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An important example of brain plasticity is the change in the structure of the orientation map in mammalian
primary visual cortex in response to a visual environment consisting of stripes of one orientation. In principle
there are many different ways in which the structure of a normal map could change to accommodate increased
preference for one orientation. However, until now these changes have been characterised only by the relative
sizes of the areas of primary visual cortex representing different orientations. Here we extend to the stripe-
reared case a recently proposed Bayesian method for reconstructing orientation maps from intrinsic signal opti-
cal imaging data.We first formulated a suitable prior for the stripe-reared case, and developed an efficient meth-
od for maximising the marginal likelihood of the model in order to determine the optimal parameters. We then
applied this to a set of orientation maps from normal and stripe-reared cats. This analysis revealed that several
parameters of overall map structure, specifically the difference between wavelength, scaling and mean of the
two vector components of maps, changed in response to stripe-rearing, which together give a more nuanced as-
sessment of the effect of rearing condition on map structure than previous measures. Overall this work expands
our understanding of the effects of the environment on brain structure.

© 2014 Elsevier Inc. All rights reserved.

Introduction

A critical question for understanding brain plasticity is to understand
how the sensory environment influences brain structure. An important
and common model system in this regard is the effect of visual activity
during early life on the spatial arrangement of topographic maps in the
primary visual cortex of mammals such as cats, ferrets and monkeys
(Espinosa and Stryker, 2012). In particular, the spatial arrangement
of preference for orientation (Blasdel and Salama, 1986), direction
(Weliky et al., 1996), spatial frequency (Hübener et al., 1997; Issa et al.,
2000) and ocular dominance (Anderson et al., 1988; Bonhoeffer et al.,
1995), as well as the relationships between these maps (Shmuel and
Grinvald, 1996; Hübener et al., 1997), has been widely studied.

A particularly striking example of the effect of the environment on
these maps is stripe-rearing, in which animals are exposed only to
edges of a particular orientation during the critical period (Blakemore
and Cooper, 1970; Hirsch and Spinelli, 1970). This leads to an increase

in the proportion of primary visual cortical neurons preferring the
reared orientation, at the expense of other orientations (Sengpiel
et al., 1999). However, so far this proportion is the only quantitative
measure that has been used to characterise the difference in structure
between normal and stripe-reared orientation maps. This measure is
not robust to changes in the subjective spatial filtering applied to
maps, which are traditionally obtained by vector averaging noisy data
from single-condition optical imaging experiments. Furthermore this
measure does not provide a method for determining precisely how
the structure of maps changes to accommodate the larger preference
for a single orientation which is induced by stripe-rearing.

Recently a novel method was introduced which improves on vector
averaging for determining orientation map structure, using a Bayesian
approach based on Gaussian processes (Macke et al., 2011). This meth-
od uses prior knowledge aboutmap structure in a principledway rather
than via subjectively-chosen smoothing parameters, and provides
quantitative error estimates for the resultingmap. However, thismethod
contained assumptions which are violated by maps from abnormally-
reared animals.

We therefore first generalised this Gaussian process method to a
much broader class of visual map data, including abnormal rearing
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conditions. We then used it to interrogate map structure in data from
the stripe-reared cats of Sengpiel et al. (1999). Besides allowing for
more accurate estimates of the maps than in the original study, the
method revealed that three parameters of map structure change with
stripe-rearing, rather than just the single parameter of the proportion
of neurons preferring the reared orientation. These three parameters
are the difference between the two vector components in terms of
their wavelengths, scalings and means. Together these three parame-
ters provide a much richer description of both natural variability be-
tween maps from different individuals, and how maps change in
response to altered environments.

Materials and methods

Orientation preference maps

We represent an orientation preference map as a 2D complex field
m(x), x ∈ ℝ2 (mathematically equivalent to a 2D vector field), where
the preferred orientation and the strength of that preference at each
point are given by half the argument and the magnitude, respectively,
of the complex field at that point. The argument is halved as orientation
is periodic in π rather than 2π radians.

The classical method of estimating orientation preference maps
from imaging data is known as vector averaging,

m x! " # 1
N

XN

j#1

r j x! "exp 2θ ji
! "! "

; !1"

where rj(x) is the cortical response at location x ∈ {x1, …, xn} ⊂ ℝ2

during the jth trial out of N, where a stimulus of orientation θj was pre-
sented. This map is simply the vectorially-averaged raw response to
the stimuli. To account for noise in the result, vector averaged maps
are usually then high- and low-pass Gaussian spatially filtered.

Gaussian process regression map estimation

Macke et al. (2011) introduced a novel method for estimating orien-
tation preference maps from optical imaging data by applying Gaussian
process (GP) regression (Rasmussen and Williams, 2006) to the prob-
lem of estimating a 2D vector field from noisy data. The important
findings of the paper are the choice of an appropriate prior, a method
for estimating the parameters of the prior, an appropriate noise model
and a method for fitting it to the data, and the use of approximation
techniques for dealing with large datasets. Here we define the model
equivalently but in our own notation for the convenience of the exten-
sions we make below.

Hereafter let rj = (rj(x1),…, rj(xn))⊤ refer to the vector of responses
at each of the n observed points in the cortex (i.e., the experimental
image reshaped as a vector). Letm(x) be the true orientation preference
map underlying the data, and let m refer to the flattened and
concatenated vector of the true map's components, that is,

m # real m x1! "! ";…; real m xn! "! "; imag m x1! "! ";…; imag m xn! "! "! "⊤:

Then we assume that the data can be written as rj = Vj
⊤m + ϵj,

where ϵ j ∼N 0;Σϵ! " and

V j # cos 2θ j; sin 2θ j

! "⊤⊗In;

where In is an n! n identitymatrix and⊗ is the Kronecker product. That
is, we observe the component of the underlying map in the θj direction
corrupted by some correlated Gaussian noise.

A prior defining a distribution of maps is now defined as a Gaussian
process, defined by an identically zero mean function and a covariance
function K which specifies the covariance between points in the map
both within and across the two map vector components. Macke et al.
(2011) used a difference of Gaussians covariance function,

K x; x0
; k; k0

# $
# δk;k0

X2

a;b#1

αaαb

2π σ2
a $ σ2

b

# $ exp − jx−x0j2

2 σ2
a $ σ2

b

# $
 !

;

where δi,j is the Kronecker delta, x and x′ are the two positions in the
map, and k and k′ are either 1 or 2, the real and imaginary components
of the map respectively. The assumption that the components are un-
correlated gives K(x, x′, 1, 2) ≡ K(x, x′, 2, 1) ≡ 0. Macke et al. (2011)
setα1=−α2 so thatK has zeromean, andσ2=2σ1 to reduce the num-
ber of parameters. These parameters can be interpreted as scaling pa-
rameters αis and filter widths σis, which correspond to the
wavelength of the map. Macke et al. (2011) showed that this function
fit the empirical autocovariance functions of their data well. We found
the same result with our data, and additionally found that letting all
four parameters (i.e., both αi and both σi) vary independently did not
substantially improve the fit to the empirical functions (data not
shown). We therefore chose to use the same covariance function as
Macke et al. (2011) but with all the multiplying constants (i.e., both
αi, the sum of squared σi and 2π) collected into a single scaling param-
eter coefficient, which we call α, and set σ := σ2 = 2σ1 for notational
simplicity:

K x; x0
; k; k0

# $
# δ k; k0

# $
α2 exp

−jx−x0j2

4σ2

 !

$ 1
4
exp

−jx−x0j2

16σ2

 " !

−4
5
exp

−jx−x0j2

10σ2

 !#
:

!2"

To perform Gaussian process regression, the prior distribution
defined at the observed points X = {x1, …, xn} is conditioned on the
data to give a posterior distribution, the mean of which is the Bayes op-
timal estimate of the underlingmapm. The prior on the set of observed
points is p m! " # N m;0;Σprior

# $
, where the covariance matrix is

X
prior

# K X;X;1;1! " K X;X;1;2! "
K X;X;2;1! " K X;X;2;2! "

% &
:

This matrix needs to be calculated, stored and inverted, which is a
computationally demanding task. To make this tractable, Macke et al.
(2011) used a low-rank approximation to the prior, generated by an in-
complete Cholesky decomposition. This results in a prior of the form
∑prior = D + GG⊤, where D is 2n ! 2n and diagonal, and G is 2n ! q,
with q ≪ 2n. The eigenspectrum of the chosen covariance function
goes to zero sufficiently quickly to make the incomplete Cholesky de-
composition a good approximation. To estimate the parameters α and
σ of the prior covariance function (Eq. 2), Macke et al. (2011) fit the co-
variance function to the average of the radial component of the autocor-
relation function of the two components of the filtered, vector averaged
map.

As per Bayes' rule, the posterior distribution is proportional to the
product of the prior and the likelihood,

p mjr1;…; rN! "∝ p m! "p r1;…; rN jm! ":
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The likelihood of a single trial isp r jjm
# $

# N r j;V⊤
j m;Σϵ

! "
. The like-

lihood of all trials is the product of the individual likelihoods, assuming
each is an independent observation of the true map.

p r1;…; rN jm! " # ∏
N

j#1
N r j;V

⊤
j m;Σϵ

! "

# ∏
N

j#1
N m;V jr j; V jΣ

−1
ϵ V⊤

j

! "−1
% &

∝N m;
2
N

Σϵ 0
0 Σϵ

% &XN

j#1

V jΣ
−1
ϵ r j;

2
N

Σϵ 0
0 Σϵ

% &0

@

1

A

Abovewe have used the fact that, if the stimulus orientations are un-

correlated on average,∑N
j#1 V jV

⊤
j # N

2
⊗I2n, and that V⊤

j V j # In. Now as
the likelihood and the prior are Gaussian, so is the posterior,

p mjr1;…; rN! "∝N m; μpost;Σpost

! "
;

where

μpost # Σpost
Σϵ 0
0 Σϵ

% &−1XN

j#1

y j;

and

Σpost # Σ−1
prior $

N
2

Σϵ 0
0 Σϵ

% &−1% &−1

;

respectively, where we have definedy j #
cos2θ j
sin2θ j

% &
⊗r j, and μpost is the

best estimate of the underlyingmapm.Σpost gives an indication of error
in the fit, with its diagonal giving the variance in the estimate at each
pixel.

There are numerous sources of noise in images of the cortex, and
therefore the noise covariance matrix Σϵ should in general be of full
rank, modelling both the independent noise variance at each pixel as
well as the noise correlation between all pairs of pixels. However, for
practical reasons, in these types of experiments there are usually
manymore pixels than trial images,meaning that the entirety ofΣϵ can-
not be inferred from the data. Macke et al. (2011) overcame this prob-
lem by using a noise covariance of the form Σϵ = Dϵ + GϵGϵ

⊤, where Dϵ

is n ! n and diagonal, and Gϵ is of size n ! qϵ, with qϵ ≪ n. Dϵ models
the independent noise in each pixel, while the low-rank term models
noise correlations between a small number of pixels, determined by
the chosen value of qϵ. Noise correlations in cortical imaging data are
primarily between nearby pixels, making this a good compromise.
Note that the matching low-rank forms of the prior covariance and
noise covariance matrices are coincidental, and result from separate
assumptions.

Macke et al. (2011) used an iterative approach tofit this noisemodel
to the data. An initial estimate of the noise is obtained by calculating the
variance at each pixel within each stimulus condition. These estimates
are then averaged over all the stimulus conditions, giving an initial esti-
mate of the pixel-wise noise variance Dϵ. The posterior distribution is
derived using this estimate, and then the noise covariance isfit to the re-
siduals of the mean of the posterior and the data, using a factor analysis
method. This process of deriving the posterior and fitting to the resid-
uals is repeated several times, resulting in a good estimate of the noise
covariance in the data.

As both theprior andnoise covariancematrices, as they appear in the
posterior mean and covariance, are in the form A= D+ GG⊤where D is
diagonal, and G is of size 2n ! q, where q ≪ 2n, they can be inverted
using the matrix inversion lemma (Rasmussen and Williams, 2006),

making the calculation of the posterior distribution computationally
tractable.

Efficient inversion of a general prior covariance matrix

Themost general form of prior covariancematrix for estimating ori-
entation preference maps using GP regression is

Σprior #
A B
B C

% &
; !3"

where A and C are the covariance matrices of the real and imaginary
components, respectively, and B is the covariance between the two
components. Macke et al. (2011) substantially simplified the GP regres-
sion problem by assuming a prior of the form

Σprior #
A 0
0 A

% &
;

which assumes independence of the two components and that their
covariance structure is identical, which is a valid assumption for ori-
entation preference maps from normally-reared animals. This sim-
plification, combined with an incomplete Cholesky decomposition
and the matrix inversion lemma, allowed efficient calculation of
the posterior distribution (see above). To handle the more general
case (Eq. 3), this method must be adjusted, but can be performed
in a similar manner.

Firstly, A, B and C are factored separately using incomplete
Cholesky decompositions, into the forms A = DA + GAGA

⊤, C = DC +
GCGC

⊤ and B = GBGB
⊤. The factorisation of B does not have a diagonal

component, as the diagonal of B corresponds to covariance between
map components, not variance, and so we do not give it a special
treatment as for A and C.

Now we set G1 # GA
0

% &
, G2 # 0

GC

% &
, G3 # GB

0

% &
, H3 # 0 G⊤

B

# $
,

G4 # 0
GB

% &
and H4 # G⊤

B 0
# $

, where A 0! " indicates the block

matrix formed by A and an appropriately sized matrix of zeros. It
is simple to check that we now have Σprior # G1G

⊤
1 $ G2G

⊤
2 $ G3H3$

G4H4 $
DA 0
0 DC

% &
Setting G = (G1 G2 G3 G4), H = (G1

⊤ G2
⊤ H3 H4)⊤,

and D # DA 0
0 DC

% &
gives Σprior = D + GH. Therefore the matrix

inversion lemma,

Σ−1
prior # D−1−D−1G I$ HD−1G

! "−1
HD−1

;

where I is an appropriately sized identity matrix, can be used to effi-
ciently calculate the inverse of Σprior.

Additionally, the more general prior also has a non-zero mean. If
themean at each pixel is represented by the vector μ, thenwe simply re-
place the data vectors yjwith yj− μ in all of the calculations (Rasmussen
and Williams, 2006).

Marginal likelihood maximisation

Macke et al. (2011) chose the parameters of the prior by fitting its
covariance function to the autocorrelation function of a filtered, vector
averaged map. This is computationally efficient, but in this Bayesian
framework a more robust (though more computationally demanding)
method for inferring the hyperparameters is to maximise the marginal
likelihood (Rasmussen and Williams, 2006). The marginal likelihood is
a quantity which gives the probability that a given set of data came
from a given prior. The set of parameters whichmaximises this quantity
defines the optimal prior for each dataset.
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The marginal likelihood is defined as the integral, over the underly-
ing function, of the product of the likelihood and the prior (Rasmussen
and Williams, 2006),

ML # p r1;…; rN jΣPrior! " #
Z

p m! "p r1;…; rN jm;ΣPrior! "dm:

Let L denote the integrand, whichwe derivefirst. Using the same no-

tation as above, let Σ0
ϵ #

Σϵ 0
0 Σϵ

% &
and ŷ # ∑N

j#1 y j for convenience.

L # p m! "p r1;…; rN jm;Σprior

! "

# 2π! "
n 1−N! "

2

XN
j#1

∏k≠ j VkΣ
−1
ϵ V⊤

k

! "−1'''
'''
1
2
exp

1
N
ŷ⊤ Σ0

ϵ
# $−1ŷ

%

−1
2

XN

j#1

r⊤j Σ
−1
ϵ r j

"
N m;0;Σprior

! "
N m;

2
N
ŷ;

2
N
Σ0
ϵ

% &

# c0c1c2exp −1
2
m⊤ Σ−1

prior $
N
2

Σ0
ϵ

# $−1
% &

m$ 1
2
m⊤ Σ0

ϵ
# $−1ŷ

%

$ 1
2
ŷ
⊤
Σ0
ϵ

# $−1m− 1
N
ŷ⊤ Σ0

ϵ
# $−1ŷ

&

Here c0 # 2π! "
n 1−N! "

2

'''∑N
j#1∏k≠ j VkΣ

−1
ϵ V⊤

k

! "−1'''
−1

2

exp
1
N
ŷ⊤ Σ0

ϵ
# $−1

ŷ−
%

1
2
∑N

j#1 r
⊤
j Σ

−1
ϵ r j

&
, c1 # 2π! "−n=2 2

N
Σ0
ϵ

''''

''''
−1=2

and c2= (2π)−n/2|Σprior|−1/2.

The term c0 corrects forwriting the product of theN likelihoods as a single
normal distribution. For the purposes of rearranging the equation into a
convenient form we use the posterior mean μpost (see above), and factor
the quadratic form.

L # c0c1c2exp −1
2
ŷ⊤ Σ0

ϵ
# $−1ŷ−1

2
m−μpost

! "⊤ N
2

Σ0
ϵ

# $−1 $ Σ−1
prior

%% &

! m−μpost

! "
$ 1
2
μ⊤
post

N
2
Σ0
ϵ

# $−1 $ Σ−1
prior

! "
μpost"

Themarginal likelihood is then the integral of the abovewith respect
to m.

ML # c0c1c2exp
%
−1

2
ŷ⊤ Σ0

ϵ
# $−1ŷ $ 1

2
μ⊤
post

%
N
2

Σ0
ϵ

# $−1

$Σ−1
prior

&
μpost

&
∫exp −1

2
#
m−μpost

$⊤ N
2

Σ0
ϵ

# $−1 $ Σ−1
prior

% &#
m−μpost

$% &
dm

# c0c1c2exp
%
−1

2
ŷ⊤ Σ0

ϵ
# $−1ŷ $

1
2
μ⊤
post

N
2

Σ0
ϵ

# $−1 $ Σ−1
prior

% &
μpost

&
2π! "

n
2

N
2 Σ0

ϵ! "−1 $ Σ−1
prior

'''
'''
1
2

# 2π! "−
Nn
2

'''''

 
XN

j#1

∏
k≠ j

VkΣ
−1
ϵ V⊤

k

! "−1!
2
N
Σ0
ϵΣprior

%
N
2

Σ0
ϵ

# $−1

$Σ−1
prior

&'''''

−1
2

exp

 
2−N
2N

ŷ⊤ Σ0
ϵ

# $−1ŷ−1
2

XN

j#1

r⊤j Σ
−1
ϵ r j

$ 1
2
ŷ⊤ Σ0

ϵ
# $−1

%
N
2

Σ0
ϵ

# $−1 $ Σ−1
prior

&−1
Σ0
ϵ

# $−1ŷ

!

For numerical reasons, we usually calculate the log marginal likeli-
hood, which is

logML # −Nn
2

log2π−1
2

'''''
XN

j#1

∏
k≠ j

VkΣ
−1
ϵ V⊤

k

! "−1
'''''−

1
2
log

''''
2
N
Σ0
ϵ

''''−
1
2
log

''Σprior
''

−1
2
log

''''
N
2

Σ0
ϵ

# $−1 $ Σ−1
prior

''''−
2−N
2N
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ϵ
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2

XN

j#1
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−1
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2
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ϵ
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2
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ϵ

# $−1 $ Σ−1
prior

% &−1
Σ0
ϵ

# $−1ŷ:

We have shown above how to calculate the inverse in the last term
of this equation efficiently. For the determinant in the fourth term, we
can use the matrix determinant lemma after rearranging (Rasmussen
and Williams, 2006),

det D$ GH! " # det D! "det I$ HD−1G
! "

:

We only modelled independent pixel-wise noise when calculating
the marginal likelihood (i.e., Σϵ is diagonal), both to reduce computa-
tional time, and because the results were not substantially different
when correlated noise was included (data not shown). As this makes
Σϵ a constant relative to the hyperparameters, to save computation
timewe did not calculate the termswhichwere not dependent onΣprior,
as they do not affect the location of maxima, which substantially sim-
plifies the above expression.

Tomaximise themarginal likelihoodwe tried several local optimisa-
tion algorithms. MATLAB's fmincon, which uses an interior point algo-
rithm, did not handle the relative shallow peaks in the function well.
We ultimately used the SIMPSA algorithm (Cardoso et al., 1996), a com-
bination of simplexmethods and simulated annealing, aswe tested it on
maps sampled from priors with known parameters and it performed
well (see the Robust estimation of hyperparameters section and Fig. 3).

Comparison metric

Themetric used to comparemaps, for the purpose of comparing rel-
ativemap quality, was the absolute value of the complex correlation co-
efficient of two maps represented as one-dimensional complex vectors,
which provides a simple and tractable measure between 0 and 1 for
overall map comparison.

Simple overrepresentation quantification

To aid comparisonwith the original analysis of Sengpiel et al. (1999),
we calculated a simple scalar value for overrepresentation ρ. This
was defined by first binning each pixel in a vector averaged map by
its nearest preferred orientation out of S = {0°, 45°, 90°, 135°}. The
value ρ was then defined as

ρ # 1
n

3nθ0−
X

θ∈S∖θ0
nθ

 !
;

where n is the total number of pixels, nθ is the number of pixels prefer-
ring θ, and θ′ is either the reared orientation or the maximally repre-
sented orientation in control maps. This metric varies linearly from
zero for maps with no overrepresentation, to three for maps solely con-
taining the reared orientation. Maps with an overrepresentation of
another orientation yield negative values of ρ.

Other simple metrics, such as ρ but with more bins (e.g., S = {0°,
22.5°, …, 157.5°}), or the magnitude of the average of all vectors in
a map, could also be used. We chose ρ as it is simple, matches well
with the quantification used in Sengpