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ABSTRACT OF THE DISSERTATION 

 

Scaling and Genetics of Neural Architecture 

by 
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 The structure of neural systems is fundamental to their function and is the product 

of both genes and the environment. Elucidating how and why brains take their particular 

form is a step toward understanding what makes us human and would improve the 

diagnosis and treatment of heritable neuropsychiatric disorders with characteristic brain 

pathology. Statistical analysis of anatomical and genetic variation within species provides 

a powerful strategy for understanding the structural layout of brains, and variations to this 
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approach were applied in three studies. The first study examined how continuously 

growing teleost fish compensate for potentially increasing visual conduction delays along 

lengthening optic nerves. We found that as fish grew retinal ganglion cell axons in the 

optic nerve enlarged so that the shape of the axon diameter distribution remained 

constant, potentially simplifying visual computation problems in the brain. The second 

study investigated the relationship between skull and brain morphology and genetic 

background among individuals of European ancestry. Skull size and shape as well as 

frontotemporal cortical surface area varied continuously along a NW-SE axis in Europe. 

This trend was consistent with known historical population movements and could not be 

attributed to brains scaling with body size. The third study applied a genome-wide 

analysis to identify single nucleotide polymorphisms (SNPs) associated with the scaling 

of visual cortical surface area in humans. In two independent cohorts, a common SNP 

was significantly associated with an increased occipital proportion of cortex as a function 

of total cortical surface area. In summary, allometric scaling and statistical genetic 

analyses provided insight into the scalable architecture of the fish visual system and 

genetic contributions to human cortical morphology. Identifying genes that contribute to 

normal cortical architecture provides a first step toward understanding genetic 

mechanisms that underlie cortical pathology in a host of heritable neuropsychiatric 

disorders. 



 

1 

INTRODUCTION 

Inter-species brain scaling laws 

 Humans are usually considered to be the most cognitively advanced animal on the 

planet, and yet we do not have the largest brains, either in relative or absolute terms. The 

adult human brain weighs approximately 1.3 kg (2% of our body mass), while whale 

brains weigh 2.6-9 kg, and the brain of a pocket mouse is 10% of its body mass1. A log-

log plot of brain versus body mass in vertebrate species reveals a scaling relationship 

between the two variables, such that increases in brain size lag behind increases in body 

size (i.e. brain mass scales negatively allometrically with body mass) and, as a result, 

larger species have proportionally smaller brains. However, a large amount of scatter 

exists around this regression line, and this variability in brain masses likely has biological 

significance. For example, humans were found to have brains four times larger than 

would be expected for their body mass, an excess in brain size greater than other 

primates, albeit comparable to the dolphin1. 

 The orderly relationship between brain and body mass and the possibility that the 

relatively large human brain explains our exceptional cognitive abilities motivated a 

search for biological explanations for the value of the scaling exponent (b) of the power 

law, 

€ 

mbody = a∗mbrain
b , or equivalently, 

€ 

log(mbody ) = b∗log(mbrain ) + log(a). For example, 

depending on the empirically derived value of the scaling exponent b, relative brain size 

was proposed to scale with body surface area (b = 0.67)2,3 or basal metabolic rate (b = 

0.76)4, but these explanations were challenged by the fact that the scaling exponent 
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changed significantly based on which species and phylogenetic taxon level one 

considered. For example, including more rodent and whale species in an analysis of 

vertebrates decreased the slope of the regression line fit to log-transformed brain and 

body masses5, and slopes increased at higher taxonomic levels in analyses of primates6 

and dogs7. 

 A potentially more promising application of scaling laws has been to compare the 

size of regional structures within the brain. For example, a scaling law that describes the 

relationship between the volumes of the olfactory bulb and brainstem (medulla) in 

mammals revealed that long-eared hedgehogs have much larger bulbs (10% of brain 

volume) and humans have much smaller bulbs (0.01%) than would be expected for their 

respective brain sizes. Two possible explanations for these relative volume differences 

include (i) increased dependence on olfaction in hedgehogs and decreased dependence in 

humans or (ii) the indirect consequence of the contraction or expansion of other brain 

structures in these mammals. 

 Another example of regional brain scaling comes from the study of pairs of 

mammals with similar brain volumes that have a visual brainstem structure (superior 

colliculus) with vastly different sizes — 10 times larger in ground squirrels than 

laboratory rats and 38 times larger in hamsters than blind mole rats5. Larger relative 

visual volumes are correlated with improved visual acuity and likely reflect behavioral 

specializations of these species.  

 These differences in relative volumes of the olfactory bulb and superior colliculus 

represent instances of ‘mosaic’ evolution, when functionally or anatomically linked brain 

structures have evolved independently of brain size8. In mammals, mosaic evolution of 



3 

 

this magnitude is rare, and brain volume explains more than 99% of the variation in 

volume of individual brain components, including brainstem, subcortical, and neocortical 

volumes9. The remaining 1% of variation across species represents a two- to three-fold 

difference in relative brain component volumes that are predicted within species, and 

possible sources of this variation include measurement error, sex differences, genetic 

variation, and mosaic evolution on a smaller scale. 

 Finlay et al.9 have proposed a simple biological model that accounts for the 

scaling relationships between different brain component volumes. In this model, late 

developing structures such as the neocortex occupy a larger proportion of the brain as 

overall brain size increases directly due to the temporal order of neurogenesis. This 

model allows for the intriguing possibility that the dramatic expansion of neocortical 

surface area in mammals leading to humans was the indirect consequence of evolution 

acting on other, earlier born, neural structures. This explanation stands in stark contrast to 

the idea that a larger neocortex provided an evolutionary advantage and was itself the 

substrate for natural selection. 

 Whatever the role for evolutionary selection in shaping the brain, the remarkable 

similarity of brain allometry and organization across species suggests that there exist tight 

genetic constraints on neurodevelopmental. Characterizing these constraints will help 

explain the structural form of the brain and what biological parameters are available to 

evolution to adapt brain structure to the broad diversity of environments faced by 

different species. The allometric strategy discussed above studied differences in the 

allocation of space to different brain components across species in order to better 

understand the functional and evolutionary basis for the architecture of the mammalian 
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brain. A complementary strategy leverages differences in brain structure within species in 

order to explain why and how brains take their structural form. 

Scaling laws reveal neural design principles 

 Studying scaling laws within a species can reveal information about why neural 

circuits are structured in specific ways. Some circuits require constant timing of action 

potentials, and neuronal morphology adapts to accommodate this. For example, as 

humans develop and grow, somatosensory and motor neurons lengthen, but conduction 

delays remain constant because axon diameters increase in proportion to body height10. In 

barn owls, sound localization in the azimuthal plane requires that conduction delays 

between the auditory (cochlear) nucleus and the brainstem on the ipsilateral and 

contralateral sides are matched by increasing the length of cochlear axons on the 

ipsilateral side11. However, there often exist competing features of neural circuits that 

cannot be simultaneously optimized. 

 Teleost fish provide a useful model organism for studying scaling laws because 

they continue to grow and neurons are added throughout their lives. Lee et al. reported 

that retinal ganglion cell (RGC) dendritic arbor size increased with retina and eye size 

according to a power law with an exponent of 0.512. They demonstrated that this was the 

expected power law if RGC arbors increase at a rate that simultaneously optimizes both 

visual resolution and light intensity accuracy. But the question remains how fish are able 

to accomplish this coordinated scaling. 

 Parrish et al. managed to address both why and how a neural circuit scaled in 

developing Drosophila. They showed that sensory neuron dendritic arbors scaled with 
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epithelial cell size in order to maintain constant coverage, and that signaling by the 

microRNA bantam mediated this scaling relationship13.  

 Both of these studies leveraged developmental dependencies between different 

neural components, and this approach could be applied to study scaling laws in humans. 

One could measure morphological changes in the developing human nervous system and 

look for ordered relationships between the parts. In craniometric research, this 

dependency between different parts is called morphological integration, which constrains 

development of human skulls14. This analysis would be more complicated than in the fish 

or fruit fly due to human genetic and therefore phenotypic heterogeneity. Fortunately, we 

can leverage this genetic diversity by characterizing patterns of morphological variation 

between human populations. 

Genes contribute to brain morphology 

 It is important to ask how brain morphological variation occurs by identifying 

specific genes that contribute to brain development. Studies from mice, flies, and other 

model organisms have already identified candidate genes. For example, the homeobox 

transcription factors EMX2, PAX6, SP8, and NR2F1 are highly conserved across species 

and are expressed in gradients across the surface of the mouse brain and control the 

relative anterior-posterior distribution of the cortical sheet15. In addition, comparative 

anatomical studies show that sensory cortical areas are highly conserved across 

mammalian species, including visual cortex in the blind mole rat, but the relative sizes of 

areas are highly variable16. Given these phylogenetic relationships, it seems likely that 

conserved genetic programs are responsible for defining different cortical areas. 
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 Once we have a better idea of how genes contribute to morphological variation, 

we can return to the question of why this variation exists. Lahn et al. took this approach 

in their analysis of worldwide population haplotype frequencies of two genes implicated 

in brain size: microcephalin and ASPM17,18. These genes appear to be under positive 

selection on the primate lineage leading to humans. They argued that since these 

haplotypes recently arose and quickly swept to high frequency, they must have been 

under positive selection. Subsequent studies have shown no association with these 

haplotypes and either brain size or cognition19-21, although a recent study demonstrated 

sex-dependent associations with other polymorphisms in these genes and cortical surface 

area22. These studies highlight the difficulty in addressing the question of why the brain 

changes across human populations. 

 It would be helpful to characterize genes that contribute to brain morphology in 

order to test these genes for abnormal expression and coding mutations in a cohort of 

neuropsychiatric patients. Many neuropsychiatric disorders result from dysfunctional 

neural development and are highly heritable. For example, early-onset schizophrenia is 

characterized by accelerated loss of gray matter during adolescence in cortical regions 

that are strongly associated with functional deficits23. In autism, there is evidence for 

brain overgrowth in the first year of life, predominantly in frontal and temporal lobes, as 

well as cerebellum and amygdala24. This occurs during a time when critical language, 

social, emotion and attention skills are learned, areas in which autistic children show 

deficits. Since a large portion of human brain development occurs ex utero, it is not 

impossible to imagine correcting genetic variants that have been definitively been shown 

to lead to brain pathology. 
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CHAPTER 1 

 
VISUAL SYSTEM SCALING IN TELEOST FISH 

 

 

Teleost fish grow continuously throughout their lifespan, and this growth includes 

visual system components: eyes, optic nerves, and brain. As fish grow, the optic nerve 

lengthens and neural signals must travel increasing distances from the eye to the optic 

tectum along thousands of retinal ganglion cell (RGC) axons. Larger fish have better 

vision that enhances their ability to capture prey, but they are faced with the potential 

computational problem of changes in the relative timing of visual information arriving at 

the brain. Optic nerve conduction delays depend on RGC axon conduction velocities, and 

velocity is primarily determined by axon diameters. If axon diameters do not increase in 

proportion to body length, then absolute and relative conduction delays will vary with 

fish size. We have measured optic nerve lengths and axon diameter distributions in 

different sized zebrafish (Danio rerio) and goldfish (Carassius auratus) and find that, as 

both species of fish grow, axon diameters increase to reduce average conduction delays 

by about half and to keep relative delays constant. This invariance of relative conduction 

delays simplifies computational problems faced by the optic tectum. 
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Introduction 

Teleost fish grow continuously throughout their lifespan, and this growth includes 

components of their visual system: retina, optic nerve, and optic tectum. The body length 

of a giant carp (Catlocarpio siamensis), for example, may increase over two orders of 

magnitude from one to more than a hundred centimeters25. The optic nerve is about 10% 

the length of the body and as the fish grows visual sensory information must travel 

increasing distances from the eye to the brain. 

Fish have good vision and must escape predators and catch prey that can depend 

on highly timed behavior. If the conduction velocities of visual signals do not increase as 

fish grow, then lengthening of the optic nerve has the potential to alter the absolute and 

relative timing of action potentials arriving at the optic tectum, yet growing fish have 

increasing ability to detect prey26. Fish may solve the potential computational problem 

caused by lengthening optic nerves in at least two ways: i) adding or modifying neural 

circuitry in the optic tectum to compensate for increasing conduction delays; ii) 

increasing conduction velocities to reduce delays. This study seeks to characterize the 

nature of the problem that fish face in compensating for changing conduction distances. 

As fish grow, structural changes in the eye improve vision. New retinal ganglion 

cells (RGCs) are added to the enlarging retina27-31, and this RGC neurogenesis increases 

the spatial resolution of images transmitted to the brain26,32. In addition, RGC dendritic 

arbors increase in area and provide a more accurate representation of light intensity12. 

Fish have RGCs of at least 11 types33 with predominantly myelinated axons that 

vary in diameter by more than 10-fold34. These RGC axons transmit information by nerve 

impulses traveling at different velocities35 with velocity approximately proportional to 
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axon diameter36. Spike trains traveling along RGC axons must be processed in the brain, 

and this processing depends on the arrival times of signals from various RGCs and 

therefore on axon diameters. 

In this study we examine both zebrafish, because they are an important model 

organism for genetic studies, and goldfish because much is known about their vision 

physiology and behavior. We measure optic nerve lengths and RGC axon diameters in 

different sized zebrafish and goldfish and then estimate conduction delays as a function 

of fish length. We find that RGC axon diameters increase to compensate for longer axons 

in both species of fish. Increased axon diameters reduce absolute conduction delays by 

more than two-fold and keep relative delays constant as fish grow. This simple scheme of 

increasing axon diameters means that brain circuitry does not need to be modified to 

compensate for changes in arrival times of visual information carried by small and large 

axons. 

 

Materials and Methods 

 Optic nerve length measurements. Four zebrafish (Danio rerio), 20–33 mm long, 

and six goldfish (Carassius auratus), 46–89 mm long, were anesthetized by immersion in 

water containing 0.3% tricaine (Sigma–Aldrich, St. Louis, MO). Standard body length 

(from tip of snout, excluding caudal fin) and pupil diameter were measured under an 

Olympus SZX7 dissecting scope. Fish were immobilized with foam padding ventral side 

up and were perfused with a 4% paraformaldehyde solution. The fish were rotated dorsal 

side up, and the calvarium was removed with surgical scissors. Eyes, optic tract and brain 

were extracted as one unit, and optic nerves were separated by removing tissue 
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surrounding their decussation. Eye globes and brain were pinned, and images of optic 

nerves were captured with an Olympus MicroFire digital camera attached to the 

dissecting scope. Neurolucida 7.52 software using a Wacom Cintiq 214q tablet was used 

to trace optic nerve length from the attachment point with the eye to the point of entry 

into the optic tectum. The longest axis of the optic tectum was also measured. These 

measurements were recorded for all intact optic nerves and tecta from the ten fish. The 

total optic nerve length was calculated as the sum of the measured nerve length plus half 

the average optic tectum length. 

 Optic nerve electron microscopy. Transmission electron micrographs were taken of 

optic nerve cross-sections from two zebrafish, approximately 21 and 28 mm long, and 

three goldfish, approximately 51–80 mm long. Fish were perfused intracardially with 

cold 80% PBS followed by 4% paraformaldehyde, 0.1% glutaraldehyde in 80% PBS. The 

optic nerves were removed and fixed in 2% glutaraldehyde in 80 mM sodium cacodylate 

buffer, rinsed, postfixed in 1% osmium tetroxide with 1% potassium ferrocyanide in 

cacodylate buffer, rinsed, en bloc stained in 1% uranyl acetate, dehydrated with glycol 

methacrylate and embedded in Epon. The embedded nerves were mounted onto Epon 

stubs for sectioning. Ultrathin sections (~60 nm) were cut on an ultramicrotome, 

collected onto formvar-coated slot grids and stained with 2% uranyl acetate and 0.2% 

lead citrate. The sections were examined in a JEOL 100CXII transmission electron 

microscope equipped with a digital camera. 1376x1032 pixel TIFF images were saved of 

each section with these scales: goldfish 0.0226 µm/pixel, zebrafish 0.01836 µm/pixel. 94 

regions of optic nerve cross-sections, approximately 20 per fish, were analyzed. 
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 RGC axon measurements. Custom Matlab code was developed based on a 

watershed segmentation algorithm to identify RGC axons in electron micrograph sections 

of fish optic nerves. Axons bordering edges of sections were discarded as incomplete. 

Axons that were identified by the computer algorithm were manually checked in order to 

identify incorrectly labeled axon profiles. For each fish, the relative frequency of 

correctly identified axons was plotted as a function of axon diameter, and a power 

function was fitted to the data (Fig. 1.S1). These five power functions, one for each fish, 

were used to assign a probability (from 0 to 1) to each of the 50,407 axons identified by 

the automated script. Axons were retained based on their assigned probabilities, and the 

final, filtered data set contained 45,441 axons, 90% of the original script output. 

 We quantified how many axons the automated script missed by comparing the 

number of axons identified by the (filtered) script and axons hand-traced in the same 

sections. The script missed <10% of axons in each section, and Kolmogorov-Smirnov 

(K-S) tests failed to reject the null hypothesis that the distributions of axon diameters 

with versus without the missing axons were different (K-S statistic D < 0.1, p > 0.05) 

(Fig. 1.S1). Therefore, we are confident that the final set of axons that we analyzed is 

representative of the distribution of axon diameters found in these fish. 

 If optic nerve sections were not cut perpendicular to the direction of the RGC 

axons, then axon diameters would be overestimated. Since axons were parallel and 

roughly circular, an oblique cut through them would result in elliptical cross-sections 

with a common orientation of the major axis. Axon orientations were calculated in each 

EM section, and a Rayleigh test of uniformity of orientation failed to be rejected at a 

multiple comparison corrected significance threshold of p < 0.0005. Thus, the cuts were 
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close to perpendicular to the RGC axons. If a cut were slightly oblique, the error in axon 

diameter estimates would be small; a cut 20 degrees off axis would result in a 2.8% 

overestimate of the diameter of a circular axon37. 

 Axon statistics. Bounded lognormal distributions were fitted to axon diameters 

measured in each fish since axons have a biological constraint on their minimum size (i.e. 

> 0.1 µm)38. For each fit, three parameters were estimated: minimum axon diameter (ζ), 

scale (µ) and shape (σ) (Table 1.S1). The arithmetic mean of a lognormal distribution is 

 and the standard deviation is . If the distribution shape (σ) is 

constant, then a linear regression of the standard deviation versus the mean will have a 

slope equal to . Thus, if the distribution shape (σ) is constant, then a linear 

regression of the standard deviation versus the mean will have a slope equal to . 

For each fish, the arithmetic mean of the bounded lognormal fit ( ) was equal to the 

arithmetic mean of the empirical axon diameter distribution minus the minimum 

estimated axon diameter (ζ). Therefore, these offset means (mean - min) were plotted 

versus the standard deviations of axon diameters in Figure 1.4D. 

 For each fish, the cumulative distributions of axon diameters were scaled to best 

align the cumulative distributions. Briefly, the scaling factors for each fish were 

iteratively shifted from the median of each distribution in order to minimize the sum of 

squared distances between all pairs of cumulative distributions. An average distribution 

was calculated from the scaled lognormal fits for the five fish, and this average was used 

to calculate two additional distributions with the same shape but with axon diameters 

rescaled to be 90% and 110% of the average values. These rescaled distributions were 
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plotted and the area between them filled grey to highlight the fact that the cumulative 

axon diameter distributions for the five fish were almost entirely within ±10% of the 

average distribution. 

 G-ratio. The g-ratio is calculated as the ratio of the axon (inner) to the fiber (outer) 

diameter of RGC axons. The automated script was able to identify axon, but not fiber, 

diameters, so 418 axons and myelin sheaths were hand-traced in Neurolucida, in at least 

three sections from each fish. In addition, in the largest fish, the 20 largest RGC axons 

were traced from all sections in order to get broad coverage of axon sizes. Axon and fiber 

diameters were calculated from the cross-sectional area measurements of hand-traced 

axon profiles. Diameters were plotted, and linear and power laws were fitted with 

weighted least squares regression since errors in diameter estimates were expected to be 

proportional to the diameters. 

 Axon circularity. We define circularity as the ratio of axon diameters that are 

calculated from two axon profile measurements: cross-sectional area and perimeter. A 

ratio of one corresponds to a perfectly round axon, and smaller values indicate less 

circularity. Axons were ordered by area-based diameter and groups of 100 axons were 

binned. The average and standard deviation of the perimeter-based diameters were 

plotted versus the average diameter of each area-based bin. Weighted least squares 

regression was used to fit linear and power laws, and the slopes of these fits give a 

measure of circularity. 

 Conduction velocity and delay estimation. Conduction velocity of myelinated axons 

is approximately proportional to axon diameter36,39,40. The g-ratio (g) increases with axon 

diameter (d) and was included as a correction factor to the equation for conduction 
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velocity: 40. The average conduction velocity (u) of RGC axons is 

proportional to the optic nerve length (L):  (see Results; Fig. 1.S2). The 

average conduction delay (t) is calculated as the ratio of the optic nerve length divided by 

the average conduction velocity: 

. 

 This equation describes a Michaelis-Menten curve defined by two parameters: α-1 is 

the maximum conduction delay in any sized fish and α-1β is the length of the optic nerve 

that has a half-maximal delay. If the y-intercept (β) were equal to zero, then conduction 

delays would be constant (equal to α-1) in all fish. The same iterative algorithm that was 

used with axon diameters was used to align conduction delay cumulative distributions 

and empirically optimize the scaling factors. These factors were expressed as fold 

changes relative to the smallest fish (i.e. rescaled so that the smallest fish had a scaling 

factor equal to one) and plotted in Figure 1.1. Uncertainties were propagated to give error 

bars in all figures. 

 

Results 

 The delay of information transmitted from the retina to the brain depends on the 

length of the optic nerve and the conduction velocity of RGC axons. Longer fish have 

longer optic nerves, and if conduction velocities were independent of fish length, then 

conduction delays would increase as the fish grow. Over the range of fish sizes we have 

studied, we demonstrate that conduction velocity increases in proportion to optic nerve 

length, and faster conduction limits increases in average conduction delays to less than 
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1.75-fold versus almost four-fold (Fig. 1.1). Moreover, we show that relative conduction 

delays between different sized RGC axons are invariant with fish length. That is, the 

difference in arrival times of information from various types of RGCs is the same for all 

sizes of fish. Therefore, growing fish have no need to modify their central neural circuitry 

to compensate for changes in arrival times of the information carried by axons with 

different diameters. 

Estimated average conduction delays 

 We tested whether the average conduction delay of RGC axons is independent of 

fish length by estimating the optic nerve length and average conduction velocity and 

calculating their ratio in different sized fish. We measured these quantities in two 

separate sets of fish and used pupil diameter measurements taken in all fish to link the 

two data sets. We find that pupil diameter accurately predicts the sizes of brain 

components and fish length (Fig. 1.2), and this scaling law is the same in both zebrafish 

and goldfish. 

 We find that fish optic nerves are about 10% of the fish length for the range of fish 

sizes considered here (Table 1.1, Fig. 1.2). If the average conduction velocity were 

independent of fish length, then the average conduction delay would increase in 

proportion to fish length, approximately four-fold, from 0.9 ms to 3.4 ms, in the fish we 

studied. Both zebrafish and goldfish would face the same potential problem of increasing 

optic nerve conduction delays. We thought, however, that conduction velocity might 

increase with fish length in order to limit increases in conduction delays. 
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 For myelinated axons, the axon diameter is proportional to the conduction 

velocity36,39, so we measured RGC axon diameters in different sized fish. Electron 

micrographs of optic nerve cross-sections were obtained from zebrafish and goldfish as 

described in Materials and Methods. An automated script identified more than 45,000 

axons that passed quality control filters (Figs. 1.3A–D, 1.S1), and axon diameters were 

estimated from measured cross-sectional areas. Each fish has axons with a broad 

lognormal distribution of diameters (Fig. 1.3E). The arithmetic mean of axon diameters 

increases in proportion to fish length (Fig. 1.3F), and the linear regression line does not 

pass through the origin (p = 0.02). Therefore, RGC axons seem to have a minimum 

possible diameter equal to the y-intercept (0.18 ± 0.04 µm). 

 Conduction velocities were estimated from axon diameter measurements for all 

RGCs in the five fish. A scaling factor of 8.5 was chosen such that the average 

conduction velocity in the longest (80 mm) fish was consistent with previously measured 

velocities of RGC axons in goldfish of similar length (mean, 75 mm)35. This scaling 

factor is approximately half of that found in myelinated axons of the cat peripheral 

nervous system39, and is consistent with the difference in temperatures used in the two 

studies (23–25 versus 37.5 °C), given an estimated 5% decrease in nerve conduction 

velocity per degree Celsius36. The average (arithmetic mean) estimated conduction 

velocities in the fish range from 2.2 to 5.1 meters per second (Table 1.2). 

 Average conduction delays were calculated as the ratio of the optic nerve length 

and average conduction velocity. In the fish with axon diameter measurements from 

electron micrographs, optic nerve lengths were estimated from observed pupil diameters, 

and average conduction delay estimates range from 0.9 to 1.5 ms. Like axon diameters 
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and conduction velocities, conduction delays are approximately lognormally distributed 

(Fig. 1.S3) and the arithmetic mean is defined as the expected value of a lognormal 

distribution and was used to calculate the average delay in each fish. 

 If average conduction velocity were proportional to optic nerve length with a zero 

intercept, then the conduction delay in all sized fish would be constant and equal to the 

slope. In fact, the plot of conduction velocity versus optic nerve length is linear but does 

not pass through the origin (p = 0.006; Fig. 1.S2) so delays are expected to be nearly 

constant and equal to the slope only in large fish. The positive y-intercept indicates that 

small fish with short optic nerves have faster RGC conduction velocities and therefore 

shorter conduction delays than are predicted in larger fish. A Michaelis-Menten type 

equation describes this increase and then plateau in conduction delays with fish size (see 

Materials and Methods) and was fitted to the fold change in average conduction delays 

versus body length (Fig. 1.1). For the range of fish sizes in this study, average delays 

increase by less than 1.75-fold versus almost four-fold that would be expected if 

conduction velocities did not increase with optic nerve length. In much larger fish, 

conduction delays are predicted to increase by not more than 2.6-fold (1.5–3.7-fold, 95% 

CI), resulting in a maximum delay of 2.3 ms. 

Estimated relative conduction delays 

 Relative conduction delays between RGC axons of different sizes could change 

while average delays remain constant. Changes in relative delays pose a potentially 

greater problem to growing fish because neural circuitry in the optic tectum must rely on 

the relative timing of neural signals for computation. In order to compare the relative 
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conduction delays between fish, we compare the shapes of the cumulative axon diameter 

distributions. Comparing the cumulative rather than the non-cumulative distributions 

provides two key advantages: using the cumulative histogram avoids the selection of an 

arbitrary bin size that can alter the shape of the distribution, and making available 

powerful non-parametric statistics, such as the Kolmogorov-Smirnoff test, to test the 

equality of cumulative distributions. 

 We fitted lognormal distributions to the axon diameters in each fish and compared 

the shape parameters of these curves. Axon diameter distributions are well described by 

bounded lognormal fits (Figs. 1.3E, 1.4 and Table 1.S1). In all five fish, two-sided 

Kolmogorov-Smirnoff tests confirmed no statistical difference between the fits and data 

(D < 0.02, p > 0.05). Quantile-quantile plots show that the lognormal curves fit 

remarkably well, even at the tails of the distributions (Fig. 1.4C). Cumulative 

distributions were scaled by the median of their best lognormal fit and appear similar 

(Fig. 1.4B); almost all measured axon diameters are within ±10% of the average 

distribution. Scaling factors were iteratively adjusted to minimize the sum of squared 

distances between all pairs of cumulative distributions and the optimal factors were not 

significantly different than the medians. This suggests that median diameters are a good 

approximation of the scale of axon diameter distributions. An Anderson-Darling test 

shows that the distributions are significantly different (statistic T = 5576, p << 0.05), and 

Kolmogorov-Smirnov tests between all pairs of distributions are significant (D = 0.02–

0.12, p < 0.005). These tests indicate that the shapes of the distributions are highly similar 

but, due to the large number of observations, not statistically equivalent. 
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 In order to assess the degree to which the shape of the distributions changes with 

fish length, the standard deviation was compared to the arithmetic mean of the lognormal 

fits (see Materials and Methods; Fig. 1.4D). A straight line fits the data well (R2 > 0.99), 

so the shape of the fits is nearly constant with fish size. In summary, there are small but 

significant differences in the measured distributions of axon diameters, but the shapes of 

the distributions are nearly the same and are independent of fish length. 

 Conduction delay distributions were estimated directly from axon diameters, so 

their shapes should also be independent of fish length. In order to aid in the comparison 

of their shapes, cumulative delay distributions were scaled using the iterative procedure 

described above for axon diameters in order to maximize overlap of the distributions 

(Fig. 1.5). These factors were expressed as fold changes relative to the smallest fish (i.e. 

rescaled so that the smallest fish had a scaling factor equal to one), and the factors were 

1.00, 1.17, 1.48, 1.88, and 1.72 and are plotted in Figure 1.1. 

 Scaling factors are greater than one because despite increased average axon 

diameters, conduction velocities do not increase fast enough to keep conduction delays 

constant as the optic nerve lengthens. However, only the shape not the scale of delay 

distributions is germane to the comparison in different fish of relative conduction delays 

between axons of different diameters. For example, Figure 1.5 shows that 20% of RGC 

axons in the smallest fish (188 mg) compared to 25% of axons in the largest fish (11010 

mg) have conduction delays >1.25-fold the median conduction delays in these fish. 

Although the absolute conduction delays are longer by about 600 µs in the largest fish , 

the relative conduction delays are remarkably similar. 



 

 

20 

 Most delays are within ±10% of the average of the five scaled distributions (Fig. 

1.5; grey shading), so the relative timing of information traveling along different sized 

axons is predicted to remain within this narrow range regardless of fish length. Therefore, 

growing fish do not need to compensate for changing relative delays, which potentially 

simplifies circuitry in the optic tectum. 

Conduction velocity caveats 

 The conduction velocity of axons is influenced by structural parameters other than 

axon diameters. In particular, axon myelination36 and shape41 have been shown to vary 

with axon size and have the potential to alter conduction velocity. We have measured 

these axon properties in different sized axons and calculate their effect on velocity 

estimates. 

 The degree of myelination is quantified by the g-ratio (g), the ratio of the inner 

(axon) to the outer (fiber) diameter of axons (Fig. 1.6A), a quantity that reflects the 

number of oligodendrocyte cell membrane layers. In order to test the relationship 

between g-ratio and axon size, we hand-traced 418 RGC axons from five fish, including 

some of the smallest and all of the largest axons that were observed. We find that the g-

ratio increases from 0.5 to 0.7 in axons with diameters up to 1 µm, and the g-ratio 

plateaus around 0.7 in larger axons. 90% of axons have g-ratios that range from 0.6–0.7, 

and the average g-ratio is 0.64. G-ratios in this range would produce maximum changes 

in conduction velocities of between 6% and 12%. For the range of axon sizes that we 

measured, we cannot distinguish between linear and power law regressions of outer (D) 
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versus inner (d) axon diameters (D = 1.36 * d + 0.09, R2 = 0.97; D = 1.47 * d0.90, R2 = 

0.98; Fig. 1.6B). 

 We also consider the effect of axon shape (circularity) on conduction velocity 

estimates. Circularity is calculated as the ratio of the axon diameter based on the 

measured cross-sectional area of the axon (darea) to the diameter based on the measured 

perimeter (dperim). Circular axons have a maximal cross-sectional area, axial conductance 

and conduction velocity for a given perimeter. If axon circularity varies systematically 

with axon size, then conduction velocity estimates will depend on whether area or 

perimeter measurements are used to calculate axon diameters. 

 We find that axon circularity is mostly independent of axon size, except the 

smallest axons, which are more circular. Axon diameters calculated from perimeters and 

cross-sectional areas are proportional, and the ratio between these diameters (i.e. 

circularity) is nearly constant (Fig. 1.6C). We cannot distinguish between linear and 

power law regressions (dperim = 1.47 * darea – 0.07, R2 > 0.99; dperim = 1.43 * darea
1.12, R2 > 

0.99; Fig. 1.6C). 

 If axon circularity observed in electron micrographs is representative of circularity 

in vivo, then we must use axon profile cross-sectional areas to calculate diameters. 

Alternatively, if all axons are approximately circular in vivo, then we must use axon 

profile perimeters to accurately calculate diameters. 

 We indirectly tested axon circularity in vivo by estimating the proportion of the 

optic nerve occupied by RGC axons based on both cross-sectional area and perimeter 

measurements of axon profiles. First, we estimated the total number of RGC axons in a 

low magnification electron micrograph of a cross-section of the whole optic nerve. Then, 
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we measured the total cross-sectional area of the nerve, and divided this area by the 

number of RGC axons to get an estimate of the average area that each axon occupied, 

including the axoplasm, myelin sheath and surrounding glial cells and extracellular space. 

This measurement is equal to the reciprocal of the RGC axon density. 

 Next, we calculated the average cross-sectional area of RGC axons, which included 

only the axoplasm, in two ways. First, we measured the area of axon profiles and directly 

calculated the average cross-sectional area. Second, we measured the perimeter of axon 

profiles and calculated the average area of circular axons with these perimeters. If axons 

were circular in vivo, then this would have given a better estimate of the average axon 

area. 

 RGC axon density and average cross-sectional area based on axon profile areas and 

perimeters were estimated for five fish in this study and for ten fish in Easter et al.42 

(Table 1.S2). All three measurements are proportional to one another and across studies 

(Fig. 1.6D); this consistency reinforces the accuracy of our automated measurements of 

axon profiles. Linear regressions were fitted to average axon areas based on axon profile 

cross-sectional area and perimeter estimates versus the reciprocal of the RGC axon 

density in the optic nerve. The regression slopes gave estimates of the percentage of the 

optic nerve occupied by axoplasm depending on whether area (27%) or perimeter (51%) 

measurements of axon profiles were used. Similarly, we estimated the percentage of the 

optic nerve occupied by the RGC axon plus its myelin sheath for area (59%) and 

perimeter (107%) measurements (not plotted). 

 These results indicate that if all axons were circular in vivo then the axons would 

occupy the entire optic nerve, which leaves no space for glial cells. Instead, if we assume 
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that axon circularity in the electron micrographs is representative of circularity in vivo, 

then we predict that RGC axons will occupy 59% of the cross-sectional area of the optic 

nerve. Therefore, we used area-based measurements throughout this analysis, although 

results from perimeter-based measurements, including the average and standard deviation 

of axon diameters and estimated conduction delays, are highly (> 99%) correlated. 

 In summary, varying g-ratios and departures from circularity have only a small 

effect relative to axon diameter on conduction velocities. In addition, axons are not 

circular in vivo, so diameter measurements based on cross-sectional areas of axon profiles 

are preferred. 

 

Discussion 

 We have shown that the visual system follows the same scaling law in both 

zebrafish and goldfish. The optic nerve in fish is about 10% of the body length. As fish 

grow, RGC axons enlarge and increase conduction velocities such that the average 

conduction delay increases by less than 600 µs for the range of fish sizes we studied, 

versus an increase in conduction delays from 0.9 to 3.4 ms if conduction velocities did 

not change. Furthermore, the g-ratio and axon shape change little with axon size, and the 

shape of axon diameter distributions is mostly invariant with fish length. It follows that 

the shape of conduction delay distributions, and thus the relative timing of visual 

information reaching the optic tectum — the time difference between arrival times of 

information carried by the smallest and largest axons — is also invariant with fish length. 
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Fish behavior and absolute conduction delays 

 In order to assess the behavioral significance of changes in average optic nerve 

conduction delays in different sized fish, we reviewed the literature for data on fish 

predator escape responses. Fish avoid predation with a high-energy swimming burst 

called a fast-start evasion, and a faster response increases the probability of a successful 

escape43. Sensory stimuli, including visual cues, activate the Mauthner cell (M-cell) in 

the hindbrain of many species of teleost fish44, and the M-cell mediates the startle 

response. 

 For adult teleost fish 2–20 cm long, the latency between the visual stimulus and the 

first movement of the fish was 5–10 ms in water 23 ± 2 °C45. We calibrated conduction 

velocity estimates (see Results) based on electrophysiological recordings made in fish in 

water 23–25 °C35. This similarity in temperatures facilitated the direct comparison of 

response latencies and conduction delays. Michaelis-Menten curves were fitted to 

response latencies measured by Eaton et al.45 and optic nerve conduction delays 

estimated in our study for different sized fish (Fig. 1.7); these curves described the data 

better than linear or power law fits. The shape of the two curves was not significantly 

different (p = 0.59), so the optic nerve conduction delay is predicted to be a constant 

percentage (~20%) of the escape response latency. In larger fish, response latencies and 

optic nerve conduction delays are predicted to reach maxima of approximately 10 ms and 

2 ms, respectively. The response latency is partly composed of the conduction delay 

along the optic nerve and the delay from the optic tectum to the M-cell in the hindbrain. 

In goldfish, 12–18 cm long, we predict that the optic nerve conduction delay would be 
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1.8 ± 0.2 ms, which is approximately half of the total measured delay (3.8 ± 0.5 ms) from 

the eye to the M-cell44 (Fig. 1.7). 

 In summary, we are confident that our estimates of optic nerve conduction delays 

are quite accurate because they are consistent with measurements of behaviorally relevant 

fish escape response durations. Conduction delays follow precisely the same trend with 

fish length as response latencies, and optic nerve delays constitute a reasonable 

proportion (about half) of the previously observed delay of neural signals transmitted 

from the eye to the hindbrain. 

 Unlike response latencies, the total duration (tescape) of the fast-escape response 

continues to increase with fish length (L)reviewed in 46: for example, in adult rainbow 

trout (Oncorhynchus mykiss) (tescape = 40.0 ± 9.6 * L0.27 ± 0.08, R2 = 0.49; Fig. 1.7). As fish 

grow, the response latency constitutes a smaller fraction of the total escape duration 

mainly because the escape turning time increases. This time increases because the turning 

radius of fish is proportional to body length46, so larger fish have to swim farther to 

escape, but the maximum swimming acceleration is independent of body length47. 

 In small fish, response latencies and therefore optic nerve conduction delays are 

similar in duration to the total escape responses, so conduction delays must be short 

enough not to impact escape performance. As fish grow longer, conduction delays make 

up a smaller proportion of the total escape duration, so delays may not need to be as short 

as they are in small fish. In small fish, the visual system latency composes ~25% of the 

total response duration while in larger fish the visual latency composes <10% of the 

response duration. Therefore increased optic nerve conduction delays would have a 

disproportionately larger effect in small fish. For example, a 1 ms increase in visual 
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latency in small fish would increase the total response duration by ~3% versus by <1% in 

larger fish. 

 This potentially relaxed evolutionary constraint on response latencies in larger fish 

may explain the moderately increased latencies measured by Eaton et al.45 and the 

increased average optic nerve conduction delays that we observed in our study. In larger 

fish, axons are thinner with slower conduction velocities and slightly longer delays, 

leaving space in the optic nerve for more RGCs and thus increased visual resolution26,32. 

In small fish, if RGC axons were thinner and average conduction delays increased, then 

total escape response duration would increase, and presumably fitness would decrease. 

Systematic differences in relative conduction delays 

 Despite impressive similarities, the shapes of conduction delay distributions and the 

underlying axon diameter distributions do vary by small but statistically significant 

amounts with fish length. Several sources of systematic error could have contributed to 

these differences. First, although axon diameter distributions of automatically identified 

and hand-traced axons are not significantly different in individual sections, the 

Kolmogorov-Smirnov statistic (D) ranges from 0.03 to 0.09 (Fig. 1.S1), and this is 

similar to the range observed for pair-wise comparisons of different fish (D = 0.02–0.12). 

These small differences between distributions may result from the indefinite border 

between myelin and axon. For example, electron micrographs from one fish (432 mg) 

have higher contrast myelin borders, and this may systematically bias axon diameter 

estimates. 
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 In addition, large axons are systematically undercounted in the largest fish (11010 

mg). Visual inspection reveals that large axons are more likely to have degraded myelin 

sheaths and to border the edges of sections, resulting in their exclusion. Larger axons also 

result in fewer axons of all sizes being counted in the largest fish (11010 mg, N = 3046) 

than the smallest fish (188 mg, N = 15863), and this gives a noisier estimate of the axon 

diameter distribution. Both of these effects were simulated in the smallest fish by 

cropping images of optic nerve sections and re-identifying axons with the automated 

script. The resulting distribution of axon diameters is significantly different (D = 0.04, p 

= 3.5e-5) than the original distribution in the smallest fish. This observation suggests that 

the different size scales of axons could contribute to the statistically significant 

differences between axon diameter distributions of large and small fish. 

 Another source of differences in delays between fish could be explained by a 

biological lower bound on axon diameter (due to channel noise) of approximately 0.1 

µm38 because this places an upper limit on estimated delays. The longest conduction 

delays in small fish are shorter than those predicted in large fish (Fig. 1.5). Additionally, 

average conduction delays increase moderately with fish length (Fig. 1.1). The average 

axon diameters in the small fish (~0.4 µm) are close to the lower limit (0.1 µm) compared 

to the average diameters in the larger fish (0.7–1.0 µm). We expect that the distribution of 

delays in even larger fish (body length > 80 mm) would be more similar to one another 

because a smaller proportion of axons would be near this lower diameter limit. For 

example, we predict that a one meter carp would have an axon diameter distribution with 

an average diameter of 10 µm, and only 0.1% of axons with a diameter less than 1 µm. 
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 Alternatively, the observed divergence in conduction delays may be an artifact of 

the conduction velocity estimation that does not account for other electrophysiological 

properties of small axons. This is supported by the observation that the time course of 

action potentials in smaller axons is slower than expected based solely on the axon 

diameter48. Future studies can resolve this issue by collecting information about 

additional neuronal characteristics: internodal length, membrane conductance and 

capacitance, rate constants, and concentration gradients48. If biophysical properties vary 

systematically with axon size, then they will alter conduction velocity estimates. 

However, the axons analyzed in this study are all from RGCs, so their basic biophysical 

properties are likely similar. Furthermore, internodal distance is approximately 

proportional to axon diameter, and minor deviations are predicted to have little effect on 

conduction velocity36. Conduction velocity is also predicted to be relatively insensitive to 

changes in nodal and myelin properties49. 

G-ratio variability 

 We calculated that RGC axon myelin and axoplasm occupy 32% and 27%, 

respectively, of the cross-sectional area of the optic nerve. This prediction agrees with 

data from Perge et al. (2009) who found that RGC axons occupied 57% (25% myelin, 

32% axoplasm) of the cross-sectional area of guinea pig optic nerves. Myelin may 

occupy 7% less space in the guinea pig versus the fish optic nerve because the average g-

ratio (axon to fiber diameter ratio; g = 0.81) of RGC axons in guinea pigs is significantly 

larger than in other animals (Guy et al., 1989), including the fish in our study. 
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 We find that 90% of axons have estimated g-ratios from 0.6–0.7, and this changes 

conduction velocity estimates by less than 10%36 compared to an average g-ratio of 0.64. 

Small axons have a smaller g-ratio, i.e. a relatively thicker myelin sheath, which could be 

explained by a minimum myelin thickness. While we cannot exclude the possibility of a 

power law relationship between outer versus inner axon diameter (Fig. 1.6B) that predicts 

no minimum thickness, a linear regression provides an estimate of the minimum 

thickness, 0.045 µm, or three wraps of oligodendrocyte lamellae50. This minimum myelin 

thickness was also found in RGC axons in the rat optic nerve51 given that a linear 

regression of outer versus inner axon diameters had a y-intercept of 0.03–0.04 µm. 

Similarly, a study of the human optic nerve found no RGC axons with fewer than four 

wraps of myelin52. 

 The existence of a minimum myelin thickness may help reconcile theoretical 

studies that have identified a g-ratio that maximized conduction velocity36,40 with 

experimental observations that the g-ratio increased monotonically with axon diameter53. 

Computer simulations54 suggested that conduction velocity was maximized with a g-ratio 

of 0.6–0.7 and decreased minimally near these values. If the conduction velocity model 

included additional parameters such as conduction fidelity, energy costs and space, then 

the optimal g-ratio in the central nervous system was calculated to be 0.76–0.7755. 

 We find that axons with diameters greater than 1 µm have, on average, g-ratios that 

range from 0.69 to 0.74, close to the theoretical optimum. In contrast, g-ratios decrease 

precipitously in small axons (diameters < 1 µm), and many axons have g-ratios closer to 

0.5. Friede and Samorajski56 found that the g-ratio was independent of axon diameter in 
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the peripheral nervous system (PNS) of mice, but they did not examine axons with 

diameters less than about 1 µm because they are rare in the PNS36. 

 In summary, myelination of RGC axons is likely optimized for the majority of 

axons in all but the smallest fish. Small axons may not have a myelin sheath of optimal 

thickness simply because the sheath cannot be any thinner. Alternatively, current models 

of axon conduction may lack relevant biophysical information, and a smaller g-ratio may 

in fact be optimal for small axons. 

Biological mechanisms of axon growth 

 As fish grow, new RGCs are added to the enlarging retina27-31. If enough new 

RGCs were created, then they could potentially account for the increased average axon 

diameter in larger fish. We find that half of RGC axons in the smallest fish have 

diameters less than 0.35 µm, while less than 1% of axons in the largest fish have 

diameters this small. The largest fish has about twice as many RGC axons as the smallest 

fish (Table 1.S2), so existing axon diameters must increase to explain the increased 

average axon diameter. 

 Finding a theoretical curve that describes the shape of axon diameter distributions 

helps identify a biological model of axon growth. Axon diameters are well described by a 

lognormal distribution (Fig. 1.4C), and this is expected if their growth rate is proportional 

to their size. In fact, if a population of newly created RGCs had axon diameters that were 

arbitrarily distributed, and each axon grew exponentially (with small, normally 

distributed fluctuations in the rate of growth), then the axon diameters would rapidly 

become lognormally distributed57. Variability in the growth rate constant would increase 
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the skew (shape) of a lognormal distribution, yet we do not observe a significant change 

in the shape of axon diameter distributions for different sized fish (Fig. 1.4D). 

 There are at least three possible explanations for the constant shape of axon 

diameter distributions. First, the variability in axon growth rates may be small enough to 

limit changes to the shape of the distribution. Second, there may be additional 

mechanisms that limit the growth of the largest axons and thus limit the increase in skew 

of the distribution. Third, other distributions can simulate the shape of lognormal 

distributions58 and may provide an even better biological model for the growth of axon 

diameters. This seems unlikely given the goodness of fits (Fig. 1.4C) and parsimony 

(only three parameters; Table 1.S1) of the lognormal distributions. 

Genetics of axon growth 

 Since RGC axon diameter distributions have the same shape in different sized fish, 

the distributions can be described by a single scaling parameter that specifies the average 

axon diameter. This suggests the possibility of a relatively simple mechanism that 

coordinates the growth of RGC axons and the rest of the fish. One such mechanism, the 

microRNA bantam, is found to regulate the size of dendritic arbors of sensory neurons to 

match the size of enlarging epithelial cells during Drosophila larval development13. 

Another study has shown that the beaks of closely related species of Darwin’s finches are 

scaled versions of one another, and the scaling factor is correlated with Bmp4 expression 

during development59. A similar genetically mediated scaling mechanism may coordinate 

RGC axon growth in fish. 
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 By measuring optic nerve lengths and RGC axon diameter distributions in zebrafish 

and goldfish, 21–80 mm long, we find that the optic nerve is about 10% of the body 

length and axon conduction velocities increase as fish grow. Faster conduction velocities 

limit increases in absolute conduction delays and, strikingly, keep constant relative 

conduction delays between different classes of RGCs, independent of fish size. This 

invariance of relative delays simplifies circuitry in the optic tectum because as the fish 

grows the tectum does not need to compensate for changes in the relative timing of neural 

signals transmitted from the eye. The approach we have detailed here will be useful for 

identifying other structural scaling rules that operate in different regions of the brain and 

work to simplify the complex task of neural computation. 
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CHAPTER 2 

 
A GEOGRAPHIC CLINE OF SKULL AND BRAIN MORPHOLOGY 

AMONG INDIVIDUALS OF EUROPEAN ANCESTRY 
 
 

 Objective. Human skull and brain morphology are strongly influenced by genetic 

factors, and skull size and shape vary worldwide. However, the relationship between 

specific brain morphology and genetically-determined ancestry is largely unknown. 

 Methods. We used two independent data sets to characterize variation in skull and 

brain morphology among individuals of European ancestry. The first data set is a 

historical sample of 1174 male skulls with 37 shape measurements drawn from 27 

European populations. The second data set includes 626 North American individuals of 

European ancestry participating in the Alzheimer’s Disease Neuroimaging Initiative 

(ADNI) with MRI, height and weight, neurological diagnosis, demographic, and genome-

wide single nucleotide polymorphism (SNP) data. 

 Results. We find that both skull and brain morphological variation exhibit a 

genetic-demographic fingerprint among individuals of European ancestry. This 

fingerprint shows a Northwest to Southeast gradient, is independent of body size, and 

involves frontotemporal cortical areas. 

 Conclusions. Our findings are consistent with prior evidence for gene flow in 

Europe due to historical population movements and suggest that genetic background 

should be considered in studies seeking to identify genes involved in human cortical 

development and neuropsychiatric disease. 
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Introduction 

 Human brain morphology is highly heritable60 and is influenced by specific 

genetic factors22,61. Magnetic resonance imaging (MRI) studies have shown that 

genetically mediated variations in brain morphology are associated with disease states, 

e.g. autism62, schizophrenia63, and Williams64 and Down65 syndromes. However, the 

relationship between genetic background — the accumulation of genetic variants during 

historical migrations and socio-demographic events — and brain morphology among 

individuals distributed globally and regionally has not been directly studied. Our goal is 

to examine the effect of genetic background in Europe on brain and skull morphology. 

 Human skull morphology varies greatly worldwide66,67 due largely to the 

accumulation of genetic and environmental differences within populations but also 

between geographically separated populations68,69. Since the skull and brain are 

structurally and genetically linked during development70,71, it follows that the brain 

should also differ in size and shape among individuals. However, evaluation of the 

relationship between population-level skull and brain morphological variation should 

consider at least three important questions: (i) the degree to which body size can explain 

variation in brain size among individuals from different populations; (ii) the degree to 

which brain variation is associated with genetic (as opposed to environmental) 

differentiation among these populations; and (iii) whether specific brain regions exhibit 

differences consistent with skull morphology differences between populations. 

 To address these questions we studied data from individuals of European ancestry. 

We focused on this geographic region because populations in Europe are genetically 

differentiated in a continuous manner consistent with known historical migrations72-74, 
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and these populations vary in skull size and shape66,75,76. We leveraged two independent 

data sets in our analyses. The first data set is a historical sample of skulls drawn from 27 

European populations67,77,78 and is comprised of 1174 individuals with 37 skull shape 

measurements (Tables 2.S1 and 2.S2). The second data set includes 626 North American 

individuals of European ancestry participating in the Alzheimer’s Disease Neuroimaging 

Initiative (ADNI) with MRI, height and weight, neurological diagnosis, demographic, 

and genome-wide single nucleotide polymorphism (SNP) data. 

 We find consistent evidence from these data sources that variation both in skull 

and specific brain morphology among individuals of European ancestry follows a 

Northwest (NW) to Southeast (SE) gradient, which is independent of body size or 

neurological diagnosis and involves predominantly frontotemporal cortex. This finding is 

consistent with previous evidence of gene flow due to historical population movements in 

Europe72-74 and suggests that genetic background should be considered in studies seeking 

to identify specific genes involved in human cortical development and neuropsychiatric 

disease. 

 

Materials and Methods 

Craniometric (Skull) Measures 

 Craniometric data. 1174 male crania (skulls) from 27 European populations 

(including nearby Turkey and Syria; Table 2.S1) with 37 measurements were included 

from a much larger worldwide dataset67,77,78. Crania were obtained predominantly from 

modern European populations with some from Medieval European populations. A 

logistic regression showed no association between the population latitude (P = 0.22) or 
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longitude (P = 0.26) and whether skulls were of Medieval or modern origin. Population 

sample sizes ranged from 11 to 93 individuals, and the average (± SD) was 43.3 ± 27.6. 

All measurements were made by one person (Dr. Hanihara)77,78 using standardized 

landmarks and included a broad range of facial and neurocranial lengths (Table 2.S2). 

241 female crania from 12 populations (range 2 to 55, average 20.1 ± 20.7) with 

complete data for the same 37 measurements were treated as an additional replication and 

validation data set. 

 Craniometric and geographic distance comparison. A multivariate ANOVA was 

used to test differentiation between populations based on 37 standardized measures. 

Squared Mahalanobis distances (D2) were calculated between population clusters based 

on 37 standardized (i.e., zero mean and unit variance) craniometric measures. A four-

dimensional (stress = 0.11) ordination of the craniometric distance matrix was generated 

by non-metric multidimensional scaling (MDS). Longitude and latitude coordinates have 

previously been estimated for each of the populations studied79. Great circle distances 

were calculated within the R statistical software package80, and MDS was used to 

generate a three-dimensional ordination. Pairwise craniometric distances were plotted 

versus geographic distances and a moving average was computed to reveal trends. A 

permuted Mantel statistic was used to test the correlation between craniometric and 

geographic distance matrices. 

 Craniometric and geographic ordinations were aligned using Procrustes analyses, 

and the coordinates of each population estimated from craniometric distances were 

plotted. Residuals from the Procrustes analysis gave predicted geographic location errors 

for each population in kilometers. 100 bootstrap replications were performed by sampling 
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different sets of individual crania from each population and then recalculating the 

Mahalanobis pairwise distances, ordinations, and Procrustes residuals. In addition, 

ordination labels were randomly permuted 100 times, and Procrustes residuals were 

computed. A one-tailed t-test was used to test the hypothesis that the mean bootstrap 

prediction errors for each population were less than what was expected by chance. 

 Cranial classification. Linear discriminant analysis was used to build a 

subpopulation classifier based on 37 standardized measurements of 538 male crania in 12 

populations for which there were also female cranial measures available. For each female 

skull, the geographic distance was calculated between the classified population (based on 

cranial morphometry) and the correct population to which that individual belonged. A 

cumulative distribution of predicted distance errors in kilometers was plotted and 

compared to 10 similarly constructed distributions based on random assignment of 

individuals to populations. A one-sided Kolmogorov-Smirnov test was used to test the 

difference between the distributions. 

 Geographic variation. Redundancy analysis was applied to the 37 standardized 

cranial measures with longitude and latitude as constraints. Permutation tests were used 

to test model and axis significance, and this identified a geographic axis that explained a 

maximal amount of craniometric variance. Population eigenvalues for this constrained 

axis were interpolated by kriging to create an isocline map of Europe. Individual cranial 

measures were tested for association with distance along the NW–SE axis that showed a 

trend in the isocline map. P-values were adjusted by progressive Bonferonni correction81 

in the order of the loadings of the measures on this axis. 
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MRI Measures and Genotype Information 

 ADNI subjects. Data used in the preparation of this article were obtained from the 

Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (www.loni.ucla.edu/ 

ADNI). 626 ADNI subjects included in this study self-reported as white and non-

Hispanic and included 181 controls, 305 subjects with mild cognitive impairment (MCI), 

and 140 subjects with Alzheimer’s disease (AD), aged 75.3 ± 6.9. 

