Introduction, and for a phy-
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logenetic application see Chapter 2). Recall that the use of Bayesian Markov chain

Monte Carlo (MCMC) approaches in paleontology can be extended to many statis-

tical applications. Specifically for this chapter, the traditional maximum likelihood

approaches for fitting a linear model to a dataset (Chambers, 1992; Wilkinson &

Rogers, 1973) can be reframed in a Bayesian context by including prior information

on any parameter in the fit (e.g. intercept and slope), and thereby allowing a pos-

terior probability of the model to be calculated (Kruschke, 2015; McElreath, 2020).

Given the iterative nature of MCMC the output of any Bayesian fitted model will

be a distribution of values rather than pointwise estimates, allowing the quantifica-

tion of our degrees of uncertainty for any given prediction. The calculation of this

distribution is one of the key reasons for using a Bayesian method in this chapter.

Previous studies that have estimated the body masses of extinct penguins have pre-

sented only a single body mass estimate without an indication of error around the

estimate. This chapter will produce a distribution of body mass estimates for each

extinct species to better convey the uncertainty around the estimate (van de Schoot

et al., 2021).

Another advantage of using Bayesian methodology is the accessibility of a wide

variety of programming languages (Stan, Jags, Bugs, Carpenter et al., 2017; Lunn

et al., 2009; Plummer, 2003) that support many customisation options allowing

the user to control for a range of predictors that may affect the response variable.

One of the important predictors of body mass that will be explored in this chapter

will be phylogenetic covariance given that the dataset of collected body mass and

bone measurements (e.g. femur volume) includes taxa with different degrees of

shared evolutionary history (Felsenstein, 1985). Previous studies have demonstrated

that not accounting for phylogenetic covariance may bias parameter estimates in

comparative studies (Garland & Adolph, 1994; Losos, 1994; Martins, 1996; Stone,

2011). Hence, we should expect that including phylogenetic information may also

lead to less biased predictions (Garland & Ives, 2000). Such hypotheses will be tested

in the current chapter with a set of Bayesian models that will take into account
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different degrees of phylogenetic information of growing complexity. At the basal-

most level there will be a simple model allowing for different intercepts for each major

avian order. A more complex model will account for covariation among observations

in the form of a Brownian motion model of evolution (Felsenstein, 1985), whereas

the most complex implementation of trait evolution will be the equivalent of a

Ornstein-Uhlenbeck gaussian process (Lande, 1976). The grand aim of this chapter

is to develop and search through a series of methods, and ultimately find the best

tool for making realistic body mass estimates for extinct penguins.

3.2 Material and Methods

3.2.1 Dataset

Humeral articular facet of the coracoid

The dataset of coracoid HAF measurements from Field et al. (2013) was supple-

mented with data from an additional 14 extant penguin species. Nine coracoid

HAF measurements from extinct species of penguin were collected for use in body

mass estimations. Specimens were provided by the Field Museum of Natural History,

Chicago, USA; Massey University, Auckland, New Zealand; Museum of New Zealand

Te Papa Tongarewa, Wellington, New Zealand; Otago University Geology Museum,

Dunedin, New Zealand; Waikato Museum Te Whare Taonga o Waikato, Hamilton,

New Zealand. All accession numbers for the dataset generated for this study are pro-

vided in the supplementary file Chapter_3_Specimen_ID_and_Weights.csv

along with measurements, associated data including source institution, and method

of 3D mesh generation. Coracoid HAF was measured following the methods de-

scribed in Field et al. (2013), which involves measuring the maximum width along

the facet. Measurements from extant penguins ranged from 7.2 mm (Eudyptula

minor) up to 22.8 mm (Aptenodytes forsteri). Measurements were collected from

digital replicas of specimens using HP DAVID 3 software (HP Inc., Palo Alto, CA,

USA) and were checked against caliper measurements of physical specimens.
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Femora

Total internal volume of the femur was collected from a dataset of 319 digital repli-

cas of femora, with one femur each from 319 species in 63 families and 27 orders.

Femora ranged in size from 10 mm long for 8.37 mm3 (piwakawaka New Zealand

fantail Rhipidura fuliginosa) to 32 cm long for 926.6 cm3 (ostrich Struthio camelus).

The dataset of extant species only included bones from adult birds with no damage,

and no pathology reported in the museum label. The sex of the individuals was not

recorded for this study because the majority of specimens did not report sex on the

specimen label. An additional dataset of digital replicas was generated for femora

from 12 extinct species for use in body mass predictions. Specimens for both the ex-

tant and extinct datasets were provided again by the institutions cited above and The

Auckland War Memorial Museum Tāmaki Paenga Hira, Auckland, New Zealand,

Canterbury Museum, Christchurch, New Zealand. The dataset also included meshes

from Morphosource.org from the oMega project funded by the Idaho museum of

Natural History. Meshes were generated using two methods, surface scanning and

computed tomography (CT). Surface scanning was performed with a HP 3D cam-

era (DAVID-CAM-3.1-M; HP Inc., Palo Alto, CA, USA) and a HP 3D HD camera

along with a K132 + DLP projector (Acer Incorporated) and meshes finalised in the

HP DAVID 3 software (v. 3.10.4.4657; HP Inc., Palo Alto, CA, USA), or with the

Creaform HandySCAN 3D laser surface scanner (Creaform, Levis, Canada) with

resolution varying from 0.1 to 0.3 mm and meshes finalised in the VXelements

software suite (VXelements and VXmodels v. 8.1, Creaform, Levis, Canada).

Meshes generated from CT data were obtained using a protocol adapted from an

existing method (Buser et al., 2020), in the software package SlicerMorph (Rolfe

et al., 2021, release 29738) developed for Slicer ( Fedorov et al., 2012; v. 4.11.2)

to convert image stacks of scan data into a finalised surface mesh. All meshes were

manually inspected in a digital environment, and non-manifold meshes were cor-

rected. Subsequently models were decimated depending on the number of polygons,

ranging from a decimation of 2% of the original vertex count (smallest meshes were
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4.7 x 105 vertices) up to to 0.1% of the original vertex count (biggest meshes were 3.4

x 106 vertices). Manifolding and decimation steps were both performed in Blender

(Blender Online Community, 2020, v. 2.9.1). Femur volume was calculated in the R

environment (R core Team, 2021; v. 4.0.5) using the function rgl::vcgVolume

(v 0.103.5) (Fig. 3.2).

Body mass

Body mass data used in this study were mostly from the dataset assembled by Dun-

ning (2007). The Dunning (2007) dataset is one of the most extensive reviews of bird

body size that has been completed and contains information for over 8700 species

gathered across more than 1000 publications. The body mass for each species was

provided as a mean across observations from variable numbers of individuals, and

in some cases separate means for males and females. However, given that sex was

not identifiable from the majority of specimens included in this chapter, as well as

not always reported in the original source (Dunning, 2007), the species mean was

used as the main response variable. The Dunning (2007) dataset was here supple-

mented with body masses from Vasilakis et al. (2016) for cinereous vulture Aegypus

monachus, McNab and Ellis (2006) for south island takahē Porphyrio hochstetteri,

and Jenkins and Veitch (1991) for t̄ıeke saddleback Philesturnus rufusater.

Taxonomic order parameter used in Bayesian models

Taxonomic information for each observation was from the International Ornithologi-

cal Congress World Bird Master List version 11.1 (www.worldbirdnames.org). Taxo-

nomic order was used as a predictor variable in several analyses. However, given that

Palaeognathae would have resulted in multiple families with only few if not single en-

tries, it was decided to treat the clade as a single group. The resulting groups were:

"Accipitriformes", "Anseriformes", "Apodiformes", "Charadriiformes", "Columbi-

formes", "Coraciiformes", "Cuculiformes","Eurypygiformes", "Falconiformes", "Gal-

liformes", "Gaviiformes", "Gruiformes", "Otidiformes", "Palaeognathae", "Passeri-
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Figure 3.2: Relationship between log-transformed body mass (g) and A) log-
transformed coracoid humeral articular facet (HAF) (mm) and B ) log-transformed
femoral volume (cm3). Blue circles represent observations from penguins.
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formes", "Pelecaniformes", "Phaethontiformes", "Phenicopteriformes", "Podiciped-

iformes", "Procellariformes", "Psittaciformes", "Sphenisciformes", Strigiformes" and

"Suliformes".

Ecological parameter used in Bayesian models

Ecological descriptors for the species used in this study derived from Pigot et al.

(2020). Here the ecological parameters are referred to as the variable "Trophic

Niche". Ten trophic niches were identified for the birds used in this study: "Aquatic

predator", "Frugivore", "Granivore", "Aquatic herbivore", "Terrestrial herbivore",

"Invertivore (i.e. carnivore that eats invertebrates)", "Nectarivore", "Omnivore",

"Scavenger and "Vertivore (i.e. carnivore that eats vertebrates)".

Phylogeny

A phylogenetic supertree was constructed for use in several of the body mass pre-

diction models (see Femur models VI, VII, VIII and IX below). The supertree was a

maximum clade credibility (MCC) tree calculated from the pseudo-posterior sample

of trees available from Jetz et al. (2012) (hereafter MCC-Jetz supertree). The MCC-

Jetz supertree is the result of an extensive phylogenetic analysis based on sequence

data and relaxed phylogenetic clock models. A subsample of 100 random trees was

downloaded from birdtree.org, the online repository of the Jetz et al. (2012) results,

pruned down to the 319 species in the femur dataset developed for this chapter (us-

ing the pruning option in the "taxonomy’ section of birdtree.org). The root-to-tip

distances of the MCC-Jetz supertrees were then calculated in R with the ade-

phylo::distRoot (Jombart et al., 2010,v.1.1), as well as the root-to-tip distance

of the Sphenisciformes clade. Sphenisciformes was subsequently pruned from the

supertrees and substituted with the fossilised birth-death (FBD) tree calculated in

Chapter 2. Branch lengths of the FBD tree were normalised to the root-to-tip dis-

tance of the Sphenisciformes clade pruned from the MCC-Jetz supertree computed

in the previous step. The phylogenetic position of Aptenodytes ridgeni and 5 addi-
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tional extinct taxa for which body masses will be estimated needed to be grafted

onto the FBD tree prior to joining it to the supertree as these taxa were not present

in the FBD tree analysis performed in Chapter 2. Aptenodytes ridgeni was assigned

to the same phylogenetic and temporal position as in the analysis of Thomas et al.

(2020), as a 0 length branch found at 6.3 million years ago topologically prior to

the Aptenodytes forsteri and Aptenodytes patagonicus split. The other five fossils

were added on a polytomy found at the base of the branching between the Kairuku

clade and more crownward penguins. The original pruned MCC-Jetz supertree is

presented in figure 3.3 along with the modified version obtained from the steps men-

tioned above.

Figure 3.3: Bird phylogenies modified from Jetz et al. (2012). A) The maximum
clade credibility (MCC) tree estimated from the 100 trees sampled from Jetz et al.
(2012). B) The supertree used for analyses in this chapter including fossil tips. Tip
color denotes the log of body mass. Sphenisciformes highlighted in blue.

3.2.2 Bayesian modelling

Humeral articular facet of the coracoid

As stated above, the aim of this chapter is to build statistical models that can

predict the body mass of a bird using information from a bone. Here will follows the
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description of the structures of two Bayesian models developed for predicting body

mass from the humeral articular facet of the coracoid (HAF model I and HAF model

II). Both models used the coracoid HAF and body mass datasets described above.

These datasets were log transformed in R to distribute size variation more evenly

across the range of observations. These models both used Markov chain Monte Carlo

(MCMC) methods and were implemented in Stan (Carpenter et al., 2017) through

the R package brms (Bürkner, 2017). Unless stated otherwise, the MCMC for HAF

models were set to a total length of 9000 draws and samples were set to half of the

chain total length (default options in Stan; Bürkner, 2017; Carpenter et al., 2017).

Both models assumed that each body mass value represented a mean sampled from a

normal distribution (Smith, 1973) (Eq. 3.1). The key difference between HAF model

I and HAF model II was that only HAF model II included information about the

taxonomic order of the birds in the analysis. After the parameters were estimated for

each of model mean, standard deviation, and 89% credible intervals were calculated

in R.

HAF model I (Coracoid HAF only) Designed to be the simplest model with

HAF measurements as the only predictor. Estimates of mean body mass (µi) are

performed using an equation in the form of a traditional linear model, with an

intercept (αIntercept) added to a slope (βHAF) that is multiplied by the area of the

humeral articular facet of the coracoid (HAFi) (N. E. Campione & Evans, 2020;

Chambers, 1992)(Eq. 3.2). Priors for the intercept (αIntercept) and slope (βHAF)

were sampled from normal distributions with a mean of 0 and standard deviations

of 2 and 1, respectively (Eqs. 3.3 and 3.4). Priors for the standard deviation (σ)

associated with the body mass were sampled from an exponential distribution (Eq.

3.5). Sampling from an exponential distribution is common with Bayesian linear

modelling approach because it ensures the positivity of the σ parameter and reduces

the risk of biasing the analysis (Kruschke, 2015; McElreath, 2020).
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Body massi ∼ Normal(µi, σ) (3.1)

µi = αIntercept + βHAFHAFi (3.2)

αIntercept ∼ Normal(0, 2) (3.3)

βHAF ∼ Normal(0, 1) (3.4)

σ ∼ Exponential(1) (3.5)

HAF model II (Order, random) Differs from HAF model I by including in-

formation about order-level groupings (Eq. 3.6), to observe if the inclusion of taxo-

nomic information would substantially improve model results. As with HAF model

I, estimates of mean body mass (µi) are performed using an equation in the form of

a traditional linear model, with an intercept (αOrder) added to a slope (βHAF) that is

multiplied by coracoid HAF (HAFi) (Eq. 3.6). However, HAF model II replaces the

intercept with a numerical value used to represent the taxonomic order of the bird

(αOrder) in the form of a multilevel approach of nested priors (α, σα) (Nalborczyk

et al., 2019)(Eqs. 3.7–3.9). The multilevel approach of nested priors is the Bayesian

equivalent to including a random effect into a generalised linear model, resulting

in a model with varying intercepts (McElreath, 2020). What this translates into is

that each avian order will have its own intercept αOrder, and all of these intercepts

will be extracted from a normal distribution with mean α and standard deviation

σα (Eq. 3.7). The main difference with the distribution of priors in HAF model I

is that instead of having fixed values, α and σα are subjected to two further priors.

α is expected to be drawn from a normal distribution with mean 0 and standard

deviation 2 (Eq. 3.8) and σα from an exponential distribution with mean 1 (Eq.

3.9).

64



Chapter 3 Section 3.2

µi = αOrder + βHAFHAFi (3.6)

αOrder ∼ Normal(α, σα) (3.7)

α ∼ Normal(0, 2) (3.8)

σα ∼ Exponential(1) (3.9)

Femur

As introduced above, femora support the weight of the bird and are therefore po-

tentially informative elements for modelling body mass. Described here are the

structures of nine Bayesian models developed for predicting the body mass of a bird

from the total volume of the femur (Femur models I–IX). Models used the femur

volume and bird body mass datasets described above, where both femur volume

and body mass were log transformed in R. As above for the HAF models, the nine

femur models used MCMC methods and were implemented in Stan (Carpenter et

al., 2017) through the R package brms (Bürkner, 2017). The MCMC for the femur

models were set to a total length of 9000 draws and samples were set to half of the

chain total length as the default option for Stan (Bürkner, 2017; Carpenter et al.,

2017). Unless stated otherwise, all femur models assumed that the body mass of

each species was distributed normally around a mean (Eq. 3.10), where the mean is

linked to the structure of a traditional linear model (Lindley & Smith, 1972; Smith,

1973). The relationship between femur volume and bird body mass appears to be

less constrained than the relationship between HAF area and body mass (compare

Fig. 3.2 A and B), allowing for the possibility that other potential variables could

improve estimation accuracy. Hence, nine femur models were explored instead of

just two models for the relationship between HAF and body mass. After the param-

eters were estimated for each of model mean, standard deviation, and 89% credible

intervals were calculated in R.
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Femur model I (Femur volume only) Designed to be the simplest model with

femoral volume as the only predictor. Echoing HAF model I and equation 3.2,

here estimates of mean body mass (µi) are performed using an equation in the

form of a traditional linear model with an intercept (αIntercept) added to a slope

(βHAF) that is multiplied by femoral volume (Voli) (N. E. Campione & Evans, 2020;

Chambers, 1992) (Eq. 3.11). Priors for the intercept (α) and slope (βVol) were

sampled from normal distributions with a mean of 0 and standard deviations of 2

and 0.5, respectively (Eqs. 3.12 and 3.13). Priors for the standard deviation (σ)

associated with the body mass were sampled from an exponential distribution (Eq.

3.14). All femur models used these default algorithms for generating priors except

where stated otherwise.

Body massi ∼ Normal(µi, σ) (3.10)

µi = αIntercept + βVolVoli (3.11)

αIntercept ∼ Normal(0, 2) (3.12)

βVol ∼ Normal(0, 0.5) (3.13)

σ ∼ Exponential(1) (3.14)

Femur model II (Order, fixed) Femur model II includes information about

order-level groupings (Eq. 3.15) as a fixed intercept to observe if the inclusion of

taxonomic information substantially improves model results. Estimates of mean

body mass (µi) are made using a linear model. Taxonomic order is the intercept for

the model and is represented by a numerical value (fixed intercept; αOrder) drawn

from a normal distribution with a mean of 0 and a standard deviation of 2 (Eq.

3.16). The αOrder intercept is added to a slope (βVol) that is multiplied by femoral

volume (Voli) (Eq. 3.15). Each order has a different intercept value estimated from

the αOrder prior.

66



Chapter 3 Section 3.2

µi = αOrder + βVolVoli (3.15)

αOrder ∼ Normal(0, 2) (3.16)

Femur model III (Order, random) Femur model III is similar to femur model

II but instead uses the multilevel method for calculating the intercept that was

described for HAF model II to account for the variation among taxonomic orders

(Nalborczyk et al., 2019)(Eqs. 3.17–3.19). Bird order was used as a predictor

variable as for femur model II, but instead of a fixed intercept, femur model III

uses varying intercepts, the Bayesian equivalent to random effects (Nalborczyk et

al., 2019)(see description of HAF model II for more detail). Other than a greater

flexibility in terms of modelling (Gelman et al., 2012), the hierarchical structure of

femur model III should help also to avoid divergent transitions (i. e. chains that

fail to sample correctly from the posterior) when sampling is performed during the

MCMC process (Carpenter et al., 2017).

αOrder ∼ Normal(α, σα) (3.17)

α ∼ Normal(0, 2) (3.18)

σα ∼ Exponential(1) (3.19)

Femur model IV (Trophic niche, fixed) Femur model IV took an approach

similar to femur model II but instead of focusing on taxonomic information, this

model used trophic niche to test whether the adaptation to a given niche could

improve the overall model predictive power. Estimates of mean body mass (µi)

are made using a linear model where a numerical value representing trophic niche

(αTrophic Niche) is the intercept drawn from a normal distribution with a mean of 0

and a standard deviation of 2 (Eq. 3.20). The αTrophic Niche intercept is added to a

slope (βVol) that is multiplied by femoral volume (Voli) (Eq. 3.21).
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µi = αTrophic Niche + βVolVoli (3.20)

αTrophic Niche ∼ Normal(0, 2) (3.21)

Femur model V (Trophic niche, random) Femur model V again explored

trophic niche information as a predictor variable. As in femur model III here eco-

logical information was used in a multilevel model to approximate the inclusion as

varying intercepts (Eqs. 3.22–3.24), with each trophic niche having a different value

drawn from nested priors (see femur model III and HAF model II for more detail).

αTrophic Niche ∼ Normal(α, σα) (3.22)

α ∼ Normal(0, 2) (3.23)

σα ∼ Exponential(1) (3.24)

Femur model VI (Brownian motion) Femur model VI tested whether phyloge-

netic information given as a tree topology would provide a more robust explanation

of inter-specific differences in relationships between body mass and femur volume

when compared with using order as a numerical value (i.e. femur model II and III).

Femur model VI took a more complex approach than the fixed discrete character in

femur model II and III and instead describes correlation induced by the phylogeny

as an R matrix (Eq. 3.27). The R matrix is derived from the tree topology above

specified with the function ape::corBrownian (Paradis and Schliep, 2019, v.

5.0) in the R programming language.

The R matrix is a symmetric square matrix of size n× n where n is the number

of total taxa in the dataset with each cell representing the grade of phylogenetic

relatedness among each pair of taxa. This R matrix represents the amount of

correlation under the assumption of a Brownian motion model of evolution (Martins

& Hansen, 1997). Body mass was assumed to be distributed on a multivariate
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normal, an extension in vector form of a traditional normal distribution (Symonds

& Blomberg, 2014) (Eq. 3.25). A covariance matrix Σ is derived from the R matrix

multiplied by a diagonalised σ matrix (Garland & Ives, 2000; Martins & Hansen,

1997) (Eq. 3.26). Mean body mass (µi) was estimated using a linear model as

specified in femur model I (Eq. 3.28). Note that body mass estimates of extinct

taxa were first included as missing data in femur model VI (also in femur models

VII–IX) before running the models using the brms package in R to estimate the body

masses of extinct taxa. Consequently, body mass estimations and model parameters

are estimated jointly during the MCMC.

Body massi ∼ MVNormal(µi,Σ) (3.25)

Σ =



σ 0 0 . . . 0

0 σ 0 . . . 0

0 0 σ . . . 0

...
...

... . . . ...

0 0 0 . . . σ


R



σ 0 0 . . . 0

0 σ 0 . . . 0

0 0 σ . . . 0

...
...

... . . . ...

0 0 0 . . . σ


(3.26)

R =



1 cor1,2 cor1,3 . . . cor1,n

cor2,1 1 cor2,3 . . . cor2,n

cor3,1 cor3,2 1 . . . cor3,n
...

...
... . . . ...

corn,1 corn,2 corn,3 . . . 1


(3.27)

µi = αIntercept + βVolVoli (3.28)

Femur model VII (Trophic niche, Brownian motion) Femur model VII is

an increase in complexity compared with previous models. Here, femur model VII

tests whether both phylogenetic information and trophic niche information together

provide a more robust explanation of inter-specific variation in the relationships

between body mass and femur volume. The covariance structure of femur model
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VII remains identical to femur model VI, but the linear part of the model (Eq.

3.29) includes the trophic niche for each bird as a varying intercept as seen in femur

model V.

µi = αTrophic Niche + βVolVoli (3.29)

αTrophic Niche ∼ Normal(α, σα) (3.30)

α ∼ Normal(0, 2) (3.31)

σα ∼ Exponential(1) (3.32)

Femur model VIII (Ornstein-Uhlenbeck) The aim of femur model VIII was

to observe whether a more complex model of trait evolution could provide an im-

proved explanation for the variation between body mass and femur volume. Body

mass is estimated using a multivariate normal distribution using a K matrix in-

stead of using the fixed covariation R matrix as in femur model VII (McElreath,

2020)(Eq. 3.34 versus 3.27). Each cell of this square n × n symmetric K matrix

will be proportional to the phylogenetic distance occurring among each pair of taxa,

computed from the topology of the phylogenetic tree specified with the R command

ape::cophenetic (Paradis & Schliep, 2019) (Eq. 3.34). The rate of covariation

decay requires the estimation of two additional parameters η and ρ, in that manner

this formalisation reflect an Ornstein-Uhlenbeck model of trait evolution as a Gaus-

sian process (Lande, 1976)(Eqs. 3.36 and 3.37). As for femur model VI, the mean

of the multivariate normal µ is linked to a traditional linear model (Eq. 3.35).
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Body massi ∼ MVNormal(µi,K) (3.33)

K =



η2 η2eρ
2D1,2 η2eρ

2D1,3 . . . η2eρ
2D1,n

η2eρ
2D2,1 η2 η2eρ

2D2,3 . . . η2eρ
2D2,n

η2eρ
2D3,1 η2eρ

2D3,2 η2 . . . η2eρ
2D3,n

...
...

... . . . ...

η2eρ
2Dn,1 η2eρ

2Dn,2 η2eρ
2Dn,3 . . . η2


(3.34)

µi = αIntercept + βVolVoli (3.35)

η ∼ Half Normal(1, 0.25) (3.36)

ρ ∼ Half Normal(3, 0.25) (3.37)

Femur model IX (Trophic niche, Ornstein-Uhlenbeck) Femur model IX is

a more complex version of femur model VIII that includes trophic niche information

alongside trait evolution modelling. As in the previous model here an Ornstein-

Uhlenbeck model of covariation was implemented with the addition of trophic niche

as a predictor variable formalised as varying intercept, see femur models V and VII

for more information. Note that although the set of equations used here (Eq. 3.35

to Equation 3.38) is identical to the set in femur model VII, here the model differs in

how the covariance among observations is treated. In femur model VII covariance is

represented by the Σ matrix (Eq. 3.26) whereas here the covariance is represented

by the K matrix (Eq. 3.34).

µi = αTrophic Niche + βVolVoli (3.38)

αTrophic Niche ∼ Normal(α, σα) (3.39)

α ∼ Normal(0, 2) (3.40)

σα ∼ Exponential(1) (3.41)
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Mass estimation from HAF and femur models

Body mass for Eudyptes atatu, Kairuku grebneffi, Kairuku waewaeroa, Kairuku wait-

aki, Kumimanu biceae, Kupoupou stilwelli, Pachydyptes ponderosus, Platydyptes

marplesi, Sequiwaimanu rosieae was estimated using both the HAF models, and

body mass for Aptenodytes ridgeni, Eudyptes atatu, Kairuku grebneffi, Kairuku wae-

waeroa, Kairuku waitaki, Muriwaimanu tuatahi, Palaeeudyptes sp. (GL429 Burn-

side), Sequiwaimanu rosieae, and four Sphenisciformes indet. (Seymour OU22195,

Seymour REF11, Seymour REF31 and DM1449 the Seal rock "Palaeeudyptes" )

were estimated using each of the femur models. Note that body mass estimates

were made for five species (Eudyptes atatu, Kairuku grebneffi, Kairuku waewaeroa,

Kairuku waitaki and Sequiwaimanu rosieae) using both femur and HAF models.

Body mass predictions were made with the command brms::predict.brmsfit

(Bürkner, 2017).

3.2.3 Model evaluation

PSIS-LOO

Model reliability was determined by calculating both log pointwise predicted densi-

ties values (ELPPD, Vehtari et al., 2017), as well as Pareto smoothed importance-

sampling leave-one-out cross-validation values (PSIS-LOO, Vehtari et al., 2017).

Whereas ELPPD are estimated from the log likelihood for each observation given the

model parameters, the PSIS-LOO is an information criterion that is analogous to the

popular Akaike information criterion (AIC), the Generalized Information criterion

(GIC) and the Watanabe-Akaike information criterion (WAIC)(Merkle et al., 2019).

For traditional leave-one-out cross validation (LOO) the often computationally-

expensive models that are being evaluated need to be re-fitted multiple times in

order to estimate overall accuracy (Zhang & Yang, 2015). In contrast, the main

advantage of PSIS-LOO is that a close estimate of LOO can be produced without

refitting the whole model. With PSIS-LOO the performance of each model is com-
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pared and the model that performs better in predicting the result is assigned a score

of 0. Models that performed less well because they are over- or under-parameterised

are assigned lower values (McElreath, 2020).

Body mass re-estimation

In addition to PSIS-LOO, model performance was determined by estimating body

masses for a test set of 24 femora from extant species for which the mean body mass

is known. These 24 species were excluded from the study and each of the nine femur

models were used to predict body mass using the available information. Given that

the main focus for this chapter is to test accuracy for Sphenisciformes, the test set

included a large penguin (king penguin Aptenodytes patagonicus), a medium-sized

penguin (erect-crested penguin Eudyptes sclateri), and a small penguin (little pen-

guin Eudyptula minor) to cover most of the size range for extant penguins. A set

of 22 taxa were then randomly assigned to the test set, including: parakeet auklet

Aethia psittacula, razorbill Alca torda, roroa great spotted kiwi Apteryx haastii, cat-

tle egret Bubulcus ibis, Chatham Island snipe Coenocorypha pusilla, metallic pigeon

Columba vitiensis, wandering albatross Diomedea exulans, white-face heron Egretta

novaehollandiae, nankeen kestrel Falco cenchroides, kelp gull Larus dominicanus,

wonga pigeon Leucosarcia melanoleuca, Melanesian megapode Megapodius eremita,

house sparrow Passer domesticus, Otago shag Phalacrocorax chalconotus, Bounty

shag Phalacrocorax ranfurlyi, takahē Porphyrio hochstetteri, Cassin’s auklet Pty-

choramphus aleuticus, piwakawaka New Zealand fantail Rhipidura fuliginosa, com-

mon tern Sterna hirundo, buff-breasted sandpiper Tryngites subruficollis, painted

buttonquail Turnix varius.
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3.3 Results

3.3.1 HAF modelling

Overall results remain virtually unchanged from Field et al. (2013) with a β for

HAF model I estimated at 2.45 ± 0.01 and an αIntercept of 1.99 ± 0.01 (2.44 and 2.0

respectively in Field et al., 2013). Hence, the addition of coracoid HAF measure-

ments from penguins to the Field et al. (2013) dataset had negligible impact on the

model fit (Fig. 3.4B) and both the Bayesian and maximum likelihood methods con-

verge to the same results. β parameters remain almost identical across both HAF

model I and HAF model II (Table B.1, Fig. 3.4B) with major differences referring

mainly to the estimated intercepts of Sphenisciformes. Whereas the αIntercept for

HAF model I is 1.99 ± 0.01 and the α of HAF model II is 2.04 ± 0.04, implying

that the grand mean of the intercept is almost unchanged among the two mod-

els, the αSphenisciformes= 2.44 ± 0.01 is significantly greater, with negligible overlap

among the distribution of these parameters (Tables B.1 and 3.4). Consequently, the

intercept for penguins (HAF model II) lies clearly on a different value as predicted

from the different medium in which they fly (i.e. the different structure constraint

applied to coracoid HAF). HAF model II provides a better explanation for the vari-

ation between coracoid HAF and body mass compared with HAF model I (Table

3.1), given the substantial separation among ELPDs with no overlap among distri-

butions. Recall that HAF model II includes both HAF measures and bird order as

predictor variables, meaning that taxonomic information substantially increases the

goodness of fit of the model.

Table 3.1: Estimated log pointwise densities (ELPD) differences from the leave
one one (LOO) estimates between the better model and the target model (ELPD
differences) along with standard error (ELPD Standard error for models based on
HAF). Higher values in ELPD differences should reflect overall better performing
models in relation to their number of parameters (Vehtari et al., 2017).

ELPD differences ELPD Standard error
HAF model II 0 0
HAF model I -151.6 19.8
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Figure 3.4: A) Relationship between the length of the log-transformed coracoid
humeral articular facet (HAF; mm) and log-transformed body mass (grams). Blue
circled points represent measurements from penguins whereas red dots represent all
other bird groups. Red line is the fit estimated from HAF model I whereas the blue
line represents the Sphenisciformes fit for HAF model II. B) Parameter estimates
for HAF models I and II. Horizontal lines represent 89% credible interval red dots
represent parameters from HAF model I empty blue dots represent parameters from
HAF model II.

3.3.2 Femur modelling

β parameters from femur models I–V are around 0.8 with a substantial drop to

roughly 0.3 for femur models VI and VII (Brownian motion) and a subsequent

increase to 0.7 for femur models VIII and IX (Ornstein Uhlenbeck) (Fig. 3.5, Table

B.1). A similar pattern emerges also for intercepts α with all models exhibiting

values around 6.0-6.9 except for femur models VI and VII that have lower α values
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between 3.1-5.4. σ parameters are found between 0.3 and 0.4 for all models except

again for Brownian motion models VI and VI that have values around 2.4-2.6. Femur

models VI and VII (i.e. traits modelled across a phylogeny according to Brownian

motion) show greater uncertainty in parameter estimates, with increased credibility

intervals, and with a substantial drop of β and α and an increase of σ (light blue

dots in Fig. 3.5, Table B.1). Femur models VIII and IX (i.e. traits modelled across

a phylogeny with Ornstein-Uhlenbeck) show a substantial reduction in uncertainty

ranges compared to Brownian Motion models but still the distribution of estimated

parameters is greater than what is observed in all other models (Blue dots in Fig.

3.5, Table B.1).

Table 3.2: Estimated log pointwise densities (ELPD) differences from the leave
one one (LOO) estimates between the better model and the target model (ELPD
differences) along with the standard error (ELPD Standard error for models based
on Femur Volume). Higher values in ELPD differences should reflect overall better
performing models in relation to their number of parameters (Vehtari et al., 2017).

ELPD differences ELPD standard error
Femur model III
(Order, random) 0 0

Femur model II
(Order, fixed) -0.5 2.1

Femur model V
(Ecology, random) -51.9 12.6

Femur model IV
(Ecology, fixed) -54.3 12.6

Femur model I
(Femur volume only) -100.8 14.9

Femur model IX
(Ornstein-Uhlenbeck + Ecology) -226.3 19.9

Femur model VII
(Ornstein Uhlenbeck) -230.6 19.9

Femur model VII
(Brownian motion + Ecology) -341.7 21.9

Femur model VI
(Brownian motion) -341.9 21.9

Femur model III includes both volume and taxonomic order as random intercepts

and provides the best explanation for the variation between femur volume and body

mass when compared with each other femur model in this study (estimated PSIS-
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Figure 3.5: Parameter estimates for femur models. Each parameter is presented in
its own box, each point represents the estimated average of the parameter value and
lines describe the 89% credible interval of parameter distribution. Color and shapes
coding are illustrated in the legend on the right.
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LOO; Table 3.2). However, given that femur models II and III exhibit similar ELPD

values distributions, we cannot assume that femur model III is substantially better

than femur model II. Rather, we can instead be confident that femur model III

outperforms all other models, given the substantial gap between ELPD differences

and standard errors. (Table 3.2). Femur model VI and VII (i.e. traits modelled

across a phylogeny according to Brownian motion) and femur model VIII and IX (i.e.

Ornstein-Uhlenbeck) were not as successful at explaining the relationship between

body mass and femur volume.

3.3.3 Test set model validation

Body mass estimates for the 24 extant species used to test each model recall the

pattern identified by PSIS-LOO estimates with femur models II and III producing

the most accurate estimates (Fig. 3.6-3.8, Table B.2). With respect to figures 3.6-

3.8, known body mass for each taxon is depicted as a vertical line and each dot

represents the mean from the posterior, colored according to the type of model.

Body mass estimates from femur models VI and VII (i.e. Brownian motion models;

Fig. 3.6-3.8 light blue lines, Table B.2) show the greatest uncertainty in body

mass estimates. The uncertainty seems to be reduced in the Ornstein-Uhlenbeck

framework (Fig. 3.6-3.8, dark blue lines Table B.2) but not substantially. Focusing

on penguins, the best fitting femur models II and III slightly under-estimated body

masses for Aptenodytes patagonicus (10.26 kg estimated versus 11.72 kg) and slightly

over-estimated body masses for Eudyptula minor (1.26 kg estimated versus 1.16

kg observed) and Eudyptes sclateri (5.0 kg estimated versus 3.45 kg observed).

Estimates for other birds exhibited overall a similar pattern with femur models II

and III being the ones with the closest estimates to the observed values. It is also

worth noting that uncertainty on estimates for model II and III tend to increase

when there are limited observations for any given avian order, as can be seen for the

Falco cenchroides (Falconiformes). Excluding Falco cenchroides during the model

evaluation step mean that the model included only one species within Falconiformes
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(Falco novaeseelandiae), and hence the greater uncertainty with αFalconiformes.

Figure 3.6: Body mass estimates for the largest taxa (greater than 2 kg) for the
femur validation test set. Each point represents the mean of the estimated weight
and lines describe the 89% credible interval of parameter distribution. All nine
model estimates are represented and grouped for the species. Colour and shape
codings follow the legend in figure 3.5. Briefly, red dots represent femur model I, IV
and V (i.e. no taxonomic information), yellow represents femur model II and III (i.e.
taxonomic order defined as a discrete variable), light blue represents femur model
VI and VII (i.e. traits modelled using Brownian motion), and dark blue represents
femur model VII and IX (i.e. traits modelled using Ornstein-Uhlenbeck). Vertical
gray lines represent the observed weight for each taxon and dotted line connects the
median to the observed weights.

3.3.4 Fossil estimates

Comparing body mass estimates for fossil penguins from HAF models I and II

shows unsurprisingly that including taxonomic information (i.e. HAF model II)

consistently increases body mass estimates for fossil penguins (Table 3.3 and Fig.

3.10). Such a pattern is a direct consequence of the differences between αIntercept
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Figure 3.7: Body mass estimates for medium-sized taxa (ranging from 300 g up to
2 kg) for the femur validation test set. See figure 3.6 caption for interpretation.

Figure 3.8: Body mass estimates for small-sized taxa (lower than 300 g) for the
femur validation test set. See figure 3.6 caption for interpretation.
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(HAF I) and αSphenisciformes (HAF II) explained above. The lowest body mass es-

timates from HAF model II are attributable to Eudyptes atatu ∼ 3.2 kg whereas

Kumimanu biceae seems to be the largest among all sampled fossils ∼ 79.9 kg. One

critical aspect to note is the relatively reduced size attributed to Kairuku penguins,

with Kairuku grebneffi and Kairuku waitaki expected to have a mean body mass

of 34.1 and 32.2 kg respectively, which is close to an emperor penguin even though

Kairuku are morphologically clearly greater in size (humeral length of Kairuku greb-

neffi 177.6 mm compared with 121.9 mm for Aptenodytes forsteri ; Giovanardi et al.,

2021; Ksepka et al., 2012; Thomas and Ksepka, 2016).

Table 3.3: Weight estimates for the HAF models for a set of extinct fossil penguins.
Measurements are expressed in kilograms (kg), mean represents the average from
the posterior weights estimates, whereas upper and lower denote the 89% credible
interval.

Species HAF model Mean Lower Upper
I 2.3 2.2 2.3Eudyptes atatu II 3.2 2.9 3.4
I 24.6 23.8 25.3Kairuku grebneffi II 34.1 31.6 36.7
I 33.5 32.5 34.6Kairuku waewaeroa II 46.4 43.1 50.0
I 23.2 22.5 23.9Kairuku waitaki II 32.2 29.9 34.6
I 57.8 55.8 59.9Kumimanu biceae II 79.9 73.9 86.1
I 4.0 4.0 4.1Kupoupou stilwelli II 5.7 5.3 6.1
I 44.4 42.9 45.9Pachydyptes ponderosus II 61.4 56.9 66.1
I 3.3 3.3 3.4Platydyptes marplesi II 4.7 4.3 5.0
I 14.5 14.1 14.9Sequiwaimanu rosieae II 20.2 18.8 21.7

Body mass estimates for the nine femur models for fossil taxa (Fig. 3.9, Table

B.3) show a similar pattern of distribution to what is observed in the validation

section in term of uncertainty for phylogenetic models (Fig. 3.6-3.8, Table B.2).

The uncertainty of the Brownian Motion methods is even more pronounced here

with only relatively recent taxa (Eudyptes atatu and Aptenodytes ridgeni) showing
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credible intervals in a reasonable range (Fig. 3.9, light blue dots). Moreover these

models exhibit a drop in body mass estimates for older taxa. Estimates of body

mass for fossil taxa from femur models compared with estimates from HAF models

tend to give consistent results (Fig. 3.10) except for Sequiwaimanu rosieae.

Figure 3.9: Body mass estimates of the 12 fossil specimens. Each semi-transparent
small point represents a weight drawn from the posterior of each model. Bigger
points represent the median of each distribution. Colour and shape codings follow
the legend in figure 3.5. Briefly, red dots represent models with no taxonomic
information, yellow with taxonomic order defined as discrete variables, light blue
show Brownian motion models, and dark blue show Ornstein-Uhlenbeck models.
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Figure 3.10: Raincloud plot of body mass estimates compared between humeral
articular facet (HAF) and femur. Body mass distribution estimated from best per-
forming models (i.e. blue: HAF model II; red: femur model III). Smaller coloured
lines show a sample of 100 draws from each model.

3.4 Discussion

The use of Bayesian methods to estimate the body mass of birds showed that both

the length of the coracoid humeral articular facet (HAF) and femur volume can be

a valid proxy for mass estimation. However, depending on the type of information

added to the model as a predictor variable, the results and performance of the model

do vary (where performance is measured as the ability for the model to explain the

variance in the dataset). Models that used taxonomic order as a categorical value

tended to perform the best (e.g. femur model II and III), and these models were

used to generate body mass estimates for extinct penguins.

HAF measurements from penguins were added to the Field et al. (2013) dataset

which had only previously included data from any aerially-volant birds. The ad-
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dition of data from penguins did not substantially change the general relationship

between HAF and body mass (HAF model I; Fig. 3.4). Penguins by themselves

have a higher intercept for the relationship between HAF and body mass (i.e. high

initial body mass) when compared with the combined dataset of all other birds.

Importantly though, the gradient for the HAF and body mass relationship in pen-

guins is approximately similar to the gradient for birds in general, implying that

HAF measurements do represent a structural constraint for penguins. As suggested

by Simpson (1953), one may interpret the phenomenon as an example of different

"adaptive ridges", where birds in different environments (i.e. aerial vs. marine)

both increase HAF size with increasing body mass but from a different baseline to

the relationship.

