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Abstract 

Reconstructing locomotor patterns from fossils is crucial for understanding the 

origins of primates and important transitions in various primate clades.  Recent studies 

suggest that the semicircular canals of the inner ear provide evidence about locomotion.  

The canals sense rotational head accelerations and drive reflexes essential for normal 

movement.  Because bony aspects of canal morphology influence canal sensitivity, this 

system can be studied in osteologic specimens and fossils.  Variation in canal 

morphology in living and, by inference, extinct primates has been attributed to 

interspecific differences in locomotor behavior.  However, the manner in which 

movement selects for canal morphology is debated, alternative scenarios are plausible, 

and no relevant measurements are available documenting head movements in primates. 

To refine proposed links between canal morphology and locomotor function, and 

to resolve conflicting functional interpretations, this study examines head rotations in 

lemurs and lorises exhibiting diverse locomotor behaviors.  Three-dimensional kinematic 

analyses were used to characterize angular velocities of the head during locomotion.  

These data are used to test hypotheses concerning intraspecific, interspecific, and body-

size dependent variation in head rotations.  Cranial CT scans are used to model canal 

sensitivity to rotations in different directions.  Observed patterns of head rotation are 

compared to predicted patterns of sensitivity to test hypotheses about the relationship 

between locomotor behavior and canal design. 

Evaluation of existing locomotor inferences reveals that brain size exerts a 
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significant effect on canal size and that the prevailing equations for predicting agility 

from body and canal size are highly inaccurate.  Intraspecific comparisons between maps 

of observed angular velocity and predicted sensitivity allow identification of map types 

associated with different general locomotor modes and do not support existing 

hypotheses about the primary selective forces acting on canal morphology.  The new data 

are used to formulate and test a novel “fast-accurate hypothesis” to explain why all 

vertebrates are more sensitive to rotations about some axes than others.  The fast-accurate 

hypothesis stipulates that angular velocities presented about axes of mean sensitivity are 

most accurately interpreted by the brain, and that selection aligns axes of mean sensitivity 

with axes of habitually fast rotation because accurate perception of rapid rotations confers 

survival benefit.  The fast-accurate hypothesis was used to predict which features of the 

canals should be correlated with high mean angular velocities of head movement.  Novel 

equations that predict behavior from these newly identified canal morphologies were 

generated and found to outperform existing equations when tested on the original sample 

of 11 strepsirrhine species.   
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1. Introduction 

1.1 Study purpose and existing problems 

Semicircular canal morphology may offer clues about locomotion in extinct taxa 

that are separate and distinct from the information provided by postcranial remains.  

Understanding how behavior selects for canal morphology is important for making 

accurate inferences of this nature and for setting the limits of locomotor inferences that 

can be made from morphology.  This thesis evaluates competing hypotheses about the 

adaptive significance of semicircular canal variation, the underpinnings of labyrinthine 

interspecific allometry, and the attendant validity of reconstructing locomotion in extinct 

primates.   

The semicircular canals sense rotational head movements and contribute to 

important reflexes during movement (Allum et al. 1995; Angelaki and Cullen 2008).  If 

locomotor behaviors cause nonrandom head rotations, and if canal morphology 

influences sensitivity to angular acceleration, then canal shape may be selectively tuned 

to those head rotations produced by a species’ locomotor repertoire.  While the 

morphologic bases of canal sensitivity are becoming quite clear, patterns of head rotation 

have remained poorly described.  Using three-dimensional kinematic experiments to 

examine a diverse strepsirrhine sample, this study provides the first quantitative 

characterization of locomotor head rotations, and thus the stimuli presented to the inner 

ear, in a comparative primate sample.  

Each inner ear features three bony semicircular canals, and each canal contains a 

membranous duct filled with endolymphatic fluid.  Head rotations cause inertial 
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endolymph displacements, which are detected and relayed to the brain.  Canal 

morphology thus governs fluid mechanics, which in turn influences canal sensitivity.  

Models of canal fluid dynamics predict that several features including canal radius of 

curvature (R) should be proportional to sensitivity (Oman et al. 1987; Rabbitt 1999; 

Steinhausen 1933).  Recent experiments have demonstrated that canal R and orientation 

reliably predict directional sensitivity to rotations about different axes (Yang and Hullar 

2007). 

Because some animals have greater average sensitivity to rotations than others, 

and because every animal is more sensitive to rotations about some axes than other axes, 

it is generally held that high vestibular sensitivity confers selective advantage as some 

function of a species’ pattern of head rotation.  However, the selective determinants of 

vestibular sensitivity remain ill defined.  The central purpose of this thesis is to determine 

if and how patterns of head movement are associated with morphologically-driven 

patterns of vestibular sensitivity.  The results will be used to test long-standing 

assumptions about the selective agents behind canal form and to refine models for 

making inferences about locomotor adaptation in extinct taxa. 

1.1.1 Problem of fast-sensitive versus slow-sensitive hypotheses 

Comparative biologists have used adaptive arguments to explain variation in canal 

morphology, but the selective determinants of canal design are debated in part because 

head movements have only been qualitatively characterized.  Jones and Spells found that 

larger species exhibit absolutely larger average values for R.  Assuming larger species 

have slower head movements, they theorized that sensitive canals are adaptive for 
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detecting low amplitude angular velocities (Jones and Spells 1963); I term this the “slow-

sensitive hypothesis.”  Conversely, others have observed that seemingly more agile 

species have larger average R measurements than slower species of similar size (Spoor et 

al. 2007).  As a result, some argue that sensitive canals are adaptive for resolving high 

amplitude angular velocities, which I will refer to as the “fast-sensitive hypothesis.”  

Both the slow- and fast-sensitive hypotheses seek to reconcile a species’ overall 

sensitivity, as suggested by the average measurement of R, with its overall rapidity of 

motion.  These competing hypotheses have not been rigorously tested, yet both 

hypotheses have been used to make a variety of inferences about the locomotor behavior 

of extinct species.  In the absence of data on head movements from a comparative 

sample, it has been impossible to determine whether the fast-sensitive hypothesis, slow-

sensitive hypothesis, or in fact some other explanation best accounts for variation in 

vestibular sensitivity.  

1.1.2 Problem of anisotropic sensitivity maps 

As demonstrated by neurophysiologic experiments, every animal is more sensitive 

to rotations about some axes than others (Ezure and Graf 1984a; Highstein et al. 2005; 

Rabbitt 1999).  Thus, vestibular sensitivity is anisotropic, meaning it varies depending on 

the direction of the rotational axis.  However, why an animal would benefit from being 

more sensitive to rotations about some axes than others has never been explained.  

1.1.3 Conflicting inferences about directional rotations 

The relative dimensions of semicircular canals within an organism have been used 

to make crude estimates about patterns of anisotropic variation in sensitivity; the largest 
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canals lie approximately perpendicular to axes of relatively high sensitivity.  

Paleontologists seeking to reconstruct locomotor preference have extrapolated from both 

the fast-sensitive and slow-sensitive hypotheses to arrive opposing conclusions about 

directional movements in life.  Importantly, there is no physiologic basis for applying one 

theory or the other to a given extinct species; the choice of fast-sensitive or slow-sensitive 

hypothesis has been a matter of researcher preference.  Specifically, canals with 

especially large R have been inferred to lie perpendicular to axes of slow rotation in 

certain dinosaurs, while similar canals have been argued to lie perpendicular to axes of 

rapid rotation in other dinosaurs, birds, and extinct mammals including primates (Clarke 

2005; Rogers 2005; Sanders and Smith 2005; Sipla 2007; Sipla et al. 2004; Spoor et al. 

2003; Spoor et al. 1994; Spoor and Zonneveld 1998; Zhou et al. 2007).  It is unknown 

whether either form of inference is valid because the relationship between directional 

sensitivity and patterns of directional rotation has never been examined in an extant 

species.   

1.1.4 Existing inferences about average rotations or agility 

Prevailing methods of behavioral reconstruction are based upon studies in which a 

subjective measure of overall speed, jerkiness of head movements, or agility is correlated 

with both body mass and R in extant animals.  Estimates of body mass and measurements 

of R are then used to infer agility in extinct species.  All existing reconstructions of 

average rotational speed have been based on fast-sensitive hypothesis.  However, it is not 

clear how much confidence should be attributed to canal-based inferences, especially in 

the setting of conflicting postcranial interpretations.  Additionally, the extent to which 
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brain size predicts R, over and above the effects of body mass and agility, has not been 

previously evaluated.  Brain size may be an important consideration because equations 

generated from one taxonomic group have been used to infer agility in species with 

different levels of encephalization.  For these reasons, an evaluation of existing canal-

based locomotor inferences is warranted. 

Table 1: Abbreviations used throughout this thesis 

Topic Abbreviation Description

Species Cm Cheirogaleus medius
Dm Daubentonia madagascariensis
Ef Eulemur fulvus
Em Eulemur mongoz
Gm Galago moholi
Hg Hapalemur griseus
Mm Microcebus murinus
Lc Lemur catta
Np Nycticebus pygmaeus
Pv Propithecus verreauxi
Vv Varecia variegata

Kinematics AVM angular velocity magnitude
AVMm mean of angular velocity magnitude
AVMwm weighted mean of angular velocity magnitude (weighted for locomotor budget)
AW arboreal walking (one of six study behaviors)
BL bipedal leaping (one of six study behaviors)
HL horizontal leaping (one of six study behaviors)
TR terrestrial running (one of six study behaviors)
TW terrestrial walking (one of six study behaviors)
VSL leaping among vertical supports (one of six study behaviors)

Morphology BM adult body mass (species mean)

BrM adult brain mass (species mean)
EL left porion (point at superior margin of left external auditory meatus)
ER right porion (point at superior margin of right external auditory meatus)
FPO orbitale (point at left infraorbital margin)
FPP Frankfort plane proxy (LAHC point rotated into predicted Frankfort plane)
LAHC point at anterior margin of the left hypoglossal canal
LAC left anterior semicircular canal
LHC left horizontal semicircular canal
LPC left posterior semicircular canal
NBM neonatal body mass
NBrM neonatal brain mass
R radius of curvature for a semicircular canal
RAC left anterior semicircular canal
RHC right horizontal semicircular canal
RPC left posterior semicircular canal
Rvar variance from mean of 6 measurements of R in a single specimen
SCR mean radius of curvature for six semicircular canals of one specimen
90var variance from 90 degrees for 6 approximately-orthogonal angles between

     semicircular canal planes in a single specimen
180var variance from 180 degrees for 6 approximately-coplanar angles between

     semicircular canal planes  in a single specimen

Statistics PGLS Phylogenetic generalized least squares  
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1.2 Semicircular canal anatomy, development, and function 

The vertebrate inner ear can be functionally divided into two parts.  An antero-

inferior section is variably specialized for detection of sound.  The poster-superior 

portion, which may be called the vestibule or labyrinth, includes structures for perceiving 

linear accelerations and a set of semicircular canals for detecting rotational accelerations 

in three dimensions (Graf 1988).  A semicircular canal is the tubular bony wall that 

encases a membranous semicircular duct.  The duct fills a greater cross-sectional 

proportion of the canal in smaller animals than in larger animals and is always tacked 

against the outer perimeter of the canal (Hashimoto et al. 2005; Igarashi et al. 1981; 

Igarashi et al. 1986; Ramprashad et al. 1984).  The semicircular canals are highly 

conserved, with all gnathostomes exhibiting three in a more or less orthogonal 

arrangement -- the anterior, posterior, and lateral canal (Angelaki and Cullen 2008; Carey 

and Amin 2006; Graf 1988). 

In life, each semicircular canal contains perilymphatic fluid, which bathes an 

endolymph-filled semicircular duct.  The perilymph does not directly participate in 

detection of movement (Anliker and Van Buskirk 1971; Dohlman and Kuehn 1973; 

McCabe and Ryu 1973).  Instead, inertial endolymph displacement following rotational 

head acceleration is the physical basis for vestibular stimulation.  A flexible diaphragm, 

the cupula, partitions each duct and can be deformed by endolymph-flow (Oman and 

Young 1972).  In reaction to cupular distortions, hair cells embedded in the cupula 

undergo changes in membrane potential (Purves et al. 2001). Vestibular afferent neurons 

fire action potentials at tonic rates proportional to the membrane potential of nearby hair 
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cells.  These afferents project to the cerebellum and vestibular nuclei of the brainstem, 

where vestibular signals are integrated with visual and proprioceptive inputs to generate 

reflexes (Dickman and Angelaki 2002; Purves et al. 2001). 

Developmental and anatomic features of the mammalian inner ear facilitate 

comparative study.  It is located within the petrous temporal bone where it is often 

preserved in both osteologic and fossil specimens.  Although it is the path length and 

orientation of the membranous duct that must be known to calculate sensitivity, these 

parameters are faithfully reflected in the boney anatomy of the canal (Hashimoto et al. 

2005; Ifediba et al. 2007).  Whereas dissections of the ducts are difficult, and 

measurements of the ducts are prone to artifact from soft-tissue shrinkage (Igarashi et al. 

1981; Igarashi et al. 1986), the relevant features of the canals can be reliably measured 

from CT scans (Spoor and Zonneveld 1995).  The semicircular canals also achieve adult 

form early in development and are morphologically fixed by gestational month six in 

humans and between postnatal days 20 and 32 in rats (Curthoys 1979; Curthoys 1982a; 

Dechesne et al. 1986; Jeffery and Spoor 2004).  As a result, adult mammalian specimens 

are relatively common and may be interpreted without concern for ontogenetic stage. 

Afferent signals from the semicircular canals contribute to a great variety of 

reflexes and to the conscious sense of equilibrium (Angelaki and Cullen 2008).  

Surgically plugging the canals interferes with leg extensor reflexes involved in righting 

the body after it is suddenly tilted (Schor and Miller 1981), and several studies suggest 

that the horizontal canals are important for steering maneuvers during forward 

locomotion (Fitzpatrick et al. 2006; Ito and Hinoki 1991).  Lower extremity reflexes are 
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impaired in a predictable heterogeneous fashion following loss of canal function in 

humans, suggesting that vestibular inputs contribute more to reflexes in some muscle 

groups than others (Allum et al. 1995).  Vestibular inputs also influence the autonomic-

mediated increase in heart rate and blood pressure in response to rapid changes in posture 

(Yates and Bronstein 2005).   

Vestibular contributions to motor planning are perhaps best characterized for the 

vestibulo-ocular and vestibulo-collic reflexes, which serve to stabilize image projection 

on the retina during head movement (Fetter 2007; Graf 1988; Leigh and Brandt 1993).  In 

humans, the vestibulo-ocular reflex can fully correct for angular velocities up to 350 

degrees/second and partially correct for much faster rotations (Pulaski et al. 1981).  The 

vestibulo-collic reflex participates in a negative feedback loop by driving compensatory 

neck movements that limit head movement (Spoor et al. 2002).  While the vestibulo-

collic reflex depends on input from multiple sources, components of the vestibulo-ocular 

reflex are a pure result of canal function (Graf et al. 1995a).  In the vestibulo-ocular 

reflex, rotational head movements are communicated to brainstem nuclei that guide 

compensatory eye movements (Fernandez and Goldberg 1971; Purves et al. 2001). The 

arrangement of brainstem motor nuclei and extraocular muscle response is highly 

conserved among tetrapods that retain vision (Graf 1988). 

For semicircular canal morphology to be functionally related to locomotor 

behavior, selection would need to adjust canal shape specifically for detecting locomotor 

head movements.  Head movements resulting from locomotion are considered passive 

because they are a secondary and unplanned result of moving the postcranium, as 
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opposed to active movements of the sort produced by intentionally turning the head.  As a 

result, the causes and effects of passive head movements are of primary interest here. 

The vestibulo-ocular reflex contributes more to visual stabilization during passive 

than active head movements.  Conscious decisions to move the head may provide motor 

cues to the visual stabilization system before the canals are stimulated by rotation 

(Zangemeister et al. 1986). Humans with bilateral vestibular deficiency exhibit normal 

compensatory eye movements during intentional head movement but abnormal eye 

movements during walking (Brandt 1991; Grossman and Leigh 1989).  While vestibular 

afferents encode both active and passive head movements similarly (Cullen and Minor 

2002), vestibular signals resulting from intentional movements are selectively diminished 

in recordings from the brainstem vestibular nucleus (Angelaki and Cullen 2008; Cullen 

and Minor 2002; Sadeghi et al. 2007b).  This cancellation of actively produced vestibular 

inputs is critical for suppressing the vestibulo-ocular reflex during gaze tracking; 

otherwise an animal following a visual target moving to left would reflexively glance 

right after intentionally turning its head to the left (Armand and Minor 2001).  In 

primates, passive head movements may also occur when arboreal substrates sway beneath 

the animal, but there is even evidence that the vestibulo-ocular reflex only functions fully 

during locomotor behavior.  Passive rotation of restrained or anesthetized primates results 

in reflexive eye movements that only partially compensate for the rate and degree of 

rotation, whereas the vestibulo-ocular reflex is fully compensatory during locomotion 

(Solomon and Cohen 1992; Takahashi et al. 1989; Xiang et al. 2008).  Because gaze 

stabilization is arguably the primary function of the semicircular canals, and because the 
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vestibulo-ocular reflex preferentially acts during locomotion, canal morphology truly 

may be selected to detect locomotor head accelerations.  

1.3 Hydrodynamic models and neurophysiologic experiments 

1.3.1 Hydrodynamics of the semicircular canals 

By governing the flow mechanics of endolymph, the fixed geometry of the 

semicircular duct influences how head rotations cause cupular movement.  Endolymph 

fluid dynamics were first considered by Steinhausen, who modeled an idealized isolated 

canal using an equation describing torsion pendulum movement (Steinhausen 1931; 

Steinhausen 1933).  Several refinements have been offered to account for real geometries 

of semicircular ducts, elastic properties of the cupula, and mechanical coupling among 

each set of three canals (Buskirk et al. 1976; Muller and Verhagen 1988a; Muller and 

Verhagen 1988b; Muller and Verhagen 2002; Oman et al. 1987; Rabbitt 1999).  The 

general principle of all models is the same: angular acceleration causes the toroid column 

of endolymph to rotate; the endolymph pushes against one side of the cupula; the cupula 

stretches and exerts an elastic restoring force which causes the system to return to its 

original configuration after angular acceleration ceases (Oman et al. 1987; Spoor and 

Zonneveld 1998).  Several factors that appear in all models of canal mechanics are 

difficult to measure, unknown for most species, but are believed to be nearly constant 

among mammals.  These include cupular elasticity, endolymph density, and endolymph 

viscosity (Ramprashad et al. 1984; Spoor et al. 1998; ten-Kate et al. 1970; Wilson and 

Melvill-Jones 1979).  Other determinants of canal mechanics are anatomically 

determined; these are the short time-constant, long time-constant, mean cross-sectional 
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area of the ductal lumen, and ductal path length.  The roles of all four anatomic 

determinants of canal hydrodynamics are discussed below, but measurement of canal 

path length, or by proxy the canal radius of curvature (R), is sufficient for comparative 

studies of canal function. 

While angular acceleration physically moves the endolymph with respect to the 

duct, the resulting cupular displacement is proportional to instantaneous angular velocity 

within a frequency range of head movements bracketed by cutoffs (Highstein et al. 2005; 

Mayne 1950; Wilson and Melvill-Jones 1979).  These frequency cutoffs are defined as 

the inverses of the short and long time constants.  Depending on species and author, 

estimates for mammalian frequency cutoffs range from 0.01 to 0.09 Hz on the low end 

and from 4 to 20 Hz on the high end (Armand and Minor 2001; Baird et al. 1988; 

Grossman et al. 1988; Mayne 1950; Rabbitt and Damiano 1992; Sadeghi et al. 2007a).  

Because vestibular afferents encode cupular displacement, and because most natural head 

movements are believed to occur within this critical frequency range, the canals are said 

to function as integrating angular accelerometers (Wilson and Melvill-Jones 1979).  Head 

movements with frequencies above or below this range may still be transduced as 

changes in vestibular afferent firing rates, but the manner in which such stimuli are 

encoded and relayed to the brain is not well characterized.   

Several authors have suggested that changes in canal radius of curvature (R) and 

ductal radius serve to tune the canals such that the time constants effectively bracket the 

frequency spectrum produced by a species’ head movements (Muller 1999).  It is 

supposed that absolutely larger canals of larger animals may achieve a downward shift in 
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frequency range to accommodate for their presumably slower and lower-frequency head 

movements (Howland 1973; Jones and Spells 1963).  The growth of canals within sunfish 

results in changes in natural frequency range that roughly parallel ontogenetic changes in 

mathematically-modeled head movement spectra (Howland and Masci 1973).  

Conversely, the relatively small canals of cetaceans have been interpreted as a means of 

increasing canal frequency range in the setting of high frequency head movements 

produced by acrobatic movements and reduced neck flexibility (Spoor et al. 2002; Spoor 

and Thewissen 2008).  However, experimental evidence suggests that the head 

movements of cetaceans are actually associated with lower frequencies than are the head 

movements of cattle (Kandel and Hullar 2010).   

The short and long time constants are calculated as the amounts of time necessary 

for the cupula to be displaced to hydrodynamically-important thresholds during exposure 

to a constant angular acceleration.  To determine the short and long time constants, the 

cross-sectional area of the ductal lumen and the path length around the duct must be 

known (Curthoys and Oman 1987; Egmond et al. 1949; Rabbitt and Damiano 1992; 

Ramprashad et al. 1980).  In practice, the cross-sectional area of the ductal lumen is 

extremely difficult to measure in living animals, and not preserved at all in fossils.  

Additionally, the purpose of determining time constants would be to compare them to 

measured head frequency spectra.  Unfortunately, filtering and preparation of kinematic 

data greatly impact the results of head movement frequency calculations (Armand and 

Minor 2001).  Head movement frequency spectra have been measured for pitch rotations 

in humans running in place and walking; the predominant frequencies recorded between 
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0.4 to 3.5 Hz are within the natural frequency range for human canals (Pozzo et al. 1990; 

Pozzo et al. 1991).  Because of barriers to measuring the relevant anatomy and head 

frequency spectra, and because head movements are generally assumed to occur within 

the frequency range defined by the time constants, the relevance of time constants for 

comparative work is debated (Curthoys and Oman 1986a; Muller 1999; Muller and 

Verhagen 1988b; Oman et al. 1987; Spoor and Zonneveld 1998).   

The remaining two morphologic determinants of canal hydrodynamics are the 

mean cross-sectional area of the ductal lumen and the path length around the ductal 

lumen, which can be approximated by the radius of the ductal lumen and the canal radius 

of curvature (R) respectively (Figure 1).  These features directly influence the amount of 

cupular displacement that results from a given angular acceleration and consequently 

predict maximum possible canal sensitivity (Hullar 2006; Jones and Spells 1963; Spoor 

and Zonneveld 1998; Steinhausen 1933).  As discussed above, the radius of the ductal 

lumen is difficult and sometimes impossible to measure.  Ductal lumen radius scales to 

the power of 0.14 over body mass (Jones and Spells 1963), but this relationship, as 

measured by the tightness of fit of the data to the curve, is not strong enough to allow 

inference of lumen radius from body mass alone (Spoor and Zonneveld 1998).  R, 

however, is relatively easy to measure from CT scans (Figure 2), and has recently been 

demonstrated to predict sensitivity as measured by vestibular afferent response to head 

rotation (Yang and Hullar 2007).  Many comparative studies have simply treated R as 

proportional to canal sensitivity, where canal sensitivity is defined as the cupular 

displacement per unit of angular velocity (Spoor et al. 2007; Spoor and Thewissen 2008). 
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Figure 1: Idealized membranous semicircular duct with radius of curvature 

(R) and cross-sectional radius of the lumen (r) 

 

Figure 2: Common method for CT-based measurement and rendering of 

boney semicircular canals 
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1.3.2 Canal planes and directional coding 

While hydrodynamics govern the sensitivity of each canal, the orientations of 

canals with respect to each other influence the sensitivity of the entire six-canal system to 

rotations about different axes.  Angles among ipsilateral canal planes have often been 

idealized as orthogonal, and angles between contralateral canal pairs have been treated as 

coplanar.  In such an arrangement, canals at 180 degrees could act synergistically, and the 

direction of any rotation could be encoded by decomposing it into three orthogonal vector 

components, each deriving from one set of coplanar canals.  In reality, canals are not 

perfectly toroid and thus do not define planes (Cox and Jeffery 2010; Oman et al. 1987).  

Moreover, as is known to be the case in at least the turtle, pigeon, mouse, brown rat, 

chinchilla, guinea pig, rabbit, domestic cat, rhesus monkey, squirrel monkey, and human, 

the planes of best fit for each canal depart significantly from orthogonal and coplanar 

angles with each other (Blanks et al. 1985; Blanks et al. 1975; Calabrese and Hullar 

2006; Curthoys et al. 1977a; Curthoys et al. 1975; Curthoys and Oman 1986b; Curthoys 

and Oman 1987; Dickman 1996; Ezure and Graf 1984b; Hullar 2006; Mazza and 

Winterson 1984).  The near ubiquity of non-orthogonal and non-coplanar canals suggests 

not only that deviations from right angles are evolutionarily permissible, but that such 

deviations may provide some computational benefit for encoding directions of rotation 

(Rabbitt 1999). 

Experiments in which animals have been artificially rotated while recordings were 

made from vestibular afferents indicate that there are three axes of maximum sensitivity 

for each ear corresponding to each of the three canals (Highstein et al. 2005).  
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Hydrodynamic models predict that the axis of maximum sensitivity for a canal should lie 

perpendicular to its plane of best fit (Hullar and Williams 2006; Oman et al. 1987; 

Rabbitt 1999).  In contrast, some computational models predict that the brain represents 

the axis of maximum sensitivity perpendicular to the canal’s null plane, which is the 

unique plane in which rotation does not stimulate the two other canals in the same ear 

(Ezure and Graf 1984a; Haque et al. 2004; Hullar and Williams 2006; Ifediba et al. 2007; 

Rabbitt 1999).  Recordings from vestibular afferents indicate axes of maximum 

sensitivity deviate by as much as 7 degrees from the axes predicted by canal dynamics in 

mammals (Estes et al. 1975; Haque et al. 2004; Melvill-Jones and Milsum 1970; Rabbitt 

1999; Reisine et al. 1988).  Consequently, directional coding is achieved by vectorial 

decomposition of rotational stimuli, but the algorithm by which this is achieved requires 

both anatomic measurements and vestibular afferent nerve recordings to be determined 

fully (Highstein et al. 2005; Rabbitt 1999).  Still, the canal’s plane of best fit has been 

used to approximate the axis of maximum sensitivity in several studies and is the most 

useful measurement for modeling patterns of directional sensitivity from osteologic 

specimens (Haque et al. 2004; Hullar and Williams 2006; Yang and Hullar 2007).   

1.3.3 Vestibular afferent neuronal populations 

Vestibular afferent nerves can be classified by morphology, firing rhythm, and 

gain when stimulated at 2Hz.  An afferent nerve terminus in the cupula can be classified 

by histological appearance as calyx type, which is associated with multiple hair cells, 

bouton-type, which synapses with a single hair cell, or as a dimorphic type which has 

both calyx and bouton-type projections (Goldberg 1991).  The functional significance of 
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this shape variation is uncertain, but terminal morphology does correlate with firing 

rhythm and gain type.  Regular vestibular nerves fire with a regular rhythm, characterized 

by an equal amount of time elapsing between each action potential (Curthoys 1982b; 

Goldberg and Fernandez 1971a; Goldberg and Fernandez 1971b; Sadeghi et al. 2007a).  

By contrast, irregular afferents produce an irregular rhythm regardless of rate (Curthoys 

1982b; Goldberg and Fernandez 1971a; Goldberg and Fernandez 1971b; Sadeghi et al. 

2007a).  Irregular afferents can be further subdivided into high gain and low gain types, 

based on the gain equation that best characterizes their change in firing rate per unit of 

rotational stimulation (Baird et al. 1988).  Experiments in the oyster toadfish and 

chinchilla suggest that regular afferents may be specialized for encoding angular 

velocities with frequencies bracketed by the frequency cutoffs of the canal, whereas 

irregular afferents may be adapted for encoding very small and brief angular 

accelerations with frequencies not bounded by the short and long time constants (Boyle 

and Highstein 1990; Hullar et al. 2005). 

1.3.4 Signal adaptation and integration 

Neurophysiologists have questioned the influence of canal morphology on 

sensitivity because the neural signal can be physiologically modulated (Goldberg and 

Fernandez 1971a)  Response adaptation occurs at the level of hair cell depolarization, and 

bilateral efferent projections from brainstem nuclei regulate afferent nerve sensitivity 

(Fernandez and Goldberg 1971; Goldberg 1991; Purves et al. 2001; Rabbitt et al. 2005; 

Sadeghi et al. 2009). If the nervous system can adapt to changes presented to vestibular 
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system over the course of seconds to days, it difficult to imagine how selection would 

drive morphologic adaptation of the canals over generations. 

Also, vestibular signals are extensively integrated with other sensory inputs 

suggesting that there are multiple opportunities for neural adaptation to occur during 

signal processing.  The vestibular system is unlike other sensory modalities in that there 

is no direct conscious representation of vestibular information, and vestibular signals are 

almost exclusively integrated with visual and proprioceptive information before being 

used to guide movements (Angelaki and Cullen 2008; Day and Fitzpatrick 2005; 

Friedmann 1970).  Information about head rotations provided by the semicircular canals 

is interpreted differently depending on the orientation of the canals with respect to the 

gravity vector, indicating that signals supplied by the otolith organs modulate those 

produced by the semicircular canals (Fitzpatrick et al. 2006; Green and Galiana 1998; 

Green et al. 2005).   

Even in cases of pathologic vestibular change, the brain shows remarkable ability 

to adapt to information that is no longer provided by semicircular canals.  Unilateral 

labyrinthectomy is known to initially produce ataxia and signs of severe disequilibrium 

(Igarashi et al. 1970).  Over time, animals subjected to unilateral labyrinthectomy regain 

normal motor control coincident with undergoing changes in activity patterns within 

brainstem vestibular nuclei (Igarashi et al. 1970; Straka et al. 2005). 

1.3.5 Experimental evidence for use of R 

To address these concerns, several studies have tested how R impacts sensitivity 

by recording vestibular afferent firing rates in artificially oscillated animals.  One study 
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failed to find predicted increases in canal sensitivity as R enlarged in growing fish, but 

these results may have been influenced by ontogenetic changes in cupular elasticity and 

innervation (ten-Kate et al. 1970).  Other workers have demonstrated that sensitivity 

increases as R grows in a young rat and that the canal with the largest R is the most 

sensitive within each adult individual (Curthoys 1982a; Curthoys et al. 1977b; Goldberg 

and Fernandez 1971a).  Similarly, the onset and sensitivity of the vestibulo-ocular reflex 

is predicted by enlargement of R during development in larval Xenopus (Lambert et al. 

2008).  Recently, vestibular afferent firing rate has been confirmed to scale with R 

according to the same gain equation both within species exhibiting different sized canals 

and among species of different size (Yang and Hullar 2007).  In sum, there is 

considerable support for the use of R as a measure of canal sensitivity. 

Recently, efforts have been made to predict the influence of canal orientation and 

R on directional sensitivity.  A new approach for characterizing canal orientation uses CT 

data to regress a canal’s circumferential path length to a plane of best fit (Calabrese and 

Hullar 2006; Ifediba et al. 2007).  By characterizing a set of canals in this way, the 

influence of canal orientation on directional sensitivity can be modeled by summing 

individual canal sensitivities to rotations applied about any axis (Hullar and Williams 

2006; Rabbitt 1999). Combining this method with the known relationship between R and 

afferent sensitivity, a map can be produced for a labyrinth’s predicted directional 

sensitivities to rotations about all axes (Yang and Hullar 2007). 



 

20 

1.4 Allometric theory, comparative observations and behavioral 
inferences 

1.4.1 Slow-sensitive and fast-sensitive hypotheses  

Comparative studies have centered on two themes: allometric scaling of R and 

functional interpretation of R variance when corrected for body size.  The slow-sensitive 

and fast-sensitive hypotheses stem from these two approaches and reflect underlying 

theoretical uncertainties. 

Jones and Spells (1963) provided the first allometric study of canal morphology 

using a diverse vertebrate sample.  They determined that species-average R scales with 

negative allometry.  That is, while large animals have larger absolute R-measurements 

than small animals, large animals have smaller relative R-measurements when R is scaled 

for body size.  Within the mammalian sample, double logarithmic plots yielded an 

empiric slope of 0.1157 for R over body mass (Jones and Spells 1963)  Later studies 

supplied comparable results, and recently compiled data support a most appropriate slope 

of 0.14 for non-cetacean mammals (Ramprashad et al. 1984; Spoor et al. 2007).   

Canal size is thought to be partly restricted in a manner independent of body size 

such that too large a canal would respond too slowly as determined by time constants, 

and too small a canal would be insufficiently sensitive to rotational stimuli (Muller 1999).  

Why the semicircular canals should change in size and, as a consequence, sensitivity as a 

function of body size is not obvious.  To address this theoretical concern, Jones and 

Spells performed a dimensional analysis of active head movement and predicted, based 

on the Steinhausen equation, that canal R should increase proportional to body size by a 

factor between the 1/12 power and 1/3 power (Jones and Spells 1963).  Because the 
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observed allometry of R falls within this predicted range, some argue that canals are 

selected to detect head rotations within a species’ range of typical angular velocities 

(Jones and Spells 1963; Wilson and Melvill-Jones 1979).  Assuming that larger animals 

have slower head movements, Jones and Spells contest that large animals require large 

sensitive canals to detect slow head movements, whereas small animals benefit from 

small less-sensitive canals that might otherwise be over-stimulated by their rapid head 

accelerations (Jones and Spells 1963).  This is the theoretical foundation of the slow-

sensitive hypothesis.  

Many studies have observed that seemingly fast animals exhibit greater average 

measurements of R than do slower species of similar body size. Gray first hinted at a 

functional link between semicircular canal morphology and locomotor behavior by 

observing that sloths have small canals for their body size (Gray 1908).  Early workers 

noted that birds seemingly adept at flying have longer canals than do poor fliers 

(Hadziselimovic and Savkovic 1964; Tanturri 1933; Turkewitsch 1934).  The apparently 

swift owls Nyctea scandiaca and Bubo virginianus have canals with particularly large 

average R measurements (Money and Correia 1972; Ramprashad et al. 1986).  A variety 

of birds with large R measurements are slow-flying but are argued to be more adept at 

maneuvering and generally more agile as a result (Sipla 2007).  Among primates of 

comparable body size, suspensory Ateles has a larger R than Alouatta, and leaping 

Tarsius has a larger R than slow quadrupedal Nycticebus (Matano et al. 1985; Spoor and 

Zonneveld 1998).  Quite recently, a study regressing average R over body size for 91 

primates and 119 other mammals found that species groups exhibiting “fast, jerky 
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locomotion” have significantly larger values of R than do slower-moving species groups 

(Spoor et al. 2007).  Further analysis of this same data set has demonstrated that positive 

correlation between R and agility is strongest for the horizontal and weaker for the 

anterior and posterior canals (Cox and Jeffery 2010; Jeffery et al. 2008; Jeffery and Spoor 

2006).   From such studies, it is argued that agile animals require larger, more sensitive 

canals to detect fine differences in their rapid head accelerations.  This is the empirical 

basis of the fast-sensitive hypothesis.  

The labyrinths of burrowing mammals have also attracted interest, not because 

these animals move in any particular way, but because especially sensitive canals are 

hypothesized to help guide blind navigation.  Controlling for body size, the distantly-

related burrowing rodents Cryptomys and Spalax ehrenbergi possess larger average canal 

R and ductal cross-sectional area than does the laboratory rat, Rattus norvegicus 

(Lindenlaub et al. 1995).  Similarly, the R measurements for all three canals in the mole 

Talpa europaea are significantly larger than those in Rattus norvegicus (McVean 1999).  

It is possible that the captive-bred Rattus norvegicus simply has reduced canals, and a 

phylogenetically-informed comparison between many burrowing versus above-ground 

mammals would be very interesting.  Still, these studies suggest that increased canal R 

and thus increased canal sensitivity may be adaptive for certain locomotor modes.   

The cetaceans further complicate matters because they are big and fast, and they 

exhibit smaller R measurements than size-matched terrestrial animals (Watt 1924).  For 

cetaceans, double logarithmic plots of R over body size yield a slope of 0.154, which is 

slightly greater than observed for non-cetacean mammals (Spoor et al. 2002).  Because 
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many cetaceans have limited neck flexibility, rapid swimming in conjunction with an 

inefficient vestibulo-collic reflex may necessitate smaller canals to prevent sensory-

saturation and to accommodate a higher head-movement frequency spectrum (Spoor et al. 

2002).  This hypothesis, however, is not supported by experimental measurements of 

head movements in dolphins and cattle (Kandel and Hullar 2010).  Other workers have 

suggested that the aquatic environment may change how selection acts upon canal form 

(Jones and Spells 1963).  Regardless, neither the slow-sensitive nor fast-sensitive 

hypothesis has been applied to cetaceans, and trends within terrestrial vertebrates are of 

primary interest for this study of primates.  

1.4.2 Existing data concerning head movements 

A theoretical discrepancy exists between the slow-sensitive and fast-sensitive 

hypotheses, but neither hypothesis can be tested without comparative analyses of actual 

head movements (Clarke 2005; Curthoys et al. 1977b; Spoor and Zonneveld 1998).  

Recently, the first study comparing locomotor head movements with canal geometries 

was published by Kandel and Hullar (2010).  Accelerometers were attached to the heads 

of bottlenose dolphins and domestic cattle to test the hypothesis that cetacean canal 

reduction is an adaptation to an increase in frequency and amplitude of angular velocities 

resulting from aquatic locomotion (Kandel and Hullar 2010; Spoor et al. 2002; Spoor and 

Thewissen 2008).  Despite the general impression that dolphins are more acrobatic than 

cattle, cattle experience higher frequencies and amplitudes of head motion than do 

dolphins (Kandel and Hullar 2010).  This study addresses hypotheses specific to 

vestibular adaptation in cetaceans, but it also illustrates that angular head velocities are 



 

24 

not easily estimated by subjective measures such as the ranked agility scale of Spoor et 

al. (2007). 

Other studies have measured head motion, but not with the goal of comparing 

head movements to canal morphology.  Studies relating human head rotation to gaze-

stabilizing reflexes are perhaps most common.  In a pair of experiments that used 

magnetic search coils to track head and eye motion, human rotational head velocities did 

not exceed 90 deg/sec when subjects walked or ran “in place” (Grossman and Leigh 

1989; Grossman et al. 1988). This design required subjects to simulate locomotor 

behaviors without moving across the floor.  Treadmill walking studies have also been 

used to characterize three-dimensional head movements resulting from the vestibulo-

colic reflex during human walking (Mamoto et al. 2002).   

Head stabilization has also been examined in non-human primates.  Lateral-view 

films of wild hanuman langurs and bonnet macaques have been used to suggest that the 

head is permitted to pitch more during quadrupedal walking than during running, and that 

pitch velocities are within the range for which the vestibulo-ocular reflex is fully able to 

stabilize vision in humans (Dunbar et al. 2004).  The three-dimensional kinematics of the 

vestibulo-collic reflex have been examined in walking Rhesus macaques, cynomolgus 

monkeys, Japanese macaques, and a white-handed gibbon (Hirasaki and Kumakura 2004; 

Xiang et al. 2008).  This work has lead to the observation that the head pitches at step 

frequency and rolls and yaws at stride frequency during quadrupedal walking on 

treadmills (Xiang et al. 2008).  Magnetic search coils have also been used to measure 

active head turning in restrained squirrel monkeys, but these data of uncertain relevance 
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to locomotor studies (Armand and Minor 2001).  In sum, head movements during 

treadmill locomotion have been characterized for several primate species, but there is a 

paucity of data on naturalistic head motion that can be used to assess the adaptive 

significance of semicircular canal morphology. 

1.4.3 Existing paleontological reconstructions 

While the slow-sensitive and fast-sensitive hypotheses remain debated, 

paleontologists seeking to reconstruct locomotor mode from the canal morphology of 

extinct species have employed both hypotheses to arrive at opposite conclusions.  The 

fast-sensitive hypothesis has been used to make inferences about the overall rapidity with 

which extinct animals moved. Also, extensions of both hypotheses have been used to 

infer the speed of directional rotations from the dimensions of individual canals.  This 

latter approach lacks supporting precedent in the comparative study of extant species. 

While the slow-sensitive hypothesis has not been used to reconstruct overall 

agility, it has been used to infer patterns of directional head rotation in extinct species. 

The anterior canal is the largest in the dinosaur Brachiosaurus brancai, and its R 

measurement plots above a regression line extrapolated from extant mammalian R over 

body size (Clarke 2005).  Clarke interprets this to reflect increased sensitivity to frequent 

slow accelerations in the pitch plane resulting from neck movement (Clarke 2005).  He 

adds that precise monitoring of slow pitch movement would have been critical to prevent 

dangerous orthostatic changes in cerebral blood pressure, whereas rapid yaw movements 

associated with visual scanning are supported by the presence of smaller lateral canals 

(Clarke 2005).  Similarly, Rogers argues that lateral canal morphology indicating reduced 
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sensitivity in Allosaurus and Tyrannosaurus was adaptive for rapid turning while running 

and prevented over-stimulation during yaw-plane thrashing movements associated with 

tearing meat (Rogers 2005).  

The fast-sensitive hypothesis has been used to estimate overall agility from 

average measurements of R.  Spoor and colleagues observed locomotion in extant 

mammals and ranked agility using a scale of 1 (extra slow) to 6 (fast) (Spoor et al. 2007).  

Equations derived from this study have been used to infer agility rank from body mass 

and canal R in extinct species.  Among extinct Malagasy subfossil lemurs, 

paleopropithecines and megaladapines have received reconstructed agility ranks between 

1 and 3, while the archaeolemurines have been calculated to have agility ranks between 2 

and 5 (Spoor et al. 2007; Spoor et al. 1998; Walker et al. 2008).  Compared to extant 

mammals and corrected for body size, plesiadapiforms have small canals, whereas 

omomyoids and most notharctid adapoids have large canals, which has been interpreted 

to reflect a lack of leaping within plesiadapiforms and a predominance of agile locomotor 

modes within Eocene prosimians (Silcox et al. 2009a; Spoor et al. 1998).  Rook and 

colleagues found that R measurements of the extinct ape Oreopithecus bambolii fall 

slightly above regression lines generated by plotting extant hominoid R measurements 

over body size (Rook et al. 2004).  Postcranial analyses have yielded conflicting ideas 

about how this animal moved, and application of the fast-sensitive hypothesis was used to 

rule out a proposed slow-moving koala-like reconstruction.  Finally, large R 

measurements in pterosaurs and Archaeopteryx have been used to infer that these animals 

engaged in acrobatic flight (Alonso et al. 2004; Witmer et al. 2003). 
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The fast-sensitive hypothesis has also been used to make inferences about 

directional head accelerations in extinct taxa based on the dimensions of individual 

canals.  By comparing canal morphologies among Homo erectus, early Homo sapiens, 

Australopithecus africanus, Paranthropus robustus and extant great apes, Spoor found 

that Homo specimens share relatively large R measurements for the anterior and posterior 

canals compared to other hominoids (Spoor et al. 1994; Spoor and Zonneveld 1998).  

Australopithecine canal measurements scale with body size in the same manner as the 

extant great apes (Spoor et al. 1994).  From these data, the labyrinths of H. erectus and H. 

sapiens are judged more sensitive to rotations in the vertical planes and possibly adapted 

to detecting rapid roll and pitch movements associated with obligate bipedalism (Spoor et 

al. 1994; Spoor and Zonneveld 1998).  Subsequent investigation of Neanderthal 

specimens revealed smaller anterior and posterior canal dimensions than in other Homo 

species, which is interpreted to reflect potentially less agile running in Neanderthals 

(Spoor et al. 2003).  Similarly, the large anterior canals of the dinosaurs Ceratosaurus 

and Psittacosaurus have been used to infer bipedal locomotion (Sanders and Smith 2005; 

Sipla et al. 2004; Zhou et al. 2007).  The anterior canal is also the largest in the 

unquestionably quadrupedal Brachiosaurus brancai, but this inconsistency is not widely 

recognized because the slow-sensitive hypothesis, under which a large anterior canal does 

not imply bipedal behavior, has been used to interpret Brachiosaurus fossils (Clarke 

2005; Zhou et al. 2007). 

 Taken together, comparative studies have found that canal R scales with negative 

allometry, leading to the slow-sensitive hypothesis on theoretical grounds, and that faster 
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animals have greater R for their body size, leading to the empirical fast-sensitive 

hypothesis. Comparative data on head movements are needed to evaluate these 

competing hypotheses and to define the limits of canal-based locomotor reconstruction in 

extinct taxa. 
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2. Materials and methods 

2.1 Kinematic methods 

2.1.1 Kinematic data collection 

All kinematic data were collected from animals at the Duke Lemur Center under 

Duke University IACUC protocol A081-07-03.  Three-dimensional kinematic analyses 

were used to characterize angular velocities of the head during locomotion.  Animals 

were fitted with reflective markers, and kinematic data were acquired from overhead 

cameras while an animal moved freely in an open room.  Details concerning species 

selection, camera set up, and animal handling are described in this section. 

2.1.1.1 Species and study behavior selection 

11 species, representing diverse strepsirrhine clades, were chosen to span a wide 

range of body mass and locomotor behavior.  The original planned sample consisted of 

Microcebus murinus, Galago moholi, Cheirogaleus medius, Nycticebus coucang, 

Hapalemur griseus, Eulemur fulvus collaris, Lemur catta, Varecia variegata rubra, and 

Propithecus verreauxi coquereli.  Eulemur mongoz and Daubentonia madagascariensis 

were later opportunistically added to the study sample. This sample was chosen to 

maximize body size range (75g to 4000g), phylogenetic diversity (cheirogaleids, 

lemurids, indriids, galagids, and lorisids), and variation in the spectrum and frequency of 

locomotor behavior.  Data were collected from one to three individuals of each species 

depending upon availability of tolerant animals.  Although not theoretically necessary, 

sexes were equally sampled when possible.  Table 2 lists species, individuals, and the 

dates on which they were used. 
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Strepsirrhines display great interspecific variation in locomotor behavior and 

semicircular canal morphology (Spoor et al. 2007; Tattersall 1982; Walker 1974), making 

them ideal models to test and refine proposed relationships between locomotion and canal 

form.  Strepsirrhines also closely resemble early primates in postcranial form.  

Locomotor studies of Eocene primates have primarily relied on postcranial material, and 

many describe reconstructed locomotor mode by analogy to extant strepsirrhines.  For 

example, proposed locomotor models for the primate common ancestor include 

Microcebus murinus and Cheirogaleus medius (Gebo 1987; Gebo 2004).  Remains from 

various adapoids have been used to infer locomotor repertoires resembling those of 

Propithecus, Hapalemur, and Nycticebus, while the locomotion of omomyoids has been 

compared to that of Galago (Dagosto 1983; Rose and Walker 1985; Spoor et al. 1998; 

Stern and Oxnard 1973).  Significantly, all of these extant models are included in the 

proposed sample, making this study especially relevant for future canal-based inferences 

concerning the locomotor adaptations and evolutionary shifts associated with primate 

origins. 

Broadly, I had anticipated the most saltatory behavior from Galago moholi and 

Propithecus verreauxi (Charles-Dominique 1977; Crompton et al. 1987; Gebo 1987; 

Napier and Walker 1967; Off and Gebo 2005; Stern and Oxnard 1973).  Mixed running 

and leaping behaviors, including vertical support leaping, were expected from 

Microcebus murinus, Cheirogaleus medius, and Hapalemur griseus (Crompton et al. 

1987; Gebo 1987; Stern and Oxnard 1973).  Mixed running and leaping behaviors, with 

vertical support leaping being less likely, were expected from Eulemur fulvus, Lemur 
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catta, and Varecia variegata (Crompton et al. 1987; Gebo 1987; Oxnard et al. 1990).  

Finally, I anticipated that Nycticebus coucang would exhibit only terrestrial walking, 

arboreal support walking, and climbing (Charles-Dominique 1977; Crompton et al. 1987; 

Gebo 1987; Oxnard et al. 1990).  Observed behaviors generally matched expectations for 

each species.  In practice, no animals ran on horizontal poles supports.  Efforts to study 

climbing were hindered by the climbing support blocking camera views, the limited 

availability of rooms with high ceilings, and the relative unwillingness of animals to 

climb vertical poles.  

To facilitate later analyses, study behaviors were identified before kinematic data 

were collected.  The study behaviors employed were termed terrestrial walking, terrestrial 

running, arboreal support walking, horizontal support leaping, vertical support leaping, 

and bipedal leaping. Subjects were presented with various supports to facilitate different 

study behaviors (Figure 3).  Terrestrial walking, terrestrial running, and bipedal leaping 

were all performed on a concrete floor.  Arboreal support walking occurred on a 

horizontal wooden pole which was 3.5 cm in diameter, 2.5 m in length, and raised 20 cm 

above the floor.  Two wooden platforms, each measuring 1-meter square and elevated 25 

cm above the floor, were used to elicit horizontal leaping behavior.  The platforms were 

initially placed with an intervening gap of 1 m, and the gap was then incrementally 

reduced until the subject reliably leaped between the platforms.  A grid of vertical 

supports was constructed to allow climbing and leaping among vertical supports.  

Specifically, five sapling trunks, each measuring roughly 8 cm in diameter, were braced 

at 1 m intervals. 
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Figure 3: Strepsirrhines performing study behaviors on various supports 
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Table 2: Individual animals and dates of experimental use 

Date Species Individual Date Species Individual Date Species Individual

5/16/07 Lc 6622m 8/10/07 Hg 1359m 8/1/08 Lc 6622m

5/30/07 Lc 6622m 8/10/07 Hg 1370f 8/1/08 Np 2907m

5/30/07 Lc 6709f 8/13/07 Ef 6362f 8/1/08 Np 2901f

6/6/07 Lc 6622m 8/13/07 Vv 6240m 8/8/08 Ef 6225m

6/6/07 Lc 6709f 8/13/07 Vv 6311f 8/8/08 Vv 6240m

6/15/07 Lc 6622m 1/3/08 Gm 3185m 8/29/08 Lc 6622m

6/15/07 Lc 6709f 1/3/08 Pvc 6797m 8/29/08 Lc 6534m

6/20/07 Lc 6622m 1/3/08 Pvc 6828f 8/29/08 Vv 6240m

6/20/07 Lc 6709f 1/16/08 Gm 3190m 9/25/08 Np 2901f

7/2/07 Lc 6622m 1/17/08 Gm 3190m 9/25/08 Np 2907m

7/2/07 Lc 6709f 1/30/08 Pvc 6797m 10/3/08 Em 6390m

7/5/07 Ef 6225m 1/30/08 Pvc 6828f 10/3/08 Hg 1359m

7/5/07 Hg 1359m 2/1/08 Pvc 6797m 10/3/08 Hg 1370f

7/5/07 Vvv 5604m 2/1/08 Pvc 6828f 10/10/08 Em 6390m

7/27/07 Ef 6225m 2/4/08 Pvc 6797m 10/10/08 Em 6722f

7/27/07 Ef 6433m 2/4/08 Pvc 6828f 10/17/08 Dm 6202m

8/3/07 Ef 6362f 7/25/08 Np 2901f 10/17/08 Dm 6842f

8/3/07 Hg 1359m 7/25/08 Np 2907m 10/24/08 Cm 3619f

8/3/07 Hg 1370f 7/31/08 Np 2901f 10/24/08 Cm 3621m

8/3/07 Vv 6240m 7/31/08 Np 2907m 11/11/08 Cm 3621m

8/3/07 Vv 6311f 8/1/08 Hg 1370f 11/11/08 Mm 7020f

11/11/08 Mm 7024m

Notes:

  Species abbreviations are as listed in Table 1.

  Individual animals are indicated by Duke Lemur Center identification number.  

2.1.1.2 Use of high speed video and Motion Analysis system 

Kinematic data were acquired using an Eagle Digital Motion Analysis System 

(Motion Analysis Corporation, Santa Rosa, CA).  This portable array of six infrared 

video cameras was mounted overhead and controlled by a laptop running EvaRT 5.0 

software (Motion Analysis Corporation, Santa Rosa, CA) (Figure 4).  Anatomic features 

were marked with reflective spheres and infrared spotlights were applied.  During each 

trial, the infrared cameras synchronously recorded, and the laptop triangulated the three-

dimensional locations of all markers at 120 Hz.  A similar design has been previously 

employed to study the three-dimensional kinematics of the vestibulo-collic reflex in 

humans (Mamoto et al. 2002).   
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A high-speed StreamView-LR digital video camera was configured to record in 

synchrony with the infrared camera system (Southern Visual Systems, Madison, 

Alabama).  A 1.2 mm Fujinon f/2.8 lens was used to obtain wide-angle images of the 

calibrated volume in which kinematic data were collected.  The resulting high-speed 

video was viewed in Streamview software and allowed identification of the behavioral 

sources of the kinematic data.   

Calibration of the infrared camera system was performed before each 

experimental session in the manner recommended by the manufacturer.  The cameras 

were first aimed and focused to record from a selected volume within the room.  An L-

frame with reflective markers placed at precise locations and 90-degree angles was used 

to establish the three-dimensional coordinate system of the room.  To calibrate the 

system, a wand with markers placed 50 cm apart was then waived through the selected 

volume while the camera system recorded.  A calibration was considered successful if the 

mean and standard deviation of infrared-based measurements of wand length fell within 

the range of 50 ± 0.004 cm. 
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Figure 4: View of kinematic and video recording equipment at Duke Lemur 

Center 

2.1.1.3 Animal instrumentation and experimental use 

Each subject was fitted with a cap bearing an array of reflective tracking markers 

(Figure 5).  Caps were custom fashioned for each species using Sculpey Polymer Clay 

(Polyform Products, Elk Grove Village, IL).  A lightweight and cross-shaped cap 

effectively mounted up to five markers and was well tolerated.  Caps for Cheirogaleus 

medius, Galago moholi, and Microcebus murinus were so small that only four markers 

could be mounted.  Before each experiment, the cap was applied to the subject’s head 

using strips of self-adhesive veterinary tape wrapped in a figure-eight bandage.  For 

anatomic reference, the makers were centered over the midline of the head with anterior 

and posterior markers lying approximately parallel to the Frankfort plane. 
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Kinematic data were collected in 30-second trials while the subject was 

encouraged to move.  Food rewards were sometimes used to encourage animals to mount 

substrates and traverse the room.  When possible, 10 to 15 trials were recorded from each 

subject for each study behavior exhibited.  

 

Figure 5: Range of strepsirrhines tolerating marker caps 

2.1.2 Kinematic data preparation 

2.1.2.1 Data tracking and smoothing 

From each 30-second trial, high-speed video frame numbers were identified in 

which footfalls occurred.  Footfalls were used to delineate gait cycles.  Gait cycles were 

excluded if the animal clearly changed speed, altered direction, transitioned between gait 

types, wandered into poorly calibrated space, or actively moved its head (e.g. to shift 

gaze).  The kinematic data associated with all remaining useable gait cycles were 

extracted for tracking and further analysis. 

Data tracking is the process of ensuring that all five marker locations are 

accurately calculated in every frame and of assigning anatomic names to each marker.  

Marker locations are not always successfully calculated.  The greater the number of 
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infrared cameras that record the presence of a marker, the greater the likelihood marker 

location will be correctly triangulated.  However, substrates such as vertical supports 

often obscured the line of sight between some cameras and markers, and the resulting 

kinematic data needed to be carefully post-processed. 

Data tracking was performed using EvaRT 5.0, which produces a visible 

reconstruction of the reflective markers moving in space (Figure 6a).  Marker points were 

assigned the anatomic labels anterior, posterior, center, right and left in each frame 

(Figure 7a).  In many cases, a marker location was obviously miscalculated or omitted in 

a frame.  Miscalculated marker locations were deleted.  Because the markers were 

mounted at fixed distances from one another on a rigid cap, the location of a missing or 

deleted marker could be inferred from the locations of three other markers using the 

“virtual join” function in EvaRT 5.0.  However, sometimes only two markers were 

properly located.  In such cases, the position of an absent marker was linearly 

interpolated from the locations of the same marker in bracketing frames using the “joint 

linear” function in EvaRT 5.0.  Linear interpolation was never performed to bridge 

temporal gaps of more than five frames.  The data from many gait cycles were discarded 

because excessive marker position adjustments would have rendered the data unreliable.  

Table 3 provides a tally of successfully tracked gait cycles. 
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Figure 6: Example data from Hapalemur griseus leaping among bamboo 

poles 
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Figure 7: Cap design, marker names, and the head coordinate system 

Table 3: Number of tracked useable gait cycles from each study behavior in 

each individual (total = 651) 

Individual AW HL TR TW BL VSL

Cm female 22 0 18 11 0 0

Cm male 9 0 17 4 0 0

Dm female 9 6 3 18 0 0

Dm male 18 5 11 0 0 0

Ef male 1 0 3 6 7 0 0

Ef male 2 0 0 14 2 0 0

Em female 0 6 17 2 0 0

Em male 18 6 5 15 0 0

Gm male 8 0 0 0 8 11

Hg female 0 0 13 0 0 12

Hg male 14 6 17 0 0 4

Lc female 18 8 16 6 0 0

Lc male 9 6 7 16 0 0

Np female 19 0 0 37 0 0

Np male 15 0 0 14 0 0

Mm female 0 0 37 3 0 0

Mm male 4 0 5 0 0 0

Pv female 0 12 0 0 16 0

Pv male 0 10 0 0 0 0

Vv female 4 0 8 9 0 0

Vv male 3 8 13 3 0 0

Notes: Species and study behavior abbreviations are as

          listed in Table 1.  
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The physical stimulus driving endolymph and cupular displacement in the inner 

ear is angular acceleration of the head.  However, when semicircular canals are subjected 

to angular accelerations by head movements with frequencies between approximately 

0.05 and 10.0 Hz, the physics of endolymph displacement produce cupular movements 

that are proportional to angular velocity (as described on page 10, Section 1.3.1) 

(Highstein et al. 2005; Mayne 1950; Muller 1990; Wilson and Melvill-Jones 1979).  For 

this reason, the semicircular canals are sometimes said to function as integrating angular 

accelerometers (Wilson and Melvill-Jones 1979).   

In this study, kinematics of head movement were calculated from three-

dimensional measurements of cap-marker position.  Velocity and acceleration are 

calculated as the first and second derivatives of location, respectively.  As a result, small 

errors in the original marker-position data are exaggerated in calculations of angular 

velocity, but errors are even more exaggerated in calculations of angular acceleration.  

Plots of angular velocity over time appeared noticeably smoother than those of angular 

acceleration.  Consequently, I chose to work with angular velocity in all analyses.  

However, head movement frequencies were not calculated, and the exact frequency 

ranges over which the canals function as integrating accelerometers are not known for the 

sample species (for discussion see pages 11-12, Section 1.3.1).  Some of the angular 

velocity measurements in the sample were probably made from head movements with 

frequencies outside of the range determined by canal time constants, and these angular 

velocity measurements do not fully reflect the “experience” of the semicircular canals, 

i.e. cupular movement.  Such flawed data are expected to make up a small minority of 
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angular velocity measurements.  These data cannot realistically be excluded from the 

sample and probably still serve to approximate cupular movement.  Inclusion of these 

flawed data points is expected to limit the sensitivity of analyses, and significant findings 

should be interpreted as significant despite the presence of this known source of error. 

After tracking, the marker-location data were filtered.  Because numerical 

differentiation greatly amplifies small errors, filtering was necessary to allow calculation 

of angular velocity as a time-derivative of marker position.  Butterworth filters, which are 

designed to have maximally flat frequency responses, perform well in the context of 

estimating velocities from marker-positions (Walker 1998).  To select a frequency cutoff, 

single-marker location data were smoothed using different cutoffs for a fourth-order low-

pass Butterworth filter in the EvaRT 5.0 software package, and the effects on derived 

angular velocity curves were visually examined (Figure 8).  The 15Hz Butterworth 

appeared to smooth the angular velocity waveform without obliterating small peaks, and 

a previous study of primate head rotations employed a comparable filter (Xiang et al. 

2008).  For these reasons, a 15 Hz Butterworth filter was applied to all marker-position 

data.  Filtered marker-position data sets were saved in c3d file format. 
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Figure 8: Effects of different low-pass Butterworth filter frequency cutoffs on 

angular velocity data from Hapalemur griseus running 

2.1.2.2 Kinematic computations 

Butterworth-filtered marker-location data were imported into Visual3D software 

(C-Motion Incorporated, Germantown, MD) for final kinematic analysis.  I configured 

Visual3D to recognize marker anatomic labels and to automatically define a coordinate 

system named “head” (Figure 7b). Visual3D was then used to calculate instantaneous 

angular velocities of the head coordinate system with respect to the fixed room 

coordinate system.  Total numbers of angular velocity measurements by behavior and 

species are listed in Table 4.   

Angular velocity data were output as row vectors with x, y, and z columns 

corresponding to roll, pitch, and yaw components, respectively.  An angular velocity data 

set can thus be visualized either as a three-dimensional plot of all observed vectors 
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(Figure 9) or as a time-series plot of the separate roll, pitch, and yaw vector components 

(Figure 6b). 

Table 4: Number of angular velocity measurements from each study 

behavior in each species (total = 39,127) 

Species AW HL TR TW BL VSL

Cm 1124 0 1125 664 0 0

Dm 2734 768 778 1263 0 0

Ef 0 154 988 582 0 0

Em 1171 627 932 1030 0 0

Gm 203 0 0 0 376 776

Hg 759 382 1213 0 0 1391

Lc 2129 692 1109 1937 0 0

Mm 156 0 790 71 0 0

Np 2902 0 0 3998 0 0

Pv 0 0 0 0 1178 2009

Vv 650 447 1077 942 0 0

Notes: Species and study behavior abbreviations are as

          listed in Table 1.  
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Figure 9: Vector plot of instantaneous angular velocity measurements from 

three cycles of terrestrial running in Hapalemur griseus 

Angular velocity data sets were further processed in two ways.  To examine 

questions about global sensitivity, angular velocity magnitude means were calculated 

from angular velocity data sets as described in Section 2.1.3.  To address hypotheses 

concerning directional sensitivity, angular velocity data sets were subjected to 

icosahedral sampling as described in Section 2.3.2. 
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2.1.3 Construction of single-species angular velocity magnitude 
(AVM) means for use in statistical and comparative analyses 

To test hypotheses concerning global sensitivity, angular velocity vector data 

were converted into scalar data.  To this end, each 3-component angular velocity vector 

was used to calculate an angular velocity magnitude (AVM).  An AVM is a scalar value 

that reflects the speed of rotation without indicating the direction of rotation.  AVM 

means were calculated from AVM data sets.  Single-behavior AVM means were 

calculated from all angular velocity magnitudes measured from individuals of a single 

species engaging in a single locomotor study behavior (Table 32, Chapter 5).  Single-

behavior AVM means were used to construct both single-species AVM means and 

single-species AVM weighted means.   

2.1.3.1 Calculating single-species AVM means 

A single-species AVM mean is the arithmetic mean of all single-behavior AVM 

means available from a species.  The single-species AVM mean pools all observed 

locomotor activities and assumes that the rotational head speeds produced by each 

locomotor behavior are equally important.   

2.1.3.2 Calculating single-species AVM weighted means 

To calculate weighted means of single-species angular velocity magnitude, 

behavioral weights were set up based on published locomotor budgets showing the 

percentage of time each species spends in locomotor modes that approximate my study 

behaviors (Curtis and Feistner 1994; Gebo 1987; Oxnard et al. 1990). Four methods were 

developed to calculate behavioral weights in different groups of species (Table 5).  The 
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choice of method for a species depended on the locomotor repertoire and the availability 

of published behavioral studies. For each species, the sum of behavioral weights is 1.   

My methods for calculating behavioral weights are necessarily crude, and the 

behavioral weights oversimplify the complex truths of primate locomotor ecology (e.g. 

(Vasey 2005).  Gebo (1987) was used extensively for estimating locomotor budgets, and 

this study is based on observations of captive animals, rather than of wild populations.  

Also, kinematic data were not successfully collected while animals climbed, so the 

climbing portion of the locomotor budget is often lumped with other arboreal behaviors.  

However, the methods listed in Table 5 were developed before, and intentionally not 

altered after, the weighting of experimentally-acquired data.  Consequently, weighted 

measures are free from biases introduced by post-hoc manipulation. 

Method 1 in Table 5 was developed for quadrupeds that do not engage in the 

study behaviors of vertical support leaping or bipedal leaping.  Species analyzed by 

method 1 include Cheirogaleus medius, Daubentonia madagascariensis, Eulemur 

mongoz, Microcebus murinus, Nycticebus pygmaeus, and Varecia variegata.  For each 

species, the behavioral budget estimates of Gebo (1987) formed the core of the estimate.  

The ecological variables of Oxnard et al. (1990) were used to subdivide time spent in 

Gebo’s nonspecific “quadrupedalism” into terrestrial walking, terrestrial running, and 

arboreal walking.  “Oxnard adjusted” variables account for the percent contribution of a 

given ecological factor to the sum of related ecological factors.  In cases where the Gebo 

(1997) budgets summed to only 97% or 98%, I added the unaccounted budget percentage 

to “Gebo quadrupedal.”  
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A rationale exists for each equation listed under Method 1 in Table 5.  Equation 

1a estimates the percentage of quadrupedalism that is performed terrestrially or in a 

manner similar to that performed on the ground.  Equation 1b estimates the percentage of 

quadrupedalism performed in the arboreal setting; 1c estimates the percentage of 

quadrupedalism associated with a walking gait; 1d estimates the percentage of 

quadrupedalism associated with running gaits.  Equations 1e, 1f, and 1i estimate the 

percentages of time spent in activities that approximate the horizontal leaping, arboreal 

walking, and terrestrial running study behaviors, respectively.  Equation 1g estimates the 

percentage of time spent in activities that approximate the terrestrial walking study 

behavior for all species except Nycticebus pygmaeus.  Equation 1h estimates the 

percentage of time spent in activities that approximate the terrestrial walking study 

behavior in Nycticebus pygmaeus only.  The Nycticebus pygmaeus equation for terrestrial 

walking includes time budgeted to bimanual and suspension behaviors, because these 

behaviors are assumed to produce fast head rotations, and terrestrial walking produced 

the highest single-behavior AVM mean in this species. 

Slight modifications were made to Method 1 for the analysis of data from 

Daubentonia madagascariensis and Nycticebus pygmaeus.  The published locomotor 

budget for Daubentonia madagascariensis includes both postural and locomotor 

suspensory behaviors in the estimated amount of time spent in suspension (Curtis and 

Feistner 1994).  To make the Daubentonia suspension budget comparable to the purely 

locomotor suspension budgets of Gebo (1987), I split Curtis and Feistner’s 32% 

suspension into 16% suspension (which contributes to horizontal leaping) and 16% 
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bridging (contributes to arboreal walking).  There are no published locomotor budgets for 

Nycticebus pygmaeus, so the Nycticebus coucang data from Gebo (1987) and Oxnard et 

al. (1990) were used instead.  Under Method 1 equations, Oxnard’s “scurry” contributes 

to the terrestrial running locomotor budget weight.  Because I never observed Nycticebus 

running, and because Oxnard’s “scurry” seems to refer to fast walking in Nycticebus, I set 

the “Oxnard adjusted slow walk” variable to 1 and “Oxnard adjusted scurry” to 0.  This 

adjustment ensured that the Nycticebus locomotor budget weight for terrestrial running 

was 0. 

Method 2 in Table 5 is a simplified version of Method 1 that was used to assign 

locomotor weights in Eulemur fulvus and Lemur catta.  For these two taxa, Gebo’s 

(1987) locomotor budgets distinguish between terrestrial and arboreal quadrupedalism.  

As a result, Method 2 depends on fewer derived “Oxnard adjusted” environmental 

variables to estimate the amount of time spent on the ground versus in the trees. 

The equations in Method 2 serve the following functions.  Equation 2a estimates 

the percentage of terrestrial quadrupedalism that was walking, and 2b estimates the 

percentage of terrestrial quadrupedalism that was running. Equations 2c, 2d, 2e, and 2f 

estimate the percentages of time spent in activities that approximate the horizontal 

leaping, arboreal walking, terrestrial walking, and terrestrial running study behaviors, 

respectively. 

Method 3 in Table 5 was created solely to accommodate the unique locomotor 

repertoire of Hapalemur griseus.  The rationales for the equations in Method 3 are as 

follows.  Equation 3a estimates the percentage of quadrupedalism that was performed 
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terrestrially; 3b estimates the percentage of quadrupedalism that was performed 

arboreally; 3c estimates the percentage of quadrupedalism that was walking; and 3d 

estimates the percentage of quadrupedalism that was running.  Equations 3e and 3f 

estimate the percentages of time spent on horizontal and vertical supports, respectively.  

Equations 3g, 3h, 3i, 3j, and 3k estimate the percentages of time spent performing 

activities that approximate the arboreal walking, terrestrial walking, terrestrial running, 

vertical support leaping, and horizontal leaping study behaviors, respectively. 

Method 4 in Table 5 was used to calculate locomotor budget weights for the 

orthograde leaping species, Galago moholi and Propithecus verreauxi.  The equations in 

Method 4 are justified as follows.  Equation 4a and 4b estimate the percentages of 

quadrupedalism performed in terrestrial and arboreal settings, respectively.  Equations 4c 

and 4d estimate the percentages of time spent on horizontal and vertical supports, 

respectively.  Equations 4e and 4f estimate the percentages of time Propithecus verreauxi 

devotes to the arboreal walking and vertical support leaping study behaviors, 

respectively. Equations 4g and 4h estimate the percentages of time Galago moholi spends 

in activities that approximate the arboreal walking and vertical support leaping study 

behaviors, respectively.  Equation 4i estimates the amount of time each species devotes to 

the bipedal leaping study behavior. 

Locomotor budgets have not been published for Galago moholi, so the data for 

Galago senegalensis in Gebo (1987) and Oxnard et al. (1990) were substituted.  I suspect 

that the Gebo (1987) budget for quadrupedal behavior in Propithecus verreauxi reflects 

quadrupedal positioning more than quadrupedal locomotion.  As a result, the Propithecus 
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verreauxi equations were adjusted to shift behavioral weight from arboreal walking to 

vertical support leaping. 



 

 

Table 5: Summary of behavioral weighting equations 
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Table 6: Data processed by behavioral weighting method 1 

Gebo/Curtis: Gebo/Curtis: Gebo/Curtis: Gebo/Curtis: Gebo/Curtis: Gebo/Curtis: Gebo/Curtis: Oxnard: Adjusted Oxnard: Adjusted Oxnard: Oxnard:

Quadrupedal Leaping Suspension Bimanual Climbing Bridging Bipedal Undergrowth and Canopy and Adjusted Adjusted

Thick supports Thin supports Slow walk Scurry

C. medius 0.37 0.21 0.11 0.01 0.24 0.05 0.01 0.54 0.46 0.47 0.53

D. madagascariensis 0.47 0.04 0.16 0 0.17 0.16 0 0.53 0.47 0.78 0.22

E. mongoz 0.29 0.37 0.08 0.01 0.22 0.02 0.01 0.62 0.38 0.85 0.15

M. murinus 0.29 0.37 0.05 0.01 0.24 0.03 0.01 0.26 0.74 0.35 0.65

N. pygmaeus 0.24 0 0.29 0.01 0.21 0.24 0.01 0.37 0.63 1.00 0

V. variegata 0.35 0.21 0.10 0.01 0.31 0.01 0.01 0.47 0.53 0.82 0.18

Notes: Columns are by activity budget source and behavior, rows are by species  

Table 7: Data processed by behavioral weighting method 2 

Gebo: Gebo: Gebo: Gebo: Gebo: Gebo: Gebo: Oxnard: Oxnard:

Arboreal Terrestrial Arboreal Terrestrial Climbing Suspension Bipedal Adjusted Adjusted

quadrupedalism quadrupedalism Leaping Leaping Slow walk Scurry

L. catta 0.01 0.55 0.12 0.10 0.08 0 0.14 0.79 0.21

E. fulvus 0.11 0.28 0.30 0.04 0.18 0.09 0 0.87 0.13

Notes: Columns are by activity budget source and behavior, rows are by species  

Table 8: Data processed by behavioral weighting method 3 

Gebo Gebo Gebo Gebo Gebo Gebo Gebo Oxnard Adjusted Oxnard Adjusted Oxnard Adjusted Oxnard Adjusted Oxnard Adjusted Oxnard Adjusted

Quadrupedal Leaping Suspension Bimanual Climbing Bridging Bipedal Undergrowth and Conopy and Slow walk Scurry Horizontal Vertical

Thick supports Thin supports supports supports

H. griseus 0.24 0.56 0.06 0 0.14 0 0 0.64 0.36 0.45 0.55 0.17 0.83

Notes: Columns are by activity budget source and behavior, rows are by species  

Table 9: Data processed by behavioral weighting method 4 

Gebo Gebo Gebo Gebo Gebo Gebo Gebo Oxnard Adjusted Oxnard Adjusted Oxnard Adjusted Oxnard Adjusted Oxnard Adjusted Oxnard Adjusted

Quadrupedal Leaping Suspension Bimanual Climbing Bridging Bipedal Undergrowth and Conopy and Slow walk Scurry Horizontal Vertical

Thick supports Thin supports supports supports

G. moholi 0.05 0.63 0.02 0.01 0.26 0.01 0.02 0.63 0.37 0.43 0.57 0.61 0.39

P. verreauxi 0.06 0.46 0.05 0.10 0.30 0 0.03 0.55 0.45 1.00 0 0.49 0.51

Notes: Columns are by activity budget source and behavior, rows are by species  
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From the equations listed in Table 5 and the data summarized in Tables 6-9, raw 

behavioral weights were calculated for each behavior in each species (Table 10).  

Because useful head rotation data were not acquired for some behaviors, the raw 

behavioral weights were transformed into practical behavioral weights.  These changes 

yielded locomotor budgets that seemed consistent with my observations of species’ 

behaviors at the Duke Lemur Center.  The rationale for generating practical locomotor-

budget weights is described below for each species. 

For Cheirogaleus medius and Microcebus murinus, horizontal leaping data were 

not collected during experiments.  All raw horizontal leaping weight was instead added to 

the raw terrestrial running weight.  Terrestrial running was observed much more 

frequently during experiments than the raw weight would have predicted. 

Eulemur fulvus did not engage in arboreal walking during experiments, so all raw 

arboreal walking weight was added to the raw terrestrial walking weight.  In the wild, 

Eulemur fulvus is an arboreal specialist, but these animals seemed especially anxious in 

the lab and avoided the arboreal support in all experiments. 

Hapalemur griseus did not exhibit terrestrial walking during experiments.  

Animals tended to walk for single or partial gait cycles between short scampers and 

leaps, so no terrestrial walking bouts were useable.  Raw terrestrial walking weight was 

added to raw terrestrial running weight for this species. 

For Propithecus verreauxi, arboreal walking data were not collecting during 

experiments. The raw arboreal walking weight was added to the raw bipedal leaping 
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weight, because animals tended to progress along horizontal supports using bipedal 

leaping during experimental sessions. 

Table 10: Raw behavioral weights summary (% budget units) 

Study behavior TW TR AW HL BL VSL

C. medius 0.10 0.11 0.46 0.33 0 0

D. madagascariensis 0.19 0.06 0.55 0.20 0 0

E. fulvus 0.24 0.04 0.29 0.43 0 0

E. mongoz 0.16 0.03 0.35 0.46 0 0

G. moholi 0 0 0.21 0 0.40 0.39

H. griseus 0.07 0.08 0.23 0.10 0 0.52

L. catta 0.57 0.12 0.09 0.22 0 0

M. murinus 0.04 0.05 0.48 0.43 0 0

N. pygmaeus 0.40 0 0.60 0 0 0

P. verreauxi 0 0 0.06 0 0.26 0.68

V. variegata 0.15 0.03 0.50 0.32 0 0

Notes: Columns are by study behavior abbreviations as listed in Table 1.

          Rows are by species.
 

Table 11: Practical behavioral weights summary (% budget units) 

Study behavior TW TR AW HL BL VSL

C. medius 0.10 0.44 0.46 0.00 0 0

D. madagascariensis 0.19 0.06 0.55 0.20 0 0

E. fulvus 0.53 0.04 0 0.43 0 0

E. mongoz 0.16 0.03 0.35 0.46 0 0

G. moholi 0 0 0.21 0 0.40 0.39

H. griseus 0 0.15 0.23 0.10 0 0.52

L. catta 0.57 0.12 0.09 0.22 0 0

M. murinus 0.04 0.48 0.48 0 0 0

N. pygmaeus 0.40 0 0.60 0 0 0

P. verreauxi 0 0 0 0 0.32 0.68

V. variegata 0.15 0.03 0.50 0.32 0 0

Notes: Columns are by study behavior abbreviations as listed in Table 1.

          Rows are by species.
 

Table 34 (Chapter 5) lists single-species weighted means of angular velocity 

magnitude (AVM), which were developed to estimate the average rotational head speed 

of each species as a function of locomotor budget.  Single-species AVM weighted means 

are the sum of all single-behavior AVM weighted means for each species.  Each single-
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behavior AVM weighted mean is the product of a single-behavior AVM mean and a 

practical locomotor budget weight, which are found at the same row and column 

locations in Table 34 and Table 11, respectively.  

2.2 Morphologic Methods 

Morphologic measurements were made from CT scans of dried skulls and used to 

predict the sensitivity of the vestibular system to rotations in different directions.  High 

resolution CT-scans were analyzed using Matlab, and measurements were made using a 

modified method of Calabrese and Hullar (2006).  The cross-sectional centroid of a 

canal’s lumen was found as a three-dimensional coordinate location.  Centroid 

coordinates were then scaled and rotated into a standard position based on the Frankfort 

plane.  Canal radius of curvature (R) and canal orientation were determined by fitting a 

circle and a plane to all centroids, respectively.  This was repeated for all six canals in a 

specimen.  Using a modified method of Yang and Hullar (2007), these data were used to 

predict the sensitivity of the six-canal system to 64,800 axes of rotation spaced at 1-

degree increments about the head.  

2.2.1. Specimen selection and CT scan procurement  

High-resolution computed tomography (CT) scans were obtained from museum-

specimen crania of the 11 species in the sample.  Morphologic features of the 

semicircular canals can be reliably measured from CT scans (Spoor et al. 2000a; Spoor et 

al. 2000b; Spoor and Zonneveld 1995).  Existing scans produced at Pennsylvania State 

University were supplied by Drs. Alan Walker and Tim Ryan.  Scans previously 

produced at the University of Texas were provided by Dr. Chris Kirk.  Additional CT 
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scans were ordered from the University of Texas CT facility.  CT scan names and the 

osteologic specimens from which they were produced are listed in Table 12.  In some 

cases, two CT scans from a single specimen were used.  In such cases, one scan provides 

high resolution images of the semicircular canal region while the other permits canal 

orientation to be examined with respect to the rest of the skull.   

The measurements collected in this study required multiple anatomic features to 

be visualized.  To allow sensitivity map prediction, CT scans had to include the entirety 

of all six semicircular canals.  To orient the six-canal system relative to the Frankfort 

plane, the right and left superior margins of the external auditory meati, and either the left 

hypoglossal canal or the left infraorbital margin had to be visualized.  As a result, many 

pre-existing CT scans did not include enough anatomic information to be used in this 

study. 
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Table 12: Osteologic specimens of strepsirrhine primates from which CT 

scans were obtained 

Scan name Species Museum accession number

Cm1 Cheirogaleus medius DPC 034

Cm2 Cheirogaleus medius DPC 0142

Cm3 Cheirogaleus medius DPC 0142

Dm1 Daubentonia madagascariensis USNM 305066

Ef1 Eulemur fulvus DPC 010

Ef2 Eulemur fulvus AMNH 31254

Em Eulemur mongoz USNM 35260

Gm1 Galago moholi CM 6982

Gm2 Galago moholi CM 57705

Gm3 Galago moholi PSU uncataloged

Hg1 Hapalemur griseus FMNH 57631

Hg2 Hapalemur griseus DPC 1311

Lc1 Lemur catta BMOC uncataloged

Lc2 Lemur catta DPC 0141

Mm1 Microcebus murinus DPC 098

Mm2 Microcebus murinus DPC 098

Np1 Nycticebus pygmaeus USNM 258234

Pv1 Propithecus verreauxi DPC 6756

Pv2 Propithecus verreauxi USNM 83965

Vv1 Varecia variegata UM-APC 210

Vv2 Varecia variegata ACMNH Os.630 (D-8)

Vv3 Varecia variegata DPC 50

Notes:

ACMNH: Amherst College Museum of Natural History, The Trustees of Amherst College

AMNH: American Museum of Natural History  

BMOC: Beza Mahafaly Osteology Collection, specimen collected by L. Godfrey

CM: Carnegie Museum of Natural History

DPC: Duke Primate Center

FMNH: Field Museum of Natural History

PSU: Pennsylvania State University, specimen collected by A. Walker

UM-APC: Umass Anthropology

USNM: United States National Museum  

2.2.2. Basic semicircular canal measurement 

All semicircular canal measurements were performed in Matlab (The Mathworks, 

Inc., Natick, Massachusetts).  Matlab codes that I developed are provided as appendices.  

Dr. Timothy Hullar of the Department of Otolaryngology, Washington University School 

of Medicine should be contacted for access to Matlab scripts that are not published here. 
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2.2.2.1 Centroid selection and exclusion 

Semicircular canal size and orientation were measured using the Centroids.m 

script in Matlab (Calabrese and Hullar 2006).  This program allows for the identification 

of multiple points along the central streamline within a canal’s lumen.  These points are 

called centroids; between 110 and 200 centroids were measured in each canal.  A single 

compilation of centroid coordinates, which is termed a centroid data file, was produced 

for each canal.   

To use the Centroids.m script, a CT scan was first loaded into Matlab as a stack of 

JPEG or TIFF files.  Image contrast was adjusted to facilitate centroid measurement.  All 

images were then converted from a grayscale to an inverted black-and-white color map.  

The black and white images were thresholded to make canal lumens appear as isolated 

white regions within black bone.  Figure 10 demonstrates both a properly and an 

improperly thresholded canal. The contrast and threshold parameters used to digitize all 

canals are available upon request.   

Using the Centroids.m image-display function, white regions corresponding to 

canal lumens were manually selected on each CT slice using the cursor.  Centroids.m 

then calculated the centroid and saved its location in x, y, z coordinates. The x and y axes 

correspond to the pixel matrix location on the CT slice, while z is equivalent to CT slice 

number.  The units of these x, y, and z measurements are voxel edge-lengths.   

Centroid coordinates were measured from only one canal at a time.  Once 

recorded for a single canal, a three-dimensional plot of canal centroids was generated.  

Examination and graphical rotation of the three-dimensional plot allowed aberrant 
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centroids to be identified and excluded for three reasons.  1) Errors in manual selection 

produced centroids that were obviously displaced from the other points defining the canal 

curvature.  2) The lumen is sectioned tangentially yielding a stack of extraneous centroids 

at one or two portions of a semicircular canal (Figure 11).  In which case, the expected 

location of the centroid in this region was estimated by visual interpolation of the 

flanking point arcs.  3) In as much as the membranous semicircular duct splits within the 

boney semicircular canal at the ampullary end of the common crus, the centroid of the 

boney canal cannot coincide with the centroids of the two membranous ducts at this 

location.  The three-dimensional centroid plot of every anterior and posterior canal 

exhibited an obvious discontinuity at this location (Figure 12).  To remedy this problem, 

the arc of points on the ampullary side of the discontinuity was extrapolated toward a 

joining point on the common crus.  This joining point was retained and all points between 

the joining point and the discontinuity were rejected (Figure 12). 
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Figure 10: Thresholding and selection of regions for centroid calculation, 

derived from a coronal section of a Varecia variegata cranium (CT scan Vv2) 
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Figure 11: Example of point selection in tangentially-sliced portion of the 

horizontal semicircular canal, derived from a CT scan of a Varecia variegata 

cranium (CT scan Vv2) 
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Figure 12: Point selection near common crus, derived from a CT scan of a 

Varecia variegata cranium (CT scan Vv2) 

In the process of sampling centroids, the length of the arc described by the points 

was considered more important than the total number of points recorded (Calabrese and 

Hullar 2006).  Because a circle and plane were later fit to each centroid data set, a single 

distant point could greatly influence the resulting radius of curvature (R) and plane 

equation.  For some canals, the centroid data exhibited large gaps in the canal arc despite 

efforts to optimize CT contrast and threshold settings.  When centroids could not be 
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calculated in four or more consecutive slices, I reset the CT contrast and threshold 

parameters so that the missing centroids could be measured and created an additional 

centroid data file for that canal.  For some canals, as many as five separate CT contrast 

and threshold settings were required to measure an acceptable collection of centroid 

points.  These fractional centroid data files were merged by matrix concatenation to 

create a single centroid data file for the canal. 

2.2.2.2 Scaling of and rotation of centroid data 

The coordinates of a centroid were expressed as a row vector with x, y, and z 

columns in units of voxels.  To convert coordinates into units of mm, a scaling vector was 

generated for each CT scan.  The scaling vector x and y values were found by dividing 

the CT scan field of reconstruction in mm by 1024 pixels.  The scaling vector z value was 

set equal to the CT scan interslice spacing.  Scaling vectors are listed in Appendix C.  

Sequentially-multiplying any three-dimensional coordinate measured from a CT scan by 

the scaling vector for that CT scan yielded scaled coordinate data in mm. 

The orientation of a skull within the CT scanner during scanning determines the x, 

y, and z local axes for the scan and the centroid data files derived from the scan.  For 

most CT scans, the positive z axis points toward the occiput, meaning that the rostrum 

was located at a low slice number and the occiput was found at a high slice number.  Data 

derived from such scans are expressed in a right-handed coordinate system.  For several 

scans generated at Pennsylvania State University, the positive z axis points toward the 

skull rostrum, and resulting coordinate data are expressed in a left-handed system.  Scans 

in left-handed coordinate systems were identified by examining three-dimensional plots 
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of centroids data files.  The scaling vector z value was multiplied by -1 for all left-handed 

scans (Appendix C) to convert all left-handed coordinate data to right-handed coordinates 

during scaling.  

To compare inner ear sensitivity maps with each other and with kinematic data, I 

rotated all anatomic data into the Frankfort plane.  The Frankfort plane was chosen over 

other reference planes because the points that define it are easily identified on coronal CT 

scans and because marker caps were easily aligned with the Frankfort plane during 

kinematic experiments.  The Frankfort plane is defined by the mid-section of the superior 

margin of both the eternal auditory meati (left and right porion) and by the left 

infraorbital margin (orbitale).   

All CT scans exhibited the left and right external auditory meati (EL and ER 

points, for “ear left” and “ear right”).  Unfortunately, only some CT scans also visualized 

the left infraorbital margin (FPO point, for “Frankfort plane orbitale”).  To estimate the 

location of the Frankfort plane on scans lacking the FPO, a fourth landmark was chosen 

by examining CT scans of full skulls.  This landmark needed to be visible on scans 

lacking the FPO and to form a plane with ER and EL that was oriented at a consistent 

angle from the Frankfort plane.  After evaluating the utility of several landmarks, the 

anterior margin of the left hypoglossal canal (LAHC point) was selected because the 

angle between the ER-EL-LAHC plane and the ER-EL-FPO (Frankfort) plane exhibited 

the least intraspecific and intrafamilial variation. 

For Lemur catta, the angle between the ER-EL-LAHC plane and the Frankfort 

plane was measured in ImageJ using lateral photographs of two Lemur catta skulls 
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(Rasband 2010).  A full-skull CT scan was available for all other species, and the angle 

between the ER-EL-LAHC and Frankfort planes was determined in Matlab using scaled 

coordinate data. 

In each CT scan lacking the FPO, the LAHC location was recorded, scaled, and 

then used to predict a point lying in the Frankfort plane based on the scaled ER, scaled 

EL, and the angle between the ER-EL-LAHC and ER-EL-FPO planes as measured in a 

conspecific (Appendix C).  The resulting point was a scaled proxy for the FPO, which 

was termed the FPP point, for “Frankfort plane proxy.” 

Once a scaled ER, EL, and FPO or FPP point was determined for each CT scan, 

each centroid data file was scaled and then rotated into the Frankfort plane.  These 

operations were performed using a Matlab script named Centroid_scale_rotate.m 

(Appendix F).  To scale the centroid data, Centroid_scale_rotate.m first sequentially-

multiplies all centroids by the appropriate scale vector.  Then the script performs a matrix 

transformation using ER, EL, and FPP to express the measured centroid coordinates in a 

new coordinate system based on the Frankfort plane.  In the new coordinate system, the 

point midway between the ER and EL lies at the origin, and the skull’s Frankfort plane 

coincides with the x-y plane.  The new positive x axis points out the rostrum, the positive 

y axis is directed out the left ear, and the positive z axis points out the top of the head.  

Each centroid data file was scaled and rotated independently.  To visually confirm that 

the scaling and matrix transformation functions were performed correctly, three-

dimensional plots of the six scaled and rotated centroids data files were generated for 

each specimen (Figure 13). 
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Figure 13: Effects of scaling and rotation on plots of six centroid data sets, 

example from the Np1 scan of Nycticebus pygmaeus 
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2.2.3 Derived semicircular canal measurements 

2.2.3.1 Canal orientation and radius of curvature analyses 

Once a centroid data file was scaled and rotated, the canal radius of curvature (R) 

and plane of best fit were determined using a previously developed Matlab script named 

Canal_equation.m (Hullar and Williams 2006; Yang and Hullar 2007).  While 

comparative workers have typically calculated canal R from two measurements of canal 

diameter (Spoor et al. 2007), the present study calculated canal R by fitting a circle to the 

90 or more centroid coordinates in each centroid data file.  Measurements of canal R 

reported here are comparable to, but more accurate than those reported in other studies 

(Spoor et al. 2007).  

A plane of best fit was also determined for each scaled and rotated centroid data 

file.  Canal_equation.m output the plane equation, but the next step of analysis required 

canal orientation to be described by a unit vector normal to the plane of best fit.  Two 

vectors are normal to any plane.  Rotating a semicircular canal about a vector normal to 

its plane of best fit results in either maximal stimulation or inhibition, depending on the 

direction of rotation (Wilson and Melvill-Jones 1979).  The unit vector corresponding to 

stimulatory rotation by the right hand rule was chosen as the “canal orientation normal 

vector” for each canal (Table 13, Figure 14). 
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Table 13: Expected signs of x, y, and z for stimulatory rotation vectors 

normal to each canal’s plane of best fit 

Canal Sign expectation for [x  y  z]

Right HSC [+  ?  -]

Right ASC [+  +  ?]

Right PSC [+  -  ?]

Left HSC [-  ?  +]

Left ASC [-  +  ?]

Left PSC [-  -  ?]

Notes: Canal names are abbreviated as

          listed in Table 1.  

 

Figure 14: Superior view of relationships among the six canals, canal 

orientation normal vectors, and head coordinate system 

Canal orientation normal vectors were used to infer sensitivity maps as will be 

described in the next section.  In Chapter 6, canal orientation normal vectors were also 

used to calculate the angles between canal planes of best fit in Matlab. 
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2.2.3.2 Calculating sensitivity vector data sets 

The sensitivity of each six-canal system to rotations about different axes was 

modeled using an existing Matlab script named Bubbles.m (Hullar and Williams 2006; 

Yang and Hullar 2007).  The inputs to Bubbles.m were the R measurements and canal 

orientation unit vectors for a six-canal system.  Bubbles.m is based on principles 

described by Rabbitt (1999) for the efficient mathematic modeling of semicircular canal 

function.  A canal with larger R is modeled to have greater sensitivity to rotations from 

all directions.  Canal orientation is also important because endolymph is maximally 

displaced when a canal is rotated about an axis orthogonal to its plane of best fit.  

Conversely, no endolymph displacement occurs when a canal is rotated about an axis 

parallel to its plane of best fit. 

In Bubbles.m, the sensitivity of each canal to a single rotation about a given axis 

is calculated and expressed as a vector in units of mm reflecting the proportion of canal R 

that detects the rotation.  Addition of all six vectors results in a single sensitivity vector 

for the six-canal system, for which vector orientation indicates the direction of rotation 

and vector magnitude (in mm) corresponds to vestibular sensitivity (Rabbitt 1999).   

In the strict sense, sensitivity can only be measured at the vestibular afferent 

nerve.  Afferent nerve sensitivity is abbreviated as Gr for regularly firing afferents and is 

expressed in units of (spikes x second
-1

)/(degrees x second
-1

).  Because canal R is related 

to afferent nerve sensitivity by a linear equation (Equation 1) for stimuli with frequencies 

bracketed by the canal time constants, canal R in mm can be treated as a proxy for 

sensitivity (Yang and Hullar 2007). 
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Equation 1: Gr = 0.23R – 0.09 

The mathematics for determining the sensitivity of one canal to a given rotation 

can be geometrically conceptualized.  The canal orientation unit vector defines the plane 

of best fit for the canal, and the canal can be imagined as a disk within this plane.  If a 

sphere with a diameter of 1 is rested on the center of the disc, and if a line representing a 

rotational axis is drawn from any direction through the center of the disc, the portion of 

the line contained within the sphere is the primary sensitivity vector (Rabbitt 1999).  For 

a rotation about the axis defined by the primary sensitivity vector, canal sensitivity is 

proportional to the magnitude of the primary sensitivity vector (Rabbitt 1999).  

Consequently, a rotation about the axis of greatest sensitivity (i.e. orthogonal to the plane 

of best fit) will result in a primary sensitivity vector magnitude of 1, and a rotation within 

the plane of best fit would not be detected because the primary sensitivity vector 

magnitude would be 0.  Canal sensitivity is also proportional to R, so a primary 

sensitivity vector is then scaled up or down by multiplying the vector magnitude by canal 

R to yield a final sensitivity vector (Rabbitt 1999; Yang and Hullar 2007).  

These calculations are performed on all six canals using the same axis of rotation, 

and then all six resulting sensitivity vectors are added to yield a single vector representing 

the sensitivity of the six-canal system to a rotation about the given axis (Rabbitt 1999).  

The program repeats this process using many different axes of rotation (Calabrese and 

Hullar 2006).  It first models sensitivity at 0 degrees azimuth and 0 degrees elevation, 

which corresponds to the y axis of the CT scan.  It then marches from 0 to +90 degrees 

elevation, and 0 to -90 degrees elevation before moving to 1 degrees azimuth and starting 
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the process again.  In this way, sensitivity is calculated at 180 different elevations for 

each of 360 azimuth locations.  The result is a set of 64800 sensitivity vectors emerging 

from an origin at the center of the head, spaced at 1-degree increments, and representing 

sensitivity of the six canal system to rotations from any of these directions.  Bubbles.m 

thus output a large set of sensitivity vectors, which was expressed as a list of three-

column row vectors.  

2.3 Comparative analyses of kinematic and morphologic data 

Morphologic data derived from CT scans were used to predict sensitivity 

variables for each specimen.  Head rotations were measured in living animals and used to 

construct angular velocity data sets.  Statistical comparisons among predicted sensitivity 

data and observed angular velocity data were then used to test hypotheses about the 

relationship between locomotor behavior and canal design.   

In Chapters 3 and 5, morphologic and kinematic scalar data are compared to 

address questions about global sensitivity.  These analyses were conducted using 

phylogenetic generalized least squares (PGLS) regressions.  In Chapter 4, morphologic 

and kinematic vector data are compared to examine questions about directional 

sensitivity.  I developed a method termed "icosahedral sampling” to facilitate such 

statistical comparisons among vector data sets. 

2.3.1 Phylogenetic generalized least squares (PGLS) and multiple 
regression 

In Chapters 3 and 5, variables representing overall rotational head speed and 

global semicircular canal sensitivity are compared among species using regression 
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analyses.  Phylogenetic generalized least squares (PGLS) multiple regressions were used 

to account for the effects of phylogeny and other variables such as body mass on the 

correlations of interest. 

Both canal R and the angular velocity of the head are expected to scale with body 

mass.  When testing for a correlation between a metric of head rotation and a metric of 

canal morphology, it is important to account for the effects of body mass on both the 

dependent and independent variable.  Multiple regression is a simple and statistically 

preferred method for correcting for correlations among multiple independent variables 

(Freckleton 2002; Smith 1984).  In Chapters 3 and 5, I used multiple regression to 

measure and control the effects of body mass.  Multiple regressions were also used to test 

for an influence of brain mass, neonatal body mass, and other variables on the 

relationship between head movement and canal morphology. 

PGLS regression corrects for the influence of phylogenetic relatedness within the 

error terms of the regression model (Garland et al. 2005; Garland and Ives 2000; Grafen 

1989; Grafen 1992; Martins and Hansen 1997; O'Neill and Dobson 2007; Rohlf 2001).  

In all analyses, PGLS multiple regressions were performed using the COMPARE 

statistical analysis website (Martins 2004).  

PGLS regression requires a phylogeny with branch lengths for all taxa included in 

the sample.  In Chapter 3, the phylogeny for the 45-mammal sample was extracted from 

the published 210-mammal sample of Spoor et al. 2007 (Appendix A).  For the 

experimental sample of 11 strepsirrhine species reported in Chapter 5, a phylogeny was 

scripted based upon published molecular phylogenies (DelPero et al. 2006; Horvath et al. 
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2008; Pastorini et al. 2001; Roos et al. 2004; Yoder and Yang 2004) (Appendix B).  All 

phylogenies were entered into COMPARE in Nexus file format. 

COMPARE outputs the regression equation, coefficient of determination, and 

alpha value.  Alpha is an estimate of the strength of phylogenetic effects in a data set, 

with the minimum value of 0 corresponding to the greatest amount of phylogenetic signal 

and the maximum value of 15 corresponding to no phylogenetic effects.  These outputs 

are reported in all analyses performed here. 

Equation 2 was used to test whether the correlations determined by PGLS 

multiple regression were significant (Sokal and Rohlf 1996).  In all cases, two-tailed tests 

with n-2 degrees of freedom were employed.  Significance was reported as a p value, 

which was calculated from the t value using the VassarStats statistical analysis website 

(Lowry 2010).   

Equation 2: ts = r(((n-2)/(1-R
2
))

(1/2)
) 

where n is the number of taxa used. 

In Chapters 3 and 5, I used Equation 3 to determine whether the correlation 

coefficient for a multiple regression increased significantly with the inclusion of an 

additional independent variable (Sokal and Rohlf 1996).   

Equation 3: Fs = [(R
2
2 – R

2
1)(K2 – K1)]/[(1 – R

2
2)/(n - K2 – 1)] 

where K is the number of the independent variables in each regression and n is the 

number of taxa used.  Significance was reported as a p-value, which was determined from 

the F and Fcrit statistics using the VassarStats website (Lowry 2010). Fcrit numerator and 

denominator degrees of freedom were determined by Equations 4 and 5, respectively. 
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Equation 4: Fcrit numerator degrees of freedom = (K2 – K1) 

Equation 5: Fcrit denominator degrees of freedom = (n - K2 – 1) 

2.3.2 Icosahedral sampling 

2.3.2.1 Purpose and coding details  

In Chapter 5, morphologic and kinematic vectors were compared using spatial 

statistics.  The fast-sensitive hypothesis (page 3, Section 1.1.1) predicts alignment 

between axes of high sensitivity and axes of rapid rotation.  Conversely, the slow-

sensitive hypothesis (pages 2-3, Section 1.1.1) predicts that axes of high sensitivity 

should align with axes of slow rotation.  One way to test for such alignments was to pair 

measures of sensitivity and angular velocity from the same axis and treat them as x and y 

variables in a regression.  A positive or a negative significant correlation would support 

the fast-sensitive or slow-sensitive hypothesis, respectively. 

Sensitivity and angular velocity vectors, however, are not easily paired.  For each 

CT-scanned specimen, there are 64800 predicted sensitivity vectors, and for each study 

behavior in each species, there are between 71 and 3998 angular velocity vectors.  When 

a three-dimensional plot is created using observed angular velocity vectors from a smaller 

data set, regions of space are noticeably devoid of vectors.  The likelihood of an angular 

velocity vector perfectly aligning with a predicted sensitivity vector is low, and the 

likelihood of encountering aligned vector pairs when comparing two angular velocity 

vector sets is even lower.  Moreover, marker caps were only roughly aligned with the 

Frankfort plane during kinematic experiments, and constructing one-to-one spatial 
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pairings between sensitivity and angular velocity vectors would make better sense if the 

two vector coordinate systems were more strictly aligned. 

For these reasons, I developed a process termed “icosahedral sampling” to 

summarize and facilitate statistical comparisons among vector data sets.  Both angular 

velocity and predicted sensitivity vector data sets may be envisioned as clusters of 

vectors originating from a point at the center of an animal’s head.  Icosahedral sampling 

divides the surface of an imaginary sphere surrounding the head into facets of equal size 

and then calculates the mean magnitude of vectors pointing toward each facet (Figure 

16).   

An icosahedron has 20 triangular faces and was selected as the polyhedral model 

for subdivision of a sphere.  Each face can be further subdivided by factors of four to 

yield finer resolution of the vectors sampled in each face.  An 80-faced subdivided 

icosahedron was empirically determined to provide the most appropriate level of 

resolution for my data and was used for all analyses. 

I worked with a computer programmer to develop a Matlab script that performs 

icosahedral sampling.  The resulting program is named Plot_Icosahedron.m (Appendix 

G).  The input to Plot_Icosahedron.m was either an angular velocity vector data set or a 

predicted sensitivity vector data set (the output of Bubbles.m).  In both cases, vector data 

were entered as a 3-column matrix in which each row corresponds to the x, y, and z 

coordinates describing a vector. 

Plot_Icosahedron.m constructs an 80-faced icosahedron, which envelops the head 

and vector data origin, and then assigns an index number to each triangular face in 
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stereotyped order.  As a result, triangle number 1 always overlies the left parietal region 

of the head, triangle number 40 always corresponds to the left ear, and so on (Figure 15).  

The script then treats the corners of each triangle as three points defining the x, y, and z 

axes of a local coordinate system.  All vectors from the input data set that have positive x, 

y, and z components in one local coordinate system must point toward one triangular face 

and are assigned to that triangle index number.  This collection of vectors is termed an 

Ibin (for icosahedral bin), and the mean of vector magnitudes in an Ibin is called an 

Ivalue (for icosahedral value).  Importantly, each Ivalue and Ibin remain associated with 

its triangle index number of origin.   

In theory, any descriptive statistic could be used to calculate an Ivalue from an 

Ibin.  The results of using the 90
th
 percentile and median of vector magnitudes paralleled 

the results of using the mean.  Because the maximum of vector magnitudes proved to be 

highly subject to outlier errors, I used the mean of magnitudes in all analyses for 

simplicity. 

The output of Plot_Icosahedron.m can be expressed in two ways.  The first is an 

80-row single-column vector, in which each row entry is an Ivalue and the row number 

(e.g. 12
th

 row out of 80) corresponds to the associated triangle index number.  This 

format is termed an Ivalue set.  Paired Ivalue sets are easily compared by ordinary least 

squares regression, and significant correlations indicate that the variables are spatially-

correlated.   

An Ivalue set can also be represented as an Ivalue map, which is the second 

format of the Plot_Icosahedron.m output.  In an Ivalue map, the 80-faced polyhedron is 
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collapsed onto a Mercator projection.  Ivalues are then color-mapped onto their 

associated triangular facets, so that triangle color reflects the mean magnitude of vectors 

pointing toward that triangle. 

 

Figure 15: Ivalue map (i.e. Mercator projection of an 80-faced icosahedron) 

illustrating locations of index-numbered triangles relative to anatomic landmarks 
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Figure 16: Schematic demonstration of icosahedral sampling, specifically the 

generation of a velocity-Ivalue map from observed angular velocities in Hapalemur 

griseus during terrestrial running 
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The are two reasons for using icosahedral sampling.  First, observed angular 

velocity vectors are not evenly spaced, and icosahedral sampling allows mean vector 

magnitude to be calculated even for directions that are sparsely populated with observed 

vectors.  Second, icosahedral sampling allows for spatial statistical comparisons between 

vector data sets.  A row number within an Ivalue-set identifies the three-dimensional 

location of the triangular face from which that row’s sensitivity-Ivalue identity was 

calculated.  Because row ordering is identical in all Ivalue sets (e.g. row 10 always 

contains a mean based on vectors pointing toward the nose), the topographic similarity 

between two Ivalue maps can be quantified by a correlation coefficient. For two maps 

with identical topography, the resulting correlation would be +1. 

2.3.2.2 Application of icosahedral sampling to angular velocity and predicted 

sensitivity vector data 

Icosahedral sampling was performed on both predicted sensitivity and angular 

velocity data sets, but the outputs were expressed in slightly different ways.  Icosahedral 

sampling of a predicted sensitivity vector data set yields both a “sensitivity-Ivalue set” 

and a “sensitivity-Ivalue map.”  Sensitivity vectors are predicted from the anatomy of the 

six-canal system using Bubbles.m.  The mathematic models underlying Bubbles.m result 

in sensitivity-Ivalue sets and maps that are always symmetric about the center of the 

icosahedron (i.e. the Cartesian origin).  Because sensitivity-Ivalue maps are symmetric, 

they are pleasing to the eye and relatively easy to interpret by visual inspection. 

Icosahedral sampling was used to produce a “velocity-Ivalue set” for each set of 

angular velocity vector data.  Velocity-Ivalue maps were not constructed because angular 

velocity data are asymmetric, and the resulting maps are difficult to interpret.  Because 
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angular velocity vectors indicate direction of rotation by the right-hand rule, an animal 

that pitches backward quickly and forward slowly during running will have a greater 

velocity-Ivalue at triangles over the left ear than over the right ear.  A single velocity-

Ivalue map was produced for Figure 16, primarily because angular velocity data provided 

a better illustration of the process of icosahedral sampling than did predicted sensitivity 

data. 

If directional sensitivity is selected to match the maximum angular velocity 

experienced along an axis, then only the greater observed velocity-Ivalue in each 

mirrored pair of Ivalues would be selectively relevant.  I wrote a script that identified the 

greater velocity-Ivalue in each mirrored pair and then assigned this greater value to both 

Ivalues.  Such mirror-transformed velocity-Ivalue sets did not correlate with sensitivity-

Ivalue sets.  Similarly, mirror-transformed velocity-Ivalue sets based on the lesser value 

of the pair did not correlate with sensitivity-Ivalue sets. 
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3. Evaluation of methods currently used to infer agility 
from semicircular canal radius with novel demonstration 
of the independent effects of brain size 

Morphologic features of the semicircular canals influence canal function and, as a 

result, may be adapted to the locomotor requirements of a species. Behavioral inferences 

based on fossil canals would be attractive sources of paleoecologic information that could 

stand independent of postcranial analyses.  Seemingly fast-moving living animals tend to 

have relatively large mean radii of curvature (SCR) for their body size (Gray 1908; 

Hadziselimovic and Savkovic 1964; Hopkins 1906; Matano et al. 1985; Money and 

Correia 1972; Schmelzle et al. 2007; Spoor et al. 2007; Tanturri 1933; Turkewitsch 

1934).  In consequence, the use of body-mass-adjusted SCR to reconstruct overall 

locomotor speed in extinct taxa is becoming widespread (Alonso et al. 2004; Boyer and 

Georgi 2007; Clarke 2005; Hurum 1998; Rogers 1998; Rogers 2005; Rook et al. 2004; 

Silcox et al. 2009a; Spoor et al. 2003; Spoor et al. 1998; Spoor et al. 1994; Spoor et al. 

1996; Spoor and Zonneveld 1998; Walker et al. 2008; Witmer et al. 2003; Zhou et al. 

2007).   Recent studies have developed equations relating SCR to body mass and animal 

agility, and locomotor behavior has been inferred in extinct species based on SCR and 

body mass estimates from fossils.  However, such studies have not reported important 

statistics for assessing the reliability of the relationship between SCR and agility.  

Additionally, the possibility that brain size independently influences SCR has not been 

evaluated, despite the inclusion of taxa with divergent levels of encephalization in fossil 

samples.  For these reasons, I repeated the analyses and revisited the conclusions of 

Spoor et al. (2007). Silcox et al. (2009a), and Walker et al. (2008).  I conclude that brain 
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size explains a significant amount of variation in SCR not already explained by body 

mass and agility, and that locomotor behavior cannot be accurately reconstructed from 

body mass and SCR alone.  

3.1 Existing methods do not predict ranked agility in a manner 
practical for making inferences about extinct species 

Until recently, a relationship between apparent speed and relative SCR size was 

supported by only very small comparative samples and anecdotal evidence.  Spoor et al. 

2007 provided the first statistical support for a relationship between SCR and locomotor 

speed in a comparative sample of 210 mammals.  This ground-breaking study employed a 

subjective ranked agility scale in which the seemingly-slowest species were assigned 

agility rank 1 and the seemingly-fastest species were assigned agility rank 6 (Spoor et al. 

2007).  Multiple regressions comparing log-transformed species-mean SCR versus the 

independent variables of body mass and ranked agility were reported to yield positive and 

significant correlation coefficients, though the coefficients were not published.  

Phylogenetically-informed multiple regressions were also performed, but again, the 

statistical significance of these correlation coefficients was not reported.  In a related 

paper, the correlation coefficients for phylogenetically-informed multiple regressions of 

each canal’s radius of curvature (R) over body mass and agility were published, however 

the extent to which agility explained variation in SCR independent of the effects of body 

mass was not addressed (Walker et al. 2008).  In sum, recent work has supported the 

conventional hypothesis that, corrected for body mass, fast animals have larger SCR than 

do slow ones, but the strength and of this correlation has not been fully examined. 
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Two recent studies have used the Spoor et al. (2007) data set to develop equations 

for the purpose of predicting agility rank from SCR and body mass (Silcox et al. 2009a; 

Walker et al. 2008).  At present, this method is the most mathematically-sound approach 

for making SCR-based locomotor inferences in fossil taxa.  However, the extent to which 

such inferences should be trusted, in addition to or in place of inferences based on 

postcranial interpretations, remains unclear.   

In order to better understand the reliability of SCR-based locomotor 

reconstructions, the analyses of Spoor et al. (2007), Walker et al. (2008), and Silcox et al. 

(2009) were evaluated with a critical focus on correlation coefficients and the utility 

(accuracy) of equations for inferring movement in extinct species.  

3.1.1 Revisiting statistics for the 210-mammal analysis of Spoor et al 
2007  

Phylogenetic generalized least squares (PGLS) regressions were run using the 

published phylogeny, ranked agility, body mass, and SCR data from Spoor et al. (2007) 

for the entire 210-mammal sample (Table 14).  The third equation in Table 14 matches 

that reported in Spoor et al. (2007), while the remainder of the information has not been 

previously published.  Importantly, body mass alone explains 79% of the variation in 

SCR, whereas agility alone explains only 0.18% of the variation in SCR.  While the 

correlation coefficient for multiple regression of SCR over both body mass and agility 

rank is significant, the correlation between SCR and ranked agility alone is not.  The 

stepwise increase in correlation coefficient resulting from the inclusion of agility with 

body mass as an independent variable was statistically significant (Fs=31.855, p<0.0001).  

Thus, variation in SCR is better explained by both body mass and agility rank than by 
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body mass alone, although there is no significant correlation between SCR and agility 

rank. 

Table 14: PGLS Regression results for Y=Log(SCR), X1=Log(body mass), 

and X2=Log(agility) using 210 mammals 

Equation R
2 p

Y = 0.14X1 - 0.24 0.7923 1.7  < 0.0001

Y = -0.03X2 + 0.24 0.0018 0.5 0.5409

Y = 0.14X1 + 0.12X2 - 0.32 0.8200 1.9  < 0.0001
 

A similar PGLS multiple regression analysis was undertaken using the 210-

mammal sample, but this time SCR was replaced with the mean radius of curvature for 

the horizontal semicircular canal (Table 15).  Previous work has suggested that the R 

measurement of the horizontal canal most reliably reflects locomotor demands because it 

is the least influenced by the size of the variably present subarcuate fossa (Jeffery et al. 

2008).  Again, the third equation in Table 15 matches that found in Spoor et al. (2007), 

while the remainder of the table has not been previously published.  The results of the 

horizontal canal R analysis are quite similar to those of the SCR analysis reported in 

Table 14.  Again, the stepwise increase in correlation coefficient that results from the 

addition of agility rank to the regression equation is significant (Fs=41.06, p<0.0001).  

However, no correlation exists between horizontal canal R and agility rank alone.  

Table 15: : PGLS Regression results for Y=Log(horizontal canal R), 

X1=Log(body mass), and X2=Log(agility) using 210 mammals 

Equation R
2 p

Y = 0.13X1 - 0.28 0.7076 1.8  < 0.0001

Y = 0.01X2 + 0.16 0.0004 0.5 0.7733

Y = 0.14X1 + 0.16X2 - 0.39 0.7560 2.0  < 0.0001
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In summary, ranked agility is not directly correlated with either measure of canal 

R, but it does significantly improve the correlation between canal R and body mass when 

included as a second independent variable in stepwise PGLS regression.  The results of 

Spoor et al. (2007) thus support a role for ranked agility in explaining variation in 

measurements of canal R.  Given the small effect of ranked agility on canal R, it should 

be useful to examine how accurately agility can be predicted from body mass and 

measurements of R. 

3.1.2 How well does SCR predict ranked agility: revisiting the 210 
mammal analyses of Silcox et al. (2009) 

In Silcox et al. (2009), log-transformed ranked agility was regressed over both log 

body mass and log SCR in a PGLS multiple regression model.  This was performed using 

both the entire Spoor et al. (2007) 210-mammal sample of and a subset of 91 primate 

species.  The resulting equations were used to predict ranked agility in extinct species, 

but the correlation coefficients for these equations were not reported.  These regressions 

were replicated and the coefficients of determination are reported in Table 16.  While the 

correlation coefficients for both equations are significant, the coefficients of 

determination are low suggesting that these equations have limited predictive value. 

Table 16: Replicated analyses of Silcox et al. (2009), Y=Log(agility), 

X1=Log(body mass), X2=Log(SCR) 

Regression source Equation R
2 p

Silcox et al: 210 mammals Y = -0.19X1 + 0.96X2 + 0.95 not reported NA

Replicated: 210 mammals Y = -0.18X1 + 0.99X2 + 0.94 0.1753 2.83  < 0.0001

Silcox et al: 91 primates Y = -0.30X1 + 1.52X2 + 1.11 not reported NA

Replicated: 91 primates Y = -0.31X1 + 1.88X2 + 1.05 0.4158 5.87  < 0.0001
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To examine how well the Silcox et al (2009) equations predict true agility, the 

body mass and SCR measurements published in Spoor et al (2007) were used to generate 

predicted agilities that could then be compared to observed agilities for the same species.  

A similar analysis is provided in the online supplemental information for Silcox et al. 

(2009).  However, the previously published analysis reports mean deviations between 

predicted and observed agilities, whereas individual-point 95% confidence intervals are 

more appropriate for understanding the value of agility predictions made from 

measurements of fossils (note that the 95% confidence limits provided in Silcox et al. 

(2009) pertain to the effects of body mass estimates on agility predictions, and not to the 

agility-prediction equations themselves) (Essex-Sorlie 1995; Sokal and Rohlf 1996). 

Using the equation generated from the sample of 91 primate species to predict 

agility rank for the same sample, the mean absolute difference between predicted and 

observed agilities was 0.98 as previously reported (Silcox et al. 2009a).  The maximum 

difference between predicted and observed was 2.67.  The 95% confidence intervals for 

individual values are represented in Figure 17, from which it is evident that a predicted 

agility rank of 3 should be interpreted to reflect an actual agility rank between 2 and 6.  

An agility rank of 2-6 spans all locomotor modes from Nycticebus coucang, a slow 

quadruped that never leaps, to Galago moholi, a similar-sized animal which moves by 

rapid bipedal leaping (Gebo 1987; Off and Gebo 2005; Oxnard et al. 1990; Stern and 

Oxnard 1973).  Moreover, the only primate with an observed agility rank of 1 is the 

extinct Palaeopropithecus ingens, for which the observed agility rank has been inferred 

from postcranial analyses.  Thus predicting an agility rank of 3 from a primate fossil 
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implies only that the extinct species’ observed agility would have fallen within the full 

range of variation observed in extant primates. 

 

Figure 17: Bivariate plot of observed agility rank over predicted agility rank 

for 91 primates, based on primate equation from Silcox et al. (2009a) 

A similar analysis was then performed using the 210-mammal sample and the 

210-mammal equation from Silcox et al. (2009).  The mean absolute difference between 
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predicted and observed agilities was 1.07, again as previously reported (Silcox et al. 

2009a).  The maximum difference between predicted and observed was 3.1.  The 95% 

confidence intervals for individual values are represented in Figure 18.  Based on these 

confidence intervals, a predicted agility rank of 3 should be interpreted to reflect an 

observed agility rank between 1 and 6, which spans the entire possible range of observed 

agility. 
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Figure 18: Bivariate plot of observed agility rank over predicted agility rank 

for 210 mammals, based on mammal equation from Silcox et al. (2009a) 

Using the 210 mammal-equation of Silcox et al (2009) to calculate predicted 

agility ranks, a table was constructed to evaluate how often the predicted rank matches 

the observed rank for the entire source sample (Table 17).  A predicted rank of 2 was 

correct in 2 of 11 cases, a predicted rank of 3 was correct in 5 of 51 cases, a predicted 
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rank of 4 was correct in 39 of 99 cases, a predicted rank of 5 was correct in 1 of 45 cases, 

and a predicted rank of 6 was correct in 4 of 4 cases.  Rank 1 was never predicted in this 

data set, though five animals were assigned an observed agility rank of 1.  Overall, 

predicted agility rank matched observed agility rank in 51 of 210, or 24% of cases. 

Table 17: Comparisons between predicted agility rank and observed agility 

rank for 210 mammalian species 

observed 1 observed 2 observed 3 observed 4 observed 5 observed 6

predicted 1 0 0 0 0 0 0

predicted 2 2 2 3 3 1 0

predicted 3 3 8 5 25 6 4

predicted 4 0 15 2 39 8 35

predicted 5 0 0 0 19 1 25

predicted 6 0 0 0 0 0 4

Notes: predicted agility ranks were calculated from body mass and SCR and then

          rounded to the nearest integer.
 

These analyses help to establish the weight that should be assigned to predicted 

agility ranks in the absence of corroborating, or presence of conflicting postcranial 

evidence.  Predicted agility ranks at the extremes of the agility range are of greater value 

than those near the median.  While predicted agility ranks are presently the best-founded 

means for inferring locomotor behavior from inner ear morphology, such inferences 

should be cautiously incorporated into broader ecologic reconstructions. 

3.2 Examination of brain size as an independent predictor of 
SCR 

So far, body mass has served as the sole scaling variable of choice for functional 

studies of SCR (Jeffery et al. 2008; Spoor 2003; Spoor et al. 2002; Spoor et al. 2007; 

Spoor et al. 2003; Spoor et al. 1998; Spoor et al. 1994; Spoor et al. 1996; Spoor and 

Zonneveld 1998).  The reason why canal size, and as a consequence sensitivity, should 



 

91 

scale in a negatively allometric fashion with respect to body mass is not entirely clear.  It 

may be that body size affects the frequencies and magnitudes of head rotations, and that 

canal size varies to meet resulting functional demands (Jones and Spells 1963).  

Alternatively, canal size may be constrained by hydrodynamic requirements that are 

constant across body size, and small animals must simply accept sub-optimally small 

canals because of the space limitations that accompany small skull size (Muller 1999).  If 

the latter was true, and if brain size was a good predictor of skull size, then brain size 

should account for a portion of SCR variation that is not explained by body mass and 

agility rank.  PGLS multiple regressions demonstrated that brain mass exerts significant 

independent influence on SCR that is not accounted for in previous functional studies.  

This finding provides a plausible explanation for why primates, on average, have larger 

SCR than other non-cetacean mammals.  It also presents a problem for agility inferences 

based on samples that contain species with varied degrees of encephalization. 

3.2.1 Basis for investigating brain size effects on SCR 

The semicircular canals cease growing no later than when the otic capsule ossifies 

early in development.  The age at which canals fix probably varies as function of body 

mass, with fixation known to occur in rats by postnatal day 32 and in humans during 

month six of gestation (Dechesne et al. 1986; Jeffery and Spoor 2004).  If adult canal 

allometry is at least partially a nonfunctional consequence of animal size, then SCR 

would be expected to scale most closely with the size of the basicranium in early 

development (Spoor and Zonneveld 1998).  Unfortunately, there are few published 

measurements of fetal or neonatal basicranial sizes (Barrickman et al. 2008; Lindburg 
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1982).  Because basicranial size is probably correlated with brain size in mammals, and 

because neonatal brain size measurements are available for many species, I chose to 

examine the relationship between SCR and neonatal brain mass. 

Previous studies have concluded that the size of the petrosal lobule of the brain, 

which is anatomically and developmentally entwined with the semicircular canals, is 

unlikely to affect the relationship between ranked agility and at least the R measurement 

for the horizontal-canal (Jeffery et al. 2008; Jeffery and Spoor 2006).  These studies, 

however, have not examined the possibility that basicranial or brain size may also 

influence canal radii of curvature. 

Published log-log bivariate plots of SCR over body mass and my own plots of 

SCR over adult brain mass all share similar correlation coefficients and exhibit an overall 

distribution of points that appears more curvilinear than rectilinear (e.g. see Spoor et al. 

2007).  It is not surprising that the use of body mass or adult brain mass as the 

independent variable should result in a similar correlation coefficient, since the body 

mass and brain mass are highly correlated in mammals (Martin 1981).  However, it is not 

clear why the shapes of log-log bivariate plots are curved.  One possible novel 

explanation is that larger animals accrue relatively more body and brain mass after the 

arrest of SCR growth, which occurs in early in development.  To examine this possibility, 

I hypothesized that neonatal head size influences adult SCR. 

Adult brain mass and neonatal brain mass measurements were compiled for all 

primate taxa for which SCR measurements are available (Barrickman et al. 2008; Harvey 

and Clutton-Brock 1985; Sacher and Staffeldt 1974).  A bivariate plot of log SCR over 
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log adult brain mass and a bivariate plot of log SCR over log neonatal brain mass are 

both provided in Figure 19 (source data represent subset of data listed in Table 18).  The 

points based on neonatal brain mass appear to conform to a more rectilinear distribution 

than those based on adult brain mass.  Assuming that neonatal brain size is more closely 

correlated with early developmental basicranial size than is adult brain size, this plot 

provides weak but enticing evidence that SCR scaling is physically driven by head size at 

the time of SCR fixation. 

 

Figure 19: Primate SCR over adult brain mass with superimposed subset of 

SCR over neonatal brain mass 

3.2.2 PGLS analyses of the relationship among canal size, body size, 
and measures of brain size 

Correlations between measures of brain mass and SCR were examined using 

PGLS analyses.  SCR, adult body mass, adult brain mass, neonatal brain mass, and agility 
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rank were pooled for a total of 45 mammalian species from which these measurements 

are available (Table 18) (Barrickman et al. 2008; Harvey and Clutton-Brock 1985; Kirk 

2006; Sacher and Staffeldt 1974; Silva and Downing 1995; Smith and Jungers 1996; 

Spoor et al. 2007).  For all PGLS analyses, the phylogeny was pruned from the 210-

mammal phylogeny published by Spoor et al. (2007) (Appendix A). 
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Table 18: Canal size, body mass, and brain size data compiled from 

literature review 

Abbreviation SCR (mm) NBM (g) NBrM (g) BM (g) BrM (g) Agility Rank

Loxodonta africana la 4.8 120000 1650.0 4540000 4480 3

Sus scrofa ss 2.2 1030 26.6 55000 185 4

Hippopotamus amphibius ha 4.2 40000 195.0 1140500 590 3

Bos taurus bt 3.2 25000 199.0 290000 456 4

Ovis aries oa 2.3 3000 52.0 33750 125 4

Equus caballus ec 3.5 53000 368.0 250000 712 4

Taxidea taxus tt 2.1 116 3.3 7190 53 3

Phoca groenlandica pg 3.7 14000 243.0 127500 442 5

Vulpes vulpes vv 2.0 105 3.8 5000 48 4

Felis catus fc 1.8 114 5.6 3601 28.4 4

Panthera tigris pt 3.0 1300 30.0 150100 302 4

Panthera leo pl 3.3 1300 49.5 148750 260 4

Erinaceus europaeus ee 1.4 13.9 0.3 860 3.5 4

Castor canadensis cc 2.6 472 13.9 18667 40 4

Peromyscus maniculatus pm 0.9 1.9 0.1 17 0.52 4

Rattus norvegicus rn 1.3 4.9 0.3 270 2.38 4

Mus musculus mm 0.7 1.5 0.1 19 0.45 4

Hydrochaeris hydrochaeris hh 2.8 1200 24.8 39540 76 4

Cavia porcellus cp 1.7 97.0 2.5 1000 4.28 4

Erethizon dorsatum ed 2.0 480 10.0 10623 24 2

Chinchilla laniger cl 1.9 28.0 2.0 450 5.25 6

Myocastor coypus mc 1.8 230 5.7 7855 23 4

Glaucomys volans gv 1.3 3.8 0.2 59 1.89 6

Sciurus vulgaris sv 1.7 11.5 0.6 322 6.23 6

Lepus europaeus le 1.9 123 1.3 3330 9.6 5

Oryctolagus cuniculus oc 1.8 38.0 4.5 1740 13.3 5

Tupaia glis tg 1.5 9.2 0.5 142 3.15 4

Nycticebus coucang nc 1.5 30.5 4.0 856 12.8 2

Galago crassicaudatus gc 2.0 40.0 4.0 1156 9.9 4

Lemur catta lc 2.1 65.0 8.8 2210 22.58 4

Pongo pygmaeus pp 2.6 1653 161.3 56950 350.87 2

Gorilla gorilla gg 3.0 1996 260.5 120950 429.75 2

Homo sapiens hs 2.9 3334 359.4 58313 1212.72 4

Pan troglodytes pr 2.7 1814 142.2 44967 351.27 4

Hylobates lar hl 2.6 407 63.4 5620 97.86 6

Macaca fascicularis mf 2.3 346 44.7 4475 63.16 4

Macaca mulatta mu 2.6 466 57.3 9286 89.1 4

Papio hamadryas z ph 2.7 695 75.0 16730 132.19 4

Chlorocebus aethiops ce 2.3 314 45.9 4099 60.69 4

Colobus polykomos co 2.9 340 38.0 9100 96 4

Trachypithecus obscurus to 2.6 514 43.0 7800 65.5 4

Callithrix jacchus cj 1.5 35.3 3.7 324 7.8 6

Cebus apella ca 2.2 250 42.1 3085 68.81 4

Alouatta seniculus as 2.4 440 30.8 6700 50.86 2

Ateles geoffroyi ag 2.7 485 62.6 7535 105.84 4

Notes:

Column title abbreviations are as in Table 1, with average canal radius (SCR), neonatal body mass (NBM)

      neonatal brain mass (NBrM), adult body mass (BM), and adult brain mass (BrM).

NBrM listed for Alouatta seniculus was measured from Alouatta paliatta

References:

     SCR and Agility columns are based on Spoor et al. 2007.

     BM column is based on mean of male and female body masse from Smith and Jungers 1996

     BrM column is based on Barrickman et al. 2008.

     NBM column is based on Sacher and Staffeldt 1974, with following exceptions:

          lc, pp, gg, hs, pr, hl, mu ph, and ag are from Barrickman et al. 2008.

          ce and mf are from Harvey and Clutton-Brock 1985.  
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PGLS single regressions were performed using log SCR as the dependent variable 

and log adult body mass, log adult brain mass, or log neonatal brain mass as independent 

variables (Table 19).  For all three regressions, the correlation coefficients are 

comparable, positive, and highly significant. 

Table 19: PGLS single regression results for Y = Log(SCR) over different X 

variables for a sample of 45 mammals 

X variable Equation R
2 p

X = Log(adult body mass) Y = 0.13X - 0.16 0.8570 2.2  < 0.0001

X = Log(adult brain mass) Y = 0.18X + 0.05 0.8693 5.4  < 0.0001

X = Log(neonatal brain mass) Y = 0.15X + 0.17 0.8444 5.7  < 0.0001
 

To determine if neonatal brain mass explains a different portion of SCR variation 

than does neonatal body mass, a PGLS multiple regression was performed (Table 20). 

Based on the difference in correlation coefficients between the two equations, neonatal 

brain mass explains a significant component of SCR variation in addition to that 

explained by neonatal body mass (Fs=12.69378, for Fcrit[1,42] p = 0.0009). 

Table 20: PGLS Regression results for Y=Log(SCR), X1=Log(neonatal body 

mass), and X2=Log(neonatal brain mass) for a sample of 45 mammals 

Equation R
2 p

Y = 0.13X1 + 0.02 0.8367 3.7  < 0.0001

Y = 0.07X1 + 0.07X2 + 0.08  0.8746 5.4  < 0.0001
 

While neonatal brain and body mass measurements are the most logical to use, 

nearly all functional studies of SCR are corrected for adult body mass.  Next, a PGLS 

multiple regression was performed to examine how SCR is correlated with adult body 

mass and neonatal brain mass (Table 21).  Again, neonatal brain mass accounts for a 
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significant component of SCR variation in excess of that explained by the conventional 

scaling variable of adult body mass (Fs=14.60697, for Fcrit[1,42] p=0.0004).   

Table 21: PGLS Regression results for Y=Log(SCR), X1=Log(body mass), 

and X2=Log(neonatal brain mass) for a sample of 45 mammals 

Equation R
2 p

Y = 0.13X1 - 0.16 0.8570 2.2  < 0.0001

Y = 0.08X1 + 0.06X2 - 0.04  0.8939 4.0  < 0.0001
 

Recognizing that neonatal brain mass measurements are not available for many 

extant taxa and impossible to obtain for most fossils, PGLS multiple regression was used 

to examine the role of adult body mass and adult brain mass in explaining variation in 

SCR (Table 22).  Although there is no theoretical reason to expect that adult brain mass 

would physically determine SCR variation, adult brain mass should reflect neonatal brain 

mass to some extent (Pagel and Harvey 1990).  Testing the equations of Table 22 

indicates that adult brain mass accounts for a significant part of SCR variation in addition 

to explained by adult body mass (Fs=7.554455, for Fcrit[1,42] p=0.0088). 

Table 22: PGLS Regression results for Y=Log(SCR), X1=Log(body mass), 

and X2=Log(brain mass) for a sample of 45 mammals 

Equation R
2 p

Y = 0.13X1 - 0.16 0.8570 2.2  < 0.0001

Y = 0.08X1 + 0.07X2 - 0.08 0.8788 3.2  < 0.0001
 

Of the PGLS multiple regressions reflected in tables 20, 21, and 22, the highest 

correlation coefficient was achieved with the regression of log SCR over log adult body 

mass and log neonatal brain mass.  One possible explanation for this is that neonatal brain 

mass should be the best predictor of nonfunctional SCR scaling, while adult body mass is 

thought to be correlated with functional determinants of SCR (Jones and Spells 1963; 
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Muller 1999).  The combination of adult body mass and neonatal brain mass would thus 

explain the most variation in SCR because it accounts for both head size at time of SCR 

fixation and head movements as constrained by body size. 

Taken together, these analyses demonstrate that brain mass exerts significant 

influence on SCR in addition to the effects of body mass and phylogeny.  Although SCR 

can only be physically coupled with brain size early in development, it is significantly 

correlated with adult brain mass.  The independent influence of brain size upon SCR also 

adds to the broader understanding of comparative vestibular biology.  Bivariate plots of 

SCR over body mass have been previously observed to exhibit discontinuities between 

taxonomic groups.  For instance, primate SCR points have been noted to fit to a line that 

is displaced above the line of best fit for other non-cetacean mammals (Spoor and 

Zonneveld 1998).  In at least this example, increased encephalization in primates 

compared to other mammals may be partly responsible for the discontinuous SCR scaling 

pattern. 

3.2.3 Implications of the newly-described relationship between SCR 
and adult brain mass for inferring agility in fossil taxa 

Because brain size influences SCR, the potential for brain size to play a role in 

functional studies of SCR was examined.  A PGLS multiple regression of log SCR over 

log body mass, log adult brain mass, and log ranked agility was performed (Table 23).  

For this sample of 45 mammals, the addition of adult brain mass did not explain a 

significantly greater amount of SCR variation than did body mass and agility alone 

(Fs=1.7642, for Fcrit[1,41] p=0.1914). 
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Table 23: PGLS regression results for Y=Log(SCR), X1=Log(body mass), 

X2=Log(brain mass), X3=Log(agility) for a sample of 45 mammals 

Equation R
2 p

Y = 0.08X1 + 0.07X2 - 0.08 0.8788 3.15 <.0001

Y = 0.11X1 + 0.04X2 + 0.14X3 - 0.22 0.8838 2.19 <.0001
 

The regression was then restructured in the fashion of Silcox et al (2009a) so that 

the resulting equation would predict agility.  Neither the addition of adult brain mass 

(Table 24), nor the addition of neonatal brain mass (Table 25) significantly increased the 

correlation coefficient above that achieved by regression of log agility over log body 

mass and log SCR alone (Fs=1.5025, for Fcrit[1,42] p = 0.2271).   

Table 24: PGLS regression results for Y=Log(agility), X1=Log(body mass), 

X2=Log(SCR), X3=Log(brain mass) for a sample of 45 mammals 

Equation R
2 p

Y = -0.12X1 + 0.65X2 + 0.82 0.1922 11.4 0.0026

Y = -0.12X1 + 0.65X2 + 0X3 + 0.82 0.1922 11.4 0.0026
 

Table 25: PGLS regression results for Y=Log(agility), X1=Log(body mass), 

X2=Log(SCR), X3=Log(neonatal brain mass) for a sample of 45 mammals 

Equation R
2 p

Y = -0.12X1 + 0.65X2 + 0.82 0.1922 11.4 0.0026

Y = -0.10X1 + 0.87X2 - 0.06X3 + 0.75 0.2201 15.5 0.0012
 

While inclusion of a brain-size variable fails to improve the correlation between 

agility and SCR in this sample of extant mammals, brain size would be expected to be of 

greater importance when considering animals with varied degrees of encephalization. 

Given a large-brained primate and a small-brained insectivore of identical body mass and 

agility rank, the insectivore should possess a smaller SCR by solely by virtue of its 

relatively smaller brain. By extension of this principle, an SCR-based agility-prediction 
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equation that is generated from a sample of relatively large-brained primates would 

underestimate agility in any given insectivore. 

In Silcox et al. (2009a), agility was predicted for plesiadapiforms and Eocene 

prosimians based on equations derived from both extant primates and extant mammals.  

Among all groups considered, the plesiadapiforms are the least encephalized, the Eocene 

prosimians and extant non-primate mammals are marked by intermediate 

encephalization, and the extant primates are the most encephalized (Fleagle 1998; 

Gingerich and Gunnell 2005; Hartwig 2002; Silcox et al. 2009b).  The magnitude of 

differences in encephalization is illustrated by the plesiadapiform Plesiadapis cookei, for 

which the brain size estimate is one-fourth that of a size-matched extant mammal 

(Gingerich and Gunnell 2005).    

If grade shifts in encephalization contributed to systematic errors in the agility 

predictions of Silcox et al. (2009a), the following consequences would be expected: 

relative to the extant-mammal equation, the extant-primate equation would moderately 

underestimate agility in adapoids and more severely underestimate agility in 

plesiadapiforms.  In fact, the agility inferences of Silcox et al. (2009a) exhibit a pattern 

that is consistent with my prediction (Table 26).  For every fossil specimen, the 

prediction of the extant-primate equation is less than or equal to that of the extant-

mammal equation, with a mean difference of 0.53.  More importantly, the mean 

difference between extant-mammal predictions and extant-primate predictions is 0.64 for 

the plesiadapiform sample and 0.46 for the Eocene prosimian sample, concordant with 
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the greater disparity in encephalization between plesiadapiforms and extant primates than 

between Eocene prosimians and extant primates. 

In Silcox et al. (2009a), the relatively small canals of plesiadapiforms are 

compared to those of Eocene prosimians and extant mammals to infer that the 

plesiadapiforms engaged in the slowest locomotor habits.  Locomotor behavior may be in 

some small part responsible for SCR variation. However, if locomotor behavior was 

primarily responsible for the small SCR of Eocene prosimians and even smaller SCR of 

plesiadapiforms, the differences between the agility predictions based on extant-mammals 

and extant-primates should not be so neatly explained by trends in encephalization.  

Moreover, the authors of Silcox et al. (2009) acknowledge that the plesiadapiform agility 

scores predicted by the primate equation are lower than expected based on previous 

postcranial interpretations: a finding which they attribute to artifact resulting from an 

imperfect correlation between SCR and agility.  Instead, I suggest that grade shifts in 

encephalization may be principally responsible for the observed differences in relative 

SCR among the plesiadapiform group, Eocene prosimian group, and extant mammal 

group. 
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Table 26: Agility rank predictions for extinct taxa based on Silcox et al. 

(2009a) 

Taxon Specimen number Extant primate 

agility prediciton

Extant mammal 

agility prediction

(mammal prediction) - 

(primate prediction)

Carpolestes simpsonii USNM 482354 2.7 3.4 0.7

Carpolestes simpsonii UM 101963 3.0 3.6 0.6

Dryomomys szalayii UM 41870 3.2 3.7 0.5

Tinimomys graybulliensis UM 85176 2.4 3.1 0.7

Microsyops cf. latidens AMNH 55286 2.4 3.1 0.7

Ignacius graybullianus USNM 421608 2.8 3.4 0.6

Plesiadapis cookei UM 87990 2.8 3.4 0.6

Pronothodectes gaoi UALVP 46685 2.5 3.2 0.7

 Plesiadapiform mean = 

0.64

Adapis sp. MNHN QU 11064 3.4 3.9 0.5

Adapis sp. PLV 14 3.0 3.6 0.6

Adapis parisiensis BM(NH) M 1345 2.8 3.4 0.6

Adapis parisiensis MaPhQ 339 2.5 3.2 0.7

Magnadapis quercyi MNHNQU 10875 2.7 3.3 0.6

Magnadapis aff. Intermedius MNHNQU 11035 2.1 2.8 0.7

Leptadapis leenhardti YPM 11481 2.8 3.5 0.7

Cantius nuniensis UM 103510 2.3 3.0 0.7

Notharctus tenebrosus AMNH 127167 3.7 4.1 0.4

Notharctus tenebrosus AMNH 131764 4.2 4.4 0.2

Smilodectes gracilis UM 32773 4.4 4.6 0.2

Microchoerus sp. MUPRR 1771 4.9 4.9 0.0

Necrolemur antiquus MNHNQU 11059 4.3 4.5 0.2

Rooneyia viejaensis TMM 40 688-7 3.6 4.0 0.4

Eocene prosimian mean

 = 0.46

Notes: Columns with white background are after Silcox et al. 2009a.  The column with gray background

     has been added as part of the current analysis.  

Because plesiadapiforms and Eocene prosimians are characterized by 

encephalization quotients that are more similar to those of extant non-primate mammals 

than extant primates (Silcox et al. 2009b), the agility reconstructions based on the extant 

mammal equation are preferable to those based on the extant primate equation in Silcox 

et al. (2009a).  Considering the agility predictions of both primate and mammal 

equations, those based on the most reliable R measures of the horizontal-canal-R and 

SCR center around the mid-portion of the agility range (minimum = 2.8, maximum =  

5.1) where, unfortunately, the range of agility ranks that fall within the 95% confidence 

limits is greatest. 
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The subfossil-lemur analyses of Walker et al. (2008) do not account for brain size 

but probably benefit from examining subfossil taxa that are part of the modern 

strepsirrhine radiation upon which the agility-prediction equations are based.  As a result, 

grade shifts in encephalization are not expected to contribute to systematic 

underestimates of agility.  The same analysis probably also benefits from arriving at low 

predicted agility ranks, for which the associated 95% confidence intervals probably 

encompass a narrower range of expected agility ranks.  However, 95% confidence limits 

are not provided in the Walker et al. (2008) study and cannot be calculated because the 

neither the strepsirrhine-based equation for predicting agility nor the exact strepsirrhine 

phylogeny employed has been published.  In the absence of 95% confidence limits for the 

strepsirrhine-agility equation, the reliability of Walker et al (2008) agility predictions 

cannot be evaluated. 

3.3 Recommendations for inferring agility from canal 
morphology within the ranked agility paradigm 

While agility rank explains a significant amount of variation in SCR, SCR cannot 

be used to meaningfully predict agility ranks near the median of the agility range.  

Extremely high or low agility predictions, however, suggest that the true agility should 

fall approximately within the upper third or lower half of the agility range, respectively.  

At present, it is unclear whether SCR is incapable of providing better information 

about locomotion, or if agility rank is simply too imprecise a measure to permit accurate 

locomotor predictions.  As is evident in Chapter 5, mean angular velocities of the head 

relate to locomotor behaviors in ways that are not necessarily intuitive.  Measuring 
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angular velocity of the head has become possible only with recent technological advances 

and cannot yet be practically performed for a large comparative sample.  

Brain size explains a significant component of SCR variation that is not explained 

by body mass and phylogeny.  This finding provides the first statistically-supported 

explanation for why primates have relatively large SCR compared to other non-cetacean 

mammals.  It also presents an additional challenge for efforts to reconstruct locomotor 

behaviors from SCR in extinct taxa. 

The effects of brain size have not been adequately addressed in previous 

functional studies of SCR. Because of the broad trend within mammals to increase 

encephalization over evolutionary time, extinct species will tend to have smaller SCR 

than extant species that share identical body mass and locomotor behavior.  Thus 

locomotor reconstructions that fail to account for brain size will consistently 

underestimate agility in extinct taxa, and the magnitude of such errors will generally 

increase in proportion to the time elapsed since extinction. 

The independent effects of brain size on SCR should inform how comparisons 

between extant and extinct taxa are performed.  Functional studies of SCR that attempt to 

account for body size should also account for brain size whenever possible.  If brain mass 

data are not available, such studies should construct samples in which all species are 

believed to share a similar level of encephalization. 



 

105 

4. Spatial associations between maps of vestibular 
sensitivity and angular velocity: proposal of a new 
functional model for semicircular canal adaptation.   

The semicircular canals detect head rotations, and canal morphology may be 

selected to sense the angular velocities produced by a species’ locomotor repertoire.  

Canal sensitivity is predicted by canal radius of curvature (R).  Comparative studies have 

lead to the fast- and slow-sensitive hypotheses, which contend that large average R (and 

thus high average sensitivity) is adaptive for fast or slow overall speeds of head 

movement, respectively (Jones and Spells 1963; Spoor et al. 2007).  In all animals, the 

sensitivity of the six-canal system also varies as a function of the axis about which 

rotation occurs (Rabbitt 1999).  Paleontologists have used extensions of both fast- and 

slow-sensitive hypotheses to infer that canals with large R lie perpendicular to axes of 

fast or slow rotation, respectively (Clarke 2005; Rogers 2005; Rook et al. 2004; Sanders 

and Smith 2005; Spoor et al. 2007; Spoor et al. 2003; Spoor et al. 1994).  It is unclear 

whether either form behavioral inference is valid because the relationship between 

directional variation in sensitivity and directional variation in rotational velocity has 

never been examined in an extant species.   

If an animal possessed six perfectly toroid semicircular canals of equal size, and if 

each canal was set at either 90 or 180 degrees to every other, that animal would be 

equally sensitive to rotations about all possible axes (Rabbitt 1999).  Although vestibular 

anatomy is often idealized this way, variation in canal radius of curvature (R) and 

deviations from coplanarity and orthogonality among canals render every real animal 

more sensitive to rotations about some axes than others (Curthoys et al. 1977a; Curthoys 
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et al. 1975; Dickman 1996; Hullar and Williams 2006; Mazza and Winterson 1984; 

Rabbitt et al. 1996).  Among extant animals, significant deviations from canal 

orthogonality and coplanarity have been demonstrated in fish, reptiles, birds, and a 

variety of mammals including several primates (Blanks et al. 1985; Blanks et al. 1975; 

Brichta et al. 1988; Calabrese and Hullar 2006; Curthoys et al. 1977a; Curthoys et al. 

1975; Curthoys and Oman 1986b; Curthoys and Oman 1987; Dickman 1996; Ezure and 

Graf 1984b; Hullar 2006; Hullar and Williams 2006; Mazza and Winterson 1984).  

However, the functional significance of non-orthogonal canals and the associated 

anisotropic pattern of sensitivity have not been evaluated.   

In this chapter, angular velocities of the head during locomotion are examined in a 

comparative primate sample.  Predicted vestibular sensitivity maps are also modeled from 

CT-based canal measurements in the same species.  Intraspecific and interspecific 

variation in maps of angular velocity and vestibular sensitivity are characterized for the 

first time.  My data show that axes of high vestibular sensitivity are not spatially 

correlated with either axes of fast or slow head rotation. Thus, the function of anisotropic 

sensitivity is not explained by either the fast-sensitive or slow-sensitive hypothesis, and 

canal-based inferences concerning axes of fast or slow rotation in extinct species are 

unwarranted.  Instead, an unexpected association is identified between patterns of 

directional variation in head rotation and vestibular sensitivity.  During all forms of 

locomotion, rapid rotations occur about axes of mean sensitivity, whereas sensitivity 

varies widely among axes subjected to slow rotations.  This association is used to 

construct a novel model vestibular adaptation, termed the “fast-accurate” hypothesis, and 
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the implications of the fast-accurate hypothesis for reconstructing behavior in extinct 

species are discussed. 

4.1 Characterization of anisotropic variation in vestibular 
sensitivity 

Sensitivity is a property of a semicircular canal that can be represented as a vector 

(Dickman 1996; Rabbitt 1999). As such, the vector magnitude is proportional to the 

endolymph displacement that results from rotation about the axis of the vector 

orientation.  Models of endolymph dynamics predict that sensitivity magnitude depends 

on both canal R and canal orientation with respect to the axis of rotation (Oman et al. 

1987; Rabbitt 1999; Rabbitt et al. 2004; Steinhausen 1933).  Experiments have 

demonstrated that sensitivity models predict rotation-induced changes in vestibular nerve 

afferent firing rates, which are the means by which cupular displacements are 

communicated to the brain (Yang and Hullar 2007).  As a result, canal sensitivities 

calculated from canal R and orientation are believed to accurately reflect an animal’s 

ability to resolve movements of the head.  

Of the CT scans listed in Table 12, 17 include all six canals.  For each these CT-

scanned specimens, sensitivity of the six-canal system was predicted for rotations about 

64,800 evenly spaced axes using a modified version of the methods of Calabrese and 

Hullar (2006) and Hullar and Williams (2006) (Section 2.2.3).  Icosahedral sampling was 

then performed for each specimen to generate a sensitivity-Ivalue set, which may also be 

represented as a sensitivity map (Section 2.3.2).  As described in the methods, the units 

for both sensitivity-Ivalue sets and sensitivity-Ivalue maps are mm.  For species from 



 

108 

which there were multiple CT-scanned specimens, a species-mean sensitivity-Ivalue set 

was calculated from the sensitivity-Ivalue sets of all specimens. 

4.1.1 Evaluation of intraspecific and interspecific variation using 
sensitivity maps 

Three salient features of sensitivity maps will be described using standardized 

terms.  “Mean sensitivity” will refer to the mean of all 80 sensitivity magnitudes 

illustrated on a sensitivity map. Sensitivity map “range” will refer to the arithmetic 

difference between the maximum and minimum sensitivity magnitudes in a single map.  

Finally, “topography” will refer to the pattern of relief or overall shape of a sensitivity 

map. 

Visual evaluation of sensitivity maps allowed for preliminary assessment of the 

ways in which sensitivity maps vary within the sample.  Map features, defined as 

sensitivity mean, range, and topography could exhibit prominent intraspecific variation, 

interspecific variation, or allometric scaling as a special type of interspecific variation.  

Table 27 summarizes the presence or absence of each category of variation within the 

map sample.  In this section, allometric scaling of map range and mean sensitivity, and 

intraspecific variation in map range and topography will be discussed.  Topographic 

variation is especially valuable for testing the predictions of the fast- and slow-sensitive 

hypotheses, and will be discussed in subsequent sections where these predictions are 

statistically analyzed. 
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Table 27: Prominent patterns of variation among sensitivity map features 

Interspecific Allometric Intraspecific

variation? scaling? variation?

Mean Yes Yes No

Range Yes Yes Yes

Topography Yes No Yes

Notes: 

Rows reflect features examined in sensitivity maps.

Columns indicate question asked.
 

4.1.1.1 Allometric scaling of mean sensitivity and range 

Mean sensitivity and map range were found to scale with body size.  Because 

mean sensitivity is calculated from canal R measurements, mean sensitivity scales with 

negative allometry with respect to body mass in the same fashion as has been previously 

demonstrated for R (Jones and Spells 1963).  Scaling of mean sensitivity is illustrated by 

the comparison of sensitivity maps from Cheirogaleus medius (mean body mass of 261 

g) and Varecia variegata (mean body mass of 3508 g) in Figure 20.  No further 

exploration of this relationship is necessary, because it is effectively a restatement of the 

known negatively allometric relationship between canal R and body mass (Jones and 

Spells 1963; Wilson and Melvill-Jones 1979).   

A second, perhaps less predictable scaling relationship was observed; sensitivity 

map range also scales in a negatively allometric fashion with respect to body mass.  

Figure 20 illustrates the absolute increase in sensitivity range that occurs with increasing 

body size.  The sensitivity levels for C. medius (mean body mass of 261 g) span about 0.5 

sensitivity units (mm), whereas the sensitivity levels for V. variegata (mean body mass of 

3508 g) span 2.0 sensitivity units (mm).  To characterize scaling of sensitivity-map range, 
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an ordinary least squares regression was performed using log of sensitivity-map range as 

the dependent variable and log of body mass as the independent variable (Figure 21) 

(Smith 2009).  The regression equation indicates that sensitivity map range scales with 

body mass raised to the power of 0.38.   

Although the scaling of sensitivity map range was not theoretically predicted, its 

existence may be explained by one of the following hypotheses.  It is generally assumed 

that smaller animals have faster average head rotations than larger animals (Jones and 

Spells 1963), so it is possible that a sensitivity map with small range is adaptive for 

animals experiencing high amplitude angular velocities.  Alternatively, the larger animals 

may have larger sensitivity map ranges as a nonfunctional consequence of having higher 

mean sensitivity.  That is, if sensitivity range reflects random variation within a certain 

percentage of the sensitivity mean, then the absolute range would increase with the mean.  

Phylogenetic generalized least squares regressions will be used to further explore these 

relationships in Chapter 5. 
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Figure 20: Comparison of Cheirogaleus medius (specimen Cm1) and Varecia 

variegata (specimen Vv3) sensitivity maps illustrating scaling of sensitivity range 

with body mass 



 

112 

 

Figure 21: Relationship between sensitivity map range and body mass in 17 

specimens from 11 species (see Table 12 for specimens) 

4.1.1.2 Examination sensitivity maps for intraspecific variation in range and 

topography 

Extension of the fast-sensitive hypothesis predicts that axes of high sensitivity 

align with axes of fast rotation, and the slow-sensitive hypothesis predicts that axes of 

high sensitivity align with axes of slow rotation. In either case, the sensitivity at each axis 

would be linearly related to the average speed of rotation about that axis.  Because 

sensitivity maps are fixed from an early age, functional features of the maps must be pre-

programmed by selection.  For selection to produce a map in which sensitivity levels are 

linearly related to angular velocity inputs at all axes, the topography of both sensitivity 

and angular velocity maps would have to be nearly invariant within species.  As a result, 

if either the fast- or slow-sensitive hypothesis is to be upheld, all individuals of a species 

are expected to share similar sensitivity map topography and, to a lesser extent, 



 

113 

sensitivity map range.  In light of these expectations, sensitivity maps exhibit a surprising 

amount of intraspecific variation (Figures 22, 23).   

In Figure 22, maps produced from two Galago moholi specimens share similar 

sensitivity ranges but differ greatly in topography. The sensitivity map range is 0.53 for 

specimen Gm1 and 0.39 for specimen Gm2.  The topography of the Gm1 map reveals 

this animal to be most sensitive to yaw rotations and least sensitive to pitch rotations.  By 

contrast, the Gm2 map indicates that the animal is most sensitive to pitch rotations and 

least sensitive to roll rotations.  If the fast-sensitive hypothesis were true, the Gm1 

individual would have to engage in locomotor behaviors producing slow pitch rotations, 

while its conspecific (Gm2) would have to move in a way that reliably exposed the head 

to fast pitch rotations.  The implications of the slow-sensitive hypothesis are simply the 

inverse, and the resulting pair of hypothetical Galago moholi is equally difficult to 

imagine.  

In Figure 23, sensitivity maps derived from two Propithecus verreauxi specimens 

exhibit similar topography but different ranges.  The sensitivity range is 1.54 for 

specimen Pv1 and 0.80 for specimen Pv2.  If either the fast- or slow-sensitive hypothesis 

were correct, and if Pv1 and Pv2 experienced identical patterns of head rotation, the slope 

of the linear equation relating sensitivity to angular velocity at all axes would have been 

almost twice as steep for Pv1 as for Pv2. 

Intraspecific differences in sensitivity maps were characterized primarily by 

variation in topography in small-bodied species and by variation in range in large-bodied 

species.  It should be noted that the current results do not conflict with those of a recent 
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study, in which intraspecific variation in canal R is suggested to be negligible for the 

short-tailed shrew (Blarina brevicauda) (Welker et al. 2009).  Intraspecific variation in 

canal R measurements would produce intraspecific variation in sensitivity map means, 

which is not reported here.  Instead, small differences in canal orientations have produced 

large amounts of intraspecific variation in the range and topography of sensitivity maps.  

If selection acts upon directional sensitivity in accord with either the fast- or slow- 

sensitive hypothesis, sensitivity maps from conspecific individuals should appear grossly 

similar.  Thus the observed intraspecific variation is surprising and warrants statistical 

evaluation for consistency with the slow-sensitive and fast-sensitive hypotheses.  
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Figure 22: Comparison of sensitivity maps from two Galago moholi 

(specimens Gm1 and Gm2) illustrating extreme of intraspecific variation in 

sensitivity topography 
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Figure 23: Comparison of sensitivity maps from two Propithecus verreauxi, 

(specimens Pv1 and Pv2) illustrating extreme of intraspecific variation in sensitivity 

range 
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4.1.2 Evaluation of intraspecific and interspecific variation using tests 
for correlation among normalized sensitivity-Ivalue sets. 

As described in the materials and methods, the similarity between two Ivalue sets 

can be quantified using a correlation coefficient.  Pearson’s correlation coefficients were 

calculated for all 136 possible pairs of sensitivity-Ivalue sets.  Significant and positive 

correlations are listed in Table 28.  Of the seven available intraspecific comparisons, six 

yield significant positive correlation coefficients, while the comparison between G. 

moholi specimens yields a negative correlation coefficient.  94 of the 129 interspecific 

comparisons also yield significant and positive correlation coefficients.   

Table 28: Correlations among sensitivity-Ivalue sets from all specimens 

Cm1 Cm2 Dm1 Ef1 Em1 Gm1 Gm2 Hg1 Lc1 Lc2 Mm1 Np1 Pv1 Pv2 Vv1 Vv2 Vv3

Cm1 x

Cm2 0.84* x

Dm 0.78* 0.64* x

Ef1 0.76* 0.65* 0.90* x

Em1 0.57* 0.34* - 0.93* x

Gm1 0.12 - 0.36* 0.60* 0.78* x

Gm2 0.55* 0.54* - + - - x

Hg1 0.89* 0.87* 0.74* 0.88* 0.66* + 0.59* x

Lc1 0.98* 0.89* 0.82* 0.82* 0.60* + 0.53* 0.94* x

Lc2 0.71* 0.51* 0.98* 0.92* 0.94* 0.52* - 0.70* 0.74* x

Mm1 - - - - - - - - - - x

Np1 0.88* 0.73* 0.90* 0.97* 0.86* 0.48* 0.33* 0.93* 0.91* 0.90* - x

Pv1 0.57* 0.81* + + - - 0.64* 0.51* 0.59* - + + x

Pv2 0.83* 0.93* 0.77* 0.66* 0.40* - + 0.78* 0.89* 0.64* - 0.73* 0.74* x

Vv1 0.52* + 0.88* 0.89* 0.99* 0.74* - 0.58* 0.55* 0.95* - 0.82* + 0.40* x

Vv2 0.88* 0.78* 0.91* 0.97* 0.84* 0.43* 0.32* 0.94* 0.92* 0.89* - 0.99* + 0.78* 0.80* x

Vv3 0.88* 0.83* 0.90* 0.96* 0.80* 0.37* 0.36* 0.96* 0.94* 0.86* - 0.98* 0.38* 0.82* 0.76* 0.99* x

Notes:

Abbreviations for specimens from which sensitivity-Ivalues were derived are as in Table 12.

Values in boxes are Pearson's R for reduced major axis regressions of sensitivity-Ivalues over sensitivity-Ivalues.

Significant, positive correlation coefficents are listed (p<0.05); only the coefficient sign is given for all others.

Green boxes are intraspecific comparisons.  

Next, I tested whether there is a significant difference between amounts of 

intraspecific and interspecific sensitivity map variation in this sample.  Normalized 

sensitivity-Ivalue sets were calculated by dividing each Ivalue in a set by the mean of all 

I-values in the same set.  All possible intraspecific and interspecific pairs of normalized 

Ivalue sets were then compiled and analyzed by reduced major axis regressions (Figure 
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24) (Smith 2009).  Normalization was critical to correct for the effects of body size on 

mean sensitivity within each Ivalue set.  The correlation coefficient for the intraspecific 

regression (R = 0.7507) is significantly greater than that of the interspecific regression (R 

= 0.4492) (test for homogeneity between correlation coefficients p<0.0001) (Sokal and 

Rohlf 1996).  This result indicates that sensitivity map topographies are more similar 

within species than among species.  

 

Figure 24: Bivariate plots and regression equations resulting from all 

interspecific versus intraspecific normalized sensitivity-Ivalue pairings 

Variation in sensitivity map topography is the consequence of variation in canal R 

and angles among canals (Rabbitt 1999).  Significant intraspecific variation in the angles 

among canals has been documented previously between two strains of inbred laboratory 

mice (Calabrese and Hullar 2006).  While critically important for the selection of mouse 

models, previous work did not speak to the adaptive significance of intraspecific canal 

variation.  It may be argued, for example, that reduced selection pressure combined with 
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selective breeding may have artificially produced the variation observed between 

laboratory strains.  The current analyses demonstrate that there is considerable 

intraspecific variation in the sensitivity maps of wild animals. 

With respect to the predictions of the fast- and slow-sensitive hypotheses, the 

observed patterns of sensitivity map variation are somewhat surprising.  As predicted by 

these hypotheses, interspecific variation in sensitivity map topography exceeds 

intraspecific variation.  However, as evidenced by the comparison between G. moholi 

specimens, regions of low and high sensitivity in the map of one animal are only 

somewhat predictive of where low and high regions of sensitivity will be found the map 

of a conspecific.  Characterization of velocity-Ivalue sets and comparison of velocity and 

sensitivity-Ivalue sets are required to address these broader questions.  

4.2 Characterization of angular velocities of the head using 
velocity-Ivalue sets 

Like predicted sensitivities, angular velocity measurements are vector data.  As 

such, an angular velocity measurement possesses both orientation and magnitude, which 

describe axis of rotation and degrees of rotation per second, respectively.  As described in 

the materials and methods (Section 2.l.1), angular velocity of the head was measured 

while animals performed various locomotor behaviors.  39,127 instantaneous angular 

velocity measurements were collected from 21 individuals representing 11 species.  All 

measurements were made while animals engaged in one of the following six categories of 

locomotor behavior: arboreal walking (AW), bipedal leaping (BL), horizontal leaping 

(HL), terrestrial walking (TW), terrestrial running (TR), or leaping among vertical 



 

120 

supports (VSL).  Icosahedral sampling was performed on data sets comprised of all 

angular velocity measurements from a single behavior in either an individual or a species 

(Section 2.3.2). Table 4 lists the number of angular velocity measurements used to 

generate each velocity-Ivalue set by icosahedral sampling. 

Like sensitivity-Ivalue sets, velocity-Ivalue sets can also be represented as 

velocity maps.  However, no velocity maps are illustrated here because they are difficult 

to interpret visually.  Unlike sensitivity maps, which are mathematically guaranteed to 

exhibit symmetry, velocity maps are asymmetric and appear to lack pattern.  It is also 

difficult to represent undefined icosahedral faces (i.e. icosahedral faces toward which no 

observed velocity vectors point), which occur in many of the smaller data sets. 

Intraspecific variation in single-behavior velocity-Ivalue sets was assessed using 

correlation coefficients  (Table 29).  Spearman’s  does not assume normality and is 

reported below.  Pearson’s R may not be appropriate because it assumes normality and is 

not reported, though it yields results similar to those obtained with Spearman’s .  Some 

single-behavior velocity-Ivalue sets contained multiple undefined Ivalues.  Regressions in 

which alignment of the two 80-row velocity-Ivalue sets produced fewer than 50 defined 

Ivalue pairs were arbitrarily excluded.  

A significant positive correlation in Table 29 demonstrates that two conspecific 

animals performing the same locomotor behavior experienced the same pattern of head 

rotations (i.e. the velocity maps for the two animals share similar topography).  For 

example, the fourth row in Table 29 indicates that a velocity-Ivalue set was derived from 

all angular velocity measurements made while the male Daubentonia madagascariensis 
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walked on a horizontal pole (a study behavior termed “arboreal walking”), and another 

velocity-Ivalue set was generated from all angular velocity measurements made while the 

female Daubentonia madagascariensis performed the same behavior.  The 80 velocity-

Ivalues in each set were paired by index number; that is, the first Ivalues in each set were 

paired, the second Ivalues in each set were paired, and so on until the 80
th
 Ivalues in each 

set were paired. Spearman’s  was calculated to determine whether each velocity-Ivalue 

in the first set predicts the paired value in the second set.  Because an Ivalue index 

number corresponds to the same triangle location in every map, a significant positive 

correlation between paired Ivalue sets demonstrates that the angular velocity 

measurements are spatially correlated, or stated a different way, the velocity maps for the 

two individuals would share the same topography.  In the example of the fourth line in 

Table 29, the correlation is positive and significant indicating that the two conspecifics 

shared patterns of head rotation during arboreal walking that were more similar than 

would be predicted by chance. 
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Table 29: Intraspecific variation in angular velocity maps, correlations 

between paired velocity-Ivalue sets 

Velocity-Ivalue Velocity-Ivalue Spearman's p

set set

Cm_m_AW Cm_f_AW 0.0924 0.4534

Cm_m_TR Cm_f_TR -0.2893 0.0137*

Cm_m_TW Cm_f_TW 0.0389 0.7638

Dm_m_AW Dm_f_AW 0.4108 0.0002*+

Dm_m_HL Dm_f_HL 0.2761 0.0575

Dm_m_TR Dm_f_TR 0.2323 0.1045

Ef_m1_TR Ef_m2_TR 0.0977 0.4177

Ef_m1_TW Ef_m2_TW 0.4624 0.0027*+

Em_m_HL Em_f_HL 0.2555 0.0941

Em_m_TR Em_f_TR -0.4787 <.0001*

Em_m_TW Em_f_TW 0.613 <.0001*+

Hg_m_TR Hg_f_TR 0.2276 0.0451*+

Hg_m_VSL Hg_f_VSL 0.1277 0.2682

Lc_m_AW Lc_f_AW 0.2816 0.0114*+

Lc_m_HL Lc_f_HL 0.047 0.7189

Lc_m_TR Lc_f_TR -0.0634 0.6077

Lc_m_TW Lc_f_TW 0.4049 0.0003*+

Mm_m_TR Mm_f_TR -0.0334 0.8315

Np_m_AW Np_f_AW 0.3852 0.0004*+

Np_m_TW Np_f_TW 0.0387 0.7335

Pv_m_VSL Pv_f_VSL 0.3938 0.0004*+

Vv_m_AW Vv_f_AW 0.2813 0.0268*+

Vv_m_TR Vv_f_TR -0.2012 0.0773

Vv_m_TW Vv_f_TW -0.0323 0.8330

Notes: 

 Ivalue sets are named by three abbreviations that 

    indicate species, individual, and study behavior.  

 All abbreviations are as in Table 1.

 * indicates p<0.05

 *+ indicates p<0.05 and positive correlation
 

Table 29 reveals several trends.  Most notably, only 9 of all 24 comparisons yield 

positive and significant correlation coefficients.  Sampling methods may obscure 

similarities between conspecifics, or a great deal of intraspecific variation in head 

movement may truly exist. Although some combination of both explanations may be 

responsible, there are known methodological limitations that could contribute.  Cap 

placement varied a little between every experiment.  Many animals performed behaviors 
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with a certain asymmetry that could affect patterns of the head’s angular velocity.  For 

instance, the female Nycticebus pygmaeus tended to walk in large counterclockwise 

circles, whereas her male counterpart preferred the clockwise direction.  Other animals 

lead more running cycles with the right forefoot than the left.  Identifying which 

behaviors most often produced significant correlations helps to illuminate the underlying 

causes of the observed intraspecific variation.   

Four out of five comparisons between arboreal walking velocity-Ivalue sets 

yielded significant positive correlations suggesting that velocity-Ivalue sets resulting 

from this behavior exhibit the least amount of intraspecific variation.  This result is 

perhaps not surprising because animals engaging in arboreal walking had their paths 

restricted to a straight line over a horizontal pole.  In the wild, animals performing 

arboreal walking clearly have more choices of arboreal substrate and also must navigate 

irregular surfaces and branching.  However, walking on real branches is a precarious act 

and may still limit the overall locomotor mode such that the resulting patterns of head 

movement are restricted.  For instance, some monkeys are known to use more compliant 

gaits when walking on arboreal support models than on the ground (Schmitt 1999), and 

the resulting reduction in center of mass oscillations might also reduce rotational speeds 

of the head during arboreal walking. 

Terrestrial walking was associated with the second lowest amount of intraspecific 

variation with three of six comparisons producing significant positive correlations.  Data 

were selectively collected when animals walked in approximately straight lines.  Again, 

this result can be explained as a consequence of stereotyped locomotor movement.  One 
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of the six terrestrial walking comparisons yielded a negative correlation coefficient, but it 

is not significant. 

The remaining five of six comparisons yielding negative correlations are all based 

on terrestrial running data, and two of these five correlations are significant.  Based on 

visual observation alone, terrestrial running may have been predicted to produce the 

greatest degree of intraspecific variation in velocity-Ivalue sets.  Some individuals 

preferentially lead gallops with the left or right forefoot.  Also, because of the way 

terrestrial running was defined in this study, angular velocity data were pooled from both 

galloping and ambling gait types (Schmitt 1999).  If one animal galloped proportionally 

more of the time than its conspecific, a weak or negative correlation between velocity-

Ivalue sets could result.  A single terrestrial running correlation is positive and 

significant. 

In summary, intraspecific variation in velocity-Ivalue sets varies as a function of 

study behavior and does not seem to be influenced by body mass.  Arboreal walking is 

associated with the least amount of intraspecific variation in velocity-Ivalues, terrestrial 

walking is as associated with an intermediate amount, and patterns of head rotation vary 

most in terrestrial running.  Excluding terrestrial running comparisons from Table 29 

produces a set of correlations in which half are positive and significant.  The results 

uphold my method for angular velocity measurement as reasonably accurate, and they 

demonstrate that considerable intraspecific variation exists in patterns of head movement 

during locomotion.   
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4.3 Sensitivity map topography is not correlated with velocity 
map topography in the manner predicted by either fast- or slow 
sensitive hypotheses 

Both the fast- and slow-sensitive hypotheses predict a linear relationship between 

sensitivity to rotation about an axis and the rapidity with which the animal rotates about 

that axis.  One deficiency of the existing hypotheses is that they do not address which 

statistic of angular velocity is selectively relevant.  It may be that, for all axes, 

sensitivities scale with the mean angular velocities produced by a species’ locomotor 

repertoire or with the mean angular velocities produced by a species’ primary locomotor 

mode.  Alternatively, selection may optimize directional sensitivity for resolving very 

fast rotations associated with behaviors like running and leaping during life-threatening 

events.  To address these questions, tests for correlation were performed between 

sensitivity-Ivalue sets and velocity-Ivalue sets within each species. 

To test if directional sensitivity is tuned to a particular locomotor behavior, 

single-behavior velocity-Ivalue sets were compared with species-mean sensitivity-Ivalue 

sets within each species (Table 30).  A single-behavior velocity-Ivalue set results from 

performing icosahedral sampling on a compilation of all angular velocity measurements 

for a single study behavior acquired from all individuals of a species.  As before, 

Spearman’s rank correlation was preferred because angular velocity data may not be 

normally distributed, though Pearson’s correlation coefficients provide similar results. 

Extension of the fast-sensitive hypothesis would predict a predominance of 

significant positive correlations in Table 30, whereas a high proportion of significant 

negative correlations would support the slow-sensitivity hypothesis.  14 of the 36 
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correlation coefficients listed in Table 30 are significant, but of these eight are positive 

and six are negative.  Additionally, there is no clear relationship between signs of 

significant correlations and types of locomotor behaviors.  Significant positive 

correlations resulted from two TW, two TR, two HL, one AW, and one BL comparison.  

Significant negative correlations were obtained from four TW, one TR, and one AW 

comparison.   Thus, single-behavior velocity-Ivalue sets are not correlated with 

sensitivity-Ivalue sets in the manner predicted by either the fast- or slow-sensitive 

hypothesis, and the relative importance of different locomotor modes in selecting for 

sensitivity maps remains unclear.     
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Table 30: Correlations between species-mean velocity-Ivalue by behaviors 

and species-mean sensitivity-Ivalue sets 

Velocity-Ivalue Sensitivity-Ivalue Spearman's p

set set

Cm_AW Cm sp. mean -0.3720 0.0181*

Cm_TR Cm sp. mean 0.1947 0.2285

Cm_TW Cm sp. mean -0.4867 0.0015*

Dm_AW Dm1 -0.0580 0.7223

Dm_HL Dm1 0.3060 0.0784

Dm_TR Dm1 -0.2556 0.1268

Dm_TW Dm1 -0.4789 0.0024*

Ef_HL Ef1 0.4930 0.032*

Ef_TR Ef1 -0.0251 0.8776

Ef_TW Ef1 0.1988 0.2314

Em_AW Em1 -0.0480 0.7685

Em_HL Em1 -0.1444 0.4303

Em_TR Em1 -0.0899 0.5813

Em_TW Em1 -0.4011 0.0103*

Gm_AW Gm sp. mean -0.3141 0.0799

Gm_BL Gm sp. mean -0.2153 0.2621

Gm_VSL Gm sp. mean -0.1277 0.4581

Hg_AW Hg1 0.4000 0.0105*

Hg_HL Hg1 0.6012 0.0003*

Hg_TR Hg1 0.6281 <.0001*

Hg_VSL Hg1 0.2887 0.0708

Lc_AW Lc sp. mean 0.2242 0.1643

Lc_HL Lc sp. mean 0.1488 0.3660

Lc_TR Lc sp. mean 0.6754 <.0001*

Lc_TW Lc sp. mean 0.5235 0.0005*

Mm_AW Mm1 -0.0231 0.9128

Mm_TR Mm1 -0.3891 0.0131*

Mm_TW Mm1 -0.6179 0.0141*

Np_AW Np1 -0.2880 0.0715

Np_TW Np1 0.3653 0.0205*

Pv_BL Pv sp. mean 0.5522 0.0003*

Pv_VSL Pv sp. mean 0.2358 0.1429

Vv_AW Vv sp. mean 0.0102 0.9516

Vv_HL Vv sp. mean 0.0097 0.9532

Vv_TR Vv sp. mean 0.0698 0.6687
Vv_TW Vv sp. mean 0.1910 0.2378

Notes:

 Velocity-Ivalue sets are named by two abbreviations, which

    indicate species and study behavior.

 Sensitivity-Ivalue sets are named by the CT scan abbreviation

    from which they were derived (Table 12), or as a species mean.

 Other abbreviations are as in Table 1.
 * indicates p<0.05  
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To test if directional sensitivity at each axis is tuned to an average of the rotations 

presented about that axis by a species’ locomotor repertoire, species-mean velocity-

Ivalue sets were compared with species-mean sensitivity-Ivalue sets within each species 

(Table 31).  A species-mean velocity-Ivalue set is the element-by-element mean of all 

single-behaviors velocity-Ivalue sets for a single species.  Consequently, the angular 

velocity contribution of each observed study behavior is equally weighted in a species-

mean velocity-Ivalue set. 

As before, finding a majority of significant positive correlations in Table 31 

would support the fast-sensitive hypothesis, while a majority of significant negative 

correlations would support the slow-sensitive hypothesis.  In Table 31, there are five 

significant correlations among the 11 comparisons between species-mean velocity-Ivalue 

sets and species-mean sensitivity-Ivalue sets.  Of the significant correlations, three 

coefficients are positive and two are negative.  While the positive coefficients pertain to 

larger species than do the negative coefficients, there is no reason to expect that body size 

would influence sign of correlation, and this apparent pattern should be attributed to 

chance.   
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Table 31: Correlations between species-mean velocity-Ivalue sets across 

behaviors and species-mean sensitivity-Ivalue sets 

Velocity-Ivalue Sensitivity-Ivalue Spearman's p
set set

Cm sp. mean Cm sp. mean -0.3527 0.0256*

Dm sp. mean Dm1 -0.3113 0.0506

Ef sp. mean Ef1 0.2675 0.0951

Em sp. mean Em1 -0.2413 0.1337

Gm sp. mean Gm sp. mean -0.2856 0.0741

Hg sp. mean Hg1 0.7370 <.0001*

Lc sp. mean Lc sp. mean 0.6084 <.0001*

Mm sp. mean Mm1 -0.4901 0.0013*

Np sp. mean Np1 0.0998 0.5400

Pv sp. mean Pv sp. mean 0.3677 0.0196*
Vv sp. mean Vv sp. mean 0.1379 0.3961

Notes:

 Species mean velocity-Ivalue sets were created by averaging

    all single-behavior velocity-Ivalue sets from a species

 Sensitivity-Ivalue sets are named by the CT scan abbreviation 

    from which they were derived (Table 12), or as a species mean.

 Other abbreviations are as in Table 1.
 * indicates p<0.05  

Much like the single-behavior velocity-Ivalue analysis, the species-mean velocity-

Ivalue analysis does not yield a preponderance of either significant positive or significant 

negative correlation coefficients. Together, these analyses fail to support both the fast-

sensitive and slow-sensitive hypotheses as functional explanations for the topography of 

vestibular sensitivity maps.  The fast- and slow-sensitive hypotheses were developed to 

explain correlations between average R (sensitivity) and estimates of overall locomotor 

agility in comparative samples.  Thus, the current analyses do not speak to the validity of 

either hypothesis as it was originally formulated.  Instead, my data demonstrate that 

neither the fast-sensitive nor slow-sensitive hypothesis can be used to infer how rapidly 

rotations occur about an axis based on vestibular sensitivity to rotations about that axis. 

This conclusion casts serious doubt upon all existing canal-based reconstructions of 
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directional rotation patterns in extinct taxa. (Clarke 2005; Rogers 2005; Sanders and 

Smith 2005; Sipla 2007; Sipla et al. 2004; Spoor et al. 2003; Spoor et al. 1994; Spoor and 

Zonneveld 1998; Zhou et al. 2007).   

4.4 Sensitivity map topography is explained by the novel fast-
accurate hypothesis: high velocity-Ivalues are spatially 
associated with mean sensitivity-Ivalues  

Both the fast- and slow-sensitive hypotheses predicted that angular velocity would 

be linearly related to sensitivity along all axes of head rotation.  This prediction was 

statistically rejected in Section 4.3 using tests for correlation between paired single-

behavior velocity-Ivalue sets and sensitivity-Ivalue sets.  It is possible, however, that 

directional variation in angular velocity is related to directional variation in sensitivity by 

a nonlinear function.  

To test for the presence of a nonlinear relationship, all single-behavior velocity-

Ivalue sets were pooled across species and plotted over normalized sensitivity-Ivalue sets 

to yield a bivariate plot for each study behavior (Figure 25).  Sensitivity-Ivalue sets were 

normalized by dividing each sensitivity value by the mean of all sensitivity-Ivalues in its 

set.  Because sensitivity scales with body mass, normalization was necessary to allow 

velocity data from different species to be plotted over sensitivity data in a single figure. 

Visual inspection of the plots in Figure 25 revealed the consistent presence of a 

non-linear relationship between angular velocity and sensitivity data.  For each behavior, 

the bivariate plot describes an arch-shape centered over 1.0 normalized-sensitivity units.  

Importantly, the plots in Figure 25 are not probability distributions; the data reflect 

something quite different from a bell curve.  Instead, these bivariate plots demonstrate 
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that axes subjected to fast rotations have normalized sensitivities narrowly distributed 

around 1.0, and that axes subjected to slow rotations have normalized sensitivities that 

are more widely distributed about 1.0.  This result is wholly inconsistent with predictions 

of both the fast- and slow-sensitive hypotheses.  It suggests that vestibular sensitivity may 

be high, low, or of average value along axes subjected slow rotations in every locomotor 

mode, and that axes subjected to rapid rotation during any locomotor mode must align 

with axes of mean vestibular sensitivity; I term this the “fast-accurate hypothesis.” 

One explanation for the evolutionary mechanism underlying the fast-accurate 

hypothesis is that the brain is unaware of the vestibular sensitivity map.  Vestibular 

afferent firing rates scale with sensitivity in single canals (Yang and Hullar 2007), and 

vestibular sensitivity varies across a sensitivity map (Curthoys et al. 1975; Dickman and 

Angelaki 2002; Hullar and Williams 2006).  So, for a single angular velocity magnitude 

presented about different axes, the brain is presented with a range of afferent firing rates.  

Over time, the brain might associate the integrated sensory experience of a single angular 

velocity magnitude with the mean of afferent firing rates produced by rotations about 

different axes.  As a result, the brain would accurately quantify angular velocities about 

axes with normalized sensitivity of 1.0, whereas rotations about axes with normalized 

sensitivity of 0.8 or 1.2 would result in 20% errors in perceived angular velocity.  If so, 

then selection might act to align axes of mean sensitivity with axes of rapid rotation for 

two reasons.  First, accurate perception may be most important during rapid rotations if 

mistakes during rapid rotations are most likely to cause serious bodily trauma.  Second, 

for a single axis, the absolute error in perceived position would be greater following a fast 
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rotation than following a slow rotation of equal duration.  For example, a 20% error in 

perceived angular velocity would produce a two-degree error in perceived position 

following a one-second rotation at 10 degrees/second, and a 20-degree error in perceived 

position following a one-second rotation at 100 degrees/second.  For these reasons, 

selection would align axes of mean sensitivity with axes of rapid rotation.  Conversely, 

selection for mean sensitivity would be relaxed along axes subjected to slow rotations, 

and a broader distribution of sensitivities centered about the mean would be tolerated.   

In Figure 25, the clarity and form of arch patterns vary among behaviors.  Arch 

patterns are most defined in the arboreal walking, terrestrial walking, bipedal leaping, and 

vertical supporting leaping plots.  As discussed in Section 4.2, arboreal walking and 

terrestrial walking yielded the least variable patterns of head rotation, which may explain 

why the arch pattern appears especially clear in the plots for these behaviors. Conversely, 

terrestrial running and horizontal leaping were associated with the greatest amounts of 

intraspecific velocity-Ivalue set variation, and the arch patterns for these behaviors are 

the least defined.  If high intraspecific variation in single-behavior velocity-Ivalue sets 

resulted from sampling errors, then this error would be expected to manifest as noise in 

any signal reflecting a functional relationship between velocity and sensitivity.  The arch 

patterns are tall and narrow for the bipedal leaping and vertical support leaping plots.  

The heights of the arch patterns indicate the production of high velocity-Ivalues during 

these acrobatic behaviors, while the narrow width at the base of the arch patterns reflects 

relatively restricted ranges of sensitivity within the species that exhibit these specialized 

behaviors (i.e. Galago moholi, Propithecus verreauxi, and Hapalemur griseus).  
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Figure 25: Bivariate plots of single-behavior velocity-Ivalues 

(degrees/second) over normalized sensitivity-Ivalues (%), pooled for all species 
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Species-mean velocity-Ivalue sets summarize all inputs to canals that result from 

a species’ locomotor repertoire.  Species-mean velocity-Ivalue sets were plotted over 

normalized sensitivity-Ivalue sets for all species (Figure 26), and the resulting bivariate 

plot very clearly conforms to the arch-shaped pattern. 

 

Figure 26: Bivariate plot of species-mean velocity-Ivalues (degrees/second) 

over paired normalized sensitivity-Ivalues (%), pooled for all species 

The arch-shaped plots of Figures 25 and 26 demonstrate that, within a species, 

axes routinely subjected to fast rotations are exclusively associated with near-mean levels 

of vestibular sensitivity.  Axes subjected to slower average rotations are associated with a 

broader range of vestibular sensitivities which center about the sensitivity mean but vary 

up to 25% above or below it.  This pattern of association between angular velocity and 
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sensitivity is inconsistent with the predictions of the fast- and slow-sensitive hypotheses, 

which hold that high (or low) levels of sensitivity are important for detecting fast 

rotations.  Instead, these data form the basis of a novel model of vestibular adaptation 

termed the fast-accurate hypothesis. 

Several methodological aspects of the above analyses deserve further explanation.  

The way in which velocity-Ivalues are calculated should depend on whether sensitivity is 

selected to detect the mean, maximum, or some other descriptive statistic of angular 

velocity at each axis.  As described in methods Section 2.3.2, icosahedral sampling 

defines each velocity-Ivalue as the mean of angular velocity magnitudes for vectors 

pointing toward a single icosahedral face.  As a result, the above comparisons between 

movement and sensitivity are worded in terms of average high or low angular velocity 

magnitudes.  It seemed equally likely that sensitivity could be tuned to the maximum 

angular velocity magnitude encountered for an axis.  All analyses were repeated using 

modified icosahedral sampling that defined velocity-Ivalues as the 90
th

 percentile, and as 

the maximum, of angular velocity magnitudes for vectors pointing toward an icosahedral 

face.  The maximum-derived velocity-Ivalue sets were highly susceptible to outlier errors 

and did not relate to normalized sensitivity I-values in a recognizable way.  Comparisons 

between 90
th

-percentile-based velocity-Ivalue sets and sensitivity-Ivalue sets produced 

results very similar to those of the mean-based velocity-Ivalue analyses described above.  

Thus, regardless of whether selection acts to tune a sensitivity map to average stimuli or 

near-maximum stimuli, the same sensitivity map topography should result. 
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Also, the above analyses do not adequately account for the effects of phylogeny 

and body mass.  Comparison of Ivalue sets is a form of spatial statistical analysis, and 

conventional means of controlling for body mass and phylogeny could not be employed 

readily.  Instead, these analyses have given rise to the fast-accurate hypothesis as a 

possible explanation for observed associations between axes of fast rotation and axes of 

mean sensitivity.  Predictions stemming from the fast-accurate hypothesis will be tested 

with rigorous control for body mass and phylogeny in Chapter 5.  Other corollaries of the 

above results have value independent of such corrections, like the direct examination of 

normalized sensitivity maps provided in Section 4.5. 

4.5 Direct analysis of normalized-sensitivity maps under fast-
accurate hypothesis 

4.5.1 Development of methods for inferring axes of slow rotation from 
normalized sensitivity maps 

The novel fast-accurate hypothesis allows for patterns of directional movements 

to be inferred from vestibular sensitivity maps.  Figure 26 provides a bivariate plot of 

species-mean velocity-Ivalues over normalized sensitivity-Ivalues for all 11 species.  The 

experimentally-derived data points in Figure 27 have been reproduced from Figure 26, 

but two sets of color-washed rectangles have been added to highlight important 

associations between ranges of sensitivity and velocity.  The red rectangles illustrate that 

for normalized sensitivity-Ivalues of less than 0.8 and greater than 1.2, 100% of observed 

velocity-Ivalues are less than 100 degrees/second.  Similarly, the blue rectangles show 

that for normalized sensitivity-Ivalues in the ranges of 0.8 to 0.9 and 1.1 to 1.2, more than 

95% of observed velocity-Ivalues are below 150 degrees second.  Thus, for a sensitivity 
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map generated from a fossil, axes with normalized sensitivity-Ivalues in the ranges of 

0.8-0.9 and 1.1-1.2 can be inferred to align with axes about which the animal rotated < 

150 degrees/second on average, and axes with normalized sensitivity-Ivalues of < 0.8 or 

>1.2 can be inferred to align with axes about which the animal rotated < 100 

degrees/second on average. 

While sensitivity maps can be used to infer axes of habitual slow rotation, the 

nature of the association between sensitivity and velocity does not allow for axes of 

habitual fast rotation to be inferred from sensitivity maps.  Attempting to infer mean 

angular velocities experienced about two axes from a hypothetical sensitivity map will 

serve as an example.  If the first axis of interest has a normalized sensitivity-Ivalue of 

0.78, Figure 27 shows that the entire range of associated observed velocity-Ivalues is 

about 40-100 degrees/second.  If the second axis has a normalized sensitivity-Ivalue of 

1.0, Figure 27 shows that the entire range of associated observed velocity-Ivalues is about 

40-450 degrees/second.  Thus both the mean and standard deviation of predicted 

velocity-Ivalue increase as observed normalized sensitivity-Ivalue approaches 1.0, and 

using normalized sensitivity-Ivalues that depart considerably from 1.0 to predict axes of 

slow rotation is the only reliable form of inference. 
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Figure 27:  Color-washed version of Figure 26; colors illustrate the ranges of 

normalized species-mean sensitivity-Ivalues that predict species-mean velocity-

Ivalues of less than 150 degrees/second (blue) and less than 100 degrees/second (red) 

Because sensitivity-Ivalues predict velocity-Ivalues under certain circumstances, I 

hypothesized that sensitivity maps from taxa with similar overall locomotor modes might 

share more topographic features with each other than with maps from animals with very 

different locomotor repertoires.  Normalized sensitivity maps were generated for all 17 

specimens.  The mean sensitivity of each triangular region on the maps was initially 

indicated by a linear grayscale.  Because the relationship between angular velocity-

Ivalues and sensitivity-Ivalues is not linear, however, sensitivity maps with linear 

grayscales did not bare any obvious relationship with overall locomotor modes.  When a 

different color map, based on the principles of the fast-accurate hypothesis and the 
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predictive features of Figure 27, was applied to all 17 sensitivity maps, the maps could be 

sorted by topography into three types that parallel differences among overall locomotor 

modes (Section 4.5.2). 

The color map used in Section 4.5.2 employs a double-ended grayscale in which 

sensitivity 1.0 is white and fades to black as sensitivity values approach both 0.8 and 1.2.  

In accord with the blue and red color-washed rectangles in Figure 27, a blue wash was 

applied over the grayscale sensitivity ranges of 0.8-0.9 and 1.1-1.2, and a red wash was 

applied over the black sensitivity ranges of < 0.8 and > 1.2.  These color washes delimit 

the sensitivity ranges that are useful for making velocity inferences.  Sensitivity axes 

associated with mean angular velocities of less than 100 deg/s are highlighted in red, and 

axes associated with mean angular of less than 150 deg/s are highlighted in blue.  

Colorless regions of sensitivity 0.9-1.1 are associated with angular velocities that are 

characterized by high means and standard deviations.  As a result, angular velocities 

cannot be reliably inferred for axes in colorless sensitivity regions.  

4.5.2 Types of normalized sensitivity maps are differentiated by 
inferred axes of slow rotation 

Normalized sensitivity maps were generated using the color-washed grayscale 

method described in Section 4.5.1 and visually examined for shared patterns of red and 

blue color-washed regions (Figures 28-39, specimens are abbreviated as in Table 12).  As 

described above, color-washed regions are known align with axes of habitual slow 

rotation in this sample and could be used to infer axes of slow rotation in sensitivity maps 

generated from other taxa.  Orientations of axes of inferred slow rotation were used to 

parse the normalized sensitivity maps of all 11 species into three qualitative map types.  
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By examining which species possessed each sensitivity map type, map types were 

determined to correspond with general features of locomotor mode.    

Multiple specimens were available for five of the 11 species, and normalized 

sensitivity maps exhibit considerable amounts of intraspecific variation in relief and 

topography.  In most cases, the map of one specimen exhibits several blue or red regions 

that are absent in the conspecific’s map.  This presents a problem for inferring rotational 

velocities during life.  The fast-accurate hypothesis predicts that blue and red regions 

should persist only if errors in perceiving slow rotations do not significantly impair 

fitness.  Because species-mean sensitivity-Ivalues were used to generate Figure 27, it is 

best to base inferences about movement upon species-mean sensitivity maps.  However, 

comparisons between species-mean sensitivity maps and individual sensitivity maps 

demonstrate that a colored region that is absent in one individual’s map but present in 

another is most often present in the species-mean map.  Thus, both individuals probably 

rotated slowly about those axes, and the individual lacking the colored region probably 

possessed better accuracy than was required by selection.  In the interest of illustrating 

intraspecific variation, only individual sensitivity maps are shown below.  Inferences 

about movement for species with multiple sensitivity maps were based upon the map 

with the greatest number of red and blue regions. 

4.5.2.1 Type 1 normalized sensitivity maps 

Type 1 maps are characterized by a complete absence of colored icosahedral faces 

(i.e. all normalized sensitivity magnitudes are between 0.9 and 1.1).  As a result, no axes 

of habitual slow rotation can be inferred.  Cheirogaleus medius and Galago moholi have 
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Type 1 maps (Figures 28 and 29).  G. moholi has been described as an especially 

acrobatic leaping specialist and has been assigned the maximum agility rank in previous 

studies (Gebo 1987; Off and Gebo 2005; Spoor et al. 2007; Stern and Oxnard 1973),  so 

it is not surprising that no axes of slow rotation can be inferred in G. moholi.   Both 

species have small body size, and there is probably a scaling interaction among small 

body size, fast rotations about many axes, and sensitivity maps with little relief.  

Topographies within type 1 maps vary dramatically among individuals and species.  It 

seems the sensitivity range of each map is so narrow, and the normalized sensitivity so 

near 1.0 along all axes, that the existing topography is of limited functional importance. 
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Figure 28: Cheirogaleus medius normalized sensitivity maps, specimens Cm1 

and Cm2 



 

143 

 

Figure 29: Galago moholi normalized sensitivity maps, specimens Gm1 and 

Gm2 
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4.5.2.2 Type 2 normalized sensitivity maps 

All Type 2 maps exhibit a pair of slow rotation axes with peculiar alignments to 

the Frankfort plane (Figures 30-37).  The first axis of slow rotation is reflected by red or 

blue faces that populate the region near the roll axis (intersection of 0 degrees elevation 

with nasal and occipital azimuths).  However, this axis of slow rotation deviates from 

orthogonality with the Frankfort plane such that it encounters the nasal azimuth with a 

positive elevation and occipital azimuth with a negative elevation.  This pattern will be 

referred to as an “elevated slow-roll axis.”  

Blue icosahedral faces located near the yaw axis (+90 degrees elevation and -90 

degrees elevation) indicate a second axis of slow rotation.  In all cases, this axis of slow 

rotation deviates from orthogonality with Frankfort plane such that it encounters the nasal 

azimuth near -90 degrees elevation and the occipital azimuth near +90 degrees elevation.  

This pattern is termed an “elevated slow-yaw axis.”  

The elevated slow-roll and elevated slow-yaw axes occur together in all Type 2 

maps, which are observed for Microcebus murinus, Nycticebus pygmaeus, Eulemur 

fulvus, Eulemur mongoz, Lemur catta (specimen Lc2), Daubentonia madagascariensis, 

and Varecia variegata.  The two L. catta maps differ markedly in sensitivity range, but 

map type is assigned using the map with more colored regions, which in this case is the 

map for specimen Lc2. 

The sensitivity magnitudes are typically lower for the slow-roll axis than for the 

slow-yaw axis.  For M. murinus and N. pygmaeus, the elevated slow-roll and elevated 

slow-yaw axes are both demonstrated by blue icosahedral faces. For E. fulvus, L. catta, 
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D. madagascariensis, and V. variegata, the elevated slow-roll axis is colored red, 

indicating even slower rotations than those occurring about the elevated slow-yaw axis, 

which is colored blue.  For E. mongoz, the elevated slow-roll and elevated slow-yaw axes 

are both reflected by red icosahedral faces. 

Type 2 taxa are primarily pronograde, quadrupedal locomotor generalists (Gebo 

1987; Oxnard et al. 1990; Stern and Oxnard 1973).  The locomotor repertoires of M. 

murinus and N. pygmaeus deviate somewhat from the generalist pattern of the other 

species.  Although a pronograde quadruped, N. pygmaeus specializes in slow arboreal 

movements including slow climbing (Gebo 1987; Gebo 1989; Oxnard et al. 1990).  M. 

murinus is also a pronograde quadruped but tends to scamper and is generally considered 

to share a set of locomotor features with other cheirogaleids such as C. medius (Gebo 

1987; Stern and Oxnard 1973). 



 

146 

 

Figure 30: Microcebus murinus normalized sensitivity map, specimen Mm1 

 

Figure 31: Nycticebus pygmaeus normalized sensitivity map, specimen Np1 
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Figure 32: Eulemur fulvus normalized sensitivity map, specimen Ef1 
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Figure 33: Lemur catta normalized sensitivity maps, specimens Lc1 and Lc2 
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Figure 34: Daubentonia madagascariensis normalized sensitivity map, 

specimen Dm1 

 

Figure 35: Varecia variegata normalized sensitivity map, specimen Vv1 
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Figure 36: Varecia variegata normalized sensitivity maps, specimens Vv2 and 

Vv3 
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Figure 37: Eulemur mongoz normalized sensitivity map, specimen Em1 

4.5.2.3 Type 3 normalized sensitivity maps 

Type 3 maps are characterized by a slow-roll axis.  Whereas Type 2 maps exhibit 

an elevated slow-roll axis, the slow-roll axis of Type 3 maps is not elevated with respect 

to the Frankfort plane (Figures 38 and 39).  Hapalemur griseus and Propithecus 

verreauxi have Type 3 maps.  The slow-roll axis of H. griseus lies within the Frankfort 

plane, whereas that of P. verreauxi (specimen Pv1) is further depressed such that it 

encounters the nasal azimuth at a negative elevation and the occipital azimuth at a 

positive elevation.  

Type 3 maps also exhibit a great deal of dissimilarity.  The H. griseus map 

exhibits only the slow-roll axis.  In contrast, P. verreauxi (specimen Pv1) possesses the 

slow-roll axis described above as well a slow-pitch axis, which is not observed in any 
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other map in the sample.  Pv2 does not have a slow-pitch axis characterized by blue-

range sensitivity values, but the pitch axis sensitivity values approach the cutoff between 

the grayscale and blue color map ranges.  Specimen Pv1 may also exhibit an elevated 

slow-yaw axis, but the icosahedral faces in question border those of the slow-roll axis.  

So whether there is a neighboring pair of slow-roll and elevated slow-yaw axes, or simply 

a depressed slow-roll axis that spills into icosahedral faces near the yaw axis is uncertain.  

The Pv1 and Pv2 maps differ greatly but in much the same way that the Lc1 and Lc2 

maps do.  Specifically, the sensitivity range for Pv2 is much narrower than for Pv1, and 

map type is assigned using Pv1 as a result. 

The species with Type 3 maps share anatomic and behavioral adaptations to 

orthograde postures and leaping among vertical supports (Gebo 1987; Stern and Oxnard 

1973).  Unlike P. verreauxi, H. griseus will also move quadrupedally.  Importantly, the 

two species belong to divergent strepsirrhine families (Horvath et al. 2008), which 

improves the likelihood that similarities in their sensitivity maps result from shared 

functional demands rather than phylogenetic effects. 
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Figure 38: Hapalemur griseus normalized sensitivity map, specimen Hg1 
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Figure 39: Propithecus verreauxi normalized sensitivity maps, specimens Pv1 

and Pv2 
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4.5.3 Comparisons among normalized sensitivity map types 

The most interesting comparisons are between Type 2 and Type 3 maps.  It is 

tempting to attribute the varied orientation of the slow-roll axis to gradistic differences in 

anatomy and behavior.  Specifically, all Type 2 maps exhibit an elevated slow-roll axis 

and are associated with pronograde quadrupedal species (Figure 40).  Within Type 3 

maps, P. verreauxi (specimen Pv1) exhibits a depressed slow-roll axis and is specialized 

for orthograde positioning and leaping among vertical supports (Figure 40).  H. griseus 

exhibits an intermediate orientation of slow-roll axis and engages in intermediate 

positional and locomotor behaviors.   

Understanding the anatomic underpinnings of slow-roll axis orientation in 

strepsirrhines would require a separate study.  Perhaps it is the axis about which 

compensatory neck contractions are most effective at reducing roll.  Interspecific 

variation in head and neck movement has been attributed to anatomic differences of the 

cervical spine and neck musculature in previous studies comparing rats, guinea pigs, 

rabbits, cats, monkeys and humans (Graf et al. 1995a; Graf et al. 1995b; Vidal et al. 

1986).  Resting strepsirrhines typically hold their heads such that the Frankfort plane is 

anteriorly depressed 25-28 degrees below horizontal (Strait and Ross 1999), and it is 

possible that the orientation of the slow-roll axis corresponds to species differences in the 

angle between the head and body.  Differences in locomotion-induced body rotations 

could also account for observed differences in slow-roll axis orientation.  Regardless, 

orientation of the slow-roll axis separates quadrupeds from specialized leapers in the 
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present analysis, and the reliability of this relationship should be assessed in a larger 

sample.   

 

Figure 40: Inferred axes of slow rotation in Type 2 versus Type 3 normalized 

sensitivity maps 

The classification of M. murinus and C. medius into different map types is 

perplexing.  The two small species appeared to scamper in very similar ways, but the M. 

murinus map implies some axes of slow rotation while the C. medius map does not.  

Because sensitivity range scales with body mass, and because normalized sensitivity-

Ivalues deviate most from 1.0 along axes exposed to slow mean rotations, animals that 
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are small and fast-moving have two reasons to have narrow-range sensitivity maps.  

Inferences about axes of slow rotation are least reliable for sensitivity values close to 1.0.  

Thus, as previously suggested, inferences about axes of slow rotation are probably least 

reliable for especially small, fast-moving animals.  Ultimately, it is difficult to offer a 

clear behavior explanation for the differences between the sensitivity maps of M. murinus 

and C. medius.   

Sensitivity maps generated from fossils may permit inferences about axes of slow 

rotation in extinct species.  Generating a Type 2 map from a fossil labyrinth could be 

used to infer that the animal was quadruped.  A fossil that produced either a Type 1 or 

Type 3 map would raise suspicion that the animal was specialized for leaping and 

orthograde positional behaviors.  However, considerable intraspecific variation exists in 

the sensitivity maps of extant taxa, and inferences should be based on multiple fossils 

from the same species whenever possible.  The above sensitivity maps reflect six 

strepsirrhine families spanning 69 g to 3990 g body mass and exhibiting a wide range of 

primate locomotor behaviors.  As such, they lay the groundwork for a larger comparative 

study of sensitivity maps and can be used to make provisional behavioral inferences in 

extinct taxa. 

4.6 Towards a new adaptive model of vestibular sensitivity 

I tested the ability of the fast- and slow-sensitive hypotheses to explain non-

uniform vestibular sensitivity.  Patterns of vestibular sensitivity and angular velocity were 

characterized for a comparative primate sample.  Species-mean velocity-Ivalue sets and 

sensitivity-Ivalue sets are not linearly correlated, demonstrating that neither the fast-
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sensitive nor the slow-sensitive hypothesis explains variation in sensitivity map 

topography.  Instead, fast rotation axes are consistently associated with sensitivity levels 

near the mean sensitivity for each species, which allowed formulation of a new model of 

vestibular adaptation termed the fast-accurate hypothesis.  The fast-accurate hypothesis 

asserts that angular velocities presented about axes of mean sensitivity are most 

accurately interpreted by the brain, and that selection aligns axes of mean sensitivity with 

axes of habitual fast rotation. 

Normalized sensitivity maps were generated using a color-washed grayscale 

designed to allow inference of axes of slow rotation (Figures 28-39).  Blue and red 

regions are the physical consequence of non-orthogonal canal geometry and are known to 

align with axes of slow rotation.  In light of the fast-accurate hypothesis, a “perfect” 

animal would have a sensitivity map made up entirely of white regions, and blue and 

regions faces should be considered potentially detrimental collections of axes about 

which perceptual errors average 10-20% and >20%, respectively.  Normalized sensitivity 

maps from all 11 species were sorted into three map types based on the orientations of 

inferred axes of slow rotation.  Type 2 maps are exclusively observed in quadrupedal 

animals, and Type 3 maps are associated with animals specialized for leaping.  Type 1 

maps are associated with two small, fast-moving species, of which one is a specialized 

leaper. 

These analyses suggest that all previous efforts to reconstruct directional 

movements from relative sizes of canal R have been fundamentally flawed.  Instead, 

normalized sensitivity maps should be generated from fossil canals to allow inference of 
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axes of slow rotation.  The number and orientations of slow-rotation axes may be used to 

categorize extinct species by map types, which help to differentiate species as pronograde 

quadrupeds or as orthograde leapers. 
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5.  Semicircular canal orthogonality, not radius, is the 
best single predictor of mean speed of head rotations: 
improved equations for predicting locomotor variables 
based on the fast-accurate hypothesis 

Semicircular canal radius (R) is regarded as the principle vestibular feature 

reflecting locomotor behavior.  Comparisons of canal R with estimates of animal head 

speed have given rise to the fast- and slow-sensitive hypotheses.  Using the fast-sensitive 

hypothesis, biologists have endeavored to infer agility in extinct taxa from canal R.  

Unfortunately, in the absence of objective data on head movements from living animals, 

the accuracy of such inferences has remained untested.   

In the previous chapter, associations between rotational and sensitivity vector 

data were explored within species.  Both fast- and slow-sensitive hypotheses failed to 

predict how sensitivity along a given axis relates to speed of rotation about that axis 

during locomotion.  Instead, observed trends led to the proposal of a new fast-accurate 

hypothesis.   

In this chapter, associations between rotational and sensitivity scalar data will be 

explored among species.  Specifically, angular-velocity-magnitude means (AVM means) 

of the head will be compared to canal R and other morphologic variables predicted to 

relate to locomotion by the new fast-accurate hypothesis.  By using PGLS regression 

analyses, corollaries of the fast-accurate hypothesis are tested with appropriate 

corrections for body mass and phylogeny.  Equations are generated to predict mean 

angular velocity magnitude from semicircular canal morphologic variables, and the 

predictions of the new equations are compared with those of previous work.   
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5.1 Characterization of mean angular velocity magnitudes (AVM) 
in a comparative sample 

Previous studies of the functional morphology of the semicircular canals have 

been based on subjective measures of head movement, which are not necessarily 

reproducible.  As described in Chapter 4, instantaneous angular velocity vector data were 

measured from 11 species engaging in diverse locomotor behaviors.  In this chapter, only 

the magnitudes of the kinematic vector data will be considered.  Angular velocity 

magnitudes (AVM) are scalar data, which are amenable to further analysis by PGLS 

regression.  The AVM mean describes the average rotational speed of the head during 

locomotion and is meant to replace subjective measures of movement such as ranked 

agility.   

A “single-behavior AVM mean” is based on all angular velocity measurements 

associated with individuals of single species engaged in a single study behavior.  Means 

of angular velocity magnitude are constructed for species in two ways.  The “single-

species AVM mean” is a simple mean of all single-behavior AVM means associated with 

a single species.  The “single-species AVM weighted mean” is calculated after weights 

are assigned to single-behavior AVM means based on the percentage of time the species 

engages in each behavior, as determined from evaluation of field behavior studies. 

To some extent, this is an exploratory analysis.  Some locomotor modes may 

yield single-behavior AVM means that are not statistically different.  Single-species 

AVM means are expected to decrease with body mass, but the slope of allometric scaling 

and even the existence of such a relationship has never been quantitatively demonstrated.  
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For these reasons, I first chose to characterize general patterns of variation in AVM 

means. 

5.1.1 Comparisons among single-behavior AVM means 

Single-behavior AVM means were calculated for all possible subsets of the entire 

kinematic data sample.  Figure 41 presents single-behavior AVM means, confidence 

limits, and quartiles.  The significance of variation among single-behavior AVM means 

was tested by ANOVA (p < 0.0001).  Multiple paired comparisons of single-behavior 

AVM means were achieved by the Tukey-Kramer procedure (Table 32) and intraspecific 

comparisons of single-behavior AVM means are summarized in Table 33.   

Examination of Table 33 reveals several trends.  The terrestrial walking AVM 

mean is significantly greater than that for arboreal walking in six of the seven species that 

exhibited both behaviors.  This is true for Daubentonia madagascariensis, Eulemur 

mongoz, Lemur catta, Microcebus murinus, Nycticebus pygmaeus, and Varecia 

variegata.  Within in this group, terrestrial walking AVM means are 40% greater on 

average than arboreal walking means.  Cheirogaleus medius is the only species for which 

the terrestrial walking AVM mean exceeds that of arboreal walking, however, this 

difference is not significant.  The terrestrial running AVM mean is significantly greater 

than that for arboreal walking in all seven species that performed both behaviors. 

Thus, in general, terrestrial quadrupedalism produces faster rotations of the head 

than does arboreal quadrupedalism.  The reason for this difference is not immediately 

obvious.  Old world monkeys are known to use a more compliant gait during arboreal 

walking than during terrestrial walking.  Previous studies have suggested that compliant 
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walking serves to improve balance in the arboreal setting by keeping the center of mass 

near the substrate (Schmitt 1999).   Compliant walking is also known to reduce that 

magnitude of center of mass oscillation, which might result in slower head rotations.  It is 

possible then, that the low arboreal walking AVM mean is a function of highly compliant 

gait.  The observed low AVM means may be part of a larger adaptive complex for 

arboreal walking; reduced head motion would serve to improve gaze stability in an 

environment where visually guided foot placement is especially critical. 

The AVM mean for terrestrial running is greater than that for terrestrial walking 

in all seven taxa that engaged in both behaviors, although this difference rose to the level 

of significance in only two of the seven.  A direct reading of my data is that transitioning 

from terrestrial walking to terrestrial running is associated with only a modest increase in 

average rotational speed of the head.  These findings support and amplify a previous 

study that suggested that the head is more actively stabilized during running than in 

walking, based on video analysis of wild hanuman langurs and bonnet macaques (Dunbar 

et al. 2004).   

The relationship between AVM mean for horizontal leaping and other behaviors 

is less clear.  The horizontal leaping AVM mean is not significantly greater than 

terrestrial running in three, less than (but not significantly) that for terrestrial running in 

one, and significantly less than terrestrial running in two species.  Similarly, the 

horizontal leaping AVM mean is non-significantly less than terrestrial walking in two, 

non-significantly greater than terrestrial walking in two, and significantly greater than 

terrestrial walking in one species.  My data suggest that the average speed of cranial 
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rotation during horizontal leaping is roughly equivalent to that produced by terrestrial 

quadrupedalism.  Some of the uncertainty about the relationship between horizontal 

leaping and other behaviors may result from methodological differences among data 

collection bouts.  Horizontal leaping was acquired when an animal leaped between two 

platforms spaced at the maximum distance tolerated by the individual.  As a result, 

variation in how far each animal was willing to jump may increase variation in the 

horizontal leaping data sets.   

Lastly, the AVM mean for vertical support leaping was significantly greater than 

the AVM mean for all other observed behaviors.  Vertical support leaping data were 

acquired while animals performed at least two consecutive leaps.  Examination of angular 

velocity tracings suggests that fast angular velocities occur during takeoff from rest and 

landing to rest.  However, the fastest angular velocities tend to be associated with the 

brief contact with poles used during ricochetal leaps.  Regardless, vertical support leaping 

behavior seems to reliably produce the fastest average head rotations within a species’ 

locomotor repertoire.  This finding is perhaps not surprising, because Propithecus 

verreauxi and Hapalemur griseus are known to generate exceptionally high forces across 

postcranial joints during vertical support leaping behaviors (Demes et al. 1995). 

It should be noted that no effort was made to account for variation in ground 

speed within gait types.  For more heavily sampled gait types, one might reasonably 

expect that animals engaged in a range of ground speeds centering about a preferred 

linear velocity. While it seems intuitive that angular velocities of the head would increase 

with ground speed, the relationship between these two variables has never been explored.  
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The amplitude of pitch displacement does not vary with stride frequency in Rhesus 

macaques (Xiang et al. 2008), suggesting that angular velocity must increase with ground 

speed.  In contrast, previous studies of heel-strike shock wave transmission in humans 

have demonstrated that linear jostling of the head does not change with increasing speed 

of walking (Lafortune et al. 1996).  Preliminary analyses of my data suggested that mean 

angular head velocity and ground speed are positively but very weakly correlated during 

walking and running in most taxa.  I have chosen to accept unknown ground speed as a 

limitation and to focus on differences in head rotation as a function of gait type. 

This analysis provides the first characterization of relative speeds of head rotation 

during different locomotor behaviors in a comparative primate sample.  It also suggests 

that estimating the speed of head rotation or ranked agility from visual inspection alone 

may be quite difficult.  In particular, one might have reasonably argued that greater 

arboreality should translate into higher agility rank, but comparisons of arboreal walking 

and terrestrial walking suggest the opposite is true.  Similarly, horizontal leaping, which 

also simulates arboreal behavior, results in AVM means that are not reliably different 

from either form of terrestrial quadrupedalism.  Finally, it is not intuitively obvious that 

terrestrial running should be associated with only a modest increase in head rotation 

speed over that of terrestrial walking.



 

 

 

Figure 41: Distributions, means, and confidence limits for all single-behavior AVM data 
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Table 32:  Tukey-Kramer comparisons among all pairs of single-behavior 

AVM means 

Sample AVM mean
(deg/sec)

Gm-VSL A                 300
Gm-BL  B                218
Hg-VSL   C               182
Mm-TW   C D E             170
Mm-TR   C D              170
Gm-AW    D E             148
Hg-HL     E             142
Cm-TR     E             141
Pv-VSL     E             139
Hg-TR     E             134
Lc-TR      F            116
Dm-TR      F G           110
Cm-AW      F G           110
Dm-TW      F G           107
Cm-TW      F G H I         102
Lc-TW       G H          100
Mm-AW      F G H I J K L      93
Lc-HL        H I J        92
Em-HL        H I J        92
Ef-TR        H I J        90
Pv-BL         I J        89
Ef-HL        H I J K       88
Dm-HL          J        85
Em-TR          J        85
Ef-TW          J K L M     82
Hg-AW          J K L M     79
Np-TW           K L M N    74
Vv-HL            L M N O   69
Dm-AW             M N O   69
Em-TW             M N O   68
Vv-TR             M N O   67
Vv-TW              N O P  64
Np-AW               O P  63
Lc-AW               O P  62
Em-AW                P Q 54
Vv-AW                 Q 44

Notes: 
Each sample consists of all AVM measurements from a 
    a single study behavior in one species.
Samples are named by the abbreviations for species
    and study behavior as listed in Table 1.
Samples which not connected by the same letter are 
    significantly different.  For example, because "A"
    appears next to Gm-VSL and not in any other rows,
    the AVM mean for Gm-VSL is significantly greater than
    than those of all other single-behavior AVM means
    in paired comparisons.
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Table 33:  Summary of single-behavior AVM means comparisons within 

species by Tukey-Kramer procedure 

Cm Dm Ef Em

1. AW < TR* 1. AW < TR* 1. NA 1. AW < TR*

2. AW > TW 2. AW < TW* 2. NA 2. AW < TW*

3. TR > TW* 3. TR > TW 3. TR > TW 3. TR > TW*

4. NA 4. TR > HL* 4. TR > HL 4. TR < HL

5. NA 5. TW > HL 5. TW < HL 5. TW < HL*

6. NA 6. NA 6. NA 6. NA

Gm Hg Lc Mm

1. NA 1. AW < TR* 1. AW < TR* 1. AW < TR*

2. NA 2. NA 2. AW < TW* 2. AW < TW*

3. NA 3. NA 3. TR > TW 3. TR > TW

4. NA 4. TR < HL 4. TR > HL* 4. NA

5. NA 5. NA 5. TW > HL 5. NA

6. VSL > BL,AW* 6. VSL > HL,TR,AW* 6. NA 6. NA

Np Pv Vv

1. NA 1. NA 1. AW < TR*

2. AW < TW* 2. NA 2. AW < TW*

3. NA 3. NA 3. TR > TW

4. NA 4. NA 4. TR < HL

5. NA 5. NA 5. TW < HL

6. NA 6. VSL > BL,AW* 6. NA

Notes:

Species and study behavior abbreviations are as in Table 1.

NA indicates comparison is not available.

Comparison 1 is AW versus TR, comparison 2 is AW versus TW, comparison 3 is

     TR versus TW, comparison 4 is TR versus HL, comparison 5 is TW versus HL,

     and comparison 6 is VSL versus all other behaviors observed in the species.
 

5.1.2 Scaling of single-behavior AVM means 

Based on dimensional analyses, Jones and Spells (1963) predicted that the log of 

angular velocity magnitude should scale with a slope between -0.083 and -0.333 over the 

log of body mass and, more specifically, that this slope for AVM scaling would equal the 

inverse of the slope for log canal radius (R) over log body mass.  My experimental data 

support the model of Jones and Spells (1963) for angular velocity scaling.  Figure 42 

shows the scaling of single-behavior AVM means for arboreal walking, terrestrial 
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walking, terrestrial running, and vertical support leaping.  In this sample, slopes range 

between -0.1421 and -0.2611.  AVM means for bipedal leaping and horizontal leaping 

produced similar scaling results but were excluded from the figure for simplicity.  For a 

single locomotor behavior compared across a range of body sizes, larger animals have 

slower average head rotations than do smaller animals.  As previously discussed, 

measurements from arboreal walking are expected to be the most standardized and least 

influenced by methodological errors.  It is interesting that the slope of -0.1421 for 

arboreal walking most closely approximates the inverse of slopes previously obtained for 

R over body mass in non-cetacean mammals, which range between 0.1410 and 0.1433 

(Jones and Spells 1963; Spoor and Zonneveld 1998).   
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Figure 42: Double logarithmic plot illustrating scaling of single-behavior 

AVM means over body mass 

5.1.3 Characterization of single-species AVM means 

Single-species AVM means were calculated in two ways as described in the 

methods.  Table 34 summarizes single-species AVM means in which all single-behavior 

AVM means are equally weighted.  Table 35 provides single-species AVM weighted 

means, each of which is the sum of single-species AVM means multiplied by 

corresponding fractional contributions to activity budget. Because there is no precedent 

for using AVM means in analyses of canal R, two types were calculated with plans to 

adopt the type that performed better in subsequent analyses.   
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Single-species AVM means are intended to replace subjective measures of 

rotational head speed, such as ranked agility.  Both single-species AVM means were 

compared with Spoor’s agility ranks by reduced major axis regressions (Smith 2009).  No 

agility rank exists for Nycticebus pygmaeus, so the Spoor et al. (2007) rank for 

Nycticebus coucang was used instead.  When the independent variable was set to single-

species AVM mean and the dependent variable set to agility rank, the resulting R-squared 

value was 0.26 (p = 0.10).  Similarly, an R-squared of 0.23 (p = 0.13) was obtained when 

AVM weighted mean was regressed over agility rank.  Thus, for a small sample of 11 

taxa, the correlation between AVM weighted mean and agility rank is positive but not 

significant. 

Table 34: Summary of single-behavior AVM means and single-species AVM 

means 

TW TR AW HL BL VSL single species

AVM mean AVM mean AVM mean AVM mean AVM mean AVM mean AVM mean

C. medius 102 141 110 0 0 0 118

D. madagascariensis 107 110 69 109 0 0 99

E. fulvus 82 90 0 92 0 0 88

E. mongoz 68 85 54 97 0 0 76

G. moholi 0 0 148 0 218 300 222

H. griseus 0 134 79 135 0 182 133

L. catta 100 116 62 77 0 0 89

M. murinus 170 170 93 0 0 0 145

N. pygmaeus 74 0 63 0 0 0 69

P. verreauxi 0 0 0 0 89 139 114

V. variegata 64 67 44 69 0 0 61

Notes:

All AVM means are expressed in degrees/second.

For "single behavior AVM mean" columns, study behavior is abbreviated as in Table 1.

"Single species AVM mean" column is the mean of the six single-behavior columns to the left.  
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Table 35: Summary of single-behavior weighted AVM terms and single-

species AVM weighted means (degrees/second) 

TW TR AW HL BL VSL single species

weighted weighted weighted weighted weighted weighted weighted

AVM mean AVM mean AVM mean AVM mean AVM mean AVM mean AVM mean

C. medius 11 62 51 0 0 0 123.2

D. madagascariensis 21 7 38 22 0 0 87.2

E. fulvus 43 4 0 40 0 0 86.5

E. mongoz 11 3 19 45 0 0 77.0

G. moholi 0 0 31 0 87 117 235.5

H. griseus 0 20 18 14 0 95 146.6

L. catta 57 14 6 17 0 0 93.8

M. murinus 7 82 45 0 0 0 133.4

N. pygmaeus 30 0 38 0 0 0 67.4

P. verreauxi 0 0 0 0 29 95 123.1

V. variegata 10 2 22 22 0 0 55.8

Notes:

All AVM terms and means are expressed in degrees/second.

For "single behavior weighted AVM term" columns, study behavior is abbreviated as in Table 1.

"Single species AVM weighted mean" column is the sum of the 6 single-behavior AVM  

      weighted mean columns to the left.  

5.1.4 Scaling of single-species AVM means 

As with the single-behavior AVM means, scaling of single-species AVM means 

was examined by regression (Figure 43).  Slopes for single-species AVM means and 

single-species AVM weighted means are both within the range predicted by Jones and 

Spells (1963) and very near the inverse of the observed range of slopes for R over body 

mass in non-cetacean mammals (Spoor and Zonneveld 1998). 
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Figure 43: Figure 40: Double logarithmic plot demonstrating scaling of 

single-species AVM means and single-species AVM weighted means over body mass 

5.2 Examining correlates and causes of normalized sensitivity 
map range by PGLS-based multiple regressions 

In Chapter 4, axes of fast rotation were found to align with axes of near-average 

vestibular sensitivity.  It is also clear that the vestibular sensitivity maps of some animals 

have a comparatively greater range and, as a result, more deviation from a normalized 

sensitivity of 1.0.  It seems reasonable to expect that animals that rotate slowly about 

many individual axes would tend to have low single-species AVM means.  Based on 

these observations and expectations concerning directional sensitivity, I hypothesized that 

animals with normalized sensitivity maps with extensive deviation from 1.0 would tend 
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to be slow-moving.  That is, sensitivity map range and the anatomic features underlying it 

are expected to be negatively correlated with single-species AVM mean.   

The following analyses examine this hypothesis in several ways.  The goal is to 

determine if slow animals have sensitivity maps with wide ranges, and if so, the extent to 

which different morphologic features of the canals drive the observed map range.  

Identifying correlations of this sort could allow formulation of equations with better 

explanatory power for predicting an animal’s locomotor behavior from its vestibular 

anatomy.  Unlike in Chapter 4, the kinematic and sensitivity variables are now expressed 

as scalar data.  This allows for the confounding effects of phylogeny and body mass to be 

properly addressed using PGLS multiple regression. 

5.2.1 Correlating measures of normalized sensitivity map range with 
body mass and measures of angular velocity magnitude (AVM) 

First, I examined the relationship between normalized sensitivity map range 

(species-average of difference between the maximum and minimum normalized 

sensitivity-Ivalues in each specimen) and single-species AVM mean (Table 36).  

Corrected for phylogeny, sensitivity map range is correlated with both body mass and 

AVM mean.  However, AVM mean does not account for significantly more of the 

variation in normalized sensitivity map range than does body mass alone. 

Table 36: PGLS results for Y=log(normalized-sensitivity-map range), X1=log(body 

mass), and X2=log(AVM mean) for 11 species 

Equation R
2

p

Y = 0.34X1 - 0.99 0.6305 4.0 0.0035

Y = -0.82X2 + 1.66 0.3643 1.3 0.0493

Y = 0.28X1 - 0.39X2 - 0.03  0.6785 4.3 0.0018

Increase in R
2
 from Y=X1 to Y=X1+X2 is not significant (p=0.3063). 
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Analysis of the relationship between normalized sensitivity map range and single-

species AVM weighted mean yields similar results (Table 37).  Corrected for phylogeny, 

normalized sensitivity map range is correlated with both body mass and AVM weighted 

mean.  However, AVM weighted mean does not account for significantly more of the 

variation in sensitivity map range than does body mass alone.  Still, AVM weighted mean 

accounts for more of the remaining variation in sensitivity map range than did the 

unweighted AVM mean.  I hypothesize that the AVM weighted mean is more 

biologically relevant than the unweighted AVM mean.  In all following analyses where 

AVM weighted mean is a factor, unweighted AVM mean was also used.  In all cases the 

AVM weighted mean resulted in a higher correlation coefficient.  Consequently, only the 

results of AVM weighted mean analyses are reported. 

Table 37: PGLS results for Y=log(normalized-sensitivity map range), 

X1=log(body mass), and X2=log(AVM weighted mean) for 11 species 

Equation R
2

p

Y = 0.34X1 - 0.99 0.6305 4.0 0.0035

Y = -0.78X2 + 1.59 0.4039 1.3 0.0356

Y = 0.27X1 - 0.44X2 + 0.11 0.7060 4.3 0.0012

Increase in R
2
 from Y=X1 to Y=X1+X2 is not significant (p=0.1897).

 

The normalized sensitivity map range only captures the extremes of sensitivity 

variation; it provides no description of the amount of the sensitivity map that deviates 

greatly from 1.0.  Since 1.0 is theoretically the ideal sensitivity necessary for detecting 

fast rotations, I next chose to examine the relationship among normalized sensitivity-

Ivalue variance from 1.0, body mass, and AVM weighted mean (Table 38).  Compared to 
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the results of the sensitivity range-based analyses, the variance from 1.0 explains more 

variation in AVM weighted mean beyond that explained by body mass. 

Table 38: PGLS results for Y=log(normalized-sensitivity-Ivalue variance 

from 1), X1=log(body mass), and X2=log(AVM weighted mean) for 11 species 

Equation R
2 p

Y = 0.43X1 - 3.49 0.4924 5.0 0.0161

Y = -1.25X2 + 0.27 0.4361 2.3 0.0270

Y = 0.30X1 - 0.85X2 - 1.39 0.6247 5.4 0.0038

Increase in R
2
 from Y/X1 to Y/X1+X2 is not significant (p=0.1316).

 

In summary, all three metrics of sensitivity-map range are significantly correlated 

with metrics of rotational head velocity in PGLS single regression analyses.  In all three 

of the above analyses, inclusion of a sensitivity-map-range variable in addition to body 

mass does not explain significantly more variation in AVM weighted mean than does 

body mass alone.  However, the p-values for the improvement in correlation after 

inclusion of a sensitivity-map-range variable are low in all three analyses and may trend 

toward significance. Statistical power is limited because there were only 11 species in 

this analysis.  The increase in coefficient of determination associated with including an 

AVM variable in addition to body mass became larger with each theoretical improvement 

in the measure of sensitivity map range and AVM data type.  Additionally, three 

morphologic metrics determine sensitivity map topography, and it is possible that inter-

correlation between any one of these metrics and body mass would obscure the body-

mass independent correlation between another metric and AVM weighted mean.  

Consequently, relationships between the individual morphologic determinants of 

sensitivity map topography and AVM weighted mean were examined next. 
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5.2.2 Correlating morphologic determinants of normalized sensitivity 
map topography with body mass and measures of angular velocity 
magnitude (AVM) 

Because sensitivity maps are mathematically predicted, three morphologic 

variables of the six-canal system are known to be responsible for all sensitivity map 

relief.  These variables are variation in canal R, deviations from orthogonality among 

canal planes of best fit, and deviations from co-planarity among canal planes of best fit.  

Because flat sensitivity maps are thought to be advantageous for fast animals, I 

hypothesized that morphologies associated with increased variation in sensitivity-Ivalues 

would be negatively correlated with AVM weighted means.  PGLS multiple regressions 

were used to examine relationships between each morphologic variable and AVM 

weighted means. 

Canal R measurements from Appendix D were used to calculate R variance for 

each species.  Angles among canal planes of best fit were determined by calculating the 

angles between pairs of positive orientation vectors for the six canals in each specimen 

(Table 39) (Calabrese and Hullar 2006; Curthoys et al. 1977a).   



 

 

 

Table 39: Angles among positive orientation vectors for the six semicircular canals in all specimens 

Species Specimen RHCvRAC RHCvRPC RPCvRAC LHCvLAC LHCvLPC LPCvLAC RHCvLHC RACvLPC LACvRPC

C. medius Cm1 90.24 97.66 93.56 87.52 99.04 93.36 174.23 168.23 164.67

C. medius Cm2 89.85 96.74 92.85 88.98 94.03 92.66 171.24 167.68 166.28

D. madagascariensis Dm1 104.38 94.03 92.43 101.69 98.56 92.50 164.77 173.46 175.83

E. fulvus Ef2 101.28 95.94 91.25 103.57 96.16 91.00 165.48 171.26 171.57

E. mongoz Em1 99.64 100.49 88.78 100.95 101.96 89.87 175.10 175.01 174.97

G. moholi Gm1 90.72 93.68 87.52 92.31 95.26 85.79 177.62 173.55 175.22

G. moholi Gm2 89.60 91.85 92.83 87.93 92.61 92.78 178.47 174.13 174.98

H. griseus Hg1 97.49 92.37 94.83 98.81 94.30 94.62 176.01 176.73 176.63

L. catta Lc1 96.21 93.71 96.41 92.11 94.26 94.59 173.15 176.13 173.78

L. catta Lc2 100.82 100.22 91.23 98.89 103.30 93.95 166.35 168.22 167.84

M. murinus Mm1 78.25 91.20 90.22 79.83 92.63 89.58 174.73 170.17 171.15

N. pygmaeus Np1 106.59 84.40 90.05 105.73 85.81 90.99 162.92 167.97 168.94

P. verreauxi Pv1 87.68 92.60 100.28 87.33 92.14 102.37 170.85 167.14 169.38

P. verreauxi Pv1 91.45 92.54 94.64 91.68 92.12 93.53 179.07 176.92 175.47

V. variegata Vv1 97.77 100.38 87.23 96.19 99.44 87.81 175.49 173.05 174.61

V. variegata Vv2 97.36 100.48 93.60 96.48 100.64 97.16 177.30 173.72 173.80

V. variegata Vv1 98.38 95.18 95.16 100.52 96.64 95.64 176.46 176.86 176.03

Notes: Canals and species abbreviated as in Table 1; specimens abbreviated as in Table 12.

          RHCvRAC denotes the angle in degrees between the two canals abbreviated RHC and RAC.

          Data columns 1-6 represent angles between ipsilateral canals and, in an idealized canal arrangement, are expected to be 90 degrees. 

          Data columns 7-9 represent angles between contralateral canals and, in an idealized canal arrangment, are expected to be 180 degrees. 
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For each species, the variance from 90 degrees was calculated using all canal 

comparisons expected to approximate 90 degrees.  PGLS regressions of log-transformed 

data were then performed to examine the relationships between species variance from 90 

degrees, body mass, and AVM weighted mean (Table 40).  Based on single regressions, 

AVM weighted mean explains a significant and impressive 75% of the variation in 

variance from 90 degrees, and the influence of body mass on variance from 90 degrees is 

not significant.  The inclusion of both body mass and variance from 90 degrees in PGLS 

multiple regression does not explain more variation in AVM weighted mean than does 

variance from 90 degrees alone.  Similar results were achieved using different 

measurements of deviation of canal angles from orthogonality.   

Table 40: PGLS results for Y=log(angle variance from 90 degrees), 

X1=log(body mass), and X2=log(AVM weighted mean) for 11 species 

Equation R
2 p

Y = 0.20X1 + 1.02 0.1423 3.5 0.2527

Y = -1.48X2 + 4.60 0.7532 5.4 0.0005

Y = -0.05X1 - 1.57X2 + 4.94 0.7593 4.9 0.0005

Increase in R
2
 from Y/X2 to Y/X1+X2 is not significant (p=0.8439).

 

Next, a similar analysis was performed using variance from 180 degrees. The 

canal pairs used in this analysis are roughly coplanar, always include a canal from both 

the left and right ear, and are sometimes referred to as “push-pull pairs.”  PGLS 

regressions of log-transformed data were used to explore relationships among variance 

from 180 degrees, body mass, and AVM weighted mean (Table 41).  Variance from 180 

degrees, a measure of coplanarity in push-pull pairs, is not significantly correlated with 

AVM weighted mean, body mass, or the combination of both variables.   
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Table 41: a PGLS results for Y=log(angle variance from 180 degrees), 

X1=log(body mass), and X2=log(AVM weighted mean) for 11 species 

Equation R
2 p

Y = -0.05X1 + 1.92 0.0064 15.5 0.8151

Y = -0.67X2 + 3.12 0.0901 15.5 0.3698

Y = -0.23X1 - 1.08X2 + 4.60 0.1709 15.5 0.2063
 

Lastly, I tested for correlations among variance in canal R, body mass, and AVM 

weighted mean (Table 42).  While R variance was significantly correlated with body 

mass, the correlation between R variance and AVM weighted mean approaches a p-value 

of 0.05 but is not significant. 

Table 42: PGLS results for Y=log(radius of curvature variance), 

X1=log(body mass), and X2=log(AVM weighted mean) for 11 species 

Equation R
2 p

Y = 0.40X1 - 2.51 0.4789 15.5 0.0183

Y = -1.14X2 + 0.97 0.3522 15.5 0.0543

Y = 0.30X1 - 0.60X2 - 1.01 0.5490 15.5 0.0091

Increase in R
2
 from Y/X1 to Y/X1+X2 is not significant (p=0.2972).

 

In summary, I tested for significant correlations among body mass, average 

rotational head speed (AVM weighted mean), and each of the three morphological 

variables responsible for sensitivity map topography.  As predicted, all morphologies 

associated with increased variation in sensitivity maps were negatively correlated with 

AVM weighted mean.  Chapter 5 established that larger animals tend to have greater 

sensitivity map range and lower AVM weighted mean than do smaller animals.  

However, it was unclear whether the correlation between low sensitivity map range and 

high AVM weighted mean was an accident of allometry or the functional result of 

neurosensory demands.  The above analyses suggest that the latter is true.   
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PGLS single regressions reveal that variance from 180 degrees is not significantly 

correlated with either body mass or AVM weighted mean.  Intriguingly, the non-

significant correlation is stronger between variance from 180 degrees and AVM weighted 

mean than the correlation between variance from 180 degrees and body mass in PGLS 

single regressions (Table 41).  Previous workers have demonstrated that canals within 

push-pull pairs deviate significantly from co-planarity (Blanks et al. 1985; Blanks et al. 

1975; Calabrese and Hullar 2006; Curthoys et al. 1977a).  Although small animals and 

fast animals tend to have low sensitivity map range, the low sensitivity map range is not 

produced in either case by having push-pull pairs that are more coplanar.  These results 

suggest that achieving a 180-degree relationship between canals in push-pull pairs is not 

selectively relevant for tuning the vestibular system to patterns of head rotation.   

Of the three morphologic variables responsible for sensitivity map topography, 

only canal R variance is significantly correlated with body mass in PGLS single 

regressions.  The known tendency for sensitivity map range to increase with body size is 

thus partly explained by an apparently nonfunctional increase of canal R variance with 

body size.  That is, larger animals have greater R variance because they are large, and 

this partly explains why larger animals have greater sensitivity map range.  However, 

because the correlation between R variance and AVM weighted mean approaches 

significance, a secondary functional relationship between low R variance and high AVM 

mean cannot be excluded.  A larger sample size may help to prove or disprove the 

existence of this secondary relationship.   
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Canal-angle variance from 90 degrees is significantly correlated with AVM 

weighted mean independent of the effects of body mass and phylogeny.  That is, slower 

animals have greater canal angle variance from 90 degrees because they are slow and 

not because they are also large-bodied.  This finding lends further support for the fast-

accurate hypothesis.  The fast-accurate hypothesis was developed to explain the observed 

relationship between sensitivity and mean rotational velocity about individual axes of 

rotation.  By applying the fast-accurate hypothesis to the more general relationship 

between overall animal speed and sensitivity, I predicted that at least one of the anatomic 

determinants of sensitivity map range would correlate with AVM weighted mean in the 

fashion observed for canal-angle variance from 90 degrees.   

Importantly, the correlation between canal-angle variance from 90 degrees and 

AVM weighted mean is much stronger than that between the conventional functional 

measurement of SCR and AVM weighted mean.  Moreover, variance from 90 degrees is 

not significantly correlated with body mass, whereas SCR is.  For these reasons, variance 

from 90 degrees may prove to be a more powerful variable than SCR for inferring 

behavior in extinct taxa. 

5.3 Predicting AVM weighted mean using new morphological 
variables of the semicircular canals 

5.3.1 Equations for predicting AVM weighted mean from canal 
morphology  

Existing equations do not predict agility from SCR and body mass with a useful 

degree of confidence (Chapter 3).  In this chapter, I replace ranked agility with AVM 

weighted mean and identify five morphologic variables as potentially relevant 
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determinants of SCC function. To review, the five variables considered are canal plane 

variance from 90 degrees (90var), canal R variance (Rvar), adult brain mass (BrM), adult 

body mass (BM), and mean canal R (SCR).  The following analyses seek to formulate 

improved equations for predicting AVM weighted mean from morphologic variables. 

First, PGLS single regressions were performed to order morphologic variables 

from most to least predictive of AVM weighted mean (Table 43).  The resulting order can 

be summarized as: 90var >> Rvar > BrM > BM > SCR.  Note that SCR, the conventional 

morphologic metric for predicting animal agility, is the least predictive of AVM weighted 

mean.  Instead, under the fast-accurate hypothesis, 90var replaces SCR as the single most 

accurate predictor of, and indeed the only variable significantly correlated with, the 

metric of animal speed. 

Table 43: PGLS single regression equations predicting AVM weighted mean 

(AVMwm) from different morphologic variables, based on 11 strepsirrhine species 

Equation R
2

p

Log(AVMwm) = -0.51[Log(90var)] + 2.83 75.65 7.3 <0.001

Log(AVMwm) = -0.31[Log(Rvar)] + 1.60 35.22 15.5 0.0543

Log(AVMwm) = -0.21[Log(BrM)] + 2.24 30.06 5.4 0.0808

Log(AVMwm) = -0.17[Log(BM)] + 2.50 28.54 4.7 0.0905

Log(AVMwm) = -0.79[Log(SCR) + 2.24 15.69 7.1 0.2278

Notes: Abbreviations are as in Table 1.
 

Based on the order established in Table 43, stepwise PGLS multiple regressions 

were then performed to develop a multivariate equation for predicting AVM weighted 

mean (Table 44).  The largest stepwise increases in the coefficient of determination are 

associated with 90var, and to a much lesser extent, body mass. 
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Previous studies have achieved regression equations with the highest coefficient 

of determination when SCR was used as the dependent variable, not when ranked agility 

was the dependent variable.  For comparison, I structured a regression equation in a 

similar manner with 90var used as the dependent variable.  Based on the hypothesis that 

the “perfect” animal is uniformly sensitive to rotations about all axes, the above 

arguments predict that an equation of the following form will have the highest coefficient 

of determination of all: 

Equation 6: 90var = -AVM +/- BM - SCR – Rvar +/- BrM 

The signs of some independent variables are indeterminate because the variables are 

expected to be complexly inter-correlated with other variables.  Using the sample of 11 

strepsirrhine species, a PGLS multiple regression yielded the equation provided in Table 

45.  Note that the signs of the independent variables match those predicted in Equation 6 

and that the coefficient of determination is maximized.  Importantly, the coefficient of 

determination does not decrease drastically between the equation form in which 90var 

was used as the dependent variable and the form in which AVM weighted mean was used 

as the dependent variable.  This allows for AVM weighted mean to be predicted with 

improved confidence compared to conventional equations with low coefficients of 

determination and agility rank as the dependent variable. 

5.3.2 Equations for inferring AVM weighted mean in extinct species 

An important goal of predicting AVM weighted mean from morphologic 

variables is to permit functional interpretations of fossils.  Because certain morphologies 

are more commonly measurable in fossils than others, the combinations of variables used 
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in the equations of Table 44 are not necessarily the most useful. Table 46 provides the 

most useful equations for predicting AVM weighted mean, taking into account the most 

commonly available fossil materials.  While all equations are based on measurements 

made from two-ear, six-canal specimens, an isolated petrosal with only three canals 

would probably be sufficient for inferring AVM weighted mean.  After all, the most 

important morphologic predictor of AVM weighted mean, 90var, is calculated from 

angles measured among ipsilateral canals.  The first equation in Table 46 is based on 

90var, Rvar, and SCR because if there is sufficient material to measure the most 

important variable of 90var, the other two variables can also be measured.  The first two 

equations in Table 46 predict AVM weighted mean in the absence of a body mass 

estimate, and they do so with more certainty than existing equations that predict agility 

rank from SCR and body mass.  Body mass is often difficult to estimate in fossil taxa, 

and the ability to predict behavior without knowledge of body mass provides 

considerable practical advantage. 



 

 

Table 44: PGLS stepwise multiple regression equations for predicting AVM weighted mean based on 11 strepsirrhine 

species 

Equation R2
p

Log(AVMwm) = -0.51[Log(90var)] + 2.83 75.65 7.3 <0.001

Log(AVMwm) = -0.46[Log(90var)] - 0.07[Log(Rvar)] + 2.66 77.13 9.0 <0.001

Log(AVMwm) = -0.45[Log(90var)] - 0.02[Log(Rvar)] - 0.06[Log(BrM)] + 2.77 77.99 6.9 <0.001

Log(AVMwm) = -0.52[Log(90var)] + 0.01[Log(Rvar)] + 0.37[Log(BrM)] - 0.35[Log(BM)] + 3.48 84.11 5.1 <0.001

Log(AVMwm) = -0.54[Log(90var)] + 0.00[Log(Rvar)] + 0.48[Log(BrM)] - 0.38[Log(BM)] - 0.33[Log(SCR)] + 3.59 84.23 4.8 <0.001

Notes: Abbreviations are as in Table 1.
 

Table 45: Equation reordered to maximize the coefficient of determination 

Equation R
2

p

Log(90var) = -1.13[Log(AVMwm)] - 3.22[Log(SCR)] - 0.04[Log(Rvar)] - 1.11[Log(BM)] + 1.99[Log(BrM)] + 5.80 89.22 0.8 <0.001

Notes: Abbreviations are as in Table 1.
 

Table 46: Recommended PGLS-based equations for predicting AVM weighted mean from a fossil 

Equation R2
p

Log(AVMwm) = -0.46[Log(90var)] - 0.05[Log(Rvar)] - 0.16[Log(SCR)] + 2.74 77.43 7.8 <0.001

Log(AVMwm) = -0.42[Log(90var)] - 0.01[Log(Rvar)] + 0.78[Log(SCR)] - 0.22[Log(BrM)] + 2.69 78.97 6.3 <0.001

Log(AVMwm) = -0.45[Log(90var)] + 0.02[Log(Rvar)] + 0.74[Log(SCR)] - 0.18[Log(BM)] + 3.08 82.36 5.7 <0.001

Log(AVMwm) = -0.54[Log(90var)] + 0.00[Log(Rvar)] + 0.48[Log(BrM)] - 0.38[Log(BM)] - 0.33[Log(SCR)] + 3.59 84.23 4.8 <0.001

Notes: Abbreviations are as in Table 1.
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5.3.3 Testing the reliability of equations for predicting AVM weighted 
mean 

The reliability of each AVM weighted mean prediction equation was assessed by 

calculating confidence intervals for plots of observed over predicted AVM weighted 

mean data.  A plot of observed over predicted AVM weighted mean values was generated 

using the third AVM weighted mean prediction equation from Table 46 (Figure 44).  Any 

fossil with canal preservation sufficient to allow interpretation by existing SCR-based 

reconstruction methods should also be complete enough to be interpreted using this new 

equation, which predicts AVM weighted mean from 90var, Rvar, SCR, and body mass.  

A comparable plot was generated for ranked agility predictions based on the Spoor et al. 

(2007) sample of 91 primates in Figure 17, Chapter 3.  The confidence intervals for 

Figure 44, which is based upon 11 species, are relatively narrower than those in Figure 

17, which is based upon 91 species.  Importantly, the confidence intervals in Figure 44 

demonstrate that predicted AVM weighted means are meaningfully related to observed 

AVM weighted means. 
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Figure 44: Bivariate plot of observed AVM weighted mean over predicted 

AVM weighted mean for 11 strepsirrhines calculated from 90var, Rvar, SCR, and 

BM 

Comparing confidence limits from a prediction based on a sample of 11 species 

with those based on a sample of 91 is not appropriate for gauging the strength of 

underlying functional relationships.  This is because the confidence limits reflect not only 

the strength of the relationship between X and Y variables but also the effects of sample 
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size on statistical power.  To further illustrate the strength of the new method of AVM 

weighted mean prediction compared to the conventional method, PGLS multiple 

regression was used to generate an equation predicting ranked agility from body mass 

and SCR in our sample of 11 strepsirrhines (the agility rank from N. coucang was used 

for N. pygmaeus).  The resulting equation had a coefficient of determination of 14.80% 

and was used to generate the observed agility rank over predicted agility rank plot 

provided in Figure 45.  Given equal sample sizes, the new choices of morphologic and 

behavioral metrics clearly yield more useful predictions (confidence limits of Figure 44) 

than do the conventional variables (confidence limits of Figure 45). 
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Figure 45: Bivariate plot of observed agility rank over predicted agility rank 

for 11 strepsirrhines calculated from SCR and body mass 

In practice, body mass estimates are often very uncertain, and equations relating 

cranial metrics to body mass differ among taxonomic groups (Sears et al. 2008).  In some 

cases, species are known only from fragmentary cranial remains, and in others, body 

mass varies widely (e.g. Australopithecus afarensis).  The first equation in Table 46 has 
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the advantage of predicting AVM weighted mean only from measurements of the inner 

ear, i.e. 90var, Rvar, and SCR, and it was used to predict AVM weighted mean for the 

sample of 11 strepsirrhine species.  Observed AVM weighted means were plotted over 

predicted AVM weighted means (Figure 46).  This equation produces useful predictions 

about behavior with no information about body or brain size, and it does so with 

relatively narrower confidence limits than those offered by conventional methods that 

require knowledge of body mass (compare to Figure 17, based on 91 primate species or 

to Figure 18, based on 211 mammals). 
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Figure 46: Bivariate plot of observed AVM weighted mean over predicted 

AVM weighted mean for 11 strepsirrhines calculated from 90var, Rvar, and SCR 

In summary, I have demonstrated that significant variation exists in single-

behavior AVM means, meaning that different locomotor behaviors are associated with 

different average rotation velocities of the head.  Single-behavior AVM means scale over 

body mass with slopes that approximate the inverse those observed for SCR allometry.  
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In addition to providing the first characterization of locomotor head movements in a 

comparative sample, I tested vestibular metrics predicted to be correlated with AVM 

weighted mean by the fast-accurate hypothesis.  The variance of canal-angles from 90-

degrees (90var) was found to be highly correlated with AVM weighted mean in a manner 

independent of body mass and phylogeny.  This discovery provides additional support for 

the fast-accurate hypothesis and allows formulation of first practical equations for 

predicting locomotor behavior from inner ear morphology in extinct taxa. 
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6. Conclusions 

In primates, six semicircular canals detect head rotations and guide motor reflexes 

important for normal locomotion.  Each canal’s sensitivity is proportional to its radius of 

curvature (R).  Semicircular canal morphology determines both an animal’s average 

overall sensitivity to head rotations as well as differences in an animal’s sensitivity to 

rotations about different axes.  Variations in both forms of vestibular sensitivity have 

been proposed to be adaptive for specific locomotor modes.  Under the fast-sensitive 

hypothesis (page 3, Section 1.1.1), sensitive canals with large R are considered adaptive 

for fast jerky locomotion, and canals with especially large R are suggested to align with 

axes of particularly fast repetitive rotations.  Under the slow-sensitive hypothesis (pages 

2-3, Section 1.1.1), sensitive canals with large R are believed to be advantageous for 

slow-moving animals, and canals with especially large R are thought to align with axes of 

slow repetitive rotation.  Both conventional hypotheses have remained untested and no 

alternative hypotheses have been proposed because angular velocities of the head, which 

represent the physical link between locomotion and vestibular stimulation, have never 

been measured in a broad comparative sample.  

In this study, angular velocities of the head were measured in 11 strepsirrhine 

species, spanning almost two orders of body mass magnitude, while the animals engaged 

in diverse locomotor behaviors.  Canal-based predictions of vestibular sensitivity were 

compared with angular velocity data to test predictions of existing hypotheses. Those 

hypotheses were found wanting is several respects.  I developed a new hypothesis of 

semicircular canal functional morphology termed the fast-accurate hypothesis that is 
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more consistent with the experimental data.  The reliability of published locomotor 

reconstructions based on the canal morphology of extinct species was also evaluated.  

6.1 Summary of findings pertaining to extant animals and 
functional morphology of the canals 

In Chapter 4, I calculate vector magnitudes and directions of angular velocity and 

vestibular sensitivity from my experimental data.  Comparisons between experimentally 

determined angular velocity and vestibular sensitivity predicted from canal morphology 

fail to support the predictions of either the fast- or slow-sensitive hypotheses, which 

predict that axes of high sensitivity should align with axes of either fast or slow rotation, 

respectively. Instead, these analyses demonstrate that axes of mean sensitivity are 

spatially associated with the most typical axes of fast rotation, and as such, they provide 

the first evidence for a functional relationship between anisotropic variation in vestibular 

sensitivity and patterns of head rotation.  Based on these observations, a fast-accurate 

hypothesis is proposed to explain the nature of the association between directional 

rotations and sensitivity.  The fast-accurate hypothesis holds that rotations are most 

accurately perceived when presented about axes of mean sensitivity and that axes of rapid 

rotation align with axes of mean sensitivity because accurate perception of rapid rotations 

is especially important for survival. 

Also in Chapter 4, variation in sensitivity maps and angular velocity-Ivalues was 

characterized, and sensitivity map range was observed to scale with body mass.  

Sensitivity maps were examined, and normalized sensitivity-Ivalues (Section 2.3.2) that 

departed greatly from 1.0 were used to infer axes of slow rotation in light of the newly 

described fast-accurate hypothesis.  Patterns in the number and orientation of inferred 

slow-rotation axes were used to identify three map types among the maps from all 11 
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species.  Map Type 1 was associated with especially fast and small species.  Map Types 2 

and 3 were associated with species that engaged in pronograde quadrupedalism and 

orthograde leaping, respectively. 

In Chapter 5, scalar data describing angular velocity and vestibular sensitivity 

were compared using the PGLS multiple regression method to correct for the influences 

of body mass and phylogeny.  Angular velocity magnitude means (AVM means) were 

calculated for each behavior (single-behavior AVM means) and were found to be 

significantly different both within and among species.  In general, orthograde leaping 

behaviors produced the highest single-behavior AVM means, pronograde terrestrial 

behaviors yielded intermediate single-behavior AVM means, and pronograde arboreal 

locomotor modes subjected the head to the lowest single-behavior AVM means.  The 

mean of angular velocity magnitudes weighted for locomotor budget (AVM weighted 

mean) was calculated for each species and can be considered a quantitative measure of 

overall rotational head speed that replaces the agility rank approach of Spoor et al. 

(2007).  The AVM weighted mean was found to scale with body mass in manner that 

matched the untested predictions of Jones and Spells (1963).   

Assuming that the heads of species with high AVM weighted means tend to rotate 

rapidly about many axes, the fast-accurate hypothesis was used to hypothesize that such 

animals would exhibit sensitivity maps with little variation and a normalized sensitivity 

near 1.0 for many axes.  Anisotropic variation in sensitivity maps is a geometric 

consequence of variance in canal radius of curvature (Rvar), departures from 90-degree 

angles among ipsilateral canal planes (90var), and departures from a 180 degree angle 

between contralateral canal pairs (180var).  The results of PGLS multiple regressions 
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demonstrate that 90var explains an impressive 74% of variation in AVM weighted mean 

and is not significantly correlated with body mass.  Thus, slower animals have a greater 

90var because they are slow and not because they are also large-bodied. Rvar is 

significantly correlated with body mass and approaches significant correlation with AVM 

weighted mean.  180var is not significantly correlated with AVM weighted means.  

Independent of the predictions of the fast-accurate hypothesis, brain size, body mass, and 

SCR are all non-significantly but positively correlated with AVM mean.  Thus, selection 

acts to adjust sensitivity map topography for an animal’s overall speed by altering canal 

orthogonality and, to a lesser extent the variance canal radius of curvature. 

6.2 Revised models of semicircular canal adaptation 

 The abilities of the fast-sensitive, slow-sensitive, and fast-accurate hypotheses to 

explain canal morphology as a function of angular velocity inputs are summarized in 

Table 47.  The fast-accurate hypothesis provides a tenable explanation for the 

relationship between anisotropic variation in sensitivity maps and direction-dependent 

variation in the angular velocities presented to the semicircular canals.  Among species, 

the correlation between 90var and AVM weighted mean is significant, strong, 

independent of body mass, and predicted by the fast-accurate hypothesis.  Thus, the fast-

accurate hypothesis explains how speed of rotation relates to sensitivity whether 

considering directional variation in sensitivity within a species or variation in overall 

sensitivity among species.  Because the relationship between sensitivities at different axes 

and the speeds of rotation about those same axes is not linear, and because SCR and 

AVM weighted mean are positively correlated, the slow-sensitive hypothesis fails to 

explain both anisotropic variation in vestibular sensitivity and why animals that move 
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with different levels of overall speed have different relative measurements of SCR.  The 

fast-sensitive hypothesis also does not explain anisotropic variation in canal sensitivity.  

In my sample of 11 species, SCR and AVM weighted mean are positively though not 

significantly correlated, though SCR and ranked agility were weakly but significantly 

correlated in the 211-mammal sample reported by Spoor et al (2007). Thus the fast-

sensitive hypothesis does have limited explanatory value insofar as there is a weak 

positive correlation between overall sensitivity and speed.   

Table 47: Summary of explanatory values of different hypotheses 

Explains canal anatomy as Explains canal anatomy as

function of overall funciton of speeds of rotation

speed of rotation? at different axes?

Fast-sensitive hypothesis SECONDARY CONSIDERATION NO

Slow-sensitive hypothesis NO NO

Fast-accurate hypothesis PRIMARY CONSIDERATION YES  

According to the fast-sensitive hypothesis, a fast animal requires sensitive canals 

with large R for resolving fine variations in fast head movements, but the reason why 

small fast-moving animals have absolutely smaller R than larger slow-moving animals is 

unclear.  This discrepancy has contributed to the persistence of the two conflicting fast- 

and slow-sensitive hypotheses.  Importantly, the new fast-accurate hypothesis does not 

resolve this underlying discrepancy. Instead, my experiments show that 90var is much 

more strongly related to locomotor variables than is canal R.  As suggested by Jones and 

Spells (1963) and later by Muller (1999), the increase in absolute R that accompanies 

increased body size may serve to tune the canals to lower frequency head rotations that 

are expected to result from larger body size.  Because the slope for scaling of AVM 

weighted mean is near the inverse of the slope for scaling of R, and this relationship was 

predicted by the dimensional analysis of Jones and Spells (1963), it is tempting to suggest 
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that scaling of canal R is functionally related to body-size dependent changes in 

rotational stimuli.  However, the frequency spectra of head movements have not been 

examined in enough species to assess this claim: the only other data are from cattle and 

cetaceans which have similar frequencies despite different measurements for R (Kandel 

and Hullar 2010). 

Both the fast-accurate, and to a much lesser extent the fast-sensitive hypotheses 

serve as accurate models to explain positive selection in canal morphology.  Under the 

fast-accurate hypothesis, rotations about axes of mean sensitivity are accurately encoded. 

But “fast” animals (those with a high AVM weighted mean) can tolerate less variation in 

their sensitivity maps than can “slow” animals.  As determined in Chapter 5, fast animals 

make their sensitivity nearly equal about all axes primarily by arranging all canal planes 

such that they lie at nearly 90 degree angles to one another (i.e. by having low 90var) and 

perhaps, secondarily, by reducing the variation in R among canals (i.e. by also having 

low Rvar).   Because R and Rvar are significantly and positively correlated, having large 

sensitive canals also causes an animal to have greater variation in the topography of its 

sensitivity map.  Thus, there is a tradeoff between canal R and accuracy; larger canal R 

equates to higher sensitivity, but larger canal R is associated with larger Rvar and 

consequently greater anisotropic variation in sensitivity. 

6.3 Synthesis of recommendations for inferring locomotor 
behavior in extinct taxa 

In Chapter 3, previous studies were revisited in which ranked agility, a subjective 

measure of head movement, was compared with overall vestibular sensitivity as predicted 

by mean R (SCR) in a large sample of primates and non-primate mammals (the Spoor et 

al. 2007 data set).  As is presented in the original studies, body mass and agility rank 
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explain most of the variation in SCR, however body mass explains much more of the 

variation in SCR than does agility rank.  The correlation between agility rank and SCR is 

even weaker still when the equation is reorganized to permit calculation of agility rank 

from body mass and SCR.  Published equations of this form were found to be associated 

with relatively wide 95% confidence intervals and to yield predicted agility ranks that 

matched observed agility ranks in 24% of taxa. 

Additional analyses of the Spoor et al. (2007) dataset demonstrate that adult brain 

mass explains a significant portion of variation in agility rank that is not otherwise 

explained by body mass and SCR.  Previous studies have inferred agility in extinct 

species by substituting body mass and SCR measurements from fossils into equations 

generated from measurements of agility, body mass, and SCR in extant mammals.  In 

cases where the extinct taxa have lower encephalization quotients, and locomotor 

inferences are based on equations for living taxa that do not account for brain mass, I 

argue the agility ranks are systematically underestimated for the extinct species.  As a 

result, predicted ranked agilities, especially those near the middle of the agility rank 

range and those generated from samples including species with varying degrees of 

encephalization, should not be considered reliable for making locomotor inferences in 

extinct species.   

Instead, two methods are recommended for inferring locomotor behavior from the 

fossilized canals of extinct primates.  If all 6 canals and anatomy that allows for 

estimation of the Frankfort plane are present, a normalized sensitivity map can be 

generated.  Using the methods of Chapter 4, axes of habitual slow rotation (< 150 

degrees/second) can be inferred to align with the locations of normalized sensitivities that 
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depart more than 10% from 1.0.  The number and orientations of inferred slow-rotations 

axes can also be used to assign the map to Type 1, 2, or 3.  Map Type 1 is only known in 

small, fast-moving animals, but the types of locomotion exhibited by extant animals with 

Type 1 maps vary greatly.  Map Types 2 and 3, however, can be used to suggest that an 

animal was a pronograde quadruped or a specialized orthograde leaper, respectively.  

Finally, the most reliable inferences that can be made are based upon the equations 

provided in Table 46.  The choice of equation and associated accuracy of the result 

depend on the number of anatomic features that can be measured in the fossil.  The 95% 

confidence intervals for plots of observed over predicted AVM weighted means in extant 

animals (e.g. Figure 45) allow the reliability of such inferences to be assessed.
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The Appendix A phylogeny was pruned from the phylogeny used in Spoor et al. 2007.  

Abbreviations are as listed in Table 18.  The tree image was generated in NJplot (Perriere 

and Gouy 1996). 

 

Phylogeny encoded in Nexus file format: 

(la:107,((((ss:61,(ha:56,(bt:23,oa:23):33):5):21,(ec:81,(((tt:36,pg:36):6,vv:42):13,(fc:10.8,

(pt:3.72,pl:3.72):7.08):44.2):26):1):3,ee:85):9,(((((cc:53.5,(pm:31,(rn:16,mm:16):15):22.5

):16.5,((hh:17,cp:17):14,(ed:29,(cl:25,mc:25):4):2):39):4,(gv:23,sv:23):51):9,(le:3.65,oc:

3.65):79.35):4,(tg:86.5,(((nc:55,gc:55):14,lc:69):8,((((pp:11.3,(gg:6.4,(hs:5.4,pr:5.4):1):4.

9):3.7,hl:15):19.7,((((mf:2.5,mu:2.5):7.3,ph:9.8):1.8,ce:11.6):4.4,(co:11,to:11):5):18.7):8.

9,((cj:23.5,ca:23.5):1.5,(as:23,ag:23):2):18.6):33.4):9.5):0.5):7):13):27; 
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Appendix B: Phylogeny for sample of 11 strepsirrhine 
primates 

 

The Appendix B phylogeny is based on Horvath et al. 2008.  Species abbreviations are as 

listed in Table 1.  The tree image was generated in NJplot (Perrière and Gouy 1996).  

 

Phylogeny encoded in nexus file format: 

((Gm:39.38,Np:39.38):35.66,(Dm:66.22,((Pv:35.94,(Cm:23.05,Mm:23.05):12.89):3.39,(

Vv:23.42,((Em:4.29,Ef:4.29):15.44,(Lc:7.78,Hg:7.78):11.95):3.69):15.91):26.89):8.82);



 

 

    Appendix C: Scaling and matrix rotation supporting data for all CT scans 

Scan LAHC (unscaled) ER (unscaled) EL (unscaled) FPO (unscaled) Scale (mm/voxel edge)

name (unscaled)

Cm1 [ 647.5  735.5 128] [217.5  687.5  211] [837.5  647.5  256] Not present [ 0.029297 0.029297 -0.03570]

Cm2 [621.5  719.5  167] [245.5  653.5  43] [813.5  629.5  51] Not present [0.03222 0.03222 0.03726]

Cm3 [617.5  601.5  1102] [237.5  545.5  973] [807.5  549.5  969] [857.5  621.5  396] [0.03223 0.03223 0.03484]

Dm1 [575.5  659.5  861] [241.5  555.5   816] [757.5  569.5  825] [901.5  373.5  383] [0.07324 0.07324 0.08187]

Ef1 [643.5  849.5  90] [149.5  739.5  247] [901.5  757.5  232] Not present [0.04186 0.04186 -0.04564]

Ef2 [543.5  655.5  195]   [225.5  591.5  317]   [721.5  597.5  287] [819.5  475.5  783] [0.0625 0.0625 -0.0670]

Em [607.5  669.5  1166] [243.5  605.5  1048] [763.5  585.5  1051] [843.5  411.5  482] [0.05078 0.05078 0.05758 ]

Gm1 [623.5  663.5  103] [301.5  567.5  182] [773.5  541.5  191] Not present [0.0354 0.0354 -0.0385]

Gm2 [575.5  851.5  145] [221.5  729.5  204] [743.5  727.5  211] Not present [0.0345455 0.0345455 -0.037387]

Gm3 [677.5  453.5  111]  [ 597.5  679.5  147]   [629.5  371.5  195] [359.5  285.5  242] [0.0615 0.0615 0.0688]

Hg1 [627.5  667.5  153] [87.5  489.5  251] [901.5  537.5  279] Not present [0.03125 0.03125 -0.03756]

Hg2 [593.5  621.5  1029] [259.5  525.5  948] [763.5  543.5  942] [781.5  557.5  359] [0.05273 0.05273 0.05626]

Lc1 [629.5  793.5  52] [169.5  703.5  205] [879.5  711.5  210] Not present [0.041321 0.041321 -0.044685]

Lc2 [665.5  809.5  79] [173.5  723.5  227] [905.5  715.5  248] Not present [0.0416579 0.0416579 -0.044907]

Mm1 [637.5  571.5  199] [197.5  467.5  333] [871.5  465.5  330] Not present [0.02211 0.02211 -0.0239]

Mm2 [601.5  825.5  312]   [333.5  711.5  261] [731.5  709.5  257] [769.5  269.5  273] [0.03418 0.03418 -0.0441]

Np1 [591.5  783.5  933] [245.5  661.5  832] [759.5  685.5  824] [837.5  425.5  325] [0.0410156 0.0410156 0.04536]

Pv1 [603.5  491.5  911] [255.5  425.5  836] [795.5  421.5  836] [817.5  501.5  323] [0.069336 0.069336  0.07672]

Pv2 [567.5  497.5  931] [263.5  417.5  858] [713.5  417.5  856] [809.5  449.5  343] [0.06543 0.06543 0.07246]

Vv1 [643.5  565.5  80] [73.5  485.5  251] [951.5  475.5  266] Not present [0.042489 0.042489 -0.046055]

Vv2 [667.5  659.5  41] [105.5  549.5  191] [983.5  589.5  187] Not present [0.0431286 0.0431286 -0.046924]

Vv3 [601.5  711.5  1319] [237.5  623.5  1218] [791.5  641.5  1203] [897.5  539.5  600] [0.06348 0.06348 0.06968]

Scan LAHCs (scaled) ERs (scaled) ELs (scaled) FPOs (scaled) LAHCs-FPOs FPPs- (scaled)

name angle (degrees)

Cm1 [18.9698   21.5479   -4.5696] [6.3721   20.1417   -7.5327] [24.5362   18.9698   -9.1392] Not present 152.8569 [18.0593   19.2641  -13.1982]

Cm2 [20.0247   23.1823    6.2224] [7.9100   21.0558    1.6022] [26.2110   20.2825    1.9003] Not present 152.8569 [20.0551   20.2149   -3.3399]

Cm3 [19.9020   19.3863   38.3937] [7.6546   17.5815   33.8993] [26.0257   17.7104   33.7600] [27.6372   20.0309   13.7966] 152.8569 not applicable

Dm1 [42.1496   48.3018   70.4901] [17.6875   40.6848   66.8059] [55.4793   41.7102   67.5427] [66.0259   27.3551   31.3562] 136.6575 not applicable

Ef1 [26.9369   35.5601    -4.1076] [6.2581   30.9555   -11.2731] [37.7368   31.7090   -10.5885] Not present 164.2277 [27.3967   29.3316  -18.3924]

Ef2 [33.9688   40.9688   -13.0650] [14.0938   36.9688   -21.2390] [45.0938   37.3438   -19.2290] [51.2188   29.7188   -52.4610] 164.2277 not applicable

Em [30.8488   33.9972   67.1383] [12.3649   30.7473   60.3438] [38.7705   29.7317   60.5166] [42.8329   20.8960   27.7536] 164.1473 not applicable

Gm1 [22.0719   23.4879    -3.9655] [10.6731   20.0895    -7.0070] [27.3819   19.1691    -7.3535] Not present 133.8647 [21.6529   19.0577  -12.4025]

Gm2 [19.8809   29.4155   -5.4211] [7.6518   25.2009    -7.6269] [25.6846   25.1319    -7.8887] Not present 133.8647 [19.7567   23.9196  -12.5268]

Gm3 [41.6662   27.8902    7.6368] [36.7462   41.7893   10.1136] [38.7142   22.8472   13.4160] [22.1092   17.5583   16.6496] 133.8647 not applicable

Hg1 [19.6094   20.8594    -5.7467] [2.7344   15.2969    -9.4276] [28.1719   16.7969   -10.4792] Not present 135.9589 [19.4505   16.0536  -16.4459]

Hg2 [31.2953   32.7717   57.8915] [13.6834   27.7096   53.3345] [40.2594   28.6588   52.9969] [41.2085   29.3970   20.1973] 135.9589 not applicable

Lc1 [26.0116   32.7882    -2.3236] [7.0039   29.0693    -9.1604] [36.3418   29.3999    -9.3839] Not present 162 [25.9523   28.1073  -17.0278]

Lc2 [27.7233   33.7221    -3.5477] [7.2276   30.1395   -10.1939] [37.7212   29.8062   -11.1369] Not present 162 [27.1917   28.5493  -18.9110]

Mm1 [14.0951   12.6359   -4.7561] [4.3667   10.3364   -7.9587] [19.2689   10.2922   -7.8870] Not present 146.2608 [14.1217   10.1240  -11.8293]

Mm2 [20.5593   28.2156   -13.7592] [11.3990   24.3191   -11.5101] [25.0027   24.2507   -11.3337] [26.3015    9.2115   -12.0393] 146.2608 not applicable

Np1 [24.2607   32.1357   42.3209] [10.0693   27.1318   37.7395] [31.1513   28.1162   37.3766] [34.3506   17.4521   14.7420] 163.6329 not applicable

Pv1 [41.8443   34.0786   69.8919] [17.7153   29.5025   64.1379] [55.1568   29.2251   64.1379] [56.6822   34.7720   24.7806] 132.3937 not applicable

Pv2 [37.1315   32.5514   67.4603] [17.2408   27.3170   62.1707] [46.6843   27.3170   62.0258] [52.9656   29.4108   24.8538] 132.5987 not applicable

Vv1 [27.3417   24.0275    -3.6844] [3.1229   20.6284   -11.5598] [40.4283   20.2035   -12.2506] Not present 157.0632 [26.9758   20.2156  -21.0989]

Vv2 [28.7883   28.4433    -1.9239] [4.5501   23.6992    -8.9625] [42.4170   25.4243    -8.7748] Not present 157.0632 [29.0562   24.1622  -16.6289]

Vv3 [38.1832   45.1660   91.9079] [15.0765   39.5798   84.8702] [50.2444   40.7224   83.8250] [56.9733   34.2475   41.8080] 157.0632 not applicable

Notes: Scan names are abbreviated as in Table 1.  Anatomic point names are abbreviated as follows: LAHC = left anterior margin of hypoglossal canal, ER = superior margin of right external

 auditory meatus, EL = superior margin of left external auditory meatus, FPO = left orbitale, addition of "s" to any anatomic point abbreviation indicates it is scaled with units in mm, 

 and FPPs = a point predicted to lie in the Frankfort plane and calculated by rotating LAHCs around the axis defined by ERs and ELs by the LAHCs-FPOs angle .  
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    Appendix D: Canal R and rotated canal orientation equations for all CT scans 

Scan name RAC (scaled+rotated) RPC (scaled+rotated) RHC (scaled+rotated)

Cm1     Canal plane equation z = -23.2558 + -2.2538x + -2.6315y z = 4.4948 + -1.1494x + 1.5492y z = 1.1234 + 0.50629x + -0.060002y

             Radius of curvature Mean R = 1.694;  SD = 0.043123 Mean R = 1.1736;  SD = 0.06023 Mean R = 1.355;  SD = 0.048903

             + Unit normal vector [0.6250   0.7297   0.2773] [0.5290    -0.7130   0.4602] [0.4511   -0.0535   -0.8909]

             - Unit normal vector [-0.6250   -0.7297   -0.2773] [-0.5290    0.7130   -0.4602] [-0.4511   0.0535   0.8909]

Cm2     Canal plane equation z = -24.0995 + -2.2442x + -2.7691y z = 3.1627 + -1.1868x + 1.4647y z = 1.0182 + 0.52698x + -0.061986y

             Radius of curvature Mean R = 1.7343;  SD = 0.049588 Mean R = 1.229;  SD = 0.059146 Mean R = 1.4171;  SD = 0.06274

             + Unit normal vector [0.6062   0.7480   0.2701] [0.5561    -0.6864   0.4686] [0.4655   -0.0548   -0.8833]

             - Unit normal vector [-0.6062   -0.7480   -0.2701] [-0.5561    0.6864   -0.4686] [-0.4655   0.0548   0.8833]

Dm1     Canal plane equation z = -26.6621 + -1.5665x + -1.8446y z = 15.5585 + -1.2497x + 1.7456y z = -0.48007 + 0.39985x + -0.18239y

             Radius of curvature Mean R = 2.9684;  SD = 0.086573 Mean R = 2.2989;  SD = 0.15455 Mean R = 2.0052;  SD = 0.055648

             + Unit normal vector [0.5982   0.7045   0.3819] [0.5277    -0.7371   0.4222] [0.3661   -0.1670   -0.9155]

             - Unit normal vector [-0.5982   -0.7045   -0.3819] [-0.5277    0.7371   -0.4222] [-0.3661   0.1670   0.9155]

Ef1       Canal plane equation z = -27.241 + -1.3892x + -2.034y z = 7.981 + -1.1466x + 1.3326y z = 1.0429 + 0.50318x + -0.14032y

             Radius of curvature Mean R = 2.5769;  SD = 0.062357 Mean R = 2.0988;  SD = 0.1116 Mean R = 2.1417;  SD = 0.033171

             + Unit normal vector [0.5226   0.7651   0.3762] [0.5669    -0.6589   0.4944] [0.4460   -0.1244   -0.8864]

             - Unit normal vector [-0.5226   -0.7651   -0.3762] [-0.5669    0.6589   -0.4944] [-0.4460   0.1244   0.8864]

Em1     Canal plane equation z = -25.6498 + -1.6558x + -2.1076y z = 7.7227 + -1.6834x + 1.7221y z = 1.6344 + 0.30065x + 0.0010024y

             Radius of curvature Mean R = 2.3174;  SD = 0.045041 Mean R = 1.7141;  SD = 0.12011 Mean R = 2.0214;  SD = 0.06261

             + Unit normal vector [0.5788   0.7367   0.3496] [0.6456    -0.6604   0.3835] [0.2879    0.0010   -0.9577]

             - Unit normal vector [-0.5788   -0.7367   -0.3496] [-0.6456    0.6604   -0.3835] [-0.2879    -0.0010   0.9577]

Gm1     Canal plane equation z = -15.807 + -1.5583x + -1.8724y z = 1.204 + -1.344x + 1.5152y z = 1.3873 + 0.61713x + -0.0002085y

             Radius of curvature Mean R = 1.7299;  SD = 0.03431 Mean R = 1.5166;  SD = 0.088637 Mean R = 1.6895;  SD = 0.11192

             + Unit normal vector [0.5918   0.7111   0.3798] [0.5950    -0.6708   0.4427] [0.5252   -0.0002   -0.8510]

             - Unit normal vector [-0.5918   -0.7111   -0.3798] [-0.5950    0.6708   -0.4427] [-0.5252   0.0002   0.8510]

Gm2     Canal plane equation z = -18.8001 + -1.7474x + -2.3285y z = 2.4409 + -1.5375x + 1.7489y z = 1.8875 + 0.58768x + -0.0009418y

             Radius of curvature Mean R = 1.7597;  SD = 0.019076 Mean R = 1.5903;  SD = 0.1325 Mean R = 1.7594;  SD = 0.13755

             + Unit normal vector [0.5677   0.7564   0.3249] [0.6067    -0.6901   0.3946] [0.5067   -0.0008   -0.8621]

             - Unit normal vector [-0.5677   -0.7564   -0.3249] [-0.6067    0.6901   -0.3946] [-0.5067   0.0008   0.8621]

Hg1      Canal plane equation z = -18.3423 + -1.0164x + -1.5684y z = 7.9444 + -1.161x + 1.6457y z = 1.5459 + 0.70924x + -0.037939y

             Radius of curvature Mean R = 2.3946;  SD = 0.054196 Mean R = 1.8814;  SD = 0.0854 Mean R = 1.9912;  SD = 0.055073

             + Unit normal vector [0.4795   0.7399   0.4718] [0.5163    -0.7319   0.4447] [0.5782   -0.0309   -0.8153]

             - Unit normal vector [-0.4795   -0.7399   -0.4718] [-0.5163    0.7319   -0.4447] [-0.5782   0.0309   0.8153]

Notes: Scan name and semicircular canal abbreviations are as listed in Table 1.  
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Scan name LAC (scaled+rotated) LPC (scaled+rotated) LHC (scaled+rotated)

Cm1     Canal plane equation z = -28.0074 + -2.8824x + 3.085y z = 4.8276 + -1.1505x + -1.5801y z = 1.1254 + 0.47083x + 0.048497y

             Radius of curvature Mean R = 1.6698;  SD = 0.04024 Mean R = 1.1404;  SD = 0.053861 Mean R = 1.3539;  SD = 0.04123

             + Unit normal vector [-0.6643    0.7110   -0.2305] [-0.5240   -0.7197   -0.4555] [-0.4256    -0.0438   0.9039]

             - Unit normal vector [0.6643    -0.7110   0.2305] [0.5240   0.7197   0.4555] [0.4256    0.0438   -0.9039]

Cm2     Canal plane equation z = -26.6152 + -2.5253x + 3.0209y z = 3.2667 + -1.1896x + -1.4582y z = 0.73373 + 0.5606x + 0.11004y

             Radius of curvature Mean R = 1.7283;  SD = 0.042058 Mean R = 1.1957;  SD = 0.053294 Mean R = 1.4211;  SD = 0.054306

             + Unit normal vector [-0.6216    0.7436   -0.2462] [-0.5582   -0.6843   -0.4692] [-0.4868    -0.0955   0.8683]

             - Unit normal vector [0.6216    -0.7436   0.2462] [0.5582   0.6843   0.4692] [0.4868    0.0955   -0.8683]

Dm1     Canal plane equation z = -25.9742 + -1.51x + 1.829y z = 14.7222 + -1.1315x + -1.6165y z = 0.90969 + 0.41539x + 0.10628y

             Radius of curvature Mean R = 2.9577;  SD = 0.04206 Mean R = 2.2123;  SD = 0.17907 Mean R = 2.0488;  SD = 0.048549

             + Unit normal vector [-0.5866    0.7106   -0.3885] [-0.5115   -0.7308   -0.4521] [-0.3818    -0.0977   0.9191]

             - Unit normal vector [0.5866    -0.7106   0.3885] [0.5115   0.7308   0.4521] [0.3818    0.0977   -0.9191]

Ef1       Canal plane equation z = -26.1215 + -1.3046x + 1.9073y z = 8.3325 + -1.1853x + -1.3828y z = 0.75673 + 0.46919x + 0.14153y

             Radius of curvature Mean R = 2.592;  SD = 0.057415 Mean R = 2.1416;  SD = 0.10095 Mean R = 2.165;  SD = 0.074672

             + Unit normal vector [-0.5181    0.7575   -0.3972] [-0.5705   -0.6655   -0.4813] [-0.4213   -0.1271   0.8980]

             - Unit normal vector [0.5181    -0.7575   0.3972] [0.5705   0.6655   0.4813] [0.4213    0.1271   -0.8980]

Em1     Canal plane equation z = -24.4794 + -1.7115x + 2.0792y z = 9.1262 + -1.9704x + -2.0938y z = 1.8228 + 0.21624x + -0.03438y

             Radius of curvature Mean R = 2.2564;  SD = 0.048954 Mean R = 1.6582;  SD = 0.12755 Mean R = 2.0057;  SD = 0.068929

             + Unit normal vector [-0.5958    0.7238   -0.3481] [-0.6473   -0.6878   -0.3285] [-0.2112   0.0336   0.9769]

             - Unit normal vector [0.5958    -0.7238   0.3481] [0.6473   0.6878   0.3285] [0.2112   -0.0336   -0.9769]

Gm1     Canal plane equation z = -15.3325 + -1.4537x + 1.8701y z = 0.1062 + -1.4119x + -1.4072y z = 1.3022 + 0.56956x + -0.028127y

             Radius of curvature Mean R = 1.7346;  SD = 0.040053 Mean R = 1.5044;  SD = 0.08663 Mean R = 1.7059;  SD = 0.10976

             + Unit normal vector [-0.5654    0.7274   -0.3889] [-0.6331   -0.6310   -0.4484] [-0.4948   0.0244   0.8687]

             - Unit normal vector [0.5654    -0.7274   0.3889] [0.6331   0.6310   0.4484] [0.4948   -0.0244   -0.8687]

Gm2     Canal plane equation z = -19.6147 + -1.8251x + 2.2852y z = 3.0072 + -1.3912x + -1.707y z = 1.9824 + 0.62287x + 0.0023773y

             Radius of curvature Mean R = 1.7692;  SD = 0.018451 Mean R = 1.5797;  SD = 0.12673 Mean R = 1.7732;  SD = 0.12735

             + Unit normal vector [-0.5905    0.7394   -0.3235] [-0.5752   -0.7058   -0.4135] [-0.5287    -0.0020   0.8488]

             - Unit normal vector [0.5905    -0.7394   0.3235] [0.5752   0.7058   0.4135] [0.5287    0.0020   -0.8488]

Hg1      Canal plane equation z = -17.9981 + -1.0047x + 1.63y z = 7.1348 + -1.1469x + -1.5523y z = 1.4485 + 0.65604x + 0.033824y

             Radius of curvature Mean R = 2.4212;  SD = 0.06188 Mean R = 1.9019;  SD = 0.079243 Mean R = 2.0098;  SD = 0.076321

             + Unit normal vector [-0.4651    0.7546   -0.4629] [-0.5276   -0.7141   -0.4600] [-0.5483    -0.0283   0.8358]

             - Unit normal vector [0.4651    -0.7546   0.4629] [0.5276   0.7141   0.4600] [0.5483    0.0283   -0.8358]

Notes: Scan name and semicircular canal abbreviations are as listed in Table 1.  
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Scan name RAC (scaled+rotated) RPC (scaled+rotated) RHC (scaled+rotated)

Lc1       Canal plane equation z = -32.2385 + -1.8311x + -2.3895y z = 14.0706 + -1.5894x + 2.0482y z = 1.3944 + 0.42462x + -0.063106y

             Radius of curvature Mean R = 2.4796;  SD = 0.069519 Mean R = 2.0878;  SD = 0.12285 Mean R = 2.1901;  SD = 0.026047

             + Unit normal vector [0.5772   0.7533   0.3152] [0.5720    -0.7371   0.3599] [0.3902   -0.0580   -0.9189]

             - Unit normal vector [-0.5772   -0.7533   -0.3152] [-0.5720    0.7371   -0.3599] [-0.3902   0.0580   0.9189]

Lc2       Canal plane equation z = -35.1598 + -2.5325x + -2.8074y z = 10.3521 + -1.3675x + 1.661y z = 0.36913 + 0.24547x + -0.13683y

             Radius of curvature Mean R = 2.3114;  SD = 0.077658 Mean R = 2.0632;  SD = 0.14275 Mean R = 1.9519;  SD = 0.02904

             + Unit normal vector [0.6476   0.7178   0.2557] [0.5764    -0.7001   0.4215] [0.2363   -0.1317   -0.9627]

             - Unit normal vector [-0.6476   -0.7178   -0.2557] [-0.5764    0.7001   -0.4215] [-0.2363   0.1317   0.9627]

Mm1     Canal plane equation z = -22.4412 + -2.8959x + -2.9656y z = 4.0688 + -1.6435x + 1.9572y z = 2.0557 + 0.63929x + 0.060851y

             Radius of curvature Mean R = 1.4964;  SD = 0.038813 Mean R = 1.208;  SD = 0.053559 Mean R = 1.3545;  SD = 0.020025

             + Unit normal vector [0.6792   0.6955   0.2345] [0.5989    -0.7132   0.3644] [0.5379    0.0512   -0.8414]

             - Unit normal vector [-0.6792   -0.6955   -0.2345] [-0.5989    0.7132   -0.3644] [-0.5379    -0.0512   0.8414]

Np1      Canal plane equation z = -12.9953 + -0.75811x + -1.4485y z = 4.5544 + -1.2156x + 1.329y z = 0.95932 + 0.79866x + -0.21817y

             Radius of curvature Mean R = 1.8214;  SD = 0.054 Mean R = 1.5019;  SD = 0.12415 Mean R = 1.44;  SD = 0.051072

             + Unit normal vector [0.3956   0.7558   0.5218]    [0.5901   -0.6451   0.4854] [0.6152   -0.1680   -0.7703]

             - Unit normal vector [-0.3956   -0.7558   -0.5218]    [-0.5901    0.6451   -0.4854] [-0.6152   0.1680   0.7703]

Pv1      Canal plane equation z = -46.5479 + -2.5716x + -3.2606y z = 17.2753 + -1.2506x + 1.8682y z = -0.058019 + 0.57208x + -0.08334y

             Radius of curvature Mean R = 2.5312;  SD = 0.13609 Mean R = 2.0224;  SD = 0.15169 Mean R = 2.0782;  SD = 0.030284

             + Unit normal vector [0.6021   0.7634   0.2341] [0.5083    -0.7593   0.4064] [0.4953   -0.0721   -0.8657]

             - Unit normal vector [-0.6021   -0.7634   -0.2341] [-0.5083    0.7593   -0.4064] [-0.4953   0.0721   0.8657]

Pv2      Canal plane equation z = -22.3338 + -1.3526x + -1.7892y z = 14.7108 + -1.3361x + 1.8456y z = 2.4509 + 0.66708x + 0.012819y

             Radius of curvature Mean R = 2.2618;  SD = 0.1107 Mean R = 1.9273;  SD = 0.1925 Mean R = 1.8543;  SD = 0.098946

             + Unit normal vector [0.5508   0.7286   0.4072] [0.5370    -0.7417   0.4019] [0.5549    0.0107   -0.8318]

             - Unit normal vector [-0.5508   -0.7286   -0.4072] [-0.5370    0.7417   -0.4019] [-0.5549    -0.0107   0.8318]

Vv1      Canal plane equation z = -25.2444 + -1.4656x + -1.6192y z = 11.5564 + -1.2015x + 1.5475y z = 2.5007 + 0.45343x + -0.012977y

             Radius of curvature Mean R = 2.8913;  SD = 0.08402 Mean R = 2.3817;  SD = 0.20288 Mean R = 2.2675;  SD = 0.087045

             + Unit normal vector [0.6101   0.6741   0.4163] [0.5462    -0.7035   0.4546] [0.4129   -0.0118   -0.9107]

             - Unit normal vector [-0.6101   -0.6741   -0.4163] [-0.5462    0.7035   -0.4546] [-0.4129   0.0118   0.9107]

Vv2      Canal plane equation z = -29.6685 + -1.6151x + -2.0095y z = 13.883 + -1.1617x + 1.6245y z = 1.7455 + 0.42737x + -0.037661y

             Radius of curvature Mean R = 2.6221;  SD = 0.067166 Mean R = 1.9924;  SD = 0.11832 Mean R = 2.0794;  SD = 0.065916

             + Unit normal vector [0.5841   0.7267   0.3616] [0.5201    -0.7273   0.4477] [0.3928   -0.0346   -0.9190]

             - Unit normal vector [-0.5841   -0.7267   -0.3616] [-0.5201    0.7273   -0.4477] [-0.3928   0.0346   0.9190]

Vv3      Canal plane equation z = -26.3848 + -1.3244x + -1.9198y z = 12.9499 + -1.5303x + 1.8889y z = 2.3361 + 0.46605x + -0.013222y

             Radius of curvature Mean R = 2.7609;  SD = 0.055878 Mean R = 2.2912;  SD = 0.11181 Mean R = 2.3618;  SD = 0.061358

             + Unit normal vector [0.5219   0.7565   0.3941] [0.5822    -0.7186   0.3804] [0.4224   -0.0120   -0.9063]

             - Unit normal vector [-0.5219   -0.7565   -0.3941] [-0.5822    0.7186   -0.3804] [-0.4224   0.0120   0.9063]

Notes: Scan name and semicircular canal abbreviations are as listed in Table 1.  
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Scan name LAC (scaled+rotated) LPC (scaled+rotated) LHC (scaled+rotated)

Lc1       Canal plane equation z = -36.1252 + -2.3527x + 2.7425y z = 11.1509 + -1.4982x + -1.9395y z = 1.3213 + 0.43818x + 0.066266y

             Radius of curvature Mean R = 2.4341;  SD = 0.084093 Mean R = 2.1033;  SD = 0.11363 Mean R = 2.195;  SD = 0.032086

             + Unit normal vector [-0.6275    0.7315   -0.2667] [-0.5660   -0.7327   -0.3778] [-0.4006    -0.0606   0.9142]

             - Unit normal vector [0.6275    -0.7315   0.2667] [0.5660   0.7327   0.3778] [0.4006    0.0606   -0.9142]

Lc2       Canal plane equation z = -41.495 + -2.8848x + 3.2769y z = 10.7635 + -1.2611x + -1.6315y z = 0.52898 + 0.22227x + 0.10818y

             Radius of curvature Mean R = 2.3017;  SD = 0.080846 Mean R = 2.0417;  SD = 0.14399 Mean R = 1.9568;  SD = 0.038725

             + Unit normal vector [-0.6441    0.7316   -0.2233] [-0.5503   -0.7119   -0.4363] [-0.2158    -0.1050   0.9708]

             - Unit normal vector [0.6441    -0.7316   0.2233] [0.5503   0.7119   0.4363] [0.2158    0.1050   -0.9708]

Mm1     Canal plane equation z = -22.4619 + -2.9158x + 3.005y z = 3.5183 + -1.5545x + -1.814y z = 1.8933 + 0.60368x + -0.042661y

             Radius of curvature Mean R = 1.5179;  SD = 0.037978 Mean R = 1.1843;  SD = 0.047973 Mean R = 1.4025;  SD = 0.021167

             + Unit normal vector [-0.6773    0.6980   -0.2323] [-0.6002   -0.7004   -0.3861] [-0.5165   0.0365   0.8555]

             - Unit normal vector [0.6773    -0.6980   0.2323] [0.6002   0.7004   0.3861] [0.5165   -0.0365   -0.8555]

Np1      Canal plane equation z = -12.1241 + -0.78999x + 1.3559y z = 5.5196 + -1.3024x + -1.5495y z = 1.5278 + 0.73782x + 0.15849y

             Radius of curvature Mean R = 1.8046;  SD = 0.060053 Mean R = 1.5055;  SD = 0.12067 Mean R = 1.4128;  SD = 0.060687

             + Unit normal vector [-0.4245    0.7287   -0.5374] [-0.5769   -0.6863   -0.4429] [-0.5889    -0.1265   0.7982]

             - Unit normal vector [0.4245    -0.7287   0.5374] [0.5769   0.6863   0.4429] [0.5889    0.1265   -0.7982]

Pv1      Canal plane equation z = -46.7057 + -2.4478x + 3.2931y z = 16.5067 + -1.1399x + -1.797y z = -0.11935 + 0.63379x + 0.09650y

             Radius of curvature Mean R = 2.5264;  SD = 0.14366 Mean R = 1.9528;  SD = 0.14209 Mean R = 2.0924;  SD = 0.037557

             + Unit normal vector [-0.5796    0.7797   -0.2368] [-0.4848   -0.7643   -0.4253] [-0.5336    -0.0812   0.8419]

             - Unit normal vector [0.5796    -0.7797   0.2368] [0.4848   0.7643   0.4253] [0.5336    0.0812   -0.8419]

Pv2      Canal plane equation z = -20.6727 + -1.4476x + 1.677y z = 15.454 + -1.3268x + -1.9714y z = 2.0961 + 0.64787x + 0.013554y

             Radius of curvature Mean R = 2.2445;  SD = 0.11065 Mean R = 2.0157;  SD = 0.19103 Mean R = 1.9026;  SD = 0.099653

             + Unit normal vector [-0.5956    0.6899   -0.4114] [-0.5146   -0.7647   -0.3879] [-0.5437    -0.0114   0.8392]

             - Unit normal vector [0.5956    -0.6899   0.4114] [0.5146   0.7647   0.3879] [0.5437    0.0114   -0.8392]

Vv1      Canal plane equation z = -27.2304 + -1.5513x + 1.7124y z = 10.8392 + -1.0565x + -1.4267y z = 1.7613 + 0.51219x + 0.058241y

             Radius of curvature Mean R = 2.9092;  SD = 0.078733 Mean R = 2.3435;  SD = 0.20493 Mean R = 2.2594;  SD = 0.090589

             + Unit normal vector [-0.6162    0.6801   -0.3972] [-0.5185   -0.7002   -0.4908] [-0.4553    -0.0518   0.8889]

             - Unit normal vector [0.6162    -0.6801   0.3972] [0.5185   0.7002   0.4908] [0.4553    0.0518   -0.8889]

Vv2      Canal plane equation z = -30.4008 + -1.6148x + 2.0881y z = 15.1234 + -1.1769x + -1.7873y z = 1.9013 + 0.42431x + 0.01503y

             Radius of curvature Mean R = 2.5811;  SD = 0.059728 Mean R = 1.9944;  SD = 0.11036 Mean R = 2.1195;  SD = 0.055877

             + Unit normal vector [-0.5721    0.7397   -0.3543] [-0.4982   -0.7567   -0.4234] [-0.3906    -0.0138   0.9205]

             - Unit normal vector [0.5721   - 0.7397   0.3543] [0.4982   0.7567   0.4234] [0.3906    0.0138   -0.9205]

Vv3      Canal plane equation z = -26.4067 + -1.348x + 1.9457y z = 12.6692 + -1.4382x + -1.8401y z = 1.4928 + 0.42201x + 0.040205y

             Radius of curvature Mean R = 2.7624;  SD = 0.061542 Mean R = 2.2727;  SD = 0.13452 Mean R = 2.2243;  SD = 0.06224

             + Unit normal vector [-0.5246    0.7572   -0.3892] [-0.5661   -0.7243   -0.3936] [-0.3885    -0.0370   0.9207]

             - Unit normal vector [0.5246    -0.7572   0.3892] [0.5661   0.7243   0.3936] [0.3885    0.0370   -0.9207]

Notes: Scan name and semicircular canal abbreviations are as listed in Table 1.  
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   Appendix E: Velocity-Ivalues (degrees per second) for all individuals and behaviors 
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Appendix F: Centroid_scale_rotate.m Matlab code 

% Centroid_scale_rotate.m, written 5-5-09 
% This script compile takes raw centroids, adjusts voxel size, and then  
% rotates centroids into Frankfort plane. 
% Step 1: manually load 1 raw centroids data set and define 4 variables 
% Load centroids file (an unaltered one generated from  
% danny_centroids.m) 
% define ers as 1x3 line matrix (superior margin of right ext. aud.  
% meatus, scaled for voxel dimensions) 
% define els as 1x3 line matrix (superior margin of left ext. aud.  
% meatus, scaled for voxel dimensions) 
% define fps as 1x3 line matrix - scaled for voxel dimensions - if  
% working with a petrosal only scan, 
% you will determine the Frankfort plane proxy "fp" independently  
% define scale = [xdim ydim zdim] where xdim is voxel x dimension in mm 
% ydim is voxel y dimension in mm, and zdim is voxel z dimension in mm 
% Step2: Convert voxel size for all centroids.  The new rescaled values  
% will have the same variable names: ers = er "scaled." 
for i = 1:length(Centroids) 
    Centroids(i).Centroid = Centroids(i).Centroid.*scale; 
end 
% Step3: Rotate ers, els, and fps (which define the Frankfort plane)  
% into the x, y plane and take all the centroids points with it.  This  
% is a matrix rotation such that the such that the origin ends up  
% midway between ers and els with the y axis coming out of the left  
% ear, the x axis comes out of the nose, and the z axis comes out of  
% the top of the head. 
m=(els+ers)/2; 
% retrieves the point midway between both ears, will serve as origin 
b=(els-m)/(norm(els-m)); 
% creates unit vector named "b" that runs from m toward the left  
% auditory meatus point in Frankfurt plane. 
c=(cross(ers-els, fps-els))/(norm(cross(ers-els, fps-els))); 
% creates a unit vector named "c" that is normal to the plane defined  
% by els, ers, and fps.  This vector points from m toward top of head. 
a=cross(b, c); 
% creates unit vector named "a" that runs from m toward nose in  
% Frankfort plane. 
G=cat(1,a,b,c,m); 
G=cat(2, G, [0,0,0,1]'); 
% This puts our new coordinate frame into matrix form, and ads 0 or 1  
% at end of each row to indicate that we're talking about a vector or  
% point, respectively. 
J = inv(G); 
% We need the inverse of G to transform our centroids from pixel  
% coordinates into Frankfort Plane coordinates. Now each centroid in  
% the structured array gets multiplied by the rotation matrix to yield  
% the rotated centroids. Note that the point Centroids(i).Centroid  
% needs to be turned into a column vector (i.e. 3x1). 
for i=1:count 
   tmp = cat(2, Centroids(i).Centroid, 1)*J; 
   Centroids(i).Centroid = tmp(1:3); 
end
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Appendix G: Plot-Icosahedron.m Matlab code 

% Plot_Icosahedron.m 
% Input: list of vectors (in rows) V, subdivision depth n, x and y  
% resolutions for output image. 
% Output: T is the list of triangle indices (see BuildSphere  
% documentation), Tbin is a bin for V according to intersections with  
% triangles in T, Tvalues is a list of the statistic calculated at each  
% triangle in T, P is the list of coordinates making the vertices of  
% the triangles in T, and map is a matrix made from Tvalues for  
% plotting purposes. 
% Note: BuildSphere.m must be in the same directory.  This script can  
% be downloaded at: www.mathworks.com/matlabcentral/fileexchange/23959- 
% buildsphere-get-a-sphere-surface-model. 
% A typical function call would go like this: 
% V = load('experiment.dat'); 
% [T,Tbin,Tvalues,P,map] = Plot_Icosahedron(V,1,600,400); 
% and the output would be all the output variables plus it goes ahead  
% and makes a crude plot of the color map for you.  
function [T,Tbin,Tvalues,P,map] = Plot_Icosahedron(V,n,xres,yres) 
% The sphere we get will have 20*4^n triangles, where n is the number  
% of subdivisions of the icosahedron. To determine n from r, we take  
% the area of one triangle which is nearly 4pi/(20*4^n) and equate this  
% to (sqt(3)r^2)/4. The resulting formula is  
% n = ceil(log(4*pi/(5*sqrt(3)*r^2))/log(4)); 
% Determine the refinement steps needed to achieve triangle size r 
[P,T] = BuildSphere(n); 
% range over vectors and store intersections with triangles 
Tbin = cell(size(T,1),1); 
for i=1:size(V,1) 
    v = transpose(V(i,:));  
% extract ith vector 
    for j=1:size(T,1)         
% Check if the vector is in the simplex defined by triangle's vertices;  
% we just solve for v = c1p1 + c2p2 + c3p3 and if any ci is negative  
% then the vector is not in the simplex 
        verts = transpose([P(T(j,1),:);P(T(j,2),:);P(T(j,3),:)]); 
        coords = verts\v; 
        if(all(coords >= 0)) 
            Tbin{j} = [Tbin{j},i]; 
            break 
        end 
    end     
end 
Tvalues = zeros(size(T,1),1); 
for i=1:size(Tbin,1) 
    coords = V(Tbin{i},:);  
% extract vector indices and get coords 
    Tvalues(i) = mean(sum(transpose(coords.^2)).^0.5);  
% store the average magnitude note, since Tvalues is the plotting  
% scalar, this formula can be changed to any desired statistic 
end 
% Tvalues = Tvalues/max; % normalize--entirely optional 
map = zeros(xres,yres); 



 

220 

for i=1:xres 
    for j=1:yres 
        theta = i*2*pi/xres; 
        phi = j*pi/(yres+1) - pi/2; 
        [x,y,z] = sph2cart(theta,phi,1); 
        for k=1:size(T,1)        
            verts = transpose([P(T(k,1),:);P(T(k,2),:);P(T(k,3),:)]); 
            coords = verts\[x;y;z]; 
            if(all(coords >= 0)) 
                map(i,j) = Tvalues(k); 
                break 
            end 
        end 
    end 
end 
% make a reverse identity to flip 'map' upside down 
I = zeros(yres,yres); 
for i=1:yres 
    I(i,yres-(i-1)) = 1; 
end 
map = I*transpose(map); 
% map = transpose(map); 
colormin = min(Tvalues); 
colormax = max(Tvalues); 
imagesc(map,[colormin colormax])
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