 Brain imaging. MRI data was collected on 1.5 Tesla scanners at many study centers 

across the United States. The LONI web site (www.loni.ucla.edu/ADNI/Research/Cores/ 

index.shtml) describes specific protocols. Raw Digital Imaging and Communications in 

Medicine MR images were downloaded from the ADNI Data page of the public ADNI 

site at the LONI Web site (www.loni.ucla.edu/ADNI/Data/index.shtml) published in 

2007. MRI scans were analyzed with software developed at the University of California 

at San Diego Multi-Modal Imaging Laboratory, based on the freely available FreeSurfer 

software package (freesurfer-software.org). 

 Ancestry estimation. PLINK82 was used to merge ADNI genotypes with 34 

European reference populations from POPRES, HGDP, and HapMap (Table 2.S3). 

59,908 SNPs remained after filtering based on quality and linkage disequilibrium. The 

smartpca software83 was used to find the first two eigenvectors that explained the most 

variance in the reference genotypes. All individuals, including those from the ADNI data 

set, were projected along these eigenvectors and outliers were removed. Procrustes 

analysis was used to align the average principal component coordinates of each 

population to longitude and latitude coordinates of the reference populations. For each 

ADNI subject, NW–SE genetic admixture was inferred by projecting the rotated principal 



 

 

39 

components onto a 45° line running NW and SE in Figure 2.3A. This PCA based 

assignment of regional genetic origin to individuals has been validated in several groups 

of admixed European Americans with self-reported ancestry84-87. For example, Need et 

al.84 found that a PCA plot of genetic distances placed individuals with grandparents of 

both NW and SE European and Ashkenazi Jewish origin in between these reference 

populations. 

 Association analyses. NW–SE admixture was tested for association with 12 brain 

region summary measures, cortical surface area in 66 regions of interest, and cortical 

surface area at vertices across the surface of the brain with univariate linear models, 

while controlling for known covariates including sex, age, height, weight, BMI, and 

neurological diagnosis. 

 

Results 

 We initially tested the hypothesis that skull shape differs between 27 European 

populations using a multivariate analysis of variance (ANOVA) test and find 

overwhelming evidence for an association (P < 1 x 10-182). We then tested whether these 

population differences exhibit geospatial structure using a Mantel test and find that 

geographic distances between populations are strongly (rM = 0.51, P < 1 x 10-5) positively 

correlated with craniometric distances between populations (Fig. 2.1A). 

 This geospatial structuring of populations led us to construct a map of Europe based 

solely on cranial morphology. We used non-metric multidimensional scaling to represent 

craniometric distances and aligned the resulting coordinates by Procrustes scaling and 

rotation to the longitude and latitude of each population (Table 2.S1), while preserving 
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the relative distances between the points. A plot of these craniometric coordinates along 

with the results of hierarchical clustering confirm that this ordination captures the relative 

distances between populations well (Fig. 2.1B), although clusters have somewhat 

indeterminate membership (Fig. 2.S1). Populations defined purely on the basis of cranial 

morphology are remarkably close to the known origins of the skulls and 15 out of 27 

populations have predicted geographic locations significantly closer than is expected by 

chance (Fig. 2.1C). 

 We further tested the hypothesis that variation in skull shape is geographically 

structured by testing how well individuals can be identified with populations based solely 

on craniometric measures. A linear classifier was built from a training data set of 538 

male skulls and was applied to a test data set of 241 female skulls from 12 populations. 

34% of female skulls are correctly classified, which is highly statistically significant (P < 

1 x 10-6) and comparable to the cross-validated classification performance of the male 

skull training set. Misclassified crania are more likely than is expected by chance (P = 6.4 

x 10-5) to be from geographically proximal populations (Figs. 2.1D,E and 2.S2), which is 

consistent with the spatial structure found at the population level in this study. 

 We then tested the hypothesis that skulls exhibit clinal variation along geographic 

axes within Europe. A directional Mantel correlogram shows a monotonic decrease in 

craniometric similarity with distance in two orthogonal directions, NW–SE and NE–SW 

(Fig. 2.S3B), and this result motivated us to search for a geographic axis that can explain 

a significant fraction of the craniometric variation between populations. Redundancy 

analysis, a constrained version of principal components analysis (PCA), was used to find 

a projection that maximizes the variation of the 37 cranial measures under the condition 
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that this projection is a linear combination of longitude and latitude. The first principal 

component is statistically significant (P = 0.005) and explains 12.8% of total craniometric 

variation, more than a third of the variation (30.5%) explained by the first component of 

an unconstrained PCA. We plotted the coordinates resulting from this analysis on a map 

of Europe (Fig. 2.2A), and this map shows a clear gradient along a NW–SE axis that is 

supported by cross-validation. This suggests that a subset of cranial measures exhibit 

clinal variation along this geographic axis. 

 Six measures are significantly associated with NW–SE location, and this NW–SE 

axis  explains 25–44% of the variance of these individual measures (Fig. 2.2B and 2.S4). 

Of these measures, glabello (GOL or maximum length) and nasio occipital length (NOL), 

biasterionic breadth (ASB), and sagittal occipital arc (M28) are approximately 5% longer 

in NW populations, while basion-bregma height (BBH) and nasal breadth (NLB) are 5% 

shorter. We note that although there are clear trends in the population means of these 

measures along the NW–SE axis, the majority of variation in the measures is within 

populations. 

 To determine if brain morphometry exhibits similar geospatial population trends to 

the skull morphometry data, we estimated the ancestry of each individual in the ADNI 

sample using available genome-wide genotype data and confined attention to 626 

individuals with a high probability of having European ancestry. In order to assign the 

European region of origin most likely to reflect the genetic background of each 

individual, genotypes from ADNI subjects were merged with publically available 

genotypes from 34 reference populations geographically distributed across Europe and 

PCA was pursued. A plot of the first two principal components separates ADNI subjects 
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into two main clusters: one overlaps NW populations and one lies SE of Europe (Fig. 

2.3A) and overlaps individuals with self-reported Ashkenazi Jewish ancestry (Fig. 2.S5). 

 We find that ADNI individuals with a NW ancestry are on average 4 cm taller than 

ADNI individuals with a SE or Ashkenazi Jewish ancestry (P = 7.3 x 10-6), consistent 

with previously observed differences in height across Europe88. Our sample is evenly 

distributed along the NW–SE axis based on MCI (P = 0.84) and AD (P = 0.13) diagnosis. 

Our sample is slightly unevenly distributed based on age (P = 0.014) and sex (P = 0.002) 

as ADNI individuals with a NW ancestry are on average 2.5 years younger and include a 

greater number of female subjects. 

 We tested the correlation between degree of NW–SE European admixture and 12 

summary measures of MRI-derived brain morphology, while controlling for height, 

weight, BMI, sex, age, and neurological diagnosis. Intracranial and brain volumes and 

total cortical surface area are significantly (P < 0.0006) correlated with degree of 

admixture along the NW–SE axis (Fig. 2.3B). These three brain measures remain 

significantly associated (P < 0.05) with NW–SE admixture among males (N = 368), 

females (N = 258), and subjects without a diagnosis of Alzheimer’s disease (N = 486), 

and cortical surface area shows a trend level association (P = 0.09) in the small sample of 

healthy controls (N = 181). Therefore, the observed association between degree of NW–

SE admixture and brain morphology is unlikely to be an artifact caused by differences in 

sex or neurological diagnosis. 

 Intracranial and brain volumes and cortical surface area progressively increase with 

the amount of inferred NW European ancestry (Fig. 2.3B), and these measures are 

approximately 5% larger in the 10% of individuals with the most NW European ancestry 
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compared to the 10% with the most SE European ancestry. This percentage increase 

matches the percentage increase in cranial length and breadth observed along the same 

NW–SE geographic axis in the skull dataset (Fig. 2.2B) and can not be attributed to a 

correlation with body size since we controlled for height and weight. This correlation 

involves specific not global brain morphology because hippocampal, basal ganglia, 

ventricular, and cerebellar volumes and average cortical thickness are not associated with 

NW–SE admixture. 

 Next, we performed both a region of interest analysis and vertex-based tests across 

the cortex to test whether the surface area of specific cortical regions showed more 

significant association with the degree of NW–SE admixture. We find that cortical 

surface area predominantly in frontal and temporal lobes from both hemispheres is 

significantly associated (Table 2.S4) and is 4–9% larger among 10% of individuals with 

the most NW European ancestry compared to 10% with the most SE European ancestry. 

We find a similar frontotemporal pattern of association with the degree of NW–SE 

admixture with a vertex-based analysis (Figs. 2.4 and 2.S6). 

 

Discussion 

 In this study, we leveraged brain imaging and genome-wide genotyping from 626 

European Americans, as well as skull measurements obtained on an independent set of 

1174 individuals of European ancestry, to test the hypothesis that skull and brain 

morphology, like genetic background72,73, mirror geography within Europe. We find that 

skull and brain morphology vary continuously across Europe as evidenced by the weak 

clustering between and large variation within populations and are geospatially structured. 
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In particular, we find a significant NW–SE gradient in morphology that is independent of 

body size and involves predominantly frontotemporal cortical areas. 

 Sokal et al.75,76 reported that craniometric variation is spatially structured across 

Europe but found no clear continental trend and further could not recapitulate a map of 

Europe. However, Sokal et al.’s75,76 data was limited to population averages of only ten 

different cranial measurements from populations with non-uniform geographic coverage 

of Europe. In contrast, our finding of significant skull and brain variation along a NW–SE 

cline is consistent with genetic and archaeological evidence for gene flow due to 

prehistoric population movements along this geographic axis in Europe. For example, the 

migration of anatomically modern humans out of Africa ~40,000 years ago, postglacial 

re-expansions from refugia in southern Europe, and the introduction of farming from SW 

Asia within the last 10,000 years could have generated a NW–SE gradient that is 

manifest in the genetic diversity across populations since these events involved 

movement of people primarily from southern to northern Europe67,74,89-91. 

 Historical population expansions and invasions — e.g., Greek, Jewish, 

Phoenician92, and Viking93 — have also contributed to patterns of genetic diversity in 

Europe94. The fact that these events have not completely obscured genetic and 

craniometric clines suggests at least two theories: (i) prehistoric population movements 

made such a dominant contribution to the structure of genetic variation in Europe that 

more recent gene flow has not masked it; and (ii) local environmental factors and 

selection acted to restore clinal variation after gene flow occurred. One intriguing 

possibility for such an environmental factor is the cultural conditions associated with 

possessing agricultural technologies, e.g. sedentarism, altered diet including milk 
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consumption95, and new disease exposures. As these technologies spread from SE to NW 

Europe over several thousand years89, natural selection may have acted either directly or 

indirectly to alter brain morphology thus creating the clinal variation found in this study. 

 The genetic basis for this geographic trend in skull and brain variation is 

strengthened by the observation of the trend in North American individuals of European 

ancestry. The environment — e.g. nutrition and prenatal healthcare — can influence skull 

morphometry due to developmental plasticity70,71 and may be correlated with genetic 

variation across Europe. In contrast, environmental exposures may vary among European 

Americans but this variation is less likely to be geographically structured based on 

individuals’ European ancestry. Furthermore, Ashkenazi Jewish individuals are 

geographically dispersed in Europe and yet are genetically quite similar and genetically 

intermediate between southeastern European and Middle Eastern populations84,96-98. This 

provides further support that the observed NW–SE clinal variation in brain morphology is 

driven by genetic more than environmental differentiation of these populations. 

 Brain volume and cortical surface area in humans increased dramatically after our 

evolutionary divergence from non-human primates, peaking some 35,000 years ago, and 

has since decreased in conjunction with body size99. Craniometric studies have shown 

that random genetic drift can explain the morphological differences between 

Neanderthals (who had significantly larger brains) and modern humans100 and can 

account for most differences between human populations worldwide67,69. Larger brain 

size in modern humans is thought to be weakly correlated with increased cognitive 

performance101, and therefore could have been subject to mild positive selection. 

Alternatively, larger skulls may have been selected for their increased globularity – i.e. a 
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greater volume to surface area ratio – and thus reduced heat loss for a given brain size. 

Consequently, larger skulls may have provided a small selective advantage to humans in 

colder climates102 and indirectly resulted in modestly increased brain volumes in northern 

European populations. However, whether or not the morphological diversity we have 

observed across Europe resulted from neutral genetic drift, natural selection, or a 

combination of both is an open question. 

 There are limitations to the data sets we analyzed, but we contend that they are 

sources of noise that would mask and not falsely generate the clinal geographic variation 

in skull and brain morphology that we have described. First, the collection of European 

skulls that we analyzed came from individuals living during a broad range of time periods 

within the past 500 years. Average skull morphology at any particular location in Europe 

has likely evolved over time as the result of environmental changes and genetic 

demographic shifts due to regional migrations. However, we found no relationship 

between the age (Medieval or modern) and geographic location of the populations from 

which the skulls were obtained. Therefore, this sampling of skulls from different time 

periods had the potential to obscure continental variation in skull morphology. It is 

striking that, despite this source of noise, we find strong evidence for clinal skull 

variation along a NW–SE axis. 

 A second potential source of noise is the use of subjects diagnosed with mild 

cognitive impairment (MCI) and Alzheimer’s disease (AD). Reductions in brain volume, 

cortical area and cortical thickness have been consistently observed in AD and, to a lesser 

extent, in MCI. If subjects with a diagnosis of AD or MCI were more likely to have 

inferred genetic ancestry from southeastern Europe, then we might have falsely attributed 
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differences between NW and SE European brain morphology to genetic background and 

not neurological disease status. However, neither AD nor MCI diagnosis were 

significantly associated with degree of inferred NW–SE ancestry. Moreover, brain 

morphology remains significantly associated with NW–SE admixture if we exclude 

subjects with AD, and cortical surface area shows trend level association in the small 

sample of healthy controls. 

 In summary, we find consistent and highly significant clinal variation in both skull 

and brain morphology in Europe despite these sources of noise. We predict that this 

geographic trend will be even more apparent in a recent cohort of healthy, non-elderly 

adults sampled from across the European continent. 

 It is plausible that genes responsible for cortical expansion during human 

evolution retain a role in brain development and contribute to normal variation in brain 

morphology within and between modern human populations22,103. Identifying these genes 

could contribute to our understanding of developmental abnormalities associated with 

neuropsychiatric diseases such as autism and schizophrenia. In this context, admixture 

mapping may prove to be a powerful strategy for identifying genomic regions responsible 

for overt brain morphology differences among individuals of European ancestry. 

Independent of the use of admixture for identifying genes, our results suggest that in any 

study seeking to identify genes that influence brain morphology, genetic background 

should be taken into consideration as it reflects historical mixing and then isolation of 

populations. 
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Supplementary Information 

 

Materials and Methods 

Craniometric (Skull) Measures 

 Craniometric data. 1174 male crania (skulls) from 27 European populations were 

analyzed, including 1005 individuals with complete data and 169 with three or fewer 

missing measurements that were imputed with a random forest algorithm in R. This 

missing data criterion was selected to provide a balance between increased sample size 

and increased measurement noise. 281 individuals with four or more missing 

measurements were excluded from our analyses. We excluded crania that were obtained 

on individuals living more than 1000 years ago to alleviate noise associated with decay 

and measurement artifacts and ultimately increase the likelihood of using higher quality 

specimens. Each of 37 measurements within each population was tested for normality 

with a univariate Shapiro-Wilks test, and four crania were removed as outliers. 

 Craniometric distance. A multivariate analogue of Levene’s test (betadisper in the 

R package vegan) confirmed homoscedasticity of the 37 measures across all populations. 

This justified using a single covariance matrix in the pairwise distance calculations, 

which was required in order for generalized distances to be symmetrical, i.e. A➞B = 

B➞A. Ordinations of the craniometric distance matrix were generated by non-metric 

multidimensional scaling (MDS), which was initialized by the principal coordinates 

analysis solution with 100 random restarts of the analysis. Stress was plotted versus 

solution order, and a four-dimensional ordination (stress = 0.11) was selected since 

higher order solutions provided diminishing reductions in stress. A Shepard plot 
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confirmed that this ordination captured the ranks of distances between populations with 

no obvious outliers. 

 Spatial autocorrelation and distance matrix tests. An omni-directional Mantel 

correlogram between craniometric and geographic distance matrices was computed using 

nine distance bins (N = 72 per bin; Fig. 2.S3A), and a directional correlogram was 

computed using four distance bins (N < 40 per bin; Fig. 2.S3B) in two orthogonal 

directions to test for anisotropy of spatial autocorrelation (a positive rM statistic 

corresponded to positive correlation). The craniometric distance matrix was spatially 

detrended by computing the residuals of a multiple linear regression with longitude, 

latitude, and latitude squared as significant predictors, from which a Mantel correlogram 

was generated (Fig. 2.S3C). Correlations in each distance class were tested for 

significance by permutation testing and adjusted by progressive Bonferonni correction81. 

 Craniometric ordination. Craniometric and geographic ordinations were aligned 

using Procrustes analyses, and the significance of the correlation between them was 

assessed via permutation testing (t = 0.65, P < 0.0001). The coordinates of each 

population estimated from craniometric distances were plotted, and points were labeled 

by cluster membership based on hierarchical agglomerative complete linkage of the 

Mahalanobis distance matrix. In addition, average hierarchical clustering of population 

correlations based on 37 cranial measures revealed similar population clusters (Fig. 

2.S1B). Multi-scale bootstrapping (Fig. 2.S1B) and a silhouette plot (Fig. 2.S1A) showed 

indistinct membership of clusters, with some populations bordering two clusters. A 

minimum spanning tree was overlaid on the plot to emphasize that the ordination 

preserved many relative distances. 
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 Cranial classification. Classifier performance was assessed via leave-one-out 

cross-validation on the male crania data (treated as a training set) and then applied to the 

female crania data (treated as a test or replication data set). The significance of the 

resulting confusion matrices was assessed by a Monte Carlo approximation of Fisher’s 

exact test. In order to assess classifier performance in all 27 populations in the study we 

performed an additional analysis using only the male crania. We split male crania data 

into a training (75% of skulls) and a test (25%) data set and analyzed classifier 

performance as a function of predicted distance errors (Fig. 2.S2). The classification 

performance using this male skulls test set appeared qualitatively similar to the 

classification performance using the female skulls test set (Fig. 2.1E). 

 Geographic variation. Population eigenvalues for the first constrained axis of a 

redundancy analysis were interpolated by kriging to create an isocline map of Europe. 

Geographic coordinates were transformed with a Lambert azimuthal equal area projection 

before kriging. A semi-variogram was fit with a linear model (nugget = 0.14, slope = 

2.66), and these parameters were used in an ordinary kriging model. Cross-validation 

indicated that predicted values were highly correlated with observed values (r = 0.88). 

More complex kriging models that accounted for anisotropy and linear trend gave similar 

results. 