Model parameters show that femur volume and body mass grow in a similar

scale as predicted (Fig. 3.5)(β close to 1.0) whereas instead body mass grows at

as a cubic function of HAF measurements (β close to 2.0). Such a scaling pattern

emerges also from previous studies, with circumferences of femur, and humerus for

quadrupeds (N. E. Campione & Evans, 2020; Field et al., 2013). There is substantial

uncertainty for the inferred parameters (and consequently body mass estimates) of

Brownian Motion models (femur model VI and VII). The results from the Brownian

Motion models may imply that residuals for these models are more dispersed and

do not reflect the pattern inferred by the phylogeny. Brownian motion models are

mostly informed by the phylogenetic covariance, as seen by the decrease with the

parameter β estimates, meaning that at greater phylogenetic distance the model is

not able to correctly estimate the body mass. Such an interpretation may explain

the drop in body mass estimates observed in older fossil penguins with femur model

VI and VII (Fig. 3.9). This pattern of increased uncertainty is partially restrained

with the femur models that take advantage of the Ornstein-Uhlenbeck framework

to model trait evolution (Fig. 3.9, dark blue dots), meaning that complex models

of evolution may represent a more accurate device to deal with trait modelling.

One of the main aspects that seems to emerge is that including phylogenetic
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information in the form of a tree topology in the models may not always signifi-

cantly improve the results (N. E. Campione & Evans, 2020; Revell, 2010). However,

including evolutionary information in the form of a categorical descriptor of taxo-

nomic order appears to improve model accuracy with little overfitting risk as seen

in femur models II and III, and even for datasets that show relatively reduced point

dispersion like the HAF-body mass dataset (Fig. 3.2A and Fig. 3.4A). Phyloge-

netic information in the form of a phylogeny does not provide the same type of

improvement (see above) and instead substantially increases parameter uncertainty,

and therefore increases uncertainty around body mass estimation. Models that in-

clude taxonomic order as a discrete category (femur models II and III) are optimal

for modelling the body mass of penguins but may be overly "rigid" for orders of

birds that encompass high variability in HAF length and body mass. Here we see

the advantage of evaluating multiple models with different predictor variables and

selecting the most study-appropriate model from among them with PSIS-LOO esti-

mates. These estimates help to select the best overall model, but particular clades

may show more accurate predictions with models that do not necessarily perform

better. As an example, femur models II and III consistently under-estimate the body

mass of several species within Alcidae: razorbill Alca torda, parakeet auklet Aethia

psittacula and Cassin’s auklet Ptychoramphus aleuticus (Fig. 3.6-3.8). This model

behaviour can be explained by the large variation of HAF length and body mass

within Charadriiformes, which is the discrete taxonomic information that informs

the intercept of femur model III. Numerous small taxa (especially from Charadrii

and Scolopacii) "pull" the mass estimates for large charadriiforms like the alcids

towards lower values because they all share the same intercept informed by taxo-

nomic order. However, models which include phylogenetic information through an

Ornstein-Uhlenbeck approach (e.g. femur models VIII and IX) provide more accu-

rate estimates of alcid body mass despite having lower overall performance. It is

thus extremely important to account for the intra-group variability if the predictions

are meant for a specific clade. One option for the researcher interested in the mass
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estimation of an heterogeneous group could be to use lower taxonomic levels (e.g.

family instead of order). The main advantage of the Bayesian modelling approach

is that it potentially allows for nesting subgroups into bigger groups (i.e. taxonomic

families inside orders), thus generating a relatively simple hierarchical structure that

does not require a complex phylogenetic framework. Given that penguins are the

focal group for the current study (i.e. one family Spheniscidae within one order

Sphenisciformes), the generation of this type of model goes beyond the scope of the

chapter but may represent a valid tool for future research.

Estimated body masses of fossil penguins from HAF model II and femur model

III (i.e. the models with the best PSIS-LOO values within their respective groups)

tend to give similar results (Fig. 3.10), even with taxa that are larger than any living

species (e.g Kairuku compared with emperor penguin; Ksepka et al., 2012). For the

body mass estimates of fossil penguins made in this study only Sequiwaimanu rosieae

showed a substantially different prediction between HAF model II and femur model

III (Fig. 3.10, Tables 3.3 and B.3). Sequiwaimanu rosieae is around 61 million years

old and is one of the earliest known penguins (Mayr, De Pietri, Love, Mannering, &

Scofield, 2017). HAF model II predicts a body mass for this taxon as 20.2 kg whereas

femur model III predicts a body mass of 12.6 kg. The two different body mass values

estimated for Sequiwaimanu rosieae are based on two different locomotory modules

(i.e. forelimb and hindlimb) and may be indicating different rates of evolution in

different regions of the body (modular evolution; Lü et al., 2010). The earliest

stem-lineage penguins from the Paleocene and Eocene epochs were morphologically

distinctive from Oligocene to recent penguins (Mayr et al., 2020; Slack et al., 2006).

Recalling the adaptive valley metaphor cited above (Simpson, 1953), Sequiwaimanu

and closely related taxa may not be identified properly by the models due to their

position between the "adaptive peaks", a section of the adaptive landscape that is

not explored by extant taxa.

Body mass estimates for fossil penguins using HAF models I and II yield mixed

results. Livezey (1989) estimated a body mass of 54 kg for Pachydyptes ponderosus,
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close to the 60 kg average estimated in the current study, but differences between

estimates from this study and previous ones tend to increase with increasing bone

size. For example, Kumimanu biceae was estimated to be around 101 kg by Mayr,

Scofield, et al. (2017) using a femur length simple linear model, whereas here the

body mass is estimated around 80 kg using coracoid HAF.

Here the current study uses a dataset that encompasses several bird orders,

whereas previously published studies tended to focus only on penguins. Not ac-

counting for variation outside of Sphenisciformes is equivalent to assuming that

penguins are inherently different from other birds, and thus escape from all avian

scaling rules. The hierarchical multilevel model approach established here with

Bayesian methods allows us to discriminate between different bird orders but still

accounts for the greater extra-group variability of all birds thanks to the varying

intercepts. As a consequence, each bird order can exhibit a given ratio of femur

volume or coracoid HAF length to body mass without the need of subsetting the

dataset.

3.5 Conclusion

Though size prediction of extinct taxa will probably never have the privilege of any

sort of confirmation from direct measurements (N. E. Campione & Evans, 2020), this

chapter aimed to at least offer an informed estimate based on the mix of structural

constraints and phylogenetic bracketing. Being able to provide body mass measure-

ments by developing models for different bones provides an opportunity to compare

a key life history trait for fossil taxa that are missing different elements. Given the

convergence of body mass predictions from both coracoid HAF length and femoral

volume it is shown here to be possible to rely on separate body parts to generate

similar body mass predictions. As these models improve and evolve, hopefully the

body mass distributions estimated here may contribute to the priors of future body

size-related analyses that deepen our knowledge of extinct life. The results emerging

here enrich our current understanding of extinct penguins by showing that femur
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size conforms to the structural apex of Seilacher’s aptive triangle. Even though the

body mass predictions made in this study are more conservative that previous esti-

mates (e.g. Livezey, 1989; Mayr, Scofield, et al., 2017), they nevertheless underline

the greater variability in body form that penguins had in deep time.
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Functional apex

4.1 Introduction

4.1.1 Adaptation and evolutionary rates

The adaptation vertex of the aptive triangle metaphor represents the last aspect that

this thesis aims to investigate (Seilacher, 1970). Adaptation is a core concept in evo-

lutionary biology, and although providing a precise and incontrovertible definition of

adaptation may go beyond the scope of this thesis, adaptation can be broadly inter-

preted as an inherited feature of an organism that contributes to actively increasing

the reproductive fitness of that organism (Darwin, 1872). Specific adaptations tend

to be favoured or selected in response to precise environmental pressures (Futuyma

& Kirkpatrick, 2017). Hence, describing adaptations can be extremely helpful in pa-

leontology because they can indirectly provide information about the nature of the

pressures that shaped the evolutionary trajectory of a particular group of organisms

(Simpson, 1944).

Lineages of organisms generation after generation can be shaped by selection

(although see Gould and Lewontin, 1979), and thus undergo an amount of change per

given time unit, resulting in a "rate of evolution" (Felice et al., 2020; Puttick et al.,

2014; Simpson, 1944, 1953; Wang & Lloyd, 2016). The concept of evolutionary rate

was originally introduced by George Gaylord Simpson in an attempt to describe how
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quickly any given trait of an organism may change over the generations (Simpson,

1944). The concept is now commonplace, with numerous studies revealing the rates

at which a lineage may evolve in terms of their molecular sequences (Ho & Duchêne,

2014; Ho et al., 2011) or morphological traits (Lloyd et al., 2012; Pender et al.,

2021). One of the areas in which rates have proven their solidity is within the

field of systematic biology, with the now well-established concept of the molecular

clock (Bromham & Penny, 2003; Thorne et al., 1998; Zuckerkandl & Pauling, 1965).

A molecular clock can be used to estimate divergence times between a set of taxa

(Beavan et al., 2021; dos Reis et al., 2012; Weir & Schluter, 2008). By assuming that

mutation rates are consistent through time it can be expected that differences among

molecular sequences are indicative of branching events on a phylogeny (Bromham

& Penny, 2003). Using fossil calibrations to constrain the dates of branching events

(Parham et al., 2011), it is possible to infer a dated phylogenetic tree for a clade

of interest. Since its formalisation the molecular clock model has undergone great

improvement, allowing the assumption of a constant rate of mutation to be relaxed

(Drummond et al., 2006) and extending the clock model to phenotypic datasets

(Álvarez-Carretero et al., 2019; Lee et al., 2014). This last aspect is crucial when

the researcher aims to include into an analysis fossils that do not have molecular

data.

Establishing evolutionary rates for morphological data is a first step in seek-

ing evidence for adaptation, but presents interesting challenges depending on the

type of morphological data that are being used. Although divergence dates can be

calculated using discrete characters (Lee et al., 2014), the major drawback is that

character definition is often subjective, with the consequence that if the same set of

taxa is used to independently build two separate character matrices there is the risk

of discrepancies in divergence estimates (Brazeau, 2011). In this sense geometric

morphometric datasets provide a more rigorous and quantitative approach, albeit

possessing some challenges that need to be addressed. A geometric morphometric

dataset is usually an array composed of n observations distributed over p traits

91



Chapter 4 Section 4.1

(Adams & Collyer, 2019; Felsenstein, 1988). The data within this matrix is influ-

enced by both the non-independence of observations due to shared ancestry (i.e. the

phylogeny; see Chapter 2) and the non-independence among traits (i.e. within- and

between-element character covariance) (Álvarez-Carretero et al., 2019; Felsenstein,

1988). In this sense the lack of complete independence among characters may be

interpreted in the constructional morphology framework as a quantification of the

structural constraints acting over a given set of traits. In fact it has been demon-

strated that trait covariance matrices help to estabilish trait evolvability (Cheverud,

1982; Love et al., 2021). Geometric morphometric data could be used to infer evo-

lutionary relationships, but the inherent covariance among characters could lead

to incorrect inference of models of trait evolution if the data were used without

any further pre-treatment (Adams & Collyer, 2019; Felsenstein, 1988; Lande, 1979;

Uyeda et al., 2015). Hence, the correlation structure would need to be estimated

simultaneously with the phylogeny while performing any sort of comparative or phy-

logenetic analysis (Felsenstein, 1988). However, such a task cannot be easily solved

by modern computing machines (Felsenstein, 2002).

4.1.2 R rotation method

Even if practical solutions to the problem of having high correlation within geometric

morphometrics datasets has yet to be found, a recent development by Álvarez-

Carretero et al. (2019) has offered an alternative method for at least partly adjusting

for character correlation. Álvarez-Carretero et al. (2019) proposed a method for

computing the matrix of character correlation R on a population of organisms from

the same species, producing an estimate of character correlation that is unbiased by

phylogenetic confounds1. Once R is obtained, it can be multiplied to the dataset

to “rotate” it in a similar fashion as a principal component analysis (PCA) does.

Adopting this technique allows the character data from the dataset to be reoriented

orthogonally to the major axes of variation and offers a way to mitigate the effects
1Note that in this context the matrix R assumes a different meaning than the phylogenetic

correlation matrix used in the Brownian motion models in previous chapter.
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in character covariance (Álvarez-Carretero et al., 2019). There are caveats with this

R rotation method, including assuming that correlation among traits is constant

throughout a phylogeny, but it does at least offer a way to control for character

covariance. For example, a study might simply apply PCA to a character matrix and

attempt to use principal component one scores to represent morphological traits in

an evolutionary rate analysis (e.g. Felice et al., 2021). However, an advantage over a

traditional PCA approach is that the R rotation method is estimated independently

from the comparative dataset studied (Uyeda et al., 2015).

The R rotation method from Álvarez-Carretero et al. (2019) enables a molecular

clock-style analysis to be extended to multivariate morphological datasets like those

from geometric morphometric analyses. In this sense we can develop a ‘morpholog-

ical clock’, enabling us to determine whether any given shape evolved continuously

along a phylogeny, or to discover if a rate of morphological evolution experienced any

drastic changes within a phylogeny. Moreover, if this ‘morphological clock’ approach

is applied to different traits then it may help to determine whether these traits ex-

hibited similar rates of morphological evolution or if they differed. Returning to

the constructional morphology framework, if a trait has experienced a faster rate of

evolution than another then we may have evidence that the trait was subject to an

evolutionary driver, and thus that it represents an adaptation. In addition, com-

pared to other methods of morphological trait evolution, the morphological clock

allows the use of the entire geometric morphometric dataset with relatively little

use of computational power, hence not forcing the researcher to discard variation in

the dataset that is often covered by the lower eigenvectors of a PCA (Felice et al.,

2021).

4.1.3 Wing propelled divers

Penguins can be considered a valid candidate to use these methods for several rea-

sons. As described by Simpson (1946), penguins have aerially-volant ancestors that

experienced a strong selective pressure toward aquatic habits, causatively-shaping
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their bone morphology. This morphology of wing propelled divers (WPDs) is a com-

plex set of traits that are correlated across the skeleton although likely arising un-

der different rates of morphological change (and hence subject to different selection

pressures for adaptation). Whole-bone three dimensional geometric morphometrics

(3DGM) is advantageous for this study system given that 3DGM enables analyses of

complex shapes without the need to subdivide shape into discrete character subsets.

Figure 4.1: Humeri from wing propelled divers and close relatives. A) INMH 3554,
kittiwake Rissa sp.; B) KU 66938 thick-billed murre Uria lomvia; C) OR 029759b,
northern fulmar Fulmarus glacialis ; D) ORN 120642, common diving petrel Pele-
canoides urinatrix ; E) NMNZ S.47304 Sphenisciformes sp.; F) CM 2013-1-257, king
penguin Aptenodytes patagonicus. The shape on the right of each humerus repre-
sents the midshaft cross section. Inferred wing propelled divers are B, D, E and F,
all bones are to scale

The set of characteristics that WPDs exhibit is extensive (see Mayr et al., 2021;

J. Watanabe et al., 2020), but if we reframe the main focus on the humeurs (Fig.

4.1), then WPDs tend to converge toward similar structures in a clear example of

convergent evolution (Losos, 2011). By comparing the humerus from a thick-billed

murre (Charadriiformes, Uria lomvia, Fig. 4.1B) and from a kittiwake (Charadri-

iformes, Rissa sp.; Fig. 4.1A), then one of the most striking differences is the flatness

of the humeral shaft in the former. In Rissa the humeral shaft is circular and in

Uria the shape is more ellipsoidal, recalling the condition found in ancestral and
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recent penguins (Fig. 4.1E-F). The humerus of a diving petrel (Procellariiformes,

Pelecanoides urinatrix Fig. 4.1D) shows a midshaft profile that is similar to that of

a northern fulmar (Procellariiformes, Fulmarus glacialis Fig. 4.1C) but the humeral

head exhibits a raised and elongated scar for the musculus supracoracoideus that re-

calls the condition found in auks (Alcidae; Fig. 4.1B) and penguins (Fig. 4.1E-F)(J.

Watanabe et al., 2020). The enlargement of the attachment of the m. supracora-

coideus can be viewed as another of the WPDs key features given that this muscle

needs to generate more force in the relocation of the wing after the downstroke

in WPDs as they generate thrust during both wing strokes (Johansson & Aldrin,

2002; Ksepka & Ando, 2011; J. Watanabe et al., 2020). Although there is no sharp

distinction between WPDs and other groups of seabirds, but rather a gradient-like

distinction, it is still possible to recognise penguins as a group that have accumulated

WPD traits through time.

Penguins of course also have a more extensive temporal sampling of species than

any other WPD group (described in Chapter 1: Introduction). Although other

avian orders may offer a broader selection of living taxa, very few can compete with

Sphenisciformes in terms of fossil sampling (Jadwiszczak, 2009; Ksepka & Ando,

2011; Mayr, 2016). Applying a morphological clock to WPD traits may reveal

whether rates of evolution in the locomotory modules of penguins have changed

across time. The body plans and individual bone shapes of the earliest penguins were

substantially different compared with more recent species (Mayr, De Pietri, Love,

Mannering, & Scofield, 2017; Mayr et al., 2021; Mayr, Scofield, et al., 2017; Slack

et al., 2006), to the extent where some authors have questioned their phylogenetic

identity as Sphenisciformes (Mayr, 2005; Mayr et al., 2021). The estimation of

evolutionary rates may determine whether there has been an increase in rates of

morphological change over time as we move from the earliest species in the clade

towards younger taxa, and if forelimb bones were subjected to stronger evolutionary

pressure compared with hindlimb bones in these wing propelled divers.
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4.1.4 Morphospace for humeri and tarsometatarsi through

time

The morphological clock method of calculating rates of species divergence from the

shapes of humeri and tarsometatarsi will be used in conjunction with a novel ap-

proach to estimate the morphospace for these bones through time. As described

in Chapter I: Introduction, morphospace is a hyperdimensional space where each

observed phenotype occupies a precise location with specific coordinates. Mor-

phospaces have a long history of application in paleontology and comparative studies

(Croft et al., 2018; Raup, 1967; Valkenburgh, 1985; Walton & Korn, 2018). Cou-

pling a morphospace with fossil ages can be useful to describe the evolutionary

trends in shape that a clade has experienced (Larson et al., 2016; Sibert et al., 2018;

Simpson, 1944). However, describing evolutionary adaptation by studying shift in

morphospace requires a large dataset that spans a sufficiently long time window,

to ensure that the pattern of morphospace occupation is not a product of biased

undersampling. The apparent absence of taxa from a particular region of a mor-

phospace may be due to a poorly preserved paleontological record rather than the

morphological diversity of a clade. Although Sphenisciformes has a rich fossil record

compared to other avian clades, many fossil penguins are only described from in-

complete skeletons, which means there are still limits to the number of specimens

with comparable skeletal elements that can be included in a shape study.

In an attempt to overcome the issue using a “Bayesian”-inspired philosophy, un-

certainty limits for the shape of humeri or tarsometatarsi inferred for hypothetical

ancestors will be gained from the range of tree topologies generated in Chapter 2.

Here I will estimate the “unseen” shapes of humeri and tarsometatarsi for hypo-

thetical penguin ancestors using ancestral state reconstruction. To marginalise over

phylogenetic uncertainty a set of comparative models will be fitted to a subsample

of the posterior trees from the fossilised birth death models calculated in Chapter 2

rather being fitted to just a single consensus tree (Guillerme & Healy, 2014). Shape

information for the internal nodes of each tree will be inferred and the morphospace
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occupation will be based on the cloud of possible shapes available through time.

Morphological clock and morphospace methods will be used to analyse the evo-

lution of humeri and tarsometatarsi of penguins. Humeri and tarsometatarsi are the

most-frequently described skeletal elements from fossil penguins as a consequence

of being among the most common bones to be recovered (Chávez Hoffmeister et

al., 2014), and therefore provide the largest dataset available among fossil penguin

bone. Furthermore, by selecting elements from two separate locomotory modules

we aim to reduce the risk of redundant covariation among the elements. Although

note that living organisms are complex systems that can be thought of as a series of

interconnected networks (Goswami & Polly, 2010; Klingenberg & Marugán-Lobón,

2013), and thus complete independence between characters cannot occur (see above).

However, modularity assumes that some traits tend to be more strongly intercon-

nected than others generating a series of semi-autonomous units within an organism

that may evolve at different rates (Bardua et al., 2020; Bardua, Wilkinson, et al.,

2019; Felice et al., 2020; A. Watanabe et al., 2019). The ideal approach when us-

ing datasets that come from different shapes would be to merge them into a single

dataset controlling for redundant covariance and hence being able to treat the en-

tire set of traits as a whole (Collyer et al., 2020). However, achieving such a goal

is not a trivial problem and there is still a debate whether these approaches may

represent a valid morphometric approach (Collyer et al., 2020; Rhoda et al., 2021).

Moreover, the use of a method that combines the shapes of both the humerus and

tarsometatarsus would need to be extremely robust to missing information (Arbour

& Brown, 2014). This is because comparatively few fossil specimens preserve both

humerus and tarsometatarsus, whereas many more preserve just one of these ele-

ments. Shape datasets for the humerus and tarsometatarsus will therefore include

different fossil species, meaning that evolutionary rates for the shape of the humerus

and for the shape of the tarsometatarsus will be performed separately. Comparisons

between these separate analyses must therefore be restricted to "homologous nodes"

where the same shared common ancestor occurs in each analysis.
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For this analysis we will assume that the shapes of the humerus and tarsometatar-

sus within the same individual have no covariation. Even if this may seem implau-

sible, the functional differences of the wing and leg in a penguin allow for the pos-

sibility that the humerus and tarsometatarsus are only weakly connected through

evolutionary covariation. Morphological clock and morphospace methods in concert

may be used to detect differential rates of evolution among wing and foot modules

in penguins, and most importantly, may help to understand how these modules

adapted to life in water during the evolutionary history of penguins

4.2 Materials and Methods

4.2.1 Meshes

A dataset of 65 digital replicas of humeri and 57 digital replicas of tarsometarsi were

used for this study (for accession details and scanning method see supplementary file

Chapter_4_Specimen_ID.csv). Left bones were preferred, and when the left

was not available the right was digitised and the mesh was mirrored using Blender

(Blender Online Community, 2020, v. 2.9.1). Adults with no evident impairment

were preferentially selected when digitising bones of modern species. The humeri

spanned in proximodistal length from 40.9 mm for kororā little blue penguin Eudyp-

tula minor (OR30224) up to 178.2 mm for Kairuku waewaeroa (WM 2006/1/1). The

tarsometatarsi spanned in proximodistal length from 19.8 mm for Eudyptula minor

(OR029118) up to 76.8 mm for Waimanu manneringi (CM zfa35). The institutions

that provided the specimens were: American Museum of Natural History, New

York, NY, USA; Canterbury Museum, Christchurch, New Zealand; Field Museum

of Natural History, Chicago, IL, USA; Massey University, Auckland, New Zealand;

Museum of New Zealand Te Papa Tongarewa, Wellington, New Zealand; Otago Mu-

seum, Dunedin, New Zealand; Otago University Geology Museum, Dunedin, New

Zealand; Waikato Museum Te Whare Taonga o Waikato, Hamilton, New Zealand.

The complete dataset was initially divided into two groups by bone type: humerus
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dataset and tarsometatarsus dataset. Each of these datasets was then divided into

two main sub-blocks: the "comparative" block that included all digital replicas from

fossils and from most of the living taxa, and the "covariation" block that included

only digital replicas from Eudyptula minor specimens. The comparative humerus

dataset included 30 specimens and the covariation humerus dataset included 30 spec-

imens. The comparative tarsometatarsus dataset included 25 specimens and the co-

variation tarsometatarsus dataset included 31 specimens. Note that one Eudyptula

minor specimen (NMNZ 18415) was present in both the comparative and the co-

variation dataset for both the humerus and the tarsometatarsus. Both the humerus

and tarsometatarsus from the same individual were digitised when possible (See

supplementary file Chapter_4_Specimen_ID.csv). The same individuals con-

tributed to both the humerus and tarsometatarsus covariation datasets. Lastly the

datasets included also the additional humeri of BMBH RMA43 Anthropornis nor-

denskjoeldi, NMNZ S.47304 Sphenisciformes indet., OU22168 Kairuku sp., NMNZ

DM1449 Sphenisciformes indet. "Seal rock specimen", OU21977 "Pakudyptes hakataramea"

and the tarsometatarsii of OU22127 Palaeeudyptes antarcticus, and OU22181 Palaeeudyptes

gunnari. Due to their uncertain taxonomic status and/or their fragmentary nature

these specimen were used to build a "post-hoc" dataset to be used in a second stage

to evaluate the accuracy of morphospace projection methods.

As for femora and coracoids from the previous chapter, the 3D digital replicas

of bones (i.e. 3D meshes) used for the 3D geometric morphometrics analyses in this

chapter were mostly generated using 3D surface scanning. Meshes were generated

using either a 1) HP 3D camera (DAVID-CAM-3.1-M; HP Inc., Palo Alto, CA,

USA) with a HP 3D HD camera along with a K132 + DLP projector (Acer Incor-

porated), where meshes were finalised in the HP DAVID 3 software (HP DAVID 3

software, version 3.10.4.4657; HP Inc., Palo Alto, CA, USA); or 2) with a Creaform

HandySCAN 3D laser surface scanner (Creaform, Levis, Canada) with resolution

varying from 0.1 to 0.3 and meshes finalised in the VXelements software suite

(VXelements and VXmodels version 8.1, Creaform, Levis, Canada). Two bro-
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ken humeri (NMNZ S.47308 Kupoupou stilwelli and DM13309 Pygoscelis papua)

required further restoration steps into the VXelements software environment that

involved the alignment and the welding of the proximal and the distal parts.

4.2.2 Landmarks and specimens

Landmarks were placed on the 3D digital replicas of humeri and tarsometatarsi in

both the comparison and covariation datasets as well as on the specimens in the

post-hoc datasets. The landmarking scheme for each bone was designed to opti-

mise the shape variation preserved across the sometimes broken fossil specimens

(Zelditch et al., 2012). The landmarking scheme used fixed landmarks and semi-

landmark curves to maximise anatomical recoverability across all specimens at the

cost of reducing the total number of landmarks per bone. Surface semilandmarks

were not used here, although they are commonly used in other studies (e.g. Bar-

dua, Felice, et al., 2019; Bardua et al., 2020; Felice et al., 2021; Felice et al., 2020.

Surface semilandmarks may capture a great amount of shape variation but were

not appropriate for the current dataset due to the poor preservation of some spec-

imens (e.g. NMNZ S.47308 Kupoupou stilwelli humerus, OU22127 Palaeeudyptes

antarcticus tarsometatarsus, CM 2016-6-1 Sequiwaimanu rosieae humerus). Land-

mark registration was performed in SlicerMorph (Rolfe et al., 2021) which is an

add-on package for 3D Slicer (Fedorov et al., 2012; v.4.11.2). Landmark sets for

the humerus and tarsometatarsus are described in full in Appendix C (see also Figs.

4.2–4.3).

4.2.3 Morphological clock analysis

Landmarks from the comparative and covariation datasets for both the humerus and

tarsometatarsus were exported from Slicer in .json format and converted to .pts

using custom written code for the R environment (R Core Team, 2021; v. 4.0.5).

Landmarks were read into R using Morpho::readpts (Schlager, 2017; v 2.8.1)

which generates a matrix for each .pts file. Both the humerus and tarsometatar-
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Figure 4.2: Landmark configurations for humeri. Humeri seen in cranial (I-II),
proximal (III-IV), caudal (V-VI), dorsal (VII-VII), distal (IX-X) and ventral (XI-
XII) views. Humeri from AV19569 Aptenodytes forsteri (II,IV,VI,VIII,X,XII) and
from NMNZ S.47304 Sphenisciformes indet. (I,III,V,VII,IX,XI). Bones are not to
scale.
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Figure 4.3: Landmark configurations for tarsometarsi. Tarsometatrsi seen in
dorsal (I-II), plantar (III-IV), proximal (V-VI), distal (VII-VIII), medial (IX-X)
and lateral (XI-XII) views. Tarsometarsi from NM23039 Aptenodytes forsteri
(II,III,VI,VIII,XI) and from CM zfa35 Waimanu manneringi (I,IV,V,VII,IX,XII).
Bones are not to scale
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sus comparative datasets were Procrustes superimposed using Morpho::procsym,

which ensures that only shape information is preserved in the dataset and removes all

effects of size, rotation and location. The humerus and tarsometatarsus covariation

datasets were then aligned to their corresponding Procrustes-transformed compar-

ative datasets using Morpho::align2procsym. Morpho::align2procsym

aligns the shapes of a new dataset (in this case the covariation dataset) to the shape

of a target dataset (the comparative dataset) without the need to perform a full

Procrustes superimposition a second time. Applying Morpho::align2procsym

to a covariation dataset follows the recommendation of Álvarez-Carretero et al.

(2019), and here ensures that inter-specific distances between shapes in the compar-

ative datasets are not affected by the greater opportunity to resolve intra-specific

distances between shapes in the Eudyptula covariation datasets.

Before the landmark data are used as a morphological clock (i.e. to estimate

species divergence times) it is necessary to multiply the comparative dataset by the

Cholesky decomposition of the inverse of the character correlation matrix R (for

a full mathematical description on likelihood computation and the steps required

see Álvarez-Carretero et al., 2019; Felsenstein, 1973; Freckleton, 2012). However,

as the number of characters increases over the number of sampled individuals the

estimated R matrix tends to have a determinant equal to 0, and in such cases the

matrix is not invertible (Adams, 2014; Goolsby, 2016; Schäfer & Strimmer, 2005).

The solution proposed by Álvarez-Carretero et al. (2019) to solve this issue is to

calculate the linear shrinkage estimate R∗ (Eq. 4.1).

R* = δI + (1− δ)R̂ (4.1)

Here I is an identity matrix in which all diagonal elements are 1 and off diagonal

elements are 0. δ is a shrinkage parameter and assumes a value between 0 and 1.

R̂ is the estimated R matrix. The parameter δ controls the amount of shrinkage

that a matrix is subjected to; when δ = 0 R∗ is equal to R̂, and when δ = 1 R∗

is equal to the identity matrix. δ effectively adjusts the values of R̂ to obtain a R∗
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that can be inverted (with δ 6= 0) and thus allows the dataset to "rotate". The δ

parameter was estimated with the corpcor::cor.shrink function (Schäfer and

Strimmer, 2005; v1.6.9) to obtain R∗ both for the humerus and the tarsometatarsus

covariation datasets. Following the recommendation in Álvarez-Carretero et al.

(2019) the variance of each character in both datasets was scaled to ensure that

all variables had equal variance.

To perform the morphological clock analysis the procedure followed dos Reis et

al. (2018) using the MCMCtree package in the pamlX software environment (Yang,

2007; v 1.3.1). The analysis required a MCMCtree alignment file and a control file.

The MCMCtree alignment file specifies the R∗ transformed dataset along with a

tree topology (i.e. first calculated in Chapter 2 and elaborated below) and a series

of dates associated with the tips (see below). The control file contains information

about prior settings and specific file paths that MCMCtree requires. The MCMCtree

alignment files were generated with the function mcmc3r::write.morpho and

the control files were generated with mcmc3r::ctlMCMCtree (dos Reis et al.,

2018; v. 0.4.3).

The tree topology used to estimate the morphological clock was based on the

maximum clade credibility (MCC) tree estimated from the posterior distribution of

trees from Chapter 2. Aptenodytes ridgeni was grafted onto the phylogenies used

for the tarsometatarsus divergence analyses. The position of Aptenodytes ridgeni in

these phylogenies was made to match the position found in Thomas et al. (2020)

at 7.14 million years ago (Ma) (i.e. topologically prior to the Aptenodytes forsteri

and Aptenodytes patagonicus split on all trees). Aptenodytes ridgeni was given a

branch length of 0 million years. The phylogenies had all taxa pruned from them

that were not part of the comparative dataset they were being used for in order to

be correctly handled by MCMCtree. Thus 46 taxa were removed for the humerus

analysis and 51 taxa for the tarsometatarsus and edge length was removed in order

to retain a simple bifurcating topology. To calibrate the MCMCtree analysis the

software requires the tips to have a fixed date, however, fossils can have uncertain

104



Chapter 4 Section 4.2

age ranges rather than a single definitive value. The value used for each of the dated

taxa reflected the date that the tip exhibited on the MCC tree calculated in Chapter

2 (See table 4.1).

Table 4.1: Dates used on the tip of the morphological clock analysis derived from
the median age retrieved on the dated phylogeny from Chapter 2

Species Million years ago

Aptenodytes forsteri 0.00
Aptenodytes patagonicus 0.00
Aptenodytes ridgeni 7.14
Archaeospheniscus lowei 27.87
Eudyptes atatu 1.96
Eudyptes chrysolophus 0.00
Eudyptes filholi 0.00
Eudyptes pachyrhynchus 0.00
Eudyptes robustus 0.00
Eudyptes schlegeli 0.00
Eudyptes sclateri 0.00
Eudyptula minor 0.00
Eudyptula novaehollandiae 0.00
Icadyptes salasi 36.49
Kaiika maxwelli 55.49
Kairuku grebneffi 28.14
Kairuku waewaeroa 29.34
Kairuku waitaki 26.98
Kupoupou stilwelli 61.49
Megadyptes antipodes 0.00
Megadyptes antipodes spp. waitaha 0.00
Muriwaimanu tuatahi 59.32
Pachydyptes ponderosus 35.36
GL429 Palaeeudyptes sp. 37.33
Platydyptes amiesi 25.11
Platydyptes novaezealandiae 25.11
Pygoscelis adeliae 0.00
Pygoscelis antarcticus 0.00
Pygoscelis papua 0.00
Sequiwaimanu rosieae 60.99
Spheniscus demersus 0.00
Spheniscus humboldti 0.00
Spheniscus magellanicus 0.00
Spheniscus mendiculus 0.00
Waimanu manneringi 61.49
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Three control files were generated for each of the humerus and the tarsometatar-

sus datasets. Each control file represented a different mode of character evolution

following the three types of clock implemented in pamlX: the strict clock, the uncor-

related clock, and the auto-correlated clock. The strict clock assumes that the rate

of evolution is the same along all branches (Thorne et al., 1998). The uncorrelated

clock (or independent clock) assumes independent rates for each branch (Drummond

et al., 2006; Rannala & Yang, 2007). The auto-correlated clock assumes that each

parent branch rate affects the rates observed on descendant branches (Rannala &

Yang, 2007).

Settings for the priors for the control files followed dos Reis et al. (2018) and

Álvarez-Carretero et al. (2019). The parameters for the fossilised birth death process

were set to λ = µ = 1, ρ = 0 and ψ = 0.001. The variance σ2 of the clock rate was

set as a gamma distribution with parameters α =β = 2. The root age was set as

a uniform distribution with a soft bound between 61 and 180 million years ago. A

preliminary maximum likelihood analysis was performed on the simple bifurcating

topology mentioned above with the observed morphological alignment, to set the

priors of the mean substitution rate. The analysis was run using CONTML from

the PHYLYP package (Felsenstein, 1993, v.3.698), and produced the unrooted trees

reported in Fig. 4.4. The mean substitution rate prior was set to be a gamma

distribution with α = 2 and a β = α /observed rates. The humerus dataset analysis

consequently had a β = 6.84, and the tarsometatarsus dataset had a β = 17.53.

The mean of the gamma distribution is α /β. With the priors described above we

ensure that the gamma distribution is centered with a mean at the observed rates

of morphological evolution.
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Figure 4.4: CONTML preliminary trees. Maximum likelihood trees estimated from
the humerus (A) and tarsometatarsus (B) comparative datasets.
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The Markov Chain Monte Carlo (MCMC) for all analyses were set to a total

length of 4×105, a burn-in of 25%, and with the Finetune parameters set as default

from MCMCtree.

Bayes factors (BF) were computed to perform model selection (Lavine & Schervish,

1999), with BF defined as the ratio in equations 4.2 and 4.5.

BF(M0,M1) =
posterior odds
prior odds

(4.2)

posterior odds =
P (M0|X)

P (M1|X)
(4.3)

prior odds =
P (M0)

P (M1)
(4.4)

With M0 and M1 as two models with a given set of estimated parameters (e.g.

humerus data analysed with strict clock vs. humerus data analysed with uncorre-

lated clock), and with X as the observed data (i.e. the given alignment). P(Mi|X)

represents the probability of the model given the observed data (i.e. the posterior)

and P(Mi) is the prior probability. Equations 4.2, 4.3 and 4.4 are then used to

calculate the Bayes factor with equation 4.5.

BF(M0,M1) =
P (M0|X)

P (M1|X)
÷ P (M0)

P (M1)
(4.5)

The resulting ratio is commonly used to decide which of the two models is pre-

ferred in terms of goodness of fit. Higher values (BF > 10) tend to favor M0 whereas

lower values (BF < 1) tend to favor M1.

Estimating BF requires calculating the marginal probability of the data P(X) to

produce P(Mi|X), as per Bayes rules (Eq. 1.2). However, as mentioned in Chap-

ter 1 Introduction, calculation of the marginal probability requires the resolution of

extremely complex integrals, an intractable task that can be sidestepped by using

algorithms like stepping-stone sampling (Baele et al., 2013; Xie et al., 2011). The

goal here is to compute the probability of the observed data between the prior and

the posterior to estimate the marginal distribution P(X). This approach involves it-
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eratively re-running a series of MCMC-like chains that sample from a number of βBF

discrete distributions between the prior and the posterior distribution (Xie et al.,

2011). For example, consider a scenario where βBF is eight. In this scenario eight

separate sampling events will be performed. The likelihood of these eight sampling

events (Eq. 1.2) will be 8/8 the first time, 7/8 the second time, 6/8 the third time,

and so on. In practice, during the first round we are sampling directly from the

posterior distribution and during the last round we are sampling from the prior

distribution, but more importantly, we will end up with six distributions that are

a mixture of the prior and posterior to different degrees. With this set of distri-

butions at hand it is in theory possible to estimate the marginal likelihood (Lavine

& Schervish, 1999). Even if the stepping-stone sampling overcomes a challenging

problem it is still computationally expensive and requires re-running the same anal-

ysis multiple times. Following (dos Reis et al., 2018), the number of βBF points

between distributions was set to eight for the analyses in this chapter, and the ex-

ponent for stepping-stone β generation was set to five. The procedure to generate

the stepping-stone control files was performed in R with mcmc3r::make.beta

and mcmc3r::stepping.stones. After the stepping-stone sampling was per-

formed the BF for all three models (strict, uncorrelated and auto-correlated clocks)

of both the humerus and tarsometatarsus comparative datasets was computed with

mcmc3r::bayes.factors.

An important consideration for the morphological clock method applied here

is the differential sampling of taxa among the humerus and the tarsometatarsus

data partitions. To test whether any pattern emerging from the morphological

clock analysis was due to an artificial undersampling of dated tips the analysis was

repeated over the humerus dataset but with Archaeospheniscus lowei, Platydyptes

amiesi and Platydyptes novaezelandiae pruned from the tree. These three taxa do

not have tarsometatarsi so by removing them from the humerus comparative dataset

for this trial I arrived at a more similar number of taxa to the tarsometatarsus

comparative dataset. This pruning trial ensured that the phylogenetic trees used
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for both the humerus and tarsometatarsus were similar by not including any dated

tips on the tree branch between the origins of the Oligocene giants clade and the

origin of the crown clade. The priors of the humerus comparative dataset were

unchanged after these three taxa were pruned except for β, which was recalculated

to be 7.25 in the new dataset. MCMC and burn-in lengths were left unchanged and

analyses were performed for all three models.

4.2.4 Morphospace occupation through time and penalised

likelihood analysis

As an additional way to quantify rates of evolution within Sphenisciformes the

Procrustes-transformed landmarks from the humerus and tarsometatarsus compar-

ative datasets were used to estimate the shape exhibited by internal nodes of the

phylogenetic tree. This ancestral shape estimation used the penalised likelihood

method described by Clavel et al. (2019). Briefly, the penalised likelihood (PL)

method is a regularisation technique used in many statistical fields (S. R. Cole et

al., 2014) to constrain the maximum likelihood estimation toward realistic values

by penalising parameter estimates that are thought to be unrealistic. In this spe-

cific case the advantage of PL is the estimation of R. Although R was calculated

from a population of samples in the morphological clock analysis (i.e. covariation

dataset), in a PL framework R is estimated directly from the comparative dataset.

The PL methods in this case favour estimates of R that are symmetric positive

definite and hence a matrix that can be invertible (Clavel et al., 2019). The pe-

nalised likelihood method has previously been applied to highly multivariate data

in a macroevolutionary context Dellinger et al. (2019) and Eliason et al. (2020).

Note that this analysis uses just the superimposed landmarks resulting from gen-

eralised Procrustes analysis and not the rotated dataset involving the R∗ matrix.

The function RPANDA::fit_t_pl (Morlon et al., 2016; v. 1.9) was used to fit

the Procrustes-transformed landmark data on a given phylogenetic tree. Following

recommendation in Clavel et al. (2019) the chosen penalty method for this dataset
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was the Quadratic Ridge. The PL approach implemented by RPANDA supports the

parameter estimation of four different models of trait evolution: Brownian motion,

Ornstein-Uhlenbeck, early burst and Pagel’s lambda. These four models of trait

evolution were fitted over a sample of 100 trees from the posterior distribution of

phylogenies estimated from Chapter 2 and then on each of these trees was measured

the fit of all four models (see below). In order to perform the PL analysis each tree

from the 100-tree sample was pruned to remove taxa that were not present in either

the humerus or tarsometatarsus comparative dataset (depending on which analysis

the tree was being used for). Each internal node (inferred ancestor) was attached

to the phylogeny as a tip by duplicating the node and binding that inferred taxon

in the same position as the original node with a branch length of 0. In addition,

Aptenodytes ridgeni was grafted onto the tree following the description above. After

performing the pruning and grafting modifications to all phylogenies in the 100-tree

sample the four evolutionary models were fitted to each tree for both the humerus

and the tarsometatarsus comparative datasets. The generalised information criteria

(GIC) for each evolutionary model was calculated for each of the 100 trees to de-

termine which of the four models best described the observed data. Ancestral state

estimation was then performed for the best fitting model of trait evolution. This

resulted in a set of shapes for each node in the sampled trees.