 

MRI Measures and Genotype Information 

 ADNI subjects. Data used in the preparation of this article were obtained from the 

Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (www.loni.ucla.edu/ 

ADNI). The ADNI was launched in 2003 by the National Institute on Aging (NIA), the 
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National Institute of Biomedical Imaging and Bioengineering (NIBIB), the Food and 

Drug Administration (FDA), private pharmaceutical companies and non-profit 

organizations, as a $60 million, 5-year public-private partnership. The primary goal of 

ADNI has been to test whether serial magnetic resonance imaging (MRI), positron 

emission tomography (PET), other biological markers, and clinical and 

neuropsychological assessment can be combined to measure the progression of mild 

cognitive impairment (MCI) and early Alzheimer’s disease (AD). Determination of 

sensitive and specific markers of very early AD progression is intended to aid researchers 

and clinicians to develop new treatments and monitor their effectiveness, as well as 

lessen the time and cost of clinical trials. 

 The Principle Investigator of this initiative is Michael W. Weiner, M.D., VA 

Medical Center and University of California, San Francisco. ADNI is the result of efforts 

of many co-investigators from a broad range of academic institutions and private 

corporations, and subjects have been recruited from over 50 sites across the U.S. and 

Canada. The initial goal of ADNI was to recruit 800 adults, ages 55 to 90, to participate 

in the research — approximately 200 cognitively normal older individuals to be followed 

for 3 years, 400 people with MCI to be followed for 3 years, and 200 people with early 

AD to be followed for 2 years. For up-to-date information see www.adni-info.org. 

 Genotyping. ADNI samples were genotyped with the Illumina Human610-Quad 

BeadChip and were included if they had a >90% genotyping rate. PLINK82 was used to 

predict sex, and subjects with conflicting sex annotation were excluded. 

 MRI processing. All scans were first corrected for scanner- and site specific spatial 

distortions, based on information provided for each system by the scanner 
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manufacturers104. The two 3D T1-weigted scans were then rigid body registered to each 

other (motion corrected) and subsequently averaged together to increase the signal to 

noise ratio. Next, subcortical and cortical segmentation were performed for each 

subject105. The Brain Volume measure was calculated as the sum of the volumes for all 

cortical and subcortical gray and white matter ROIs106. 

 After MRI segmentation, voxels identified as either brain or ventricles were set 

equal to 1, and all other voxels were set equal to 0. This binary mask was repeatedly 

smoothed with a Gaussian kernel to produce a simply connected uniform mask, covering 

all sulci, whose boundary smoothly tapered from 1 to 0 over the length of a few voxels. 

The Intracranial Volume (ICV) measure was approximated as the volume of this mask. 

 Cortical thickness measures were obtained by calculating the distance between 

those surfaces at numerous points (vertices) across the cortical mantle107. Continuous 

maps of cortical surface area were obtained by computing the area of each triangle of a 

standardized tessellation, mapped to each subject’s native space using a spherical atlas 

registration procedure105. This provides point-by-point estimates of the relative areal 

expansion or compression of each location in atlas space. Cortical maps were smoothed 

with a full-width-half-maximum Gaussian kernel of 30 mm and mapped into a 

standardized spherical atlas space, using a non-rigid high-dimensional spherical 

averaging method to align cortical folding patterns105. This procedure provides accurate 

matching of morphologically homologous cortical locations across subjects on the basis 

of each individual’s anatomy while minimizing metric distortion. The maps produced are 

not restricted to the voxel resolution of the original images and are thus capable of 

detecting sub-millimeter differences between groups107. 
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 Ancestry estimation using the genotype information. PLINK was used to merge 

ADNI genotypes with 34 European reference populations from POPRES, HGDP, and 

HapMap. Single nucleotide polymorphisms (SNPs) with >2% missingness and 

individuals with >90% missing genotypes were removed to generate a consensus file 

with 71,466 SNPs. SNPs were pruned based on linkage disequilibrium (R2 > 0.5, 50 SNP 

window, 5 SNP slide increment) in order to remove redundant markers that might skew 

ancestry estimates, leaving 59,908 SNPs. In a separate analysis, PLINK was used to 

merge ADNI genotypes with two HapMap populations (CEU, TSI) and a publically 

available data set of normal controls from New York with self-reported NW and SE 

European and Ashkenazi Jewish ancestry. Illumina HumanHap300 genome-wide 

genotype data was downloaded from the InTraGenDB web site 

(https://intragen.c2b2.columbia.edu). The consensus file contained 280,998 SNPs, and 

the final pruned file contained 170,922 SNPs. 

 Principal components analysis. The smartpca software83 was used to find the first 

ten eigenvectors that explained the most variance in the reference genotypes. All 

individuals, including those from the ADNI data set, were projected along these 

eigenvectors. Individuals with eigenvalues along the first five components that were more 

than six standard deviations from the mean were removed as outliers (smartpca default 

setting). Using this procedure, 33 individuals (2.3%) from the European reference 

populations were removed, while only 3 individuals (0.5%) from the ADNI study were 

removed. 10% of SNPs with the largest loadings on the first two principal components 

were removed, including SNPs within the lactase enzyme and other genes known to have 

alleles that vary in frequency across Europe. Smartpca was run again using the remaining 
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53,704 SNPs, and the first two principal components, explaining 0.33% and 0.13% of the 

variation, were highly correlated (r = 0.99) with components from the initial analysis and 

therefore represented genome-wide variation and were used for further analysis. 

 For each reference population, the average and standard deviation of the first two 

principal components of all individuals in that population were calculated. Procrustes 

analysis was used to align these average principal component coordinates to longitude 

and latitude coordinates of the populations. A -18° rotation resulted in an optimal 

alignment and was similar to the -16° rotation observed by Novembre et al.72. Therefore, 

the addition of the ADNI subjects to the principal components analysis likely did not 

skew the correspondence between genetic and geographic distances in Europe. 
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CHAPTER 3 

 
ASSOCIATION OF COMMON GENETIC VARIANTS IN GPCPD1 WITH 

SCALING OF VISUAL CORTICAL SURFACE AREA IN HUMANS 
 
 

 Visual cortical surface area varies two- to three-fold between human individuals, 

is more than 80% heritable, and has been correlated with visual acuity and visual 

perception. However, it is still largely unknown what specific genetic and environmental 

factors contribute to normal variation in the area of visual cortex. To address this 

question, we performed a genome-wide association study (GWAS) to identify single 

nucleotide polymorphisms (SNPs) associated with the proportional surface area of visual 

cortex. We identified one SNP (rs6116869) that showed strong association (p = 8.8 x 

10-7) and replicated in an independent cohort (p = 0.015). Furthermore, a meta-analysis of 

the two cohorts identified a more significantly associated SNP (rs238295, combined p = 

7.9 x 10-8) that was in strong linkage disequilibrium with rs6116869. rs238295 was also 

significantly associated with bilateral superior temporal cortical area, but in the opposite 

direction as the association with occipital cortical area. rs6116869 and rs238295 are 

located near the promoter of GPCPD1, which in humans is significantly (p = 2.1 x 10-19) 

more highly expressed in occipital cortex compared to other cortical regions than 99.9% 

of genes genome-wide. Based upon these findings we conclude that common genetic 

variation contributes to the proportional area of human visual cortex. 
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Introduction 

 Primates, including humans, rely on vision to navigate their environment, find 

food, and avoid predators. Visual performance varies between primate species due partly 

to genetic variation, and better vision may have provided an evolutionary fitness 

advantage. For example, allelic diversity of visual pigments in the eye evolved 

convergently in apes, Old World monkeys, and howler monkeys108 and enabled red-green 

color discrimination, enhancing these primates’ ability to identify sources of food109. 

 Visual performance also varies within primate species, such as between human 

individuals110, and this performance may be correlated with the number of neurons 

available to process visual information. Indeed, two studies of healthy human subjects 

found that increased surface area of primary visual cortex (V1), and thus more neurons in 

V1111, was associated with increased Vernier acuity112 and decreased susceptibility to two 

optical illusions113. It is striking that visual cortical surface area is associated with optical 

illusion strength because this result implies that the number of neurons in V1 can explain 

human variation in the conscious perception of seemingly physically identical stimuli. 

 In addition, individuals have highly variable portions of their brains devoted to 

visual processing since the surface area of visual cortical regions, e.g. V1, V2, and V3, 

varies two- to three-fold in humans114,115, and this variation is significantly greater than 

for the total area of the cortex. Thus, both the absolute area and proportion of the cortical 

sheet allocated to processing vision varies between individuals. However, it is still largely 

unknown what specific genetic and environmental factors contribute to normal variation 

in the absolute and proportional size of visual cortex. To address this question, we 

performed a genome-wide association study (GWAS) to identify single nucleotide 
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polymorphisms (SNPs) associated with the proportional surface area of visual cortex in 

two independent human cohorts. 

 Human twin studies have demonstrated a significant genetic component to total 

cortical area (>80% heritable)60, and the occipital proportion (including visual cortical 

areas) of cortical gray matter volume is also quite heritable116. These studies reveal that 

genes have both global and regional effects on cortical surface area, which also appears 

to be true in mice. For example, Airey et al.117 reported that two strains of inbred mice 

with different genetic backgrounds have different proportions of cortex allocated to 

primary visual and somatosensory cortex, and these strains can be reliably discriminated 

based upon these regional as well as global measures of cortical surface area. 

 Furthermore, specific homeobox transcription factors (e.g. EMX2 and PAX6) have 

been identified that are expressed in gradients across the surface of the mouse brain 

during neural development and that control the anterior-posterior distribution of cortical 

areas15,118. Cortex-specific over-expression of EMX2 in mice resulted in an expansion of 

occipital areas and a corresponding reduction in sensory and motor areas that led to 

dysfunctional tactile and motor behaviors119. Similarly, EMX2 and PAX6 may be 

expressed in gradients during neural development in human subjects120, and individuals 

with protein coding mutations in PAX6121,122 exhibit cortical malformations. In addition, 

EMX2 mutations have been associated with schizencephaly, a rare cortical developmental 

disorder123,124, although these mutations likely explain a small fraction of this disease 

burden125,126. 

 Genetic variants may also mediate more subtle variation in human cortical 

structure. For example, two candidate gene studies recently identified SNPs in 



 

 

58 

microcephaly genes22 and MECP261 that explained a small but statistically significant 

amount of variation in total cortical surface area between human individuals and were 

replicated in independent study populations. 

In this study, we extend the analysis of the data sets used in those studies in two 

ways. First, we performed an unbiased GWAS rather than selecting candidate genes in 

order to identify novel genetic loci that contribute to normal variation in human cortical 

structure. Second, we analyzed the scaling of occipital cortical surface area with total 

cortical area because of the aforementioned evidence from mice and human twin studies 

that this scaling relationship may be under independent genetic control from overall brain 

size. 

 

Results 

 In a sample of 421 human subjects with Norwegian ancestry from the Thematic 

Organized Psychoses (TOP) study, we found that occipital cortical surface area is highly 

correlated with total cortical area (r = 0.85, p = 3.1 x 10-118). The occipital cortex 

occupied, on average, 12.1% of total cortical surface area regardless of brain size, and the 

occipital fraction of cortex ranged from 11.1% to 14.8% in all subjects. We hypothesized 

that this variation was due partly to genetic differences between subjects. Therefore, we 

tested SNPs genome-wide for their effect on the scaling relationship between occipital 

and total cortical surface area. Specifically, we tested each SNP in a GWAS for the 

strength of the interaction between the SNP minor allele account and total cortical surface 

area in predicting occipital cortical surface area, while controlling for sex, age, and 

diagnosis. This interaction effect would reflect the degree to which the SNP accentuated 
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the influence of overall cortical surface area on occipital cortical surface area (i.e., 

modified the scaling relationship between total and occipital cortical surface area). 

 One SNP (rs6116869, minor allele frequency = 0.36) showed strong interaction 

association (p = 7.75 x 10-8, β = 0.0285, SE = 0.0052, n = 413) with occipital cortical 

surface area, although this SNP did not quite reach genome-wide significance (p < 5 x 

10-8). A quantile-quantile plot of -log10(p-values) from the GWAS revealed moderate 

genomic inflation (λGC = 1.25), and this inflation suggested that the original SNP p-value 

may have been artificially low. Thus, we sought a more accurate estimate of the p-value 

in two ways: accounting for genetic relatedness between subjects and permutation testing. 

In addition, we tested the SNP for association in an independent replication cohort and 

for interaction association with surface area across the whole cortex. Finally, we 

investigated the cortical expression pattern of GPCPD1, a nearby gene, in two human 

brains. 

 First, despite the fact that subjects were unrelated and self-reported Norwegian 

ancestry, we hypothesized that subtle population structure or cryptic relatedness could 

have compromised the statistical independence of subjects. A lack of independence 

would have decreased SNP variance estimates and associated p-values, resulting in 

genomic inflation. Initially, we approximated population structure in our study by using 

principal components analysis (PCA) to estimate major axes of variation of genome-wide 

allele frequencies. We repeated the GWAS, while controlling for sex, age, and diagnosis, 

as well as population structure along the first four axes from the PCA, which has been 

shown to help correct for population stratification83. We found that genomic inflation was 

slightly reduced (λGC = 1.23), and rs6116969 association was now genome-wide 
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significant (p = 4.95 x 10-8, β = 0.0289, SE = 0.0052). We performed genomic control, 

and rs6116869 still showed markedly stronger association (pGC = 8.79 x 10-7, β = 0.0289, 

SEGC = 0.0058) than other SNPs (Figures 3.S1 and 3.S2). 

 Next, in order to account for possible cryptic relatedness and additional 

population structure, we inferred a kinship matrix from genome-wide data. We included 

this measure of genetic relatedness as a random effect along with the four principal 

components from the PCA as fixed effects in a second follow-up GWAS. Linear mixed 

models such as this one have been successfully applied in a GWAS setting and can 

reduce genomic inflation more than principal components alone127-129. Strikingly, we 

found that 68% of the residual variance of occipital cortical area (after controlling for 

total cortical area, age, sex, diagnosis, and four principal components) could be attributed 

to genetic effects described by the estimated kinship matrix. This finding implies that 

genetic variation in linkage disequilibrium with common genetic variations used in our 

GWAS explains the majority of differences in the occipital proportion of cortical area 

between individuals, although the fact that more SNPs were not identified in our GWAS 

suggests that many genes contribute a small amount to this cortical variation. Genomic 

inflation was not further reduced when including the kinship matrix, and we focused on 

the simpler model that included the four PCA measures of population structure. 

 Finally, permutation tests were used to estimate the significance of rs6116869 

association, and the permuted p-value (pperm = 6 x 10-7) supported the genomic control p-

value, suggesting that genomic control had effectively corrected for inflation. Thus, for 

the remainder of the analysis, we report the conservative genomic control standard errors 

and p-values. 
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 We found that the slope of the linear regression that related occipital to total 

cortical surface area varied based on rs6116869 genotype, such that each copy of the 

minor allele increased the slope by 28% (Figure 3.1a). On average, the occipital cortex of 

subjects heterozygous for rs6116869 (GT genotype, n = 184) occupied 12.7% of total 

cortical surface area, and this occipital proportion was independent of total cortical area 

(Figure 3.1b). In contrast, subjects homozygous for the major allele (GG, n = 171) had an 

occipital proportion that decreased from 13.2% to 12.6%, on average, over the range of 

total cortical area observed in our study. Likewise, subjects homozygous for the minor 

allele (TT, n = 58) had an occipital proportion that increased from 12.5% to 13.2% over 

this same range. These 0.6% differences in the occipital proportion of cortex based on 

rs6116869 genotype represented a difference in absolute occipital cortical area of 

approximately 11 cm2, equal to almost half the area of primary visual cortex (V1)113. So, 

for example, in the subset of subjects with relatively large total cortical surface area 

(approximately 2000 cm2), subjects with the GG genotype had an occipital cortical area 

of 251 cm2 while subjects with the TT genotype had an occipital cortical area of 262 cm2. 

 We sought to replicate the rs6116869 association with occipital cortical area in an 

independent subject cohort. We selected 482 subjects – healthy controls or diagnosed 

with mild cognitive impairment (MCI) – from the Alzheimer’s Disease Neuroimaging 

Initiative (ADNI) dataset who clustered with European reference populations based on 

genome-wide genotype data. rs238288 was the closest proxy for rs6116869 that was 

genotyped in the ADNI sample, and this SNP was highly correlated (r2 = 0.96 in HapMap 

CEPH) with and 2.5 kb upstream from rs6116869. We tested rs238288 for a significant 

interaction with total cortical surface area in predicting occipital cortical surface area with 



 

 

62 

the identical test used in the GWAS (i.e. controlling for sex, age, diagnosis, and 

population structure). We found modest genomic inflation (λGC = 1.19, Figure 3.S3) in 

the ADNI study that was comparable to the inflation observed in the TOP study. 

rs238288 was significantly associated before (one-tailed p = 0.0083, β = 0.0123, SE = 

0.0051, n = 477) and after (pGC = 0.015) genomic control, and the combined p-value with 

rs6116869 from the GWAS was pGC = 4.72 x 10-7 based on an inverse variance-weighted 

Z-score130. 

 In order to refine the association of this genetic locus with occipital cortical area 

scaling, we imputed SNPs for both the TOP and ADNI samples in a 600 kilobase window 

around rs6116869 and performed a meta-analysis of these SNPs. We combined the 

genomic controlled p-values for the imputed SNPs from TOP and ADNI (Figure 3.2), 

and we identified the SNP (rs238295) that was most significantly associated (combined 

pGC = 7.87 x 10-8). rs238295 was highly correlated with and proximal to both rs6116869 

(r2 = 0.88, 6kb upstream) and rs238288 (r2 = 0.84, 3.5kb upstream). 

 Given the finite extent of the cortex, we expected that a relative increase in 

occipital cortical surface area would be associated with a compensatory decrease in 

surface area in other cortical regions. Therefore, we performed a region of interest (ROI) 

analysis in both the TOP and ADNI samples and tested rs238295 for association with 66 

regions defined by cortical folding patterns. For each cortical region, we calculated the 

genomic inflation adjusted p-value for the interaction between rs238295 and total cortical 

surface area, and combined these p-values from TOP and ADNI (Table 3.S1). As 

expected, we found that rs238295 was strongly associated with the surface area of 

occipital cortical regions, including bilateral pericalcarine area, which is highly correlated 
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with V1 area114, as well as lingual and lateral occipital areas. Intriguingly, rs238295 was 

also significantly associated with bilateral superior temporal cortical area in both studies 

(combined p = 0.006), but in the opposite direction relative to the association with 

occipital cortical area. Thus, individuals homozygous at rs238295 with a relatively large 

occipital cortex had a relatively small superior temporal cortex, and vice versa. 

 In order to better visualize the SNP association with different cortical regions in 

the TOP cohort, we tested the interaction association of rs6116869 with total cortical area 

at each location across the cortical surface. A cortical map of -log10(p-values) broadly 

supported the region of interest analysis and also highlighted significant SNP associations 

with bilateral superior frontal cortical regions in the TOP study (Figure 3.3). 

 The genotyped SNP that was most significantly associated with occipital cortical 

area in the TOP sample (rs6116869) is located approximately 3kb upstream of the protein 

coding gene GPCPD1, glycerophosphocholine phosphodiesterase GDE1 homolog (S. 

cerevisiae), and the most significant imputed SNP in the combined analysis of both TOP 

and ADNI samples (rs238295) is located 6kb downstream in the first intron of GPCPD1. 

These SNPs lie at the end of a 100kb linkage disequilibrium block that spans the full 

length of the gene, and this block includes DNA sequence just upstream of the promoter 

to 30kb distal to the 3'-UTR. 

 We explored the cortical expression pattern of GPCPD1 in two adult brains using 

the Allen Human Brain Atlas131, and we found that this gene had 1.5-fold greater 

expression specifically in occipital cortex compared to other cortical regions (Figure 

3.S4). This relatively higher occipital expression was supported by two independent 

probes used to assess GPCPD1 expression in both brains and was more significant (p = 
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2.1 x 10-19) than 99.9% of genes (all but 11 genes) genome-wide (see Supplementary 

Methods). 

 

Discussion 

 We performed a GWAS of occipital cortical area scaling with total cortical 

surface area in human individuals, and we identified one SNP (rs6116869) that showed 

strong association (p = 8.8 x 10-7) and replicated in an independent cohort (p = 0.015). A 

meta-analysis of proximal SNPs identified rs238295, in strong linkage disequilibrium 

with rs6116869, as the most significantly associated SNP (combined p = 7.9 x 10-8). 

Furthermore, rs238295 was associated with the scaling of bilateral superior temporal 

cortical surface area in opposition to the scaling of occipital cortical area. These SNPs are 

located near the promoter of GPCPD1, a gene that is more highly expressed in the 

occipital cortex compared to other cortical regions in the adult human brain than virtually 

any other gene. 

 In humans, components of the visual system – retina, optic nerve, and visual 

thalamus (LGN) and cortex (V1, V2, and V3) – scale in size together114,115. Moreover, 

mammalian brain size explains more than 95% of the variation in size of individual brain 

components, including neocortex, presumably due to evolutionarily conserved constraints 

on neural development9. However, there is also evidence for ‘mosaic’ brain evolution, 

when sets of functionally or anatomically linked brain structures have evolved 

independently of brain size8. For example, while LGN and V1 are highly correlated in 

size in primates, including humans, these visual structures are significantly smaller than 

would be expected for a non-human primate with a brain our size132. The mosaic 
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evolution of primary visual cortical surface area among primates suggests that this region 

was under independent genetic control from the remainder of cortex on the evolutionary 

lineage leading to modern humans. Genetic variation between primate species that 

explains differences in the relative sizes of visual cortex may contribute to the two to 

three-fold variation in surface area of visual cortical regions observed between human 

individuals. 

 We found that the proportional area of occipital cortex varied by 33% between 

individuals (range 0.11–0.15), and this phenotype showed the same pattern of association 

with rs238295 as the absolute occipital cortical area. Likewise, Schwarzkopf et al.113 

found that illusion strength was significantly correlated with both the absolute and 

proportional size of primary visual cortex. If a larger fraction of the cortex is allocated to 

visual processing, then less cortical area and likely fewer neurons111,133 are available to 

process information in other cortical regions. We found that superior temporal cortical 

surface area was significantly decreased in individuals with relatively large visual cortical 

area. If this slight reduction in cortical area is associated with decreased information 

processing capacity, then one could potentially measure subtle changes in auditory 

processing, including language, which is associated with the left superior temporal 

gyrus134, as well as changes in visual spatial awareness, which is associated with the right 

superior temporal gyrus135. However, more studies are needed to confirm the micro-

structural basis for MRI measurements of cortical surface area in healthy adults. In 

addition, studies must distinguish whether absolute or relative cortical surface area is 

under more direct genetic control and which measure has more functional relevance. 
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 We observed moderate genomic inflation in both the TOP and ADNI studies, 

although there were no clear outlier measurements of occipital cortical area in either 

cohort, and residuals from the linear models did not deviate significantly from normality 

in the TOP (p = 0.63) or ADNI (p = 0.44) studies using a sensitive Shapiro-Wilk test. In 

addition, we could attribute only a small part of this inflation to either population 

stratification or cryptic relatedness using two different statistical approaches. However, 

additional subtle population structure may have contributed to the genomic inflation. In 

any case, the consistency between the p-values obtained with permutation testing and 

genomic control suggested that the genomic control p-values that we reported were 

conservative. 

 The DNA sequence of GPCPD1 is highly conserved from mouse (89% identical) 

to fruit fly (48%), and the protein includes two conserved domains used in glycogen 

metabolism in mammals. This gene is widely expressed including in adult mouse and 

human brain131,136, but its function has only has been investigated in mouse skeletal 

muscle growth137. Remarkably, in two human brains, only 11 genes genome-wide had 

significantly higher expression than GPCPD1 in occipital cortex, including MET, 

SCN1B, and GPR161, which are involved in neurodevelopmental and neurophysiological 

processes138-140. Moreover, a common variant in the promoter of MET has been 

associated with two-fold increased risk for autism spectrum disorder141, and a mutation in 

SCN1B has been linked to generalized epilepsy142. However, the role of GPCPD1 in 

human brain development, aging, and pathology has not yet been established. 

 Altered expression of GPCPD1 could contribute to variation in cortical surface 

area in at least three ways during and after neurodevelopment. It is now recognized that 
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normal cortical development requires the interaction of both molecular (intrinsic) and 

afferent (extrinsic) signals143. The ‘protomap’ model of cortical development proposed by 

Rakic et al.133 emphasizes the role of molecular signaling and suggests that cortical 

progenitors in the developing brain already have an areal identity before migrating along 

radial glia to their final laminar location in the cortex. GPCPD1 could potentially modify 

cell division dynamics of those cortical progenitors destined specifically for occipital and 

temporal cortical regions, and thereby change the final number of neurons and thus 

surface area111,144 of these regions. This is the mechanism by which genes mutated in 

microcephaly are proposed to severely reduce cortical surface area in that disorder, and 

common variation in these same genes may also explain normal variation in cortical 

surface area22. 

 A complementary ‘protocortex’ model of cortical development emphasizes the 

importance of sensory stimulation during a critical period. This model is supported by the 

observations that the surface area of primary visual cortex is significantly smaller in 

primates without retinal input145 and in congenitally blind (but not late blind) human 

subjects relative to healthy controls146. Genes play a crucial role in guiding axons of 

thalamic neurons to the visual cortex147, and it is possible that GPCPD1 contributes to 

this thalamocortical connectivity, and thus to sensory mediated remodeling of visual 

cortical area. 

 Finally, it is possible that GPCPD1 contributes to variation in visual cortical area 

in the adult brain after cortical development has completed. Although we are not aware of 

any studies that have demonstrated genetically mediated plasticity in adult visual cortex, 

two studies have provided indirect evidence for neuronal plasticity in other cortical 
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regions due to relevant environmental exposures. For example, London taxi drivers have 

hippocampal volumes that are correlated with the number of years of experience that they 

have navigating the city148, and bilingual speakers have inferior parietal gray matter 

densities that are correlated with their proficiency in a second language149. Further studies 

are needed to explore the contribution of genetic variation to this plasticity and associated 

changes in cortical surface area, specifically in visual cortex. However, changes in 

cortical area due to plasticity would have to occur in early adulthood because the 

association between genetic variation in GPCPD1 and occipital cortical area was 

observed in a relatively young (aged 35 ± 10 years) and an elderly study cohort (75 ± 7). 

 In summary, we predict that rs238295, or a closely linked functional variant, 

regulates expression of GPCPD1 because of its close proximity to the promoter of this 

gene. The timing and location in the brain of this differential expression, as well as the 

mechanism by which this gene influences visual cortical surface area, remain to be 

elucidated. Understanding the role of genes that contribute to normal cortical architecture 

in humans is an important step toward understanding the genetic mechanisms of cortical 

pathology in a host of heritable neuropsychiatric disorders. 

 

Materials and Methods 

 TOP Subjects. 421 subjects from the Thematically Organized Psychoses (TOP) 

study were analyzed and included 181 controls, 94 with schizophrenia spectrum disorder 

(SCZ), 97 with bipolar spectrum disorder (BD), and 49 diagnosed with major depressive 

disorder (MDD) or psychotic disorder not otherwise specified (PDNOS). These 421 
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subjects included 48.7% women, were aged 35 ± 10 years (range 18–65), and had both 

genotype data and magnetic resonance imaging (MRI) scans. 

 TOP Genotyping. DNA was extracted from blood and genotyped on the 

Affymetrix 6.0 array, as previously reported150,151. All TOP subjects self-reported 

Norwegian ancestry. 597,198 single nucleotide polymorphisms (SNPs) passed quality 

control filters (call rate > 95%, minor allele frequency > 5%, Hardy-Weinberg 

disequilibrium p < 1 x 10-6) and were merged with HapMap 3 reference populations. 

Principal component analysis (PCA) of an allele sharing distance matrix across all 

subjects did not suggest any non-European ancestry genetic outliers. 

 TOP Brain Imaging. MRI scans were performed with a 1.5T Siemens Magnetom 

Sonata scanner equipped with a standard head coil. Acquisition parameters were 

optimized for increased gray/white matter image contrast. Brains were segmented with 

the FreeSurfer software package (http://freesurfer-software.org). For more details, see 

Supplementary Materials and Methods and also Rimol et al.152. 

 ADNI Subjects. Data used in the preparation of this article were obtained from the 

Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (www.loni.ucla.edu/ 

ADNI). 482 ADNI subjects included in the replication sample self-reported as white and 

non-Hispanic and included 180 controls and 302 subjects with mild cognitive impairment 

(MCI), 39.2% women, aged 75.3 ± 6.6 years. We included ADNI subjects with MCI but 

not Alzheimer’s disease (AD) from the replication sample in an attempt to balance the 

increased power that resulted from having a larger sample size with the increased noise 

due to the pathological changes in cortical surface area that have been associated with 

these neurological disorders. 
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 ADNI Genotyping. ADNI samples were genotyped with the Illumina Human610-

Quad BeadChip. PLINK82 was used to predict sex, and subjects with conflicting sex 

annotation were excluded. 514,073 single nucleotide polymorphisms (SNPs) passed 

quality control filters (call rate > 95%, minor allele frequency > 5%, Hardy-Weinberg 

disequilibrium p < 1 x 10-6) and were merged with 34 European reference populations. 

Principal component analysis (PCA) of an allele sharing distance matrix across all 

subjects was used to remove three non-European ancestry individuals as genetic outliers. 

 ADNI Brain Imaging. MRI data was collected on 1.5 Tesla scanners at many 

study centers across the United States. The LONI web site (www.loni.ucla.edu/ADNI/ 

Research/Cores/index.shtml) describes specific protocols. Raw Digital Imaging and 

Communications in Medicine MR images were downloaded from the ADNI Data page of 

the public ADNI site at the LONI Web site (www.loni.ucla.edu/ADNI/Data/index.shtml) 

published in 2007. MRI scans were analyzed with software developed at the University 

of California at San Diego Multi-Modal Imaging Laboratory, based on the freely 

available FreeSurfer software package (freesurfer-software.org). 

 Genotype Imputation. TOP and ADNI genotypes were independently merged with 

the HapMap CEU reference population, which also included genetic variant information 

from the sequencing by the 1000 Genomes project. MACH 1.0 was used to impute 

genotypes with the default settings, and only SNPs that passed imputation quality control 

(R > 0.5) were included for further analysis. 

 Statistics. Occipital cortical area measurements had modest skew (0.40) and 

kurtosis (0.15) and deviated significantly from a normal distribution based on a Shapiro-

Wilk test (p = 0.003) but not a Kolmogorov-Smirnov test (p = 0.06). A normal 
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probability plot of occipital area measurements revealed no obvious outliers, and the data 

was not transformed for the GWAS. We tested each SNP for association using PLINK82 

to fit an additive linear model with minor allele count, sex, age, diagnosis, total cortical 

surface area, and a minor allele count by total cortical area interaction term as predictors 

of occipital cortical surface area. Genomic inflation (λGC) was estimated in the standard 

way by dividing the median observed χ2 statistic from the GWAS by 0.456, the 

approximate median of a χ2 distribution with one degree of freedom153. 

 We computed two measures of genetic relatedness between subjects. First, SNPs 

were pruned based on linkage disequilibrium (R2 > 0.5, 50 SNP window, 5 SNP slide 

increment) in order to remove redundant markers that might skew population 

substructure estimates, leaving 198,585 SNPs. The smartpca software83 was used to find 

the top four eigenvectors that explained the most variance in these genotypes, and the 

associated eigenvalues were included as covariates in a follow-up GWAS, along with 

sex, age, and diagnosis. Next, λGC was estimated again, and genomic control was 

performed. The standard errors (SE) of β coefficient estimates for the interaction term 

were multiplied by λGC
0.5 and then used to calculate adjusted χ2 statistics (β2/SEGC

2) with 

one degree of freedom and corresponding p-values. 

 Efficient Mixed-Model Association (EMMA) software154 was used to estimate a 

kinship matrix from an identical-by-state (IBS) allele sharing matrix derived from 

genome-wide data. A linear mixed model was used that included sex, age, diagnosis, and 

four population structure eigenvalues from the smartpca analysis as fixed effects, as well 

as the kinship matrix as a random effect. This linear mixed model was solved with 
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EMMA using a restricted maximum-likelihood (REML) framework, and p-values were 

obtained for each SNP by total cortical area interaction term based on a t-test. 

 The permuted p-value of the top SNP was calculated by shuffling subject 

labels (n = 108 permutations), recalculating the SNP interaction p-values, and calculating 

the fraction of permutations that showed a more significant association than the p-value 

derived from the original data set. P-values reported for the replication (ADNI) data set 

are one-tailed since we tested for a SNP effect in the same direction as in the original 

GWAS. In a meta-analysis of TOP and ADNI data sets, p-values were combined based 

on inverse variance weighted Z-scores130 calculated from the β coefficients and genomic 

inflation adjusted standard errors (SEGC). An association plot of combined p-values was 

created using the SNAP plot online tool from the Broad Institute155. 
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DISCUSSION 

Summary of findings 

 We have studied scaling relationships in the fish visual system and investigated 

the impact of common genetic variation on skull and brain morphology in humans at both 

the population and the individual level. In each of three studies, we examined anatomical 

brain variation within a single species in order to increase our understanding of how and 

why neural architecture takes its observed form. 

 In chapter 1, we focused our analysis on adult teleost fish because a fish can grow 

in length almost 100-fold during its lifetime, and this change in body size is accompanied 

by changes in brain size. Bigger brains are associated with improved vision and ability to 

detect and capture prey26, but enlarging brains also present potential challenges to fish. 

For example, the optic nerve connects the retina at the back of the eye to the optic tectum 

and is composed primarily of retinal ganglion cell (RGC) axons, and if axon diameters 

(which are proportional to optic nerve conduction velocities) remain unchanged as the 

optic nerve lengthens, then conduction delays along RGC axons will increase. Increased 

delays would change the timing of visual information arriving at the brain and would 

require additional neural circuitry to compensate for these changes. Alternatively, RGC 

axon diameters may increase to reduce changes in visual conduction delays, but enlarging 

RGCs would limit the number of new RGCs that could fit in the optic nerve thereby 

limiting increases to the visual resolution of the fish eye. Therefore, the fish visual system 

must strike a balance between increased optic nerve conduction delays and increased 

visual acuity. 
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 In order to better understand the nature of the information processing problem 

faced by growing fish, we measured the primary determinants of conduction delays in the 

optic nerve — optic nerve length and RGC axon diameters — in different sized fish. We 

find that RGC axon diameters increase to reduce average conduction delays by about half 

and to keep relative delays constant. This invariance of relative conduction delays 

simplifies computational problems faced by the optic tectum, while the moderate increase 

of average conduction delays allows for more RGC axons in the optic nerve and 

improved visual acuity. 

 In chapter 2, we extended our analysis of brain structural variation from fish to 

humans and controlled for the scaling relationship between brain and body size in order 

to investigate the effect of genetic background on neural architecture. Many anatomical 

measures of human skulls and brains are moderately to highly heritable14 and vary 

between populations worldwide. While many of these measures, such as brain volume, 

are only weakly correlated with cognitive performance in healthy individuals101, brain 

structural differences are consistently observed in subjects diagnosed with some 

neuropsychiatric disorders. For example, widespread reduction in cortical thickness 

particularly in the frontotemporal cortex is seen in subjects with schizophrenia and to a 

lesser extent in their unaffected relatives156,157. 

 Cortical thickness and other brain measures may serve as ‘endophenotypes’ or 

intermediate phenotypes that define more homogeneous subtypes of heritable diseases 

such as schizophrenia. It is plausible that endophenotypes are altered by a smaller subset 

of genetic variants than a complex disease in all its phenotypic heterogeneity. Therefore, 



 

 

75 

identifying genes associated with variation in these brain measures is an important 

strategy to elucidate genetic lesions that contribute to neuropsychiatric disease. 

 We used two independent data sets, each including hundreds of individuals, to 

characterize variation in skull and brain morphology among individuals of European 

ancestry. We find a genetic-demographic fingerprint that shows a Northwest to Southeast 

gradient in Europe, is independent of body size, and involves frontotemporal cortical 

surface area. Our findings are consistent with prior evidence for gene flow in Europe due 

to historical population movements and suggest that genetic background should be 

considered in studies seeking to identify genes involved in human cortical development 

and neuropsychiatric disease. 

 European populations exhibit different allele frequencies at tens of thousands of 

genetic loci across the genome, and many of these sites likely contribute to variation in 

cortical surface area. However, we hypothesized that fewer genetic variants of larger 

effect may contribute to variation in the proportional area of cortical regions, and 

therefore it would be possible to identify single nucleotide polymorphisms (SNPs) 

associated with cortical morphology with a sample size of several hundred subjects. 

 In chapter 3, we focused our analysis on visual cortical surface area because this 

phenotype varies two- to three-fold between human individuals and has been correlated 

with visual acuity and perception. We performed a genome-wide association study 

(GWAS) to identify SNPs associated with the scaling of visual cortical surface area 

relative to total cortical surface area. This scaling relationship can also be expressed as an 

allometric equation — 

€ 

Avisual = k(m) * Atotal
b(m ) — where the scaling exponent b and the 

proportionality constant k vary based on the number of minor alleles m of each SNP. 
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Allometric laws such as this have been used to explain differences in the relative sizes of 

brain structures between species — for example, the relative contraction of visual 

cortex132 and expansion of prefrontal cortex158 in humans compared to non-human 

primates — that are the product of genetic differences between these species. Here, we 

apply allometric analysis within humans to identify specific genes contributing to 

differences in the scaling of visual cortex. 

 The SNP rs6116869 shows strong association, replicates in an independent 

cohort, and is located near the promoter of GPCPD1, which in humans is more highly 

expressed in occipital cortex compared to other cortical regions than 99.9% of genes 

genome-wide. The highly localized expression of GPCPD1 in visual cortical regions 

lends biological plausibility to the claim that this gene helps coordinate the growth of 

visual cortex with the rest of cortex. 

Study limitations 

 In chapter 1, we primarily examined adult goldfish because much is known about 

their visual system. However, commercially available goldfish range in length from 

approximately 3 to 15 cm, which is a much smaller range than for some teleost fish such 

as Asian carp that can grow to over 100 cm long. We also examined small adult zebrafish 

in order to expand the range of fish sizes considered. Zebrafish are a common model 

organism for genetic studies so it was interesting to show that they followed the same 

visual scaling relationships we identified in goldfish. We expect that the scaling laws that 

we have described, in particular the invariance of relative conduction delays in the optic 

nerve, will hold in larger fish and in other species of teleost fish, but this remains to be 
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determined. In addition, we have not directly measured RGC axon conduction velocities, 

although it is well established that in myelinated axons velocity is proportional to axon 

diameter40. However, it is possible that biophysical changes to RGC axon cable 

properties subtly alter estimated conduction delays. 

 In chapter 2, there were several limitations to the data sets that we analyzed. First, 

the collection of European skulls came from individuals living during a broad range of 

time periods within the past 500 years. Average skull morphology at any particular 

location in Europe has likely evolved over time as the result of environmental changes 

and genetic demographic shifts due to regional migrations. However, we found no 

relationship between the age (Medieval or modern) and geographic location of the 

populations from which the skulls were obtained. Therefore, this sampling of skulls from 

different time periods had the potential to obscure continental variation in skull 

morphology. It is striking that, despite this source of noise, we find strong evidence for 

clinal skull variation along a NW–SE axis. 

 A second potential source of noise is the use of subjects diagnosed with mild 

cognitive impairment (MCI) and Alzheimer’s disease (AD). Reductions in brain volume, 

cortical area and cortical thickness have been consistently observed in AD and, to a lesser 

extent, in MCI. If subjects with a diagnosis of AD or MCI were more likely to have 

inferred genetic ancestry from southeastern Europe, then we might have falsely attributed 

differences between NW and SE European brain morphology to genetic background and 

not neurological disease status. However, neither AD nor MCI diagnosis were 

significantly associated with degree of inferred NW–SE ancestry. Moreover, brain 

morphology remains significantly associated with NW–SE admixture if we exclude 
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subjects with AD, and cortical surface area shows trend level association in the small 

sample of healthy controls. 

 In summary, we find consistent and highly significant clinal variation in both skull 

and brain morphology in Europe despite these sources of noise. We predict that this 

geographic trend will be even more apparent in a recent cohort of healthy, non-elderly 

adults sampled from across the European continent. 

  In chapter 3, we were able to replicate our finding of a significant SNP 

association with the scaling of occipital cortical surface area in two independent cohorts. 

However, due to persistent genomic inflation despite attempts to correct for population 

structure and cryptic relatedness, the combined p-value from both cohorts did not quite 

reach genome-wide significance (p < 5 x 10-8). The relatively small sample sizes of the 

cohorts (less than 500 subjects each) and the inclusion of subjects with neuropathology 

reduced our power to detect SNP associations. The top SNP from this GWAS as well as 

other SNPs associated with structural brain measures require replication in much larger 

groups of healthy individuals in order to obtain accurate estimates of effect sizes. For 

example, such large sample sizes (>180,000 subjects) have led to the discovery of over 

150 loci associated with human height159. 

 In addition, this GWAS (like most GWAS to date) was restricted to testing for the 

association of common not rare genetic variants with cortical scaling. As more whole 

genome sequencing becomes available, it will be possible to characterize the genetic 

architecture of this quantitative trait in order to determine whether it is primarily the 

result of many common SNPs of small effect or fewer rare SNPs and structural variants 

of larger effect. 
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Future directions 

  In order to expand on the analysis in chapter 1, future work should explore the 

genetic mechanisms that facilitate the coordinated growth of RGCs in teleost fish. Parrish 

et al. managed to address both why and how a neural circuit scaled in developing 

Drosophila13. They showed that sensory neuron dendritic arbors scaled with epithelial 

cell size in order to maintain constant coverage, and that signaling by the microRNA 

bantam mediated this scaling relationship. It will be interesting to see if the expression of 

one or a few genes acts as a tuning parameter that scales the length and diameter of RGC 

axons as fish grow such that the invariance of relative conduction delays is simply the by-

product of this scaling rather a feature of the visual system that must be actively 

maintained. 

 Genetic dissection of the allometric scaling of brain morphology would be a 

powerful method to apply across species. For example, in Old World monkeys and great 

apes, a scaling law predicts the volume of primary visual cortex (V1) based on the 

volume of the visual portion (lateral geniculate nucleus, LGN) of the thalamus160. This 

tight relationship makes sense because the LGN and V1 have strong anatomical and 

functional connectivity. Visual information is transmitted along RGC axons from the 

retina to the LGN and then relayed via thalamocortical axons to V1, and the brain would 

need an appropriate number of neurons in each brain region to deal with this input and 

output of information. 

 The next step is to obtain genotype or whole genome sequence data from several 

individuals in each primate species in order to explain deviations from the expected 

scaling relationship. The same GWAS strategy that was applied in chapter 3 could then 
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be applied to the scaling of V1 with LGN. A cross-species study design would provide a 

larger range of brain structure sizes that would potentially increase the power to detect 

subtle changes in the scaling exponent. 

 Brain structures in humans that clearly deviate from allometric predictions based 

on cross-species comparisons of primates are excellent candidate brain phenotypes for 

genetic dissection. For example, humans possess a significantly smaller V1 than would 

be predicted for a non-human primate with our sized brain132. Furthermore, conservation 

of DNA sequence between primate species varies across the genome, and genes with 

higher rates of mutation in the human lineage are good candidates to test for association 

with, for example, V1 cortical surface area. 

 Another powerful technique would be to explore genetic contributions to scaling 

relationships between brain structures during the growth of an organism. These 

longitudinal changes in brain shape with size can be described using the same allometric 

methods as cross-species comparisons, but brain structural measurements come from 

multiple time points during development instead of only at adulthood. This ontogenetic 

approach has the potential to elucidate genes that contribute to human neuropsychiatric 

conditions such as autism, which is characterized by early overgrowth of frontal cortical 

volume161. For example, the scaling exponent that describes the relationship between the 

volume of frontal cortex compared to overall brain volume may vary based on SNP 

genotype, in the same way that the scaling exponent for occipital cortical scaling varied 

based on genotype in chapter 3. 

 Future studies of structural brain traits, including allometric relationships between 

brain regions, should incorporate the growing list of biologically relevant genomic 
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regions that are more likely associated with the development and maintenance of brain 

structure. First, one must decide which kinds of annotation data to use, including spatial 

patterns of gene expression, protein-protein binding interactions, SNPs implicated in 

brain pathology by previous GWAS, predicted enhancer and microRNA binding sites, 

evolutionary conservation, biological pathway participants, and many other annotations 

that are available. While we understand only a small fraction of cellular and 

morphological complexity of the human brain, prioritizing SNPs for testing based on the 

biological information we do know should be better than testing SNPs at random. One 

could perform a GWAS, testing each SNP in the order of its likelihood to contribute to 

the brain phenotype of interests and then applying a progressive Bonferonni correction81 

to the observed p-values. Alternatively, one could look for an enrichment of putative 

biological functions among the top associated SNPs. 

 A more sophisticated use of genomic annotation requires statistical methods to 

simultaneously test multiple SNPs for association with the brain phenotype. For example, 

one might test for the association of all SNPs near genes known to be involved in 

neuronal dendritic growth on cortical thickness. This approach has the advantage of 

simultaneously controlling for variation at all SNPs instead of testing SNPs for 

association in isolation. Multiple linear regression can be used to test the association of a 

relatively small number of SNPs that are not in strong linkage disequilibrium (LD) with a 

brain phenotype. However, when the number of SNPs is much larger than the number of 

subjects in a study and multi-collinearity exists due to LD, then a form of regularized 

regression is required. For example, the ‘lasso’ is a form of least squares regression that 

penalizes the sum of the absolute values of coefficients based on a tuning parameter λ162. 
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Changing this parameter alters the number of SNPs included in the model from zero to 

the number of subjects, but it is unclear which parameter value is optimal, and therefore 

which SNPs are of interest. 

 One approach to increase the likelihood of identifying SNPs that are truly 

associated with the trait is known as stability selection163. In this procedure, half the 

subjects in the data set are randomly selected, λ is varied over a broad range, and the beta 

coefficients of all SNPs are plotted. This procedure is repeated 100 times with random 

subsamples of subjects, and the probability that each SNP has a non-zero beta coefficient 

is plotted for each λ. Finally, all SNPs that have a probability greater than a fixed 

probability threshold π at any value of λ are highlighted by this method. In summary, 

stability selection is a bootstrapped version of lasso that allows variable selection with 

reduced sensitivity on the tuning parameter (π), which replaces λ. 

 Another useful approach will be whole genome sequencing of subjects collected 

in traditional GWAS studies. Sequencing may reveal DNA structural variants, such as 

copy number variants, insertions, and deletions as well as rare SNPs that an explain some 

of the missing heritability in a host of structural brain phenotypes. Furthermore, whole 

genome sequencing of families affected by Mendelian disorders has already begun to 

identify causative genetic mutations164, and these genes will provide guideposts to 

understand normal variation in a host of brain phenotypes. Many genes mutated in 

Mendelian skeletal disorders have nearby SNPs that are associated with height in healthy 

individuals159. Therefore, it is plausible that genes mutated in rare brain disorders play a 

role in normal neurodevelopment, and these genes are good candidates for association 

analyses. 
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Figure 1.1. Optic nerves grow in proportion to body length (grey squares, left ordinate). If retinal 
ganglion cell (RGC) axon conduction velocities did not increase, then conduction delays would 
increase almost four-fold with body length (grey squares, right ordinate). However, RGC axon 

diameters, and therefore conduction velocities, increase with fish length, and this limits the 
increase in average conduction delays to less than 1.75-fold (black circles, right ordinate). 

 

Figure 1.2. Components of the fish visual system scale linearly. Regression intercepts are not 
significantly different than zero, and optic nerve length is approximately 10% of body length. 
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Figure 1.3. RGC axon diameters increase with fish length. Cropped electron micrographs of optic 
nerve cross-sections from (A) 21 mm zebrafish and (C) 80 mm goldfish, and (B, D) axon profiles 
identified by automated script. Images from the two fish have the same scale (scale bar = 1 µm). 

Note that partial axons touching the edges of uncropped images were excluded from analysis. (E) 
Histograms of axon diameter distributions from five fish, ordered by size, and the best fitting 

lognormal curves are plotted. Bin width = 0.07 µm for all fish. (F) The arithmetic mean (expected 
value of a lognormal distribution) of axon diameters increases with fish length. 
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Figure 1.4. The shape of axon diameter distributions remains constant with fish length. (A) 
Cumulative distributions of axon diameters measured in five fish with lognormal fits ordered from 

left to right by fish size. Fish are labeled by their mass in milligrams (see Table 1.2). (B) 
Lognormal fits were scaled by their medians. Most axon diameters are within ±10% of the 

average of the five distributions (grey band). (C) Quantile-quantile plots (log scale) show that 
lognormal curves fit the empirical distributions remarkably well, even at the tails. (D) Standard 

deviations are proportional to arithmetic means of the lognormal fits, so the shape of the 
distributions is invariant with fish size (see Materials and Methods for derivation). 
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Figure 1.5. Relative conduction delays are mostly invariant with fish size. Cumulative 
distributions of conduction delays were calculated by dividing optic nerve lengths by conduction 

velocities estimated from lognormal fits of axon diameters measured in each fish. The delay 
distributions were scaled by an iterative procedure (described in Materials and Methods) to 

maximize their overlap. The scaling factor of the smallest fish was set to 1.00 and the factors in 
the larger fish are 1.17, 1.48, 1.88, and 1.72 and are plotted in Figure 1.1. Almost all delays are 

within ±10% of the average of the five distributions (grey band). 
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Figure 1.6. The g-ratio and axon shape are relatively constant over a broad range of axon 
diameters. (A) Examples of small and large RGC axon profiles with myelin sheaths. Axon or inner 
diameter (d) and fiber or outer diameter (D) are labeled. On average, small axons have relatively 

thicker myelin (i.e. a smaller g-ratio, g = d/D) and are more circular. (B) Fiber diameter is 
proportional to axon diameter, thus the g-ratio is relatively invariant with axon size. (C) Axon 

diameter calculated based on the perimeter is proportional to the diameter based on the area, so 
axon shape is relatively invariant with axon size. (B, C) Power law (solid lines) and linear (dashed 

lines) regressions are plotted. (D) The average area of RGC axons and density of axons in the 
optic nerve for five fish in this study (open symbols) and for ten fish in Easter et al.42 (filled 

symbols) are included. Average axon area estimated from perimeters (grey squares) and cross-
sectional areas (black circles) of axon profiles are plotted. Linear regression slopes give 

estimates of the proportion of the optic nerve occupied by axoplasm depending on whether 
average axon area was based on perimeter (0.51 ± 0.02) or area (0.27 ± 0.01) measurements. 
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Figure 1.7. Average conduction delays of RGC axons are consistent with escape startle 
responses in fish of different lengths. Optic nerve conduction delays (black filled circles) 

estimated in this study increase with fish length and plateau around 2 ms. Conduction delays are 
~20% of startle response latencies (grey diamonds) measured by Eaton et al.45, independent of 
fish size. If axon diameters did not increase with fish length, then conduction delays (black open 
circles) would constitute an increasing proportion of observed latencies. The conduction delay 
(grey cross; range of fish lengths, SD of delays) between the eye and M-cell44 is intermediate 

between our estimates of optic nerve conduction delays and response latencies. The total 
duration (grey triangles) of the startle response increases with fish lengthreviewed in 46, so 

response latencies, including optic nerve conduction delays, make up a smaller fraction of the 
total escape response duration in larger fish. 
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Figure 1.S1. The automated script accurately identifies axons in five fish. (Row 1) For one 
section in each fish, empirical cumulative distributions of axon diameters identified by automated 

script are plotted. Visual inspection resulted in manual removal of incorrectly identified axon 
profiles, and a second cumulative distribution of diameters is plotted. (Row 2) The difference 

between the two distributions in (Row 1) gives an approximation of the proportion of axons that 
are incorrectly identified as a function of axon diameter. A power law was fitted to these data to 
create a probabilistic filter (see Materials and Methods) for each fish. (Row 3) For one section in 

each fish, cumulative distributions of diameters from axons identified by the filtered script and 
from axons identified by hand-tracing are plotted. Kolmogorov-Smirnov tests do not find a 

significant difference between these distributions in any fish (D = 0.03–0.09, p > 0.05). Therefore, 
after filtering, the script does not identify a significant number of false axon profiles nor does it 

miss a significant number of true axon profiles. 
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Figure 1.S2. The average (arithmetic mean) conduction velocity of RGC axons is proportional to 
the optic nerve length, and the y-intercept is significantly different than zero (p = 0.006). The 

conduction delay for any fish can be estimated by dividing the optic nerve length by the average 
conduction velocity. For large fish, this estimate of the delay is approximately equal to the inverse 

of the regression slope (1.6–3.3 ms, 95% CI), while for smaller fish, the conduction delay is 
predicted to be progressively shorter due to the non-zero y-intercept. Note that this plot is similar 

to Figure 1.3F, but the axes have been scaled by the observed relationships between pupil 
diameter and optic nerve length and between axon diameter and conduction velocity. 
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Figure 1.S3. Histograms of estimated fiber diameters, g-ratios (axon/fiber diameter), conduction 
velocities, and delays in five fish. Abscissa ranges are the same within measures and histogram 

bins have variable widths across both measures and fish. 
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Figure 2.1. Cranial morphology reflects geography across Europe. (A) Craniometric distance is 
significantly correlated (rM = 0.51, P < 1e-5) with geographic distance. (B) Non-metric multi-

dimensional scaling ordination of craniometric distances aligned to geographic coordinates of 
populations. Population symbols identify four clusters and lines form a minimum spanning tree. 

(C) Distances between predicted locations based on craniometric ordination and population 
locations. Average ± SD plotted for 100 bootstrap replications (black) and random permutations 

(grey). * = P < 0.001. (D) Individual female skulls were identified with correct or nearby 
populations based on cranial morphometry (solid) significantly better than chance (dotted). (E) 

Proportion of female skulls that were correctly classified (black) and misclassified with 
populations at different distances (grey shades). Sample sizes are listed after population name. 
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Figure 2.2. Cranial measures show significant variation along a NW–SE axis within Europe. (A) 
Isoclines of interpolated eigenvalues for first spatially constrained component of a redundancy 
analysis and geographic locations of populations. (B) Cranial measures plotted in order of their 

contribution to this map. Negative abscissas correspond to more NW location. Proportion of 
variance explained (R2) and nominal P-values are indicated. 
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Figure 2.3. Structural brain measures follow predicted trend in a group of individuals with 
admixed European ancestry. (A) First two principal components of genotypes of merged ADNI 
and European reference populations rotated 18° to align with a map of Europe. ADNI subjects 

are spread out primarily along a NW–SE axis. Marker location and size are based on the average 
and SD of coordinates of individuals in each population and marker shade of gray is proportional 
to NW–SE location. ADNI subjects form two distinct clusters corresponding to NW European and 
Ashkenazi Jewish ancestry (Fig. 2.S5). (B) Brain structural measures tested for association with 
NW–SE admixture, while controlling for height, weight, BMI, age, sex, and diagnosis. Negative 

abscissas correspond to a larger proportion of NW ancestry. 
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Figure 2.4. Frontotemporal cortical regions are most affected by NW European ancestry. Lateral 
view of left hemisphere with color map that indicates nominal -log10(P-value) of association 

between NW–SE admixture and cortical area across the reconstructed cortical surface, while 
controlling for height, weight, BMI, age, sex, and diagnosis. 