Recall that the comparative datasets for the humerus and the tarsometatarsus

contain slightly different sets of taxa, and thus the phylogenetic trees used to analyse

these datasets have different topologies. To compare the results from the humerus

and tarsometatarsus analyses four nodes that are common to the topologies of all

trees for both datasets were defined (Fig. 4.5). These nodes are a) Sphenisciformes

MRCA, i.e. the most recent common ancestor (MRCA) of all penguins (the taxon

assemblage that includes Waimanu, Muriwaimanu, Kupoupou and Sequiwaimanu)

and all other penguins b) Oligocene MRCA, i.e. the most recent common ancestor

to the Oligocene giants and the crown taxa (the taxon assemblage that includes

Kairuku , Icadyptes, Pachydyptes and the Burnside "Palaeeudyptes" plus all living
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penguins) c) crown-penguin MRCA, i.e. the most recent common ancestor of the

crown taxa, d) the most recent common ancestor for Eudyptes (as a proxy for

tip morphology). The morphological distance (i.e. Procrustes distance) between

these nodes was calculated for each tree, and then this morphological distance was

divided by the temporal distance in millions of years (Eq. 4.6) to estimate the rate

of morphological evolution in these three segments of penguin evolutionary history.

Rate of evolution =
Morphological distanceProcrustes distance

Temporal distanceMillion years
(4.6)

Figure 4.5: Schematised maximum clade credibility tree from the fossilised birth
death tree analysis in Chapter 2. Each node used in this chapter has been marked
with the corresponding name.
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4.2.5 Morphospace prediction

Separate principal component analyses were performed on the Procrustes-transformed

landmarks from the humerus and tarsometatarsus comparative datasets to visualise

the locations of these bones in their respective morphospaces through time. The

use of a traditional principal component analysis was preferred over the more re-

cently developed phylogenetic principal component analysis (PhyPca; Revell, 2010)

and phylogenetically-aligned component analysis (PACA; Collyer and Adams, 2021)

because many of the inferred ancestral shapes derive from different phylogenetic

topologies. Hence, accounting for phylogeny when constructing a morphospace could

potentially bias the projection of the specimens into a common morphospace. The

PCA was performed on both comparative datasets, then once the principal com-

ponent scores were generated all ancestral shapes computed in previous steps were

projected into the ordination space given by the principal components. In order to

do so the ancestral shapes were combined in a single data frame that matched the

structure of the original comparative dataset (i.e. column order). The resulting data

frame was scaled with the original PCA scales and then multiplied by the matrix

of variable loadings (i.e. the matrix whose columns contain the eigenvectors of the

PCA). This approach of shape re-projection was preferred over a PCA on the whole

combined datasets to ensure that the shape of ancestors did not bias the results.

The age of each shape inferred at each node was estimated from the node age in the

corresponding tree. Age information from the trees was then used to generate plots

of morphospace location through time. Lastly, incomplete fossils and specimens for

which there was no phylogenetic information available were projected into the ordi-

nation space generated above with the PCA to assess where these specimens were

located in relation to their inferred age. Missing landmarks were estimated using

geomorph::estimate.missing with the thin plate spline method (Adams and

Otárola-Castillo, 2013; v. 3.3.1).
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4.3 Results

4.3.1 Model performance

Evolution of the shape of the humerus and tarsometatarsus across the maximum

clade credibility (MCC) tree was best explained by an evolutionary model where

rates of change were uncorrelated between branches (as determined by Bayes factors;

Table 4.2). The Bayes factor for the uncorrelated clock rates model tends to 1.0

for the humerus comparative dataset and is equal to 0.99 for the tarsometatarsus

comparative dataset meaning that both the strict and the auto-correlated clock are

substantially less-consistent with the data (Table 4.2).

Table 4.2: Bayes factors (BF) results from the three types of morphological clock
analysis performed for both the humerus (HUM) and tarsometatarsus (TMT) com-
parative datasets. Along with BF are reported the log of the BF (Log BF), the
probability of the model (Pr), the log likelihood (LogLik) and standard errors (se).

Strict
Clock

Uncorrelated
Clock

Auto-Correlated
Clock

BF 1.63×10−41 1.00 3.55×10−3

Log BF -93.92 0 -5.64
HUM Pr 1.63×10−41 9.96×10−1 3.54×10−3

LogLik -13521.1 -13524.9 -13785.3
se 0.025 0.043 0.047
BF 1.15×10−118 0.99 1.40×10−2

Log BF -271.56 0 -4.27
TMT Pr 1.14×10−118 9.86×10−1 1.38×10−2

LogLik -14563.7 -14292.1 -14296.4
se 0.0046 0.0069 0.010

4.3.2 Divergence time

Ages for the origins of the crown-penguin MRCA were around 33 Ma for the humerus

comparative dataset and 56 Ma for the tarsometatarsus dataset when estimated

using the morphological clock method. Origins for the Sphenisciformes MRCA and

giant penguin MRCA were 146 Ma and 64 Ma, respectively for the humerus dataset.

For the tarsometatarsus dataset the origins for the Sphenisciformes MRCA and

giant penguin MRCA were 135 Ma and 58 Ma. These node age estimates are
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older than the dates for the same nodes estimated from the phylogenetic analysis

performed in Chapter 2 (Fig. 4.6, Fig. 4.7 and Table 4.3). For comparison, the origin

of the crown clade was estimated to be around 15 Ma in the analysis performed

in Chapter 2 (Table 2.1). Furthermore, the age estimates for the nodes in the

divergence estimates calculated with the morphological clock method show that

deeper nodes exhibit greater amounts of age discordance whereas instead nodes

placed closer to a dated tip seems to agree more (Fig. 4.7 and Table 4.3). The

humerus dataset morphological clock analysis consistently exhibits younger ages for

nodes that are younger than the crown-penguin MRCA when compared with the

phylogeny calculated in Chapter 2. Likewise, nodes that are older than the crown-

penguin MRCA tend to have older dates in the humerus dataset morphological

clock analysis compared with the phylogeny calculated in Chapter 2. The shape of

the posterior densities for the age of the Sphenisciformes MRCA shows an abrupt

truncation of the lower end for both humerus and tarsometatarsus morphological

clock analyses (Fig. 4.7-Origin). This abrupt truncation suggests that the clock

pushes the root to much older estimates. To test whether the prior on the root

might also bias the age distributions around other nodes the analysis was repeated

by allowing a time window for the Sphenisciformes MRCA of 61 to 350 Ma instead

of 61 to 180 Ma. The revised analysis with the extended root age shows that all

node positions except the root were unchanged, implying that the uncertainty is

affecting only the root (Fig. C.1).
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Table 4.3: Means of clade origins (millions of years ago) estimated from the uncor-
related morphological clock divergence analyses. Lower and upper refers to the 89%
credible interval. Note that Megadyptes is not included here because there is a single
living species and an insufficient number of specimens from Megadyptes antipodes
waitaha were available for analysis.

Node Dataset Mean Lower Upper
Aptenodytes
MRCA Humerus 13.21 1.88 30.23

Aptenodytes
MRCA Tarsometatarsus 15.48 3.90 31.49

Pygoscelis
MRCA Humerus 19.39 8.83 31.22

Pygoscelis
MRCA Tarsometatarsus 19.16 6.48 35.58

Eudyptes
MRCA Humerus 13.85 6.38 22.63

Eudyptes
MRCA Tarsometatarsus 19.26 10.88 29.21

Eudyptula
MRCA Humerus 2.86 0.12 9.03

Eudyptula
MRCA Tarsometatarsus 5.18 0.67 13.24

Crown-penguin
MRCA Humerus 33.60 22.40 46.65

Crown-penguin
MRCA Tarsometatarsus 56.40 38.23 77.76

Oligocene
MRCA Humerus 74.71 56.30 98.63

Oligocene
MRCA Tarsometatarsus 76.98 55.92 104.92

Giant penguins
MRCA Humerus 64.53 49.21 84.00

Giant penguins
MRCA Tarsometatarsus 58.71 44.53 77.84

Early penguins
MRCA Humerus 94.93 76.55 119.42

Early penguins
MRCA Tarsometatarsus 79.51 65.21 103.60

Sphenisciformes
MRCA or Root Humerus 146.10 102.16 179.67

Sphenisciformes
MRCA or Root Tarsometatarsus 135.45 87.43 177.82
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Figure 4.6: Node ages estimated using the morphological clock method applied to
the humerus (upper) and tarsometatarsus (lower) comparative datasets. Numbers
on the horizontal axis are in millions of years. Segments connect “homologous nodes”.
Ancestral shapes inferred from penalised likelihood models are shown for selected
nodes.
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Figure 4.7: Distributions of ages of selected clades in the morphological clock
analyses performed on the humerus (red) and tarsometatarsus (blue) comparative
datasets. Plots represent densities resulting from the Markov Chain Monte Carlo in-
dependent rates analyses. Numbers on the horizontal axes represent time in millions
of years.
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Reducing the humerus dataset did not result in major differences between esti-

mated times of clade origin, besides a slight thickening of the tail of each distribution

(Fig. 4.8, reduced humerus datasets are shown in yellow). The thicker tail means

that the reduced humerus dataset tends to push age estimates for the origins of

clades slightly back in time compared with the complete humerus dataset (Arcila

et al., 2015). The origin of the crown clade has an estimated mean around 33.6 Ma

in the complete humerus dataset compared with 40.7 Ma in the reduced dataset

(Fig. 4.7 and Fig. 4.8). The MRCA for the Oligocene giant penguins is esti-

mated at 74.7 Ma in the complete humerus dataset and 81.03 Ma in the reduced

humerus dataset (Tables 4.4). With the Oligocene giant penguin clade as the only

exception, differences between node ages tended to be greater between the humerus

and tarsometatarsus dataset when compared with node age differences between the

complete humerus and reduced humerus datasets (Table 4.4). Hence, the major

differences between estimated rates of morphological evolution are not exclusively

due to differential sampling of datasets.
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Table 4.4: Average clade origins differences comparing the morphological clock anal-
yses between the complete humerus dataset to the reduced humerus dataset and to
the tarsometatarsus dataset. Lower and upper refers to the 89% credible interval.

Node Compared datasets Mean
difference Lower Upper

Aptenodytes
MRCA

Complete humerus and
reduced humerus -1.59 -25.36 20.66

Aptenodytes
MRCA

Complete humerus and
tarsometatarsus -2.27 -22.43 18.67

Pygoscelis
MRCA

Complete humerus and
reduced humerus -2.68 -20.26 14.37

Pygoscelis
MRCA

Complete humerus and
tarsometatarsus 0.23 -19.17 17.84

Eudyptes
MRCA

Complete humerus and
reduced humerus -1.42 -13.86 10.65

Eudyptes
MRCA

Complete humerus and
tarsometatarsus -5.41 -17.81 6.73

Eudyptula
MRCA

Complete humerus and
reduced humerus -0.47 -8.47 6.85

Eudyptula
MRCA

Complete humerus and
tarsometatarsus -2.32 -11.18 5.49

Spheniscus
MRCA

Complete humerus and
reduced humerus 0.21 -8.29 9.02

Spheniscus
MRCA

Complete humerus and
tarsometatarsus -4.55 -16.71 6.59

Crown-penguin
MRCA

Complete humerus and
reduced humerus -7.11 -28.62 12.80

Crown-penguin
MRCA

Complete humerus and
tarsometatarsus -22.80 -47.02 -0.44

Oligocene
MRCA

Complete humerus and
reduced humerus -6.33 -42.51 27.30

Oligocene
MRCA

Complete humerus and
tarsometatarsus -2.27 -35.95 29.75

Giant penguins
MRCA

Complete humerus and
reduced humerus -0.70 -27.54 25.10

Giant penguins
MRCA

Complete humerus and
tarsometatarsus 5.82 -18.74 30.25

Early penguins
MRCA

Complete humerus and
reduced humerus -0.59 -31.84 30.35

Early penguins
MRCA

Complete humerus and
tarsometatarsus 15.42 -14.68 44.76

Sphenisciformes
MRCA or Root

Complete humerus and
reduced humerus -1.69 -58.12 54.42

Sphenisciformes
MRCA or Root

Complete humerus and
tarsometatarsus 10.66 -51.40 72.03
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Figure 4.8: Distributions of ages of selected clades in the morphological clock anal-
yses performed on the complete humerus (red) and reduced humerus (yellow) com-
parative datasets. Plots represent densities resulting from the Markov Chain Monte
Carlo of independent rates analyses. Values on the horizontal axes represent time
in millions of years.
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4.3.3 Penalised likelihood framework

The generalised information criteria (GIC) from fitting the penalised likelihood mod-

els of evolution showed that the Pagel’s lambda model tended to perform the best

over the subsample of 100 phylogenetic trees (Fig. 4.9). The Ornstein-Uhlenbeck

model was the second best performing model. The Brownian motion and early burst

models exhibited identical distributions of GIC values (Fig. 4.9) and had the lowest

goodness of fit of all four modes of evolution.

Figure 4.9: Generalised information criterion (GIC) distributions for each of the four
tested models of evolution for the complete humerus comparative dataset (upper)
and the tarsometatarsus (lower) comparative dataset. Densities show the distri-
bution of the GIC value for all 100 trees sampled from the posterior. Note that
Brownian motion and early burst (red) have identical GIC distributions.

The median for the λ parameter in the complete humerus comparative dataset

was around 0.88 with 89% credible intervals (CI) between 0.57 and 0.95 (Fig. 4.10

red portion). The distribution of λ exhibited a relatively long tail toward lower

values. The distribution of the same parameter for the tarsometatarsus dataset

gives a median value of λ around 0.86 with 89% CI between 0.83 and 0.89 (Fig 4.10

blue portion). The distribution of λ for the tarsometatarsus dataset had a more

symmetric and tight distribution of values.
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Figure 4.10: λ raincloud plot distributions. λ value distributions for all 100 trees on
which the penalised likelihood method was used for both the complete humerus com-
parative dataset (red) and the tarsometatarsus comparative dataset (blue). Each dot
represents the λ value for each phylogenetic tree to which the penalised likelihood
method was applied.

Estimated rates of morphological change calculated for separate datasets cannot

be directly compared because the Procrustes distances used to calculate these rates

are only meaningful within the same dataset. However, comparing how the dis-

tributions of morphological rate values shifted in time from separate analyses may

still provide some insight into the evolutionary rates of different bones. Rates of

evolution along branches younger than the crown MRCA exhibit the lowest values

in analyses of the humerus. In contrast, the shape of the humerus evolved at its

fastest rates between the early penguin MRCA and the Oligocene MRCA. Rates

of shape evolution were thus moderate between the time of the Oligocene MRCA

and the crown MRCA. Taken altogether, the rate of morphological evolution of the

humerus had a steady decrease from the origin of Sphenisciformes towards modern

day (Fig. 4.11 left panel). The tarsometatarsus similarly shows an overall decrease

in rate of morphological change but the change occurs more abruptly. The rate of

morphological change between Oligocene MRCA to crown MRCA is almost identi-

cal to the rates observed between the crown MRCA to Eudyptes values (Fig. 4.11
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right panel, green and red curves) and is substantially lower than the observed rates

between the Paleocene MRCA and the Oligocene MRCA (Fig. 4.11 right panel,

blue curves).

Figure 4.11: Comparison of evolutionary morphological rates for the A) humerus
and B) tarsometatarsus. Each curve represents the distance between two homol-
ogous points on 100 phylogenetic trees. Blue curves represent distances between
the Sphenisciformes most recent common ancestor (MRCA) and the Oligocene
MRCA, green curves represent distances between the Oligocene MRCA and the
crown MRCA, and red curves represent distances between the crown MRCA and
the Eudyptes MRCA. Densities show estimated rates of morphological change per
million years.

4.3.4 Morphospace

The first two axes of the principal component analysis (PCA) applied to the dataset

of Procrustes-transformed landmarks from the complete humerus dataset explain

32.4% and 19.7% of the variance, respectively. The first principal component (PC1)

is associated with the widening of the humeral shaft and head. Specimens with

higher PC1 scores tend to be wider and more robust in overall shape, with propor-

tionately enlarged heads and anteroposteriorly broadened shafts (e.g. Pachydyptes

ponderosus). Specimens with lower PC1 scores are more gracile and have a com-

paratively more-slender shaft with a proportionately smaller humeral head (e.g.
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Kuopoupou stilwelli). The second principal component (PC2) denotes instead the

shape and the relative size of the margins of the fossa pneumotricipitalis. High PC2

scores are associated with smaller fossae with margins that look more horizontal

in caudal view (e.g. Muriwaimanu tuatahi) whereas instead lower PC2 scores are

associated with a more-parabolic margin in caudal view around a relatively wider

fossa (e.g. Aptenodytes forsteri).

The PCA applied to the Procrustes-transformed landmarks from the tarsometatar-

sus explains 34.4% and 10.5% of the variance in that dataset along PC1 and PC2,

respectively. For the tarsometatarsus, PC1 describes the relative elongation of the

tarsal shaft. Specimens with higher PC1 values are more-slender and have an over-

all more rectangular shape in dorsal view (e.g. Waimanu manneringi). Conse-

quently, lower PC1 values are associated with more squared shaped morphologies

(e.g. Aptenodytes sp.). Higher PC2 scores are associated with more straight lat-

eral profiles in dorsal view (e.g. Eudyptula spp., Spheniscus spp.,Eudyptes spp.,),

whereas lower PC2 scores characterise specimens that have a more curved lateral

profile (e.g. Kairuku).

Given that together PC1 and PC2 represent a considerable amount of the total

morphological variation in both datasets, the morphospace was described using the

first two components for both humerus and tarsometatarsus. The position of score

values along PC1 and PC2 (i.e. morphospace occupation) through time for the

humerus (Fig. 4.12) and for the tarsometatarsus (Fig. 4.13) show little overlap

between the earliest penguins, the Oligocene giants, and the crown clade. The

occupation of different regions of morphospace by these clades suggests that shape

variation along PC1 and PC2 is heavily influenced by phylogeny. The pattern of

morphospace occupation through time for the humerus thus suggests that, from

the Paleocene to the Oligocene, the extinct species may have had a much broader

distribution compared to extant species. For the tarsometatarsus the crown clade

(Fig. 4.13) exhibits a much broader distribution along PC1 and PC2. For example,

both extant species of Aptenodytes have PC1 and PC2 score values that are more
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similar to the score values from the tarsometatarsi of Kairuku when compared with

the PC1 and PC2 score values from tarsometatarsi of other crown taxa (Fig. 4.13B).

The morphological affinity between Aptenodytes and Kairuku tarsometatarsus may

be explained by gross outline and allometry being strongly weighted along both the

first and second principal components. Consider that both Aptenodytes and Kairuku

have the more box-shaped tarsometatarsus observed in larger penguin species.
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Figure 4.12: Morphospace of penguin humeral shape. A) Morphospace occupation
through time. Each section is presented along with the average shape estimated for
the corresponding time slice. B) Phylomorphospace of extinct and extant penguin
humeri. Both A and B are shown with the same axis coordinates.
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Figure 4.13: Morphospace of penguin tarsometatarsal shape. A) Morphospace oc-
cupation through time. Each section is presented along with the average shape
estimated for the corresponding time slice. B) Phylomorphospace of extinct and
extant penguin tarsometatarsi. Both A and B are shown with the same axis coor-
dinates.
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4.3.5 Morphospace prediction

The humeri from BMBHRMA43Anthropornis nordenskjoeldi, NMNZ S47304 Sphenis-

ciformes indet., OU22168 Kairuku sp. indet., and the DM1449 "Seal rock specimen"

have shapes that project very near to the shapes of humeri from similarly-aged pen-

guin species along PC1 and PC2 (Fig. 4.14 A-B). Notably, the shape of the humerus

from BMBH RMA43 Anthropornis nordenskjoeldi projects within the convex hull

created by the shapes of humeri from similarly-aged penguins. In contrast, the

shape of the tarsometatarsi from OU21977 "Pakudyptes", OU22127 Palaeeudyptes

antarcticus, and OU22181 Palaeeudyptes gunnari seem to be more distant from their

expected morphospace area (Fig. 4.14D). Perhaps the tarsometatarsus morphospace

is more "skewed" by allometry as mentioned above. Moreover, the PC1 and PC2

score values of "Pakudyptes" are relatively closer to the PC1 and PC2 values of

crown species (Fig. 4.14C red area) compared to the PC1 and PC2 score values of

more contemporaneous fossils (Fig. 4.14C blue area).
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Figure 4.14: Projection of fossil A-C) humeri and D) tarsometatarsi that were not in-
cluded in the comparative datasets into the principal component one (PC1) and PC2
morphospace calculated from the comparative datasets. Projected fossils were part
of the Post-hoc dataset. Panels A to C represent the same humerus morphospace
seen in figure 4.12 and panel D represents the same tarsometatarsus morphospace
seen in figure 4.13. Coloured regions show convex hulls of morphospace occupation
for bone shapes from hypothetical ancestors that were found inside the same time
range as the sampled fossil shape.
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4.4 Discussion

4.4.1 Morphological clock

The Bayes factor computation shows that the phylogenetic distribution of humerus

shape and tarsometatarsus shape are best explained by a morphological clock model

that has rates of evolution along each branch that are independent from one another.

Hence, shape evolution for these two bones is best explained by heterogeneous evo-

lutionary rates over the phylogenetic tree, and that such heterogeneity seems to not

be influenced by parent branches. This is reminescent of a punctuated equilibrium-

like model of evolution (Gould & Eldredge, 1977) for the penguin clade where rates

of evolution may vary suddenly. Note though that the independence of rates may be

a potential consequence of "outliers" like Waimanu and Pachydyptes. These taxa

after CONTML analysis (Fig. 4.4) are found at the end of extremely long branches

meaning that their morphologies are much more different than other penguins. It

has previously been demonstrated that outliers may drive clock divergence analyses

towards incorrect clade origin estimates (Hedges & Shah, 2003). Note though that

the independent rates model was also found to provide the best explanation for the

phylogenetic distribution of shape in the study by Álvarez-Carretero et al. (2019)

when only the morphological alignment was analysed. Moreover, (Álvarez-Carretero

et al., 2019) reported the presence of Smilodon fatalis as a potential outlier in their

analysis.

The morphological clock analysis consistently predicted older clade origin dates

when compared with evolutionary analyses from other studies (e.g. Blokland et al.,

2019; Gavryushkina et al., 2017; Chapter 2 section 3.2). One interpretation of this

finding is that the shape of the humerus and tarsometatarsus within any particular

penguin taxon is often an ‘old shape’ that evolved in deeper time, and which is in-

herited with relatively little change during more recent speciation events. The shape

of the humerus and tarsometatarsus either trace deeper into time than previously

expected if morphological evolution had a uniform pace, and may show punctuated
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bursts of shape change after long periods of morphological stasis. Nevertheless,

wings and legs as separate locomotory modules have experienced different rates of

evolutionary change. The evidence for these rates of morphological change can be

seen in the age differences between homologous nodes in the morphological clock

analyses of the humerus and tarsometatarsus comparative datasets (Fig. 4.7).

The clade origination dates from the morphological clock analysis on penguins

highlights a pattern not too dissimilar from the morphological clock analysis per-

formed by Álvarez-Carretero et al. (2019), although their analysis focused on order

Carnivora within mammals. Firstly, crown Carnivora was estimated to have orig-

inated between 48 and 37 Ma in traditional phylogenetic studies (Heinrich et al.,

2008; Tomiya, 2011). Álvarez-Carretero et al. (2019) performed several analyses

on morphological alignments, molecular alignments and a combination of these two

datasets; among these the analyses performed with only the morphological align-

ment returned overall the earliest node ages, dating the origins of Carnivora to at

least 55 Ma. The penguin morphological clock results presented here likewise es-

timate earlier clade origins when compared with traditional phylogenetic methods,

and often the penguin age estimates are displaced far earlier in time when compared

with the age displacement in Álvarez-Carretero et al. (2019). It is thus possible

that morphological clock analyses are methodologically-prone to pushing clade ori-

gins deeper into time. Although, compared to the Carnivora analysis, the penguin

analysis exhibits a sampling of taxa that is more evenly distributed through time.

Another reason for this discrepancy between the node ages from the morphological

clock analyses and traditional phylogenetic analyses could be the absence of an out-

group. Although these tip-dated analyses require that an outgroup not be included

(Álvarez-Carretero et al., 2019; Cau, 2017; Gavryushkina et al., 2017) it is possible

that establishing a clade outside the focus group with a distinct overall morphology

may help to “pin-point” more effectively the rates of change over time in absolute

terms.

Although the estimated ages of nodes may be influenced by the number of taxa
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in the analysis, the hypothesis that differences between the complete humerus and

tarsometatarsus comparative datasets are exclusively due to undersampling can be

ruled out for two main reasons: 1) node ages remained mostly unchanged when

comparing the morphological clock analyses for the reduced and complete humerus

datasets (Fig. 4.8); 2) the root of the tree is younger in the morphological clock anal-

ysis (using the independent rates model) performed on the tarsometatarsus dataset

when compared with the complete humerus dataset (Fig. 4.6 and Fig. 4.7). The

former point indicates that differences between the node ages in the analyses of the

humerus and tarsometatarsus datasets are not due exclusively to differences in the

number of taxa. The latter point is the exact opposite of what one would expect

if sample size was influencing node age given that the tarsometatarsus dataset is

more "undersampled" (Arcila et al., 2015). Note though that node ages did slightly

increase (i.e. become older) in the reduced humerus dataset analyses, with a thicken-

ing of the distribution’s tails. It is thus possible that taxon sampling has an impact

on age uncertainty rather than affecting the median age of a node. By increasing

the uncertainty around the age of each node there is a subsequent thickening in

distribution tails, thus resulting in overall older estimates for all clade origins. This

interpretation may be in line with one of the properties of Bayesian modelling that

sees uncertainty increase over parameter estimates (i.e. clade origins) as the number

of observations decrease (i.e. number of taxa included in a given dataset) (Gelman

et al., 2013; Kruschke, 2015; McElreath, 2020).

4.4.2 Penalised likelihood results

The GIC distributions (Fig. 4.9) from the penalised likelihood analyses indicate that

the Pagel’s lambda model is the one that fits the best on all analysed posterior trees,

for both the complete humerus and tarsometatarsus datasets. The Pagel’s lambda

model here suggests that there is a strong phylogenetic signal in the shape of the

humerus and in the shape of the tarsometatarsus (Boettiger et al., 2012; Clavel et al.,

2019), but that shape variation across the tree is not simply described by Brownian
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motion (i.e. a random walk where the λ parameter is assumed to be 1). This result is

supported by the median value of the inferred λ parameter which was between 0.85-

0.86 for each dataset. Evolution under a Pagel’s lambda model would suggest that

the shape of the humerus and tarsometatarsus is subject to phylogenetic constraint,

however, further analysis would be required to assess whether this signal is the

product of a real macroevolutionary pattern or a consequence of taxon sampling

(Boettiger et al., 2012). Moreover, the distribution of the λ for the humerus dataset

is wider, more asymmetric, and has a longer tail (Fig. 4.10), meaning that for

a subsample of the trees used for the humerus dataset the “phylogenetic signal”

can become much lower than for the tarsometatarsus. At first it may seem that

tarsometatarsus is more phylogenetically constrained compared with the humerus,

but this conclusion needs to be reviewed cautiously. Given that there are more taxa

in the humerus dataset the sampling of the posterior trees may explore more diverse

phylogenetic topologies than in the tarsometatarsus dataset. Hence, the uncertainty

around the λ parameter may be influenced by heteroscedasticity between datasets.

4.4.3 Evolutionary rates

The node ages estimated for penguins using humerus and tarsometatarsus shape

suggest that the wing as a locomotory module experienced its most rapid evolu-

tionary changes very early in the history of penguins, followed by a more steady

and constant decrease in rates from the end of the Paleocene to modern day (Figs.

4.6 and 4.11). The shape of the lower leg experienced more dramatic changes at

later stages of penguins history compared with the wing. When comparing how

the shape of the humerus and the shape of the tarsometatarsus changed through

time (Figs. 4.12A and 4.13 A), we observe that most of the morphological changes

occurred between the Paleocene and Eocene for the humerus, with a straightening

and widening of the humeral shaft and an enlargement of the humeral head. The

major change to the gross shape of the tarsometatarsus involved the "shortening"

of the tarsal shaft, which occurred from the Paleocene up to the Oligocene and thus
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took more time to occur than the gross outline changes to the humerus.

If one compares humeri of early or modern penguins to those from other birds

(Fig. 4.1) it is evident that, with the exception of auks, the morphology is quite

distinct from most volant birds (Figs. 4.1A, C and E) as explained above in the

introductory section of this chapter. Given the slower inferred rates of humerus

morphological evolution with the penalised likelihood approach it is unsurprising to

see that the root of the phylogeny estimated from the shape of the humerus with

the morphological clock is pushed deeper to the past. With no specimens sam-

pled outside from Sphenisciformes (the so called pan-Sphenisciforms in Ksepka and

Ando, 2011) it is possible that the clock fails to estimate the correct rates of change

and hence extend the same steady evolutionary rates to Mesozoic lineages. As seen

above, given the functional selective pressure acting over the wing for underwater

movement, it is possible that the humerus shape that fulfilled the locomotory needs

of penguins was reached before the diversification of the whole clade during the

Paleocene. After this major morphological shift, comparatively minor changes have

occurred on the whole wing in order to increase efficiency in underwater locomo-

tion. The same may not hold true for the tarsometatarsus given that the structure

was not under the same strong selective pressure to optimise mobility on land. In

this manner, most of the morphological change to the foot module was apparently

"delayed" behind the changes to the humerus and so the most substantial changes

to the shape of the tarsometatarsus occurred relatively rapidly from the Oligocene

onwards (Fig. 4.7, blue curve).

With reference to the adaptive peaks metaphor, while the shape of the humerus

may have already reached a high point (peak or ridge) for a non-volant marine diver

in Paleocene southern hemisphere waters where just minor fluctuations in shape

were possible, the tarsometatarsus was proportionally further away from it’s own

optimum. If the shape of the humerus was already close to the an adaptive high point

(i.e. this shape contributed to an optimal fitness) then perhaps selection pressure

acted earlier on this appendicular module that is crucial for locomotion in wing

135



Chapter 4 Section 4.4

propelled divers (Johansson & Aldrin, 2002; Mayr et al., 2021). Although finding

evidence for adaptation is an extremely challenging task, one way to assess the

pressure that the adaptive vertex of the constructional morphology triangle exerts

is in being able to recover evidence for differential rates of evolution (Galen, 1996;

Hoffmann & Ross, 2018).

4.4.4 Prediction insights

Incomplete and unnamed fossils provide a resource for testing hypotheses that in-

volve a morphospace, including testing if the method used to generate a morphospace

can be considered valid. Given that many giant and early penguins still fall within

or nearby coeval areas of explored morphospace (Figure 4.14 A-B) means that

the method used in this chapter to assess morphospace occupation is robust and

produces meaningful results. More importantly, projecting specimens into a mor-

phospace may provide further insight on the taxonomic identity of different speci-

mens. For example, PC1 and PC2 scores from the humerus of OU22168 Kairuku sp.

project close to the PC1 and PC2 scores of the two other sampled Kairuku species,

reinforcing the attribution of this specimen to Kairuku in Ksepka et al. (2012) (Fig.

4.14B). Also, the humerus from S47304 Sphenisciformes indet. discussed in Blok-

land et al. (2019) has a morphological affinity to the humeri of Muriwaimanu and

Sequiwaimanu, being closer to the latter in terms of absolute size (Figs. 4.14A).

However this projecting method presents some limits. Consider the humerus of the

Oligocene penguin OU21977 "Pakudyptes" that demonstrates that humeri with a

more "crown-like" morphology may have originated earlier than previously expected.

Consequently, if taxon sampling would be more extensive, perhaps we might discover

that the morphospace of Oligocene taxa and crown taxa overlapped. Nevertheless,

discovering that the shapes of modern bones also occur deeper in time is in line with

what the morphological clock analysis is returning, with the morphological origin of

humeri and tarsometatarsi for the crown clade dated between 22 and 46 Ma (89%

credible intervals, Fig. 4.7, Table 4.3). More importantly, projecting fossils into
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PC1 and PC2 is informative about the temporal areas of penguin evolution where

shape diversity is well understood, and about the sections of time that would bene-

fit from more input. Being able to describe and sample more specimens from these

under-sampled time slices would enable us to generate more complete and precise

models of morphospaces occupation.

4.4.5 Future directions for 3D Geometric morphometrics and

phylogeny

Studies that aim to include geometric morphometrics as a tool to infer phylogenetic

branching events may still be greatly improved. A critical point here is that PamlX

(Yang, 2007; v 1.3.1) supports only Brownian motion models of trait evolution, and

as has already seen in this thesis (i.e. Chapter 3, Section 3.2), this model may not

provide the best explanation for a given dataset and phylogeny (Blomberg et al.,

2020). Moreover, another limit of PamlX is the constrained topology that forces

analyses to explore only one specific evolutionary hypothesis (i.e. the phylogenetic

tree). Being able to sample from a distribution of trees would allow a great improve-

ment in the field of phylogenetic inference. Some software packages are currently

available that support the inclusion of continuous characters to infer phylogenetic

trees, and these packages also have the capacity to analyse the resulting trees us-

ing multivariate Ornstein-Uhlenbeck models (other than Brownian motion) of trait

evolution in a Bayesian context (e.g. RevBayes Höhna et al., 2016). Hence, after

the dataset transformation with the R∗ covariation matrix proposed in Álvarez-

Carretero et al. (2019), it would be possible to perform the analysis also with mod-

els of trait evolution other than Brownian motion (Parins-Fukuchi, 2018). However,

for high-dimensional datasets the computational time may represent a considerable

hurdle.

137



Chapter 4 Section 4.5

4.5 Conclusion

As stated above, finding evidence for adaptations in deep time is an extremely

challenging matter (Futuyma, 2010; Losos, 2011), however in the current chapter

differences among rates of morphological evolution were used as a proxy to measure

this evidence. The analysis of evolutionary rates was performed with two separate

methods: the morphological divergence analysis (Álvarez-Carretero et al., 2019)

and a penalised likelihood approach (Clavel et al., 2019). The former technique

estimated rates of change in a similar way to how molecular clocks work. The

second method enabled marginalisation over phylogenetic uncertainty to generate

areas of morphospace occupation through time that contributed to highlight which

sections of penguin evolutionary history were better understood, and which would

benefit from greater taxon sampling. These two techniques both show that the

humerus and tarsometatarsus changed through time at different rates. Whereas

the rate of change in the shape of the humerus decreased steadily and was more

uniform, the shape of the tarsometatarsus changed at a more varied rate which

increased in more recent times. Adaptation may explain the differences between

these rates, especially thanks to the adaptive landscape interpretation: The shape

of the humerus was already well adapted to underwater locomotion before a post-

Cretaceous clade diversification, whereas the shape of the tarsometatarsus was far

more distant to an "adaptive peak". Given a less stringent pressure initially acting

over the lower leg the morphology of the tarsometatarsus changed at a different

pace compared with the humerus. If we look at crown penguins then the overall

shape of the humerus was achieved earlier than the shape of the tarsometatarsus,

providing evidence for a modular-type of trait evolution and suggesting that the

humeral morphology is older than the tarsometatarsal morphology.
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Conclusion

5.1 Overview

The constructional morphology concept of Seilacher (1970) inspired the structure on

which this thesis was conceived and written. By focusing on three major subjects

in evolutionary biology (i.e. phylogeny, structural constraint and adaptation), fossil

penguins were analysed with a linked-study approach. This thesis took advantage

of recently developed methods in the field of of phenotypic character analysis like

fossilised birth death tree (FBDT) models (Höhna et al., 2016), Bayesian modelling

(Kruschke, 2015), 3D geometric morphometrics (3DGM) (Zelditch et al., 2012), mor-

phological clock divergence analysis (Álvarez-Carretero et al., 2019) and penalised

likelihood modeling (Clavel et al., 2019). Segmenting the analyses into three sep-

arate blocks allowed me to assess phylogeny, structural constraint and adaptation

on three orthogonal perspectives. All of this was made in an attempt to follow one

of the key assumptions of constructional morphology that acknowledges that all as-

pects of living organisms are the result of these three major forces together, each

acting at different levels of magnitude.

The first step of my research aimed to reconstruct the phylogeny of penguins

in order to have a better grasp of the evolutionary relationships among taxa and

how these relationships may have impacted other traits. Chapter 2 describes a

phylogenetic study using one of the most extensive penguin data matrices that
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has been assembled (with important contributions from Blokland et al. (2019) and

Thomas et al. (2020)), both in terms of taxon coverage and number of characters.

Focusing on the phylogenetic aspect first allows the impact of the historical vertex

of the aptive triangle to be quantified during the next phases of the research. Using

both parsimony-based inference and Bayesian fossilised birth death tree (FBDT)

models, the emerging phylogenetic hypotheses suggested a new perspective for the

stem. Where instead of the traditional "pectinated" topology (e.g. Degrange et

al., 2018; Gavryushkina et al., 2017; Ksepka et al., 2012; Thomas et al., 2020),

several large clades were recovered. Key amongst these is a clade uniting the newly

described Kairuku waewaeroa (Giovanardi et al., 2021) with other giant penguins.

The Bayesian phylogenetic analysis suggested a slightly earlier origin for Sphenis-

ciformes than has traditionally been recovered, perhaps due to the inclusion of sev-

eral Paleocene taxa that had not been included in previous FBDT analyses (i.e.

Gavryushkina et al., 2017; Thomas et al., 2020). This earlier origin highlights the

importance of extensive taxon sampling to understand the timing of major diversi-

fication events within Sphenisciformes. Moreover, the publication of Kairuku wae-

waeroa was an integral part of the research design of this chapter and meaningfully

contributes to the understanding of extinct penguin diversity. Kairuku waewaeroa

shows that the Kairuku clade was widespread across northern and southern Zealan-

dia during the Oligocene, and was more morphologically diverse than previously

recognised. These results suggest that the body plan of extinct penguins may have

changed dramatically in response to environmental factors and are also significant

from a regional perspective. Discovering that this fossil penguin is a new species

is rewarding for the Hamilton Junior Naturalist Club, the group who found and

recovered it, and it encourages other young people to connect with nature and make

their own discoveries.

The second part of the research aimed to establish the importance of structural

constraints on estimates of body mass of extinct penguins in the general context of

avian diversity and is reported in Chapter 3. The historical constraints were modeled
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from the distribution of phylogenetic trees that were estimated in Chapter 2 and

the role of adaptation was modeled from published ecological bird classifications

(Pigot et al., 2020). Bird body mass was estimated using Bayesian-informed models

of growing complexity by taking advantage of the humeral articular facet of the

coracoid (HAF, Field et al., 2013) and the entire femoral volume.

Phylogenetic information provided as a tree did not help explain more variation in

the models of species-averaged body mass against the femur volume of individuals.

However, including taxonomic order as a discrete variable did improve the mod-

els and ultimately represented the optimal trade-off between over-parameterisation

and under-parameterisation. In addition, including ecological factors did not sig-

nificantly improve body size estimation, suggesting that the relationship between

HAF, femur volume and body mass represents a true functional constraint (McEl-

reath, 2020; Pearl, 2009). Most importantly, the best performing model applied

to femur volume and coracoid HAF provided concordant body mass estimates for

extinct penguins, except in the case of early Paleocene taxa. These results sug-

gested that many giant penguins were smaller than have previously been estimated

(Jadwiszczak, 2009; Mayr, Scofield, et al., 2017). However, an important caveat to

consider is that femur volume is total internal volume, and as described in Chapter

1, penguins have osteosclerotic bones. Future revisions to the models presented here

may consider cross-sectional strength, or proportion of bone mineral vs. air and

soft-tissue.

The aim of Chapter 4 was to evaluate the role of adaptation on the shape of

penguins by estimating the rates of evolution for traits from different locomotory

modules (i.e. humerus and tarsometatarsus) with two analytical approaches. These

approaches followed the constructional morphology framework by accounting for the

historical and structural constraints. The first method used a morphological clock

analysis (Álvarez-Carretero et al., 2019) performed over the phylogeny produced in

Chapter 2 (historical apex) and applied to a dataset for which the trait correlation

matrix R was estimated (structural apex, as mentioned in Chapter 4 section 1.1;
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Cheverud, 1982; Love et al., 2021. Results from this first method highlight that the

humerus and tarsometatarsus experienced different rates of evolution. The humerus

experienced more uniform and steady changes from the early Paleocene to present

day, whereas the tarsometatarsus experienced more heterogeneous fluctuations in

the rate of change.

The second method used the posterior distribution of trees resulting from the

FBDT of Chapter 2 (historical apex) combined with a penalised likelihood (PL)

approach for the estimation of character evolution (structural apex, as mentioned

in Chapter 4 section 1.1). Using this second method it was possible to visualise and

estimate the morphospace occupation through time for stem and crown penguins,

revealing that changes in the morphology of the humerus decreased uniformly from

the Paleocene to present day whereas the change of morphology of the tarsometatar-

sus was more abrupt in the earlier stages of penguin evolutionary history. The PL

method applied to a distribution of phylogenetic trees to assess morphospace occu-

pation was developed for this thesis and the results show the accuracy of the method:

fossils that were not included in the phylogenetic analysis generally do not fall far

outside their expected areas when projected into the morphospace.

5.2 A morphospace for penguin humeri and tar-

sometatarsi

An important synthesis about the evolution of penguin phenotypes can be visu-

alised by adding the estimated body masses from Chapter 3 to the humerus and

tarsometatarsus morphospaces generated in Chapter 4 (Fig. 5.1), and then drawing

hypothetical evolutionary trajectories on these morphospaces (Fig. 5.2).
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Figure 5.2: Evolutionary trajectory of the humerus (A) and the tarsometatarsus (B)
for penguins in relation to body mass. Areas of morphospace occupation are defined
from Chapter 4 whereas the arrows aims to describe the overall trajectory through
time. Splines determine interpolated body mass in kilograms.

The humerus morphospace is based on principal component one (PC1) and PC2

which together explain approximately 52% of the shape variation in the dataset.

Across the evolutionary history of penguins the humerus becomes initially wider

and then narrow again whereas the margin of the tricipital fossa tends to uniformly

flatten from Paleocene penguins towards modern penguins. The shape evolution of

the humerus is represented in the PC1 and PC2 morphospace by an initial increase

in PC1 values followed by a decrease in PC1 values, and a general decrease in PC2

values (Fig. 5.2A, black arrow). This evolutionary trajectory was traced by approx-

imately following the backbone of the phylogenetic tree overlain on the morphospace

(Fig. 4.12 - 4.13 ).

The PC1 and PC2 morphospace for the tarsometatarsus explains approximately

45% of the shape variation in the dataset. Across the evolutionary history of pen-

guins the tarsometatarsus became more squared, and then again more elongated

but just for smaller taxa, and the curvature of the lateral margin was gradually

lost. The shape evolution of the tarsometatarsus is represented in the PC1 and

PC2 morphospace by an initial decrease in both PC1 and PC2 values followed by a

subsequent increase in both PC1 and PC2 values (Fig. 5.2B, black arrow).
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Much of the insight into penguin evolution is gained here from the body mass

and humerus shape relationship as opposed to evolutionary patterns in the shape of

the tarsometatarsus. In contrast to the humerus, the two most important sources

of shape variation in the tarsometatarsus dataset (i.e. PC1 and PC2) appear to

be highly correlated with size: smaller crown penguins weighing less than 10 kg

have more positive values along both axes (Fig. 5.1B) and larger genera like Apten-

odytes and Kairuku that may reach up to 40 kg have more negative PC1 and PC2

values (Fig. 5.1B). This suggests that there is a strong allometric signal in the

tarsometatarsus morphospace (Klingenberg, 2016). Given that broadly contempo-

raneous species show a diversity of body sizes for most of the history of penguins, the

shape of the tarsometatarsus is here hypothesised to be changing as a consequence

of body size and not be a driver of penguin diversification.

The PC1 and PC2 morphospace for the humerus shows different sized pen-

guins sharing similar shapes (Fig. 5.1A). If the evolutionary trajectory for humerus

shape (Fig. 5.2A, black arrow) is compared to estimated body mass (Fig. 5.1A)

then a series of implications arise from the perspective of the adaptive landscape

metaphor (i.e. sensu S. Wright, 1932). For example, early penguins including Sequi-

waimanu rosieae, Muriwaimanu tuatahi, Kaiika maxwelli and Kuopoupou stilwelli

have humeri (Fig. 5.1A) that exhibit a relatively small head, a less flattened shaft,

smaller and more horizontal margins of the tricipital fossa, and have body masses

ranging from below 10 kg up to 30 kg. Crown taxa instead have humeri with a wider

dorsoventral surface, more straight anterodorsal margins, relatively wider tricipital

fossae, and range in body mass from 1 kg to 45 kg. Lastly, species with the most

positive PC1 score values (Fig. 5.2A, center right) include Pachydyptes ponderosus,

Platydyptes spp. and Icadyptes salasi, which have humeri with extremely widened

shafts and relatively enlarged heads. The body mass of Pachydyptes ponderosus

probably surpassed 50 kg. Other extinct taxa like Kairuku spp., Archaeosphenis-

cus lowei, DM1449 (the “Seal rock specimen”) and Anthropornis nordenskjoeldi that

were as large as living emperor penguin or larger tend to both fill the more central
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morphospace (i.e. do not have extreme PC1 or PC2 values) (Fig. 5.1B, center) and

fit the morphospace trajectory (Fig. 5.2A). The evolutionary pattern that emerges

is that penguins diversify with a range of body sizes upon gaining a given humerus

morphology. Eventually most of the species with a particular humerus shape be-

come extinct, and a surviving lineage with a more-derived morphology becomes

the progenitor for a subsequent diversification event (Fig. 5.2). As highlighted in

Chapter 4 this pattern is reminiscent of a punctuated-equilibrium mode of evolution

with sudden shifts in form that don’t lead to the coexistence of plesiomorphic and

apomorphic conditions (Gould & Eldredge, 1977). Further analysis with a more

complete and unbiased dataset would be required in order to confirm this pattern.

While the evolutionary pattern for humerus shape and body size is influenced by

the distribution of phylogenetic trees from Chapter 2, these trees did not include the

small Oligocene humerus OU 29177 "Pakudyptes hakataramea" that looks compar-

atively modern. OU 29177 is important for showing that unexpected morphologies

were explored by small taxa during the late Oligocene, given that OU 29177 has PC1

and PC2 score values that are unlike other humeri from other Oligocene penguins,

but which are more similar to crown penguins (Figs.5.1A and 5.2A). The unexpected

morphology of OU 29177 emphasises one of the most common paleontological sam-

pling biases that favors the retrieval of larger specimens (Brown et al., 2021; Brown

et al., 2013) and highlights that smaller taxa lived along to the “Oligocene giants”.

Moreover, the morphological similarity of OU 29177 to crown taxa may perhaps

suggest that the lineage of penguins that gave rise to the crown went through a

size reduction phase during the Oligocene. This hypothesis may be rejected if we

could recover a considerably larger crown-like humerus from the Oligocene but such

a specimen has yet to be found. Instead, if the small size OU 29177 is entirely due

to early ontogenetic stages it may provide even further insights about crown pen-

guin evolution. Consider that if early ontogenetic stages of the “Oligocene giants”

are reminiscent of a crown-like morphology then it may even suggest that morpho-

logical novelties of the crown could be achieved through neoteny. To confirm such
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hypothesis still more evidence would be required, especially from investigations in

developmental studies.

Regardless of the way size changed through time, the size reduction hypothesis

has some appealing implications especially given that the origin of penguins from a

small-sized bird was originally proposed by Simpson (1946), and it has often been

suggested that size may be a trait with substantial genetically-controlled variation

(i.e. variation from growth rate or developmental timing that is subject to selection,

Clarke et al., 2007; Ksepka et al., 2006; Mayr, Scofield, et al., 2017; Tambussi et al.,

2005) as well as often representing a "line of least evolutionary resistance" (Marroig

& Cheverud, 2005, 2010). Crucially, the humeral morphospace may even suggest

that size variation has the potential to become a mechanism that contributes to

cladogenesis by easing the trajectory of a given lineage over the hills of an adaptive

landscape. Consider that the transition towards wing-propelled diving in an aerially-

volant bird probably required the wing to be a locomotory module suited to flying

and swimming at the same time. The tradeoff for flapping locomotion in air as well

as in water is perhaps achievable for smaller birds but becomes more of a constraint

for larger birds unless flight capability is sacrificed (Ksepka et al., 2006). The step of

reducing and then increasing size perhaps did not occur just at the early radiation of

the penguin clade, but as observed in the humerus morphospace, may have occurred

multiple times during penguin evolution. Within more derived penguins the driver

towards smaller body sizes may be foraging efficiency, echoing the initial driver for

the initial transition into life in water. If body size changes through time help to

navigate morphological ‘sinkholes’ in a fitness landscape, then size could be the

driver by which penguins achieved novel wing morphologies (flatter forelimb bones,

stiffened wing join) from the early Paleocene to modern day.

Lastly, the relatively short time to transition from land to sea in penguins is

a macroevolutionary pattern not dissimilar to what has often been observed in the

paleontological record during the land to sea transition for other tetrapods (Pyenson

et al., 2014; Pyenson & Vermeij, 2016). The majority of the evolutionary history
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of penguins involved a general morphological diversification whereas the functional

transition that enabled underwater locomotion had already occurred at the begin-

ning of Paleocene if not even during the Cretaceous. Another common aspect shared

between penguins and other marine tetrapods may be a strong relationship between

body size and the origin of morphological novelties. For example, body size may

have been an important driving factor for filter feeding in baleen whales (Fordyce &

Marx, 2018), as well as driving swimming efficiency in ichthyosaurs (Gutarra et al.,

2019) and plesiosaurs (Troelsen et al., 2019). Size variation can be extremely con-

strained in aerially-volant birds (Vizcaíno & Fariña, 1999) especially compared to

the size variation that marine vertebrates may achieve (McNeill Alexander, 1998).

By transitioning toward marine niches penguins and other organisms may effectively

relax selective pressures acting over size, allowing clades to diversify and evolution-

ary novelties to develop. These evolutionary hypotheses may be tested in future

studies by comparing developmental growth and fluctuations in body size through

the paleontological record.

5.3 The future of constructional morphology

Constructional morphology provides a general guideline for performing macroevo-

lutionary research. By compartmentalising the total analysis into discrete stages

it is possible to outline the key parts that are needed (here these key parts were

phylogeny estimation, trait inference and morphospace reconstruction coupled with

rates estimation). Although what was achieved in this thesis is mostly an attempt

to incorporate a morphodynamics interpretation of constructional morphology from

Seilacher (1970) into a structured workflow pipeline, future improvements might

condense all steps into a better integrated method.

During my research into Bayesian statistical data analysis for this thesis I had

the opportunity to investigate causal inference analysis (e.g. McElreath, 2020; Pearl,

2009; Pearl et al., 2016), a type of approach that aims to quantify the causal links

between two separate factors. While we are aware that “correlation does not imply
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causation”, we also know that causation can be reliably measured, and tradition-

ally this task has often been achieved with randomised control trials (Shrier, 2013).

However, for evolutionary biologists, paleontologists, ecologists, and natural scien-

tists in the broader sense, conducting a randomised control trial experiment is often

not possible. Instead, causal inference can be achieved with a series of adjustments

that aim to account for potential confounders that are acting between two variables

of interest (Pearl et al., 2016). The method takes advantage of a directed acyclic

graph (DAG)(Fig. 5.3) and has its origins in an approach developed by Sewall S.

Wright (1921) to assess the impact of different factors on the development of Guinea

pigs (Pearl & Mackenzie, 2017)). In general terms, the first step is tracing down

in graph structure the possible confounders that act over our variables of interest

(Fig. 5.3A). The next step is to hypothesise how variables interact with one another

in causal terms (Fig. 5.3B). Finally, by excluding some variables following a set of

graph rules (McElreath, 2020; Pearl et al., 2016), the impact of a specific variable

over another can be estimated (Fig. 5.3C-D). By designing an experiment using a

DAG it is possible to assess which variables need to be included and which need to

be excluded in any given analysis.

Although Seilacher did not originally present constructional morphology to be

read under a rigorous statistical light (Seilacher, 1970), the aptive triangle is rem-

iniscent of the structure of a DAG, with three major variables interacting between

each other. With a series of adjustments to the structure of the aptive triangle,

the resulting DAG may incorporate the phylogeny and variables describing the phe-

notype and other aspects of the organism, along with potential confounders, and

thus enable the quantification of cause and effect over complex macroevolutionary

events. Causal inference in a comparative context has already been formalised by

(Pagel, 1994) to assess the causational impact between two characters. However,

recent developments in evolutionary psychology and anthropology have allowed the

development of a latent variable analysis performed over a complex dataset of mul-

tivariate traits with an underlying phylogeny (Ringen et al., 2021). Given these
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Figure 5.3: A directed acyclic graph (DAG) causal pipeline for the scenario of esti-
mating the impact of variable α over variable Y. A) All potential confounds are first
traced down on paper as nodes. B) Next, an hypothetical net of causal relations is
drawn connecting each node. C) After deciding the causal relation to investigate
(solid line), D) a series of rules (McElreath, 2020; Pearl et al., 2016) determines
which variables to include (black) and which to exclude (light gray).

advancements it would be possible to extend the analysis to more than two traits,

even to large multivariate shape datasets, like the ones deriving from geometric

morphometrics (Bardua, Wilkinson, et al., 2019; Felice et al., 2021).

Exploring a DAG-informed experimental design is a possible future direction

for research using the aptive triangle approach. Overall, however, I hope that this

research may have contributed to highlight the strengths of the constructional mor-

phology framework to study present and past forms of life.
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Publication of Kairuku waewaeroa

The following section will include the paper published on the Journal of Vertebrate

Paleontology that described Kairuku waewaeroa.
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A GIANT OLIGOCENE FOSSIL PENGUIN FROM THE NORTH ISLAND OF NEW ZEALAND
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ABSTRACT—Penguins (Sphenisciformes) have arguably the most complete and continuous fossil record of any avian clade,
offering an ever-improving understanding of penguin phylogeny, biogeography, and the evolution of wing-propelled diving.
Yet, our knowledge of the precise body proportions of stem-group penguins remains poor due to a dearth of articulated
specimens. Here, we describe Kairuku waewaeroa sp. nov., a new giant penguin species from the Glen Massey Formation
(Whaingaroan stage, 34.6–27.3 Ma). The holotype skeleton, discovered in Kawhia Harbour, North Island, New Zealand, is one
of the most complete skeletons of a giant penguin yet uncovered. Our phylogenetic analysis recovers a clade uniting the New
Zealand endemics Kairuku waewaeroa, Kairuku waitaki, and Kairuku grebneffi, which is supported by synapomorphies
including a stout femoral shaft and tibiotarsi with a distinctly convex medial condyle. Kairuku waewaeroa is unique among
stem penguins in having elongate tibiotarsi, revealing a new long-legged stem penguin body plan. The discovery of Kairuku
waewaeroa contributes yet another penguin species to an Oligocene avifauna for Zealandia that is replete with giant birds.

http://zoobank.org./urn:lsid:zoobank.org:pub:8B8EBB57-80CB-4720-920D-7DABC5E5B95B
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North Island of New Zealand. Journal of Vertebrate Paleontology. DOI: 10.1080/10.1080/02724634.2021.1953047

INTRODUCTION

Penguins have a broad austral distribution and a fossil record that
spans almost the entire Cenozoic. Since the first report of a fossil
penguin by Thomas Henry Huxley (1859), the fossil record for
these diving birds has grown to more than 60 species (Jadwiszczak,
2009; Ksepka andAndo, 2011; Mayr, 2017). The rich fossil record of
penguins has provided much insight into the evolution of adap-
tations to a secondarily aquatic existence in penguins and has pro-
vided a valuable case study for the evolution of adaptation itself
(Simpson, 1953).Whilemodern penguins appear to have a relatively
conservative bauplan, the fossil record has revealed a wide range of
body size and shape variation for penguins. In recent years, discov-
eries have improved our understanding of how penguins diversified
shortly after the Cretaceous–Paleogene extinction and documented
the presence of many “giant” Paleogene species (Jadwiszczak, 2001;
Slack et al., 2006; Clarke et al., 2007; Ksepka et al., 2012; Acosta
Hospitaleche, 2016; Mayr et al., 2017a; Mayr et al. 2019). Phyloge-
netic analyses suggest that giant penguins do not represent a
clade, but that multiple lineages of penguins attained larger size
independently and that these species may instead represent an
example of parallel evolution (Clarke et al. 2007; Chávez Hoffmeis-
ter et al., 2014; Gavryushkina et al., 2017; Mayr et al., 2017b).
Despite the aforementioned abundance in specimens, many

fossil penguins (including most ‘giant’ species) are incomplete
and disarticulated. Among the earliest penguins the most
notable taxa in term of completeness and size are respectively
Sequiwaimanu rosieaeMayr, De Pietri, Love,Mannering, and Sco-
field, 2017 and Kumimanu biceae Mayr, Scofield, De Pietri, and

Tennyson, 2017 whereas in regard to Oligocene giants some of
the most complete specimens belong to the genus Kairuku
Ksepka, Fordyce, Ando, and Jones, 2012. These latter specimens
revealed a tall and thin body plan which differed substantially
from even the largest modern species (Emperor Penguin
Aptenodytes forsteri and King Penguin Aptenodytes patagonicus).
Here, we describe a new species ofKairuku fromKawhia Harbour
in the North Island of New Zealand that shows key similarities
with the previously described Kairuku specimens, but also
reveals a different overall body shape. The new fossil is also of
regional importance: the South Island of New Zealand has histori-
cally been one of the most productive localities worldwide for
fossil penguins (Fordyce and Jones, 1990), whereas records from
the North Island have long been limited to a few fragmentary
specimens (Marples and Fleming, 1963; Grant-Mackie and
Simpson, 1973; Thomas and Ksepka, 2016).
Institutional Abbreviations— AMNH, American Museum of

Natural History, New York, USA; BMNH, Natural History
Museum, Tring, UK; CM, Canterbury Museum, Christchurch,
New Zealand; MUSM, Museo de Historia Natural, Universidad
Nacional Mayor de San Marcos, Lima, Peru;NMNZ, Museum of
New Zealand Te Papa Tongarewa, Wellington, New Zealand;
OM, Otago Museum, Dunedin, New Zealand; OU, Otago Uni-
versity, Dunedin, New Zealand; UA, The University of Auck-
land, Auckland, New Zealand; UCMP, University of California
Museum of Paleontology, Berkeley, CA, USA; WM, Waikato
Museum Te Whare Taonga o Waikato, Hamilton, New Zealand.

MATERIALS AND METHODS

Comparative Material

Specimens compared for this study included:Archaeospheniscus
lowei Marples, 1952 OM GL407; Anthropornis nordenskjoeldi

*Corresponding author
Color versions of one or more of the figures in the article can be found

online at www.tandfonline.com/ujvp.
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Chapter 3 Additional material

The following section will include the parameter estimates from both HAF and

Femur Bayesian models (Table B.1) along with the results from the body mass Re-

estimation step (Table B.2) and the body mass estimates for fossil specimens that

preserved femurs (Table B.3).

204



Appendix B

Table B.1: Parameter estimates for all models estimated in chapter 3. Mean rep-
resents the average from the posterior weights estimates, whereas upper and lower
denote the 89% credible interval

Model
number Parameter Mean Standard

deviation Lower Upper

β 2.45 0.01 2.44 2.47
α 1.99 0.01 1.97 2.01I
σ 0.20 0.00 0.19 0.21
β 2.44 0.01 2.42 2.47
α 2.35 0.06 2.26 2.44

HAF

II
σ 0.17 0.00 0.16 0.17
β 0.84 0.01 0.82 0.86
α 6.12 0.02 6.08 6.16I
σ 0.44 0.02 0.42 0.47
β 0.84 0.01 0.82 0.86
α 6.93 0.08 6.80 7.06II
σ 0.31 0.01 0.29 0.33
β 0.84 0.01 0.81 0.86
α 6.76 0.08 6.64 6.89III
σ 0.31 0.01 0.29 0.33
β 0.85 0.01 0.83 0.87
α 6.50 0.03 6.45 6.54IV
σ 0.38 0.02 0.35 0.40
β 0.85 0.01 0.83 0.87
α 6.49 0.03 6.44 6.54V
σ 0.38 0.02 0.35 0.40
β 0.36 0.03 0.31 0.41
α 3.13 0.75 1.93 4.32VI
σ 2.68 0.11 2.51 2.85
β 0.28 0.03 0.22 0.33
α 5.38 0.87 3.97 6.76VII
σ 2.43 0.10 2.27 2.59
β 0.75 0.02 0.72 0.77
α 6.04 0.16 5.79 6.30
η2 0.24 0.03 0.19 0.29VIII

ρ2 3.06 0.24 2.67 3.44
β 0.76 0.02 0.74 0.79
α 6.29 0.15 6.04 6.53
η2 0.21 0.03 0.17 0.25

Femur

IX

ρ2 3.08 0.24 2.70 3.47
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Table B.2: Body mass estimates from or the femur validation test set phase. Esti-
mated average body mass reported for each model, as well as the lower and upper
89% credible intervals, along with the real body mass for each bird.

Species Observed Model Mean Lower Upper

I 0.16 0.15 0.17

II 0.18 0.17 0.19

III 0.18 0.17 0.19

IV 0.2 0.19 0.21

V 0.2 0.19 0.21

VI 0.3 0.08 0.68

VII 0.29 0.09 0.65

VIII 0.25 0.17 0.35

Aethia

psittacula
0.27

IX 0.26 0.17 0.36

I 0.32 0.31 0.33

II 0.35 0.33 0.37

III 0.35 0.33 0.37

IV 0.39 0.37 0.41

V 0.39 0.37 0.41

VI 0.57 0.14 1.45

VII 0.52 0.15 1.16

VIII 0.57 0.38 0.8

Alca

torda
0.73

IX 0.57 0.39 0.8

I 5.11 4.72 5.49

II 10.26 8.98 11.62

III 9.93 8.69 11.26

IV 6.64 6.15 7.15

V 6.56 6.1 7.06

VI 26.21 3.84 75.5

Aptenodytes

patagonicus
11.72

VII 25.3 4.76 67.05

Continued on next page
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Table B.2 – Continued from previous page

Species Observed Model Mean Lower Upper

VIII 14.69 9.16 22Aptenodytes

patagonicus
11.72

IX 14.74 9.46 21.99

I 5.23 4.89 5.62

II 4.05 3.33 4.85

III 4.24 3.55 5.01

IV 4.36 3.72 5.05

V 4.36 3.79 4.98

VI 4.3 1.03 10.83

VII 4.16 1.26 9.19

VIII 4.35 2.85 6.26

Apteryx

haastii
2.05

IX 4.29 2.89 6.01

I 0.52 0.5 0.54

II 0.36 0.31 0.4

III 0.37 0.32 0.42

IV 0.42 0.39 0.46

V 0.42 0.4 0.45

VI 1.46 0.08 4.96

VII 1.37 0.1 4.29

VIII 0.44 0.22 0.76

Bubulcus

ibis
0.37

IX 0.41 0.2 0.7

I 0.11 0.11 0.12

II 0.1 0.09 0.12

III 0.11 0.09 0.12

IV 0.08 0.07 0.09

V 0.08 0.08 0.09

Coenocorypha

pusilla
0.08

VI 0.09 0.06 0.13

Continued on next page
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Table B.2 – Continued from previous page

Species Observed Model Mean Lower Upper

VII 0.1 0.06 0.14

VIII 0.07 0.05 0.09
Coenocorypha

pusilla
0.08

IX 0.07 0.05 0.09

I 0.34 0.33 0.35

II 0.32 0.28 0.35

III 0.32 0.29 0.35

IV 0.27 0.25 0.29

V 0.27 0.26 0.29

VI 0.52 0.1 1.38

VII 0.49 0.12 1.17

VIII 0.36 0.23 0.52

Columba

vitiensis
0.35

IX 0.37 0.23 0.53

I 3.8 3.54 4.07

II 6.28 5.55 7.09

III 6.15 5.49 6.89

IV 4.91 4.58 5.26

V 4.86 4.54 5.21

VI 4.88 3.58 6.53

VII 4.64 3.53 5.98

VIII 5.94 4.71 7.37

Diomedea

exulans
8.19

IX 6 4.72 7.44

I 0.77 0.74 0.81

II 0.53 0.47 0.6

III 0.54 0.48 0.62

IV 0.97 0.92 1.02

Egretta

novaehollandiae
0.56

V 0.97 0.92 1.01

Continued on next page
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Table B.2 – Continued from previous page

Species Observed Model Mean Lower Upper

VI 0.73 0.13 1.78

VII 0.7 0.15 1.77

VIII 0.6 0.35 0.92

Egretta

novaehollandiae
0.56

IX 0.59 0.36 0.87

I 2.59 2.43 2.74

II 5.17 4.56 5.87

III 5.02 4.42 5.68

IV 3.32 3.11 3.53

V 3.28 3.08 3.5

VI 5.74 1.52 12.65

VII 5.57 1.75 12.05

VIII 5.28 3.58 7.54

Eudyptes

sclateri
3.45

IX 5.3 3.61 7.32

I 0.65 0.63 0.68

II 1.29 1.13 1.48

III 1.26 1.11 1.43

IV 0.81 0.78 0.85

V 0.81 0.77 0.85

VI 4.77 0.43 14.83

VII 4.55 0.56 14.2

VIII 1.42 0.81 2.24

Eudyptula

minor
1.16

IX 1.37 0.79 2.19

I 0.34 0.32 0.35

II 0.14 0.08 0.21

III 0.21 0.13 0.3

Falco

cenchroides
0.16

IV 0.26 0.23 0.29

Continued on next page
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Table B.2 – Continued from previous page

Species Observed Model Mean Lower Upper

V 0.26 0.23 0.29

VI 0.57 0.05 1.72

VII 0.99 0.1 3.26

VIII 0.22 0.11 0.35

Falco

cenchroides
0.16

IX 0.24 0.14 0.41

I 0.98 0.94 1.03

II 1.09 1.01 1.17

III 1.08 1.01 1.16

IV 0.81 0.75 0.87

V 0.8 0.75 0.86

VI 0.85 0.65 1.07

VII 0.82 0.64 1.04

VIII 1.02 0.84 1.24

Larus

dominicanus
0.99

IX 1 0.83 1.2

I 0.4 0.39 0.42

II 0.37 0.33 0.42

III 0.38 0.34 0.42

IV 0.32 0.3 0.35

V 0.33 0.3 0.35

VI 0.55 0.04 1.95

VII 0.5 0.04 1.8

VIII 0.38 0.2 0.63

Leucosarcia

melanoleuca
0.43

IX 0.4 0.22 0.66

I 1.39 1.32 1.46

II 1.01 0.88 1.16
Megapodius

eremita
0.68

III 1.03 0.89 1.18

Continued on next page
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Table B.2 – Continued from previous page

Species Observed Model Mean Lower Upper

IV 1.16 1.08 1.25

V 1.16 1.08 1.24

VI 4.82 0.03 15.38

VII 6.06 0.05 15.21

VIII 1.24 0.54 2.32

Megapodius

eremita
0.68

IX 1.29 0.57 2.4

I 0.03 0.03 0.04

II 0.03 0.02 0.03

III 0.03 0.02 0.03

IV 0.03 0.03 0.04

V 0.03 0.03 0.04

VI 0.1 0 0.35

VII 0.04 0 0.14

VIII 0.03 0.02 0.05

Passer

domesticus
0.03

IX 0.03 0.01 0.05

I 2.26 2.13 2.38

II 2.86 2.51 3.22

III 2.83 2.5 3.18

IV 2.89 2.72 3.08

V 2.87 2.71 3.04

VI 2.06 0.6 4.88

VII 1.91 0.59 4.32

VIII 2.7 1.85 3.79

Phalacrocorax

chalconotus
2.27

IX 2.65 1.84 3.68

I 1.78 1.7 1.88Phalacrocorax

ranfurlyi
2.5

II 2.22 1.96 2.5

Continued on next page
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Table B.2 – Continued from previous page

Species Observed Model Mean Lower Upper

III 2.21 1.93 2.5

IV 2.27 2.15 2.41

V 2.26 2.12 2.4

VI 4.48 0.2 15.77

VII 3.82 0.24 15.09

VIII 2.3 1.17 3.98

Phalacrocorax

ranfurlyi
2.5

IX 2.31 1.29 3.87

I 4.29 3.98 4.6

II 2.74 2.38 3.17

III 2.8 2.4 3.22

IV 3.66 3.38 3.97

V 3.67 3.37 3.98

VI 1.49 0.21 4.3

VII 1.16 0.18 3.16

VIII 1.95 1.1 2.91

Porphyrio

hochstetteri
2.76

IX 2.13 1.28 3.23

I 0.12 0.11 0.13

II 0.13 0.12 0.14

III 0.13 0.12 0.14

IV 0.14 0.14 0.15

V 0.14 0.14 0.15

VI 0.31 0.1 0.74

VII 0.33 0.09 0.72

VIII 0.21 0.14 0.28

Ptychoramphus

aleuticus
0.18

IX 0.21 0.14 0.29

0.01 I 0.01 0.01 0.01

Continued on next page
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Table B.2 – Continued from previous page

Species Observed Model Mean Lower Upper

II 0.01 0.01 0.01

III 0.01 0.01 0.01

IV 0.01 0.01 0.01

V 0.01 0.01 0.01

VI 0.1 0 0.36

VII 0.19 0.01 0.59

VIII 0.01 0 0.02

Rhipidura

fuliginosa
0.01

IX 0.01 0 0.02

I 0.08 0.07 0.08

II 0.09 0.08 0.09

III 0.09 0.08 0.09

IV 0.09 0.09 0.1

V 0.09 0.09 0.1

VI 0.16 0.07 0.31

VII 0.17 0.08 0.29

VIII 0.12 0.09 0.15

Sterna

hirundo
0.12

IX 0.12 0.08 0.15

I 0.09 0.08 0.09

II 0.08 0.07 0.1

III 0.09 0.07 0.1

IV 0.07 0.06 0.08

V 0.07 0.06 0.08

VI 0.1 0.02 0.29

VII 0.09 0.02 0.24

VIII 0.08 0.05 0.12

Tryngites

subruficollis
0.06

IX 0.08 0.05 0.11

Continued on next page
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Table B.2 – Continued from previous page

Species Observed Model Mean Lower Upper

I 0.15 0.14 0.16

II 0.09 0.08 0.11

III 0.1 0.08 0.11

IV 0.12 0.11 0.13

V 0.12 0.11 0.13

VI 1.17 0.01 4.14

VII 0.82 0.02 3.02

VIII 0.18 0.09 0.33

Turnix

varius
0.09

IX 0.19 0.08 0.34
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Table B.3: Body mass estimates for the Femur models for a set of extinct fossil pen-
guins. Measurements are expressed in kilograms (kg), mean represents the average
from the posterior body mass estimates, whereas upper and lower denote the 89%
credible interval.

Fossil Model Mean Lower Upper

I 12.1 11.0 13.3

II 23.7 20.6 27.2

III 23.0 20.2 26.0

IV 16.1 14.6 17.6

V 15.8 14.3 17.3

VI 17.7 6.8 35.2

VII 16.1 6.9 31.8

VIII 27.9 19.7 37.2

Aptenodytes ridgeni

IX 28.1 20.6 37.7

I 2.0 1.9 2.1

II 3.9 3.4 4.4

III 3.8 3.4 4.3

IV 2.6 2.4 2.7

V 2.5 2.4 2.7

VI 4.7 1.7 9.9

VII 4.6 1.9 8.8

VIII 3.9 2.8 5.3

Eudyptes atatu

IX 4.0 2.9 5.2

I 17.9 16.1 19.9

II 35.1 30.3 40.4

III 33.9 29.7 38.6

IV 23.9 21.6 26.4

GL429 Burnside

V 23.4 21.1 25.9

Continued on next page
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Table B.3 – Continued from previous page

Fossil Model Mean Lower Upper

VI 10.6 1.0 31.7

VII 8.5 0.9 27.4

VIII 23.2 11.9 39.3
GL429 Burnside

IX 22.2 11.7 36.1

I 17.5 15.7 19.4

II 34.2 29.6 39.4

III 33.0 28.9 37.6

IV 23.3 21.0 25.7

V 22.8 20.6 25.3

VI 16.5 0.5 59.1

VII 11.5 0.6 36.5

VIII 20.0 9.5 35.0

Kairuku grebneffi

IX 20.3 10.2 35.8

I 22.8 20.4 25.4

II 44.7 38.6 51.6

III 43.1 37.8 49.1

IV 30.6 27.5 34.0

V 29.9 26.9 33.3

VI 19.3 0.7 65.5

VII 12.4 0.6 46.3

VIII 25.5 12.2 44.9

Kairuku waewaeroa

IX 26.1 13.1 45.8

I 15.3 13.9 17.0

II 30.0 26.0 34.5Kairuku waitaki

III 29.0 25.5 33.0

Continued on next page
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Table B.3 – Continued from previous page

Fossil Model Mean Lower Upper

IV 20.4 18.5 22.5

V 20.0 18.1 22.1

VI 16.5 0.5 55.5

VII 10.7 0.5 37.4

VIII 17.6 8.2 31.7

Kairuku waitaki

IX 17.9 9.1 31.7

I 4.9 4.6 5.3

II 9.6 8.4 11.0

III 9.4 8.3 10.6

IV 6.4 6.0 6.9

V 6.3 5.9 6.8

VI 3.7 0.4 11.4

VII 2.9 0.4 7.9

VIII 6.0 3.0 10.3

Muriwaimanu tuatahi

IX 5.3 2.8 8.6

I 12.2 11.1 13.4

II 23.8 20.7 27.3

III 23.0 20.3 26.1

IV 16.1 14.7 17.7

V 15.8 14.4 17.4

VI 9.7 0.8 29.9

VII 7.3 0.7 24.7

VIII 16.5 8.5 27.7

Palaeeudyptes sealrock

IX 15.6 8.6 24.9

Sequiwaimanu rosieae I 6.5 6.0 7.0

Continued on next page
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Table B.3 – Continued from previous page

Fossil Model Mean Lower Upper

II 12.6 11.0 14.4

III 12.2 10.8 13.8

IV 8.4 7.8 9.1

V 8.3 7.7 9.0

VI 4.1 0.5 11.9

VII 3.1 0.5 9.0

VIII 7.6 4.0 12.9

Sequiwaimanu rosieae

IX 7.0 3.7 11.2

I 14.5 13.1 16.0

II 28.3 24.6 32.6

III 27.4 24.0 31.1

IV 19.2 17.4 21.2

V 18.8 17.1 20.8

VI 10.0 1.0 32.4

VII 7.7 0.8 25.0

VIII 19.3 9.6 33.7

Seymour OU22195

IX 18.3 9.8 29.6

I 2.8 2.6 3.0

II 5.4 4.8 6.1

III 5.3 4.7 6.0

IV 3.6 3.4 3.8

V 3.5 3.3 3.8

VI 4.6 0.4 14.3

VII 4.6 0.5 14.0

Seymour Ref 11

VIII 4.4 2.2 7.3

Continued on next page
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Fossil Model Mean Lower Upper

Seymour Ref 11 IX 4.0 2.1 6.3

I 19.8 17.7 21.9

II 38.6 33.4 44.5

III 37.3 32.7 42.5

IV 26.3 23.8 29.2

V 25.8 23.3 28.6

VI 11.1 1.1 38.0

VII 8.2 1.0 24.6

VIII 25.3 12.9 43.0

Seymour Ref 31

IX 24.4 13.1 40.4
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Chapter 4 Additional material

Landmark configuration

This section will describe the landmarks configuration for humerus and tarsometatar-

sus used in Chapter 4 (Fig. 4.2-4.3). The humerus will be oriented as in a “swim-

ming” position for purposes of the description below. This follows the recent sugges-

tion of Richards (2019), who considered that the vertical posture of penguins results

in the terms "cranial" and "caudal" being applied to different faces of the flipper

than when applied to the wings of a typical bird. Humerus curves were defined by

a total of ten points including the fixed landmarks at the beginning and end of the

curves. Likewise, tarsometatarsus curves one to nine were defined by a total of ten

points, and tarsometatarsus curves ten to 16 were defined by 16 points, including

the fixed landmarks at the start and end points.

Humerus

• Fixed landmark 1: Intersection point between the articular facet of the

humeral head and the caudal margin of the scar of m. supracoracoideus.

• Fixed landmark 2: Intersection point between the articular facet of the

humeral head and the secondary tricipital fossa caudal margin of the scar of

m. supracoracoideus.

220



Appendix C

• Fixed landmark 3: Midpoint between previous and next landmark follow-

ing the curve defined by the boundary between the incisura capitis and the

articular facet of the humeral head.

• Fixed landmark 4: Point where the sulcus transversus connects with the

capital incisure on the proximal side of the articular facet of the humeral

head side. Given that in some penguins these two features do not connect in

this case the point is the caudal most point of the sulcus transversus at the

intersection of the articular facet of the humeral head side.

• Fixed landmark 5: Midpoint between previous and next landmark following

the curve defined by the boundary between sulcus transversus and the articular

facet of the humeral head.

• Fixed landmark 6: Cranial-most point at margin between sulcus transversus

and the articular facet of the articular facet of the humeral head.

• Fixed landmark 7: Intersection point between the articular facet of the

humeral head and the cranial margin of the scar of m. supracoracoideus.

• Fixed landmark 8: Apex of articular facet of the humeral head seen in

caudal view.

• Fixed landmark 9: Distal-most point of the margin of the scar of m. supra-

coracoideus.

• Fixed landmark 10: Proximal-most point of the margin of the m. pectoralis

fossa.

• Fixed landmark 11: Distal-most point of the margin of the m. pectoralis

fossa.

• Fixed landmark 12: Base point of the posterior trochlear ridge facing the

proximal part of the bone.
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• Fixed landmark 13: Apex of the curve defined by the trochlear ridge seen

in dorsal view.

• Fixed landmark 14: Base of the sulcus for m. scapulotricipitalis seen in

distal view.

• Fixed landmark 15: Apex of articular facet of the dorsal condyle seen in

ventral view.

• Fixed landmark 16: Apex of articular facet of the ventral condyle seen in

ventral view.

• Curve 1: Curve defined by the margin of the fossa pneumotricipitalis. The

starting point is defined by the distal-most point of the margin of the scar of

m. scapulohumeralis. Curve end point is the distal-most point of the margin

of the scar of m. coracobrachialis.

• Curve 2: Curve defined by the caudal margin of the humeral shaft. The

starting point is defined by the distal-most point of the margin of the scar of

m. latissimus dorsi. Curve end point is the base of the anterior trochlear ridge

furrow seen in ventral view.

• Curve 3: Curve defined by the anterior margin of the humeral shaft. The

starting point is defined by the apex of the tuberculum dorsale. Curve end

point is the boundary articular facet of the dorsal condyle seen in anterior

view.

Tarsometatarsus

• Curve 1: Curve defined by the margin of the medial cotyle. The starting

point is defined by the dorsal projection on the rim of the lateral-most point

of the cotyle. Curve end point is the plantar projection on the rim of the

lateral-most point of the cotyle.
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• Curve 2: Curve defined by the margin of the lateral cotyle. The starting

point is defined by the plantar projection on the rim of the medial-most point

of the cotyle. Curve end point is the apex of the eminentia intercotylaris.

• Curve 3: Curve defined by the medial margin of metatarsal II shaft. The

starting point is defined by the base of the medial margin of the shaft at the

boundary with the m. abductor digiti II. Curve end point is the proximal

margin of the depression on the medial surface of the second trochlea.

• Curve 4: Curve defined by the cranial margin of metatarsal II shaft. The

starting point is defined by the base of the cranial margin of the shaft at the

boundary with the retinaculum extensorium tarsometatarsi. Curve end point

is the base of the sulcus between the second and third trochleae.

• Curve 5: Curve defined by the cranial margin of metatarsal III shaft. The

starting point is defined by the distal margin of the tuberositas m. tibialis

cranialis. Curve end point is the proximal margin of the articulatory facet of

trochlea III.

• Curve 6: Curve defined by the cranial margin of metatarsal IV shaft. The

starting point is defined by the distal margin of the impression of ligamentum

lateralis collateralis on the cranial side. Curve end point is the proximal margin

of the articulatory facet of trochlea IV.

• Curve 7: Curve defined by the lateral margin of metatarsal IV shaft. The

starting point is defined by the base of the medial margin of the shaft at the

boundary with the m. abductor digiti IV. Curve end point is the proximal

margin of the depression on the lateral surface of the fourth trochlea.

• Curve 8: Curve defined by the crista hypotarsi lateralis. The starting point

is defined by the proximal base of crista hypotarsi lateralis. Curve end point is

the proximal end of the foramen vascularis proximalis lateralis. Curve follows

the margin given by the bony crest.
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• Curve 9: Curve defined by the plantar depression between III and IV metatarsals.

The starting point is defined by the distal end of the foramen vascularis prox-

imalis lateralis. Curve end point is sulcus between third and fourth trochleae.

Curve follows the depression between the metatarsals.

• Curve 10: Curve defined by the crista hypotarsus medialis. The starting

point is defined by the proximal base of crista hypotarsi medialis. Curve end

point is the proximal end of the foramen vascularis proximalis medialis at the

distal base of the bony crest.

• Curve 11: Curve defined by the medial margin of the articular facet of

trochlea II. On trochlea II the starting point is defined by the proximal end of

the medial margin on the dorsal face. Curve end point is the proximal end of

the medial margin on the plantar face.

• Curve 12: Curve defined by the lateral margin of the articular facet of

trochlea II. On trochlea II the starting point is defined by the proximal end of

the lateral margin on the dorsal face. Curve end point is the proximal end of

the lateral margin on the plantar face.

• Curve 13: Curve defined by the medial margin of the articular facet of

trochlea III. On trochlea III the starting point is defined by the proximal

end of the medial margin on the dorsal face. Curve end point is the proximal

end of the medial margin on the plantar face.

• Curve 14: Curve defined by the lateral margin of the articular facet of

trochlea III. On trochlea III the starting point is defined by the proximal

end of the lateral margin on the dorsal face. Curve end point is the proximal

end of the lateral margin on the plantar face.

• Curve 15: Curve defined by the medial margin of the articular facet of

trochlea IV. On trochlea IV the starting point is defined by the proximal
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end of the medial margin on the dorsal face. Curve end point is the proximal

end of the medial margin on the plantar face.

• Curve 16: Curve defined by the lateral margin of the articular facet of

trochlea IV. On trochlea IV the starting point is defined by the proximal

end of the lateral margin on the dorsal face. Curve end point is the proximal

end of the lateral margin on the plantar face.
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Figure C.1: Distributions of ages of selected clades in the morphological clock analy-
ses performed on the humerus dataset with 61 to 180 Ma root origin prior (red) and
tarsometatarsus 61 to 350 Ma (blue). Plots represent densities resulting from the
Markov Chain Monte Carlo independent rates analyses. Numbers on the horizontal
axes represent time in millions of years.Note that except from the root all clade
origins rest unchanged.
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