 
Figure 2.S1. Populations cluster geographically (NW, NE, and SE Europe) based on cranial 
morphology using different algorithms, but cluster borders are indistinct. (A) Silhouette plot of 

complete linkage clusters based on craniometric generalized distances highlighted populations 
with indistinct cluster membership, particularly Italy, Germany, and France. (B) Average 

hierarchical clustering of population correlations based on 37 cranial measures. Population 
clusters show similar regional patterns to those derived from generalized distances in Fig. 2.1B 
and in (A). Multi-scale bootstrapping showed strong support for only one cluster (red rectangle) 

with significant approximately unbiased (au, blue) and bootstrap probability (bp, green) P-values. 
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Figure 2.S2. Classification of test data set of male crania based on 37 standardized measures 
shows similar performance to the female crania classification. Bars are colored as in Fig. 2.1E. 

 
Figure 2.S3. Mantel (multivariate) correlograms of cranial distance matrix based on squared 

Mahalanobis distances. (A,C) Omni-directional (N = 72 per bin) and (B) directional (N < 40 per 
bin) correlograms of cranial distances show significant correlations (filled symbols, P < 0.05). (C) 

Spatially detrended cranial distances show no significant correlations. 
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Figure 2.S4. 37 cranial measurements compared along NW–SE axis. Nominally significant 

trends are highlighted with nominal (corrected) P-value and proportion of variance explained (R2). 
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Figure 2.S5. First two principal components of genotypes of merged ADNI, HapMap, and 

InTraGenDB populations. ADNI subjects form two main clusters that overlap with NW European 
and self-reported Ashkenazi Jewish ancestry populations and a smaller cluster that overlaps with 

a SE European population. 

 
Figure 2.S6. Frontotemporal cortical regions are most affected by NW European ancestry. Color 

maps indicate nominal -log10(P-value) of association between NW–SE admixture and cortical 
area across the reconstructed cortical surface, while controlling for height, weight, BMI, age, sex, 

and diagnosis. Table 2.S4 lists P-values for cortical regions defined on the basis of cortical 
folding106. 



 

 

99 

 
Figure 3.1. Occipital cortical area scaling varies by rs6116869 genotype. (a) The slope of 

occipital cortical area scaling with total cortical area increases with the number of minor alleles. 
For each genotype, subjects are grouped into 7 bins with an equal number of subjects in each bin 

(24, 26, and 8 subjects per bin for genotypes GG, GT, and TT). Binned averages ± SEM (dark) 
and regression lines fit to individual (light) measures are plotted. (b) Occipital proportion of cortex 
varies based on total cortical area and genotype. Subjects are binned as in panel (a) and occipital 
proportions (occipital area divided by total cortical area) are plotted for individuals (light). Binned 

averages ± SEM (dark) are indicated. 
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Figure 3.2. Meta-analysis of imputed SNPs with occipital cortical area scaling. TOP and ADNI p-

values were adjusted separately for genomic inflation before being combined. 

 
Figure 3.3 . P-value map of rs6116869 association with cortical area scaling across the surface 
of the brain. Hot (cool) colors indicate increased (decreased) scaling slope with number of SNP 

minor alleles among subjects in the TOP study. 
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Figure 3.S1. Manhattan plot of genomic inflation adjusted p-values from occipital cortical area 
scaling GWAS in TOP. 

 

Figure 3.S2. Quantile-quantile plot of p-values from occipital cortical area scaling GWAS in TOP 
before (black) and after (blue) adjustment for genomic inflation (λGC = 1.23). 
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Figure 3.S3. Quantile-quantile plot of p-values from occipital cortical area scaling GWAS in ADNI 
before (black) and after (blue) adjustment for genomic inflation (λGC = 1.19). 
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Table 1.1. Optic nerve (ON) and tecta lengths measured in ten fish. 

    Hemisphere 1  Hemisphere 2 

Species Mass 
(g) 

Body 
length 
(mm) 

Pupil 
diameter 

(mm) 

ON 
length 
(mm) 

Tectum 
length 
(mm) 

 ON 
length 
(mm) 

Tectum 
length 
(mm) 

D. rerio 0.10 20 0.87 1.58 1.37  1.08 1.34 
  0.31 29 1.02 1.48 1.41  1.94 1.39 
  0.36 30 1.04 1.88 1.45  1.80 1.51 
  0.41 33 1.18 1.74 1.49  1.84 1.33 
C. auratus 2.61 46 1.61 4.12 2.58  4.08 2.63 
  2.82 45 1.81 3.41 2.34  NA NA 
  2.57 43 1.90 3.80 2.51  NA NA 
  4.08 53 2.16 4.22 2.66  4.23 2.85 
  4.00 54 2.24 4.53 2.69  4.59 2.85 
  21.50 89 3.25 6.53 3.40  6.03 3.45 

 

 

 

Table 1.2. RGC axon diameters measured in five fish. 

Species Mass 
(g) 

Body 
length 
(mm)* 

Pupil 
diam. 
(mm) 

Optic 
nerve 
length 
(mm)* 

Axon 
diam. 
± SD 
(µm) 

Fiber 
diam. 
± SD 
(µm)† 

Average 
conduction 

velocity 
(m/s)† 

Average 
conduction 
delay (ms)† 

0.19 21 0.81 2.09 0.38 ± 
0.15 

0.61 ± 
0.29 2.2 0.9 D. rerio 

  

0.43 28 1.06 2.73 0.43 ± 
0.17 

0.68 ± 
0.33 2.5 1.1 

3.14 51 1.93 4.98 0.67 ± 
0.28 

1.01 ± 
0.47 3.6 1.4 

6.56 66 2.52 6.50 0.71 ± 
0.32 

1.06 ± 
0.52 3.8 1.7 

C. 
auratus 
  
  

11.01 80 3.05 7.87 0.99 ± 
0.47 

1.44 ± 
0.74 5.1 1.5 

 
* Estimated from pupil diameter measurements. 
† Estimated from axon diameter and g-ratio measurements. 
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Table 1.S1. Parameters of bounded lognormal distributions fitted to axon diameters in five fish. 

Fish ID Minimum axon 
diameter (ζ) SD Scale (µ) SD Shape (σ) SD 

188 0.141 NA -1.185 0.005 0.623 0.003 
432 0.203 NA -1.281 0.006 0.671 0.005 
3140 0.191 NA -0.476 0.007 0.611 0.005 
6560 0.197 NA -0.459 0.008 0.636 0.005 
11010 0.198 NA -0.008 0.011 0.603 0.008 

 

 

 

Table 1.S2. Comparison of average axon areas based on two methods. 

Study 
Body 
length 
(mm)* 

Total 
number of 
axons (105) 

Optic nerve 
area (105 

µm2)* 

Axon 
density-1 
(µm2)† 

Avg. axon 
area, area-

based 
(µm2)*§ 

Avg. axon 
area, 

perimeter-
based (µm2)*§ 

21 0.613 0.326 0.53 0.11 0.21 
28 1.01 0.535 0.53 0.15 0.24 
50 0.980 1.22 1.25 0.36 0.69 
66 1.53 2.59 1.69 0.40 0.74 

Current 

80 1.64 4.00 2.44 0.77 1.51 
42 0.950 0.967 1.02 0.25 0.47 
45 1.40 1.13 0.81 0.28 0.52 
54 1.15 1.68 1.46 0.36 0.68 
54 1.20 1.68 1.40 0.36 0.68 
77 1.65 3.68 2.23 0.64 1.24 
86 1.50 4.64 3.09 0.77 1.49 
86 1.75 4.64 2.65 0.77 1.49 

116 1.75 8.59 4.91 1.26 2.49 
122 1.95 9.53 4.89 1.38 2.72 

Easter 
et al.42 

125 1.70 10.0 5.89 1.43 2.84 
 
* Estimated from the lens diameter for fish studied in Easter et al.42 
† Ratio of the optic nerve area to the number of RGC axons. 
§ Calculated from the cross-sectional area or perimeter of axon profiles. 
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Table 2.S1. Skull populations are distributed across Europe (adapted from Hubbe et al.79). 

Country Ab. N Reference 
city 

Lon. Lat. Description 

Austria au 79 Vienna 16.37 48.20 Tirol; St Peter above Tweng, 
Carinthia, 16-17th Cent.; Malta, 
Millstatt, Carinthia; Raach, near 
Gloggnitz; Modling, near 
Vienna; Vienna / Austria 

Bulgaria bu 17 Plovdiv 24.75 42.15 Tcirpan, Philippopolis / Bulgaria 
Czech 
Republic 

cz 93 Charvarty 17.25 49.52 Central Moravcia, Putim, Meluik, 
Levy Hrudes, St Linhart, Praha / 
Bohemia, Czecho 

England 
(London 1) 

en1 56 London -0.12 51.50 Spitalfield : Eastern region of 
London / Mediaeval / U.K. 

England 
(London 2) 

en2 61 London -0.12 51.60 Mediaeval England / Spitalfield, 
East London / U.K. 

England (NE) en3 27 Derby -1.47 52.92 St. Wystans, Repton, 
Derbyshire / Northeast region of 
England / Mediaeval era 

England 
(SW) 

en4 91 Dorchester -2.43 50.71 Mediaeval England / 300 - 500 
B.P. / Poundbury, Southwest 
England / U.K. 

Finland fi 25 Helsinki 24.95 60.16 Saarijarvi; Birkala; Kides, 
Carelia / Finland / NHM, NMNH 

France fr 57 Paris 2.35 48.85 Ouchy, Upnor near Chatham, 
Lower Brittany, Soldier in the 
army of Napoleon, Catacombs 
in Paris / recent French 

Germany ge 74 Berlin 13.40 52.52 Munchen, Hessian soldier, 
Holstein, Saxon regiment, 
Leipzig, Berlin, Purrusia / 
Germany / NHM, NMNH 

Greece gr 25 Athens 23.71 37.97 Recent Greece 
Hungary hu 88 Budapest 19.08 47.49 Demko-Hegy; Czakbereny, 

Roman Period; Demko Hegy, 
11-12th Cent.; Nagy-sap, 
Csakover, 11th Cent.; 
Stuhlweisenberg; Pressburg / 
Hungary 

Italy it 92 Rome 12.48 41.89 Frosinone, Rome, Sicily, 
Otranto, Abruzzo Div; Italian 
soldier / Modern Italian 

Netherlands ne 32 Amsterdam 4.89 52.37 Verdonken Land, Beveland / 
Holland / NMNH 

Norway no 18 Oslo 10.76 59.95 Norwegian : probably seaman / 
Norway 

Poland po 11 Ternopil, 
Ukraine 

25.60 49.57 Tarnapol, Galicia / Poland 

Romania ro 11 Bucharest 26.00 44.43 Transylvania, Bucharest; 
Craiova, Wallachia, Gipsy, 
Bucharest, etc / Rumania 
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Table 2.S1 (continued) 

Country Ab. N Reference 
city 

Lon. Lat. Description 

Russia ru 41 Dnepro-
petrovsk 

35.13 48.42 Recent Russian people, Don 
Cossak a soldier, Odessa, etc 

Sami sa 28 Central 
Sapmi 

26.89 67.68 Lapp / Finland 

Scotland sc 60 Ensay Island -7.08 57.76 Late Mediaeval to post 
Mediaeval period : Scotland / 
U.K. / excavated at Ensay 

Serbia se 25 Belgrade 20.46 44.80 Cettinge, Montenegro; Tuzla, 
Bosnia; South Slav, Barbara, 
Dalmatia / Yugoslavia 

Spain sp 12 Madrid -3.70 40.41 Basque from Zaraus, Province 
of Guipuscoa, and other region / 
Spain 

Sweden swe 29 Stockholm 18.07 59.29 Sweden, probably from seaman; 
Mediaeval grave at Stockholm; 
Calacarlian (Kopperberg, central 
Sweden) 

Switzerland swi 36 Bern 7.44 46.94 Lenz Canton, Grisons / 
Switzerland / NMNH 

Syria sy 16 Damascus 36.31 33.62 Aleppo; Damascus (not 
including Bedouins) / Syria 

Turkey tu 44 Istanbul 29.00 41.06 Adalia (modern Greek); Aintab 
(Armenian, Kurd, 
Mohammedan) / Turkey 

Ukraine uk 22 Kiev 34.10 44.96 Mangup-Kale, Esski-Kermen / 
Crimea / Ukraine / NMNH 
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Table 2.S2. 37 craniofacial traits available for all skulls. 

Measurement* Description 
ASB Biasterionic breadth 
AUB Biauricular breadth 
BBH Basion-bregma height 
BNL Cranial base length 
BPL Basion-prosthion length 
DKB Interorbital breadth 
FRC Nasion-bregma chord 
GOL Maximum cranial length 
M11 Biauricular breadth 
M26 Frontal sagittal arc 
M27 Parietal sagittal arc 
M28 Occipital sagittal arc 
M43 Outer biorbital breadth (between frontomalare temporale) 
M43(1) Inner biorbital breadth (between frontomalare orbitale) 
M46 Bimaxillary breadth 
M51 Orbital breadth 
M51a (OBB) Orbital breadth 
M55 Nasal height 
M9 Minimum frontal breadth 
MAB Palate breadth 
MDB Mastoid width 
MDH Mastoid height 
NLB Nasal breadth 
NLH Nasal height 
No 43c Frontal subtense 
NOL Nasio occipital length 
NPH Nasion prosthion height 
OBH Orbital height 
OCC Lambda-opisthion chord 
PAC Bregma-lambda chord 
SIS (No 57a) Simotic subtense 
SSS (No 46c) Zygomaxillary subtense 
WNB (M57) Least nasal breadth (simotic chord) 
XCB Maximum cranial breadth 
XFB Maximum frontal breadth 
ZMB (M46b) Bimaxillary breadth (between zygomaxillare anterius) 
ZYB Bizygomatic breadth 
 

*Abbreviation references: XXX66; M# and No #165. 
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Table 2.S3. European reference populations are broadly geographically distributed. 

Country* Abbr. N 
Albania AL 3 
Austria AU 13 
Basque‡ BA 14 
Belgium BL 41 
Bergamo‡ BR 13 
Bosnia BO 9 
CEU† CE 107 
Croatia CR 7 
Cyprus CY 4 
Czech CZ 9 
England EN 21 
France‡ FR 114 
Germany GE 62 
Greece GR 7 
Hungary HU 19 
Ireland IR 61 
Italy IT 203 
Kosovo KO 15 
Macedonia MA 4 
Netherlands NE 16 
Orcadian‡ OR 15 
Poland PL 22 
Portugal PR 127 
Romania RO 14 
Russia‡ RU 30 
Sardinian‡ SA 27 
Scotland SC 5 
Serbia SE 9 
Spain SP 131 
Sweden SW 9 
Swiss-French SF 99 
Swiss-German SG 83 
Swiss-Italian SI 11 
Tuscan‡ TU 85 
Yugoslavia YU 17 
 

*Data is from POPRES72 unless otherwise specified. 
†HapMap; ‡Human Genome Diversity Project (HGDP) 
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Table 2.S4. NW–SE admixture is associated with cortical area in specific cortical regions. 

Region† Sub-region† L hemi P-val* R hemi P-val* 
Cingulate caudal anterior 1.30E-02 1.10E-01 
Cingulate isthmus 1.10E-01 6.10E-03 
Cingulate posterior 8.80E-02 2.40E-01 
Cingulate rostral anterior 2.00E-04 3.20E-01 
Frontal caudal middle 9.80E-04 3.10E-04 
Frontal lateral orbital 2.30E-04 7.00E-07 
Frontal medial orbital 2.90E-02 4.90E-03 
Frontal paracentral 4.90E-02 4.70E-04 
Frontal pars opercularis 2.80E-04 1.10E-02 
Frontal pars orbitalis 2.20E-01 2.70E-01 
Frontal pars triangularis 1.80E-02 7.50E-02 
Frontal pole 9.30E-01 9.90E-01 
Frontal precentral 1.50E-01 9.50E-02 
Frontal rostral middle 7.40E-03 2.90E-04 
Frontal superior 4.80E-04 1.60E-02 
Occipital cuneus 8.50E-04 5.10E-02 
Occipital lateral 3.40E-02 1.50E-04 
Occipital lingual 4.60E-02 1.60E-01 
Occipital pericalcarine 2.50E-03 3.80E-02 
Parietal inferior 1.00E-01 1.40E-01 
Parietal postcentral 4.50E-01 3.30E-01 
Parietal precuneus 1.50E-02 2.10E-03 
Parietal superior 1.90E-02 2.60E-01 
Parietal supramarginal 4.90E-03 9.30E-03 
Temporal bankssts 8.90E-01 2.20E-02 
Temporal entorhinal 8.50E-01 1.70E-01 
Temporal fusiform 2.00E-02 4.00E-02 
Temporal inferior 8.10E-04 6.00E-03 
Temporal middle 5.50E-03 9.30E-03 
Temporal parahippocampal 8.50E-02 7.40E-01 
Temporal pole 1.00E-03 3.10E-02 
Temporal superior 2.80E-04 8.70E-06 
Temporal transverse 3.90E-03 2.30E-04 
 

*Nominal P-values < 0.001 are highlighted in bold. 
†Defined on the basis of cortical folding106. 
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Table 3.1. rs238295 is associated with scaling of occipital and temporal cortical areas relative to 
overall cortical area in two independent groups of subjects. 

   TOP ADNI  
Hemi Lobe Region β SEGC

* PGC
* β SEGC

* PGC
* Pmeta

* 
R Occ. Pericalc. 0.0036 0.0012 0.0020 0.0028 0.0011 0.0039 5.0 x 10-5 
L Occ. Lateral 0.0070 0.0020 0.0005 0.0030 0.0021 0.0755 4.5 x 10-4 
R Occ. Lateral 0.0048 0.0020 0.0164 0.0040 0.0017 0.0092 8.0 x 10-4 
R Occ. Lingual 0.0034 0.0014 0.0154 0.0034 0.0015 0.0105 8.2 x 10-4 
L Parietal Inferior -0.0058 0.0023 0.0097 -0.0034 0.0019 0.0400 2.6 x 10-3 
L Occ. Pericalc. 0.0031 0.0011 0.0066 0.0016 0.0011 0.0661 3.2 x 10-3 
R Temp. Superior -0.0029 0.0013 0.0230 -0.0019 0.0012 0.0643 7.5 x 10-3 
L Temp. Middle -0.0012 0.0015 0.4381 -0.0033 0.0014 0.0089 2.3 x 10-2 
L Temp. Transverse -0.0008 0.0003 0.0194 -0.0002 0.0003 0.2524 3.3 x 10-2 
L Temp. Superior -0.0042 0.0015 0.0057 -0.0003 0.0015 0.4077 3.6 x 10-2 
L Occ. Lingual 0.0036 0.0015 0.0190 0.0007 0.0015 0.3280 4.9 x 10-2 
 

*Standard errors (SE) and consequently p-values (2-tailed for TOP; 1-tailed for ADNI) were 
corrected for genomic inflation based on the median chi-squared (1-df) inflation observed in the 
original GWAS (TOP λGC = 1.25; ADNI λGC = 1.19). 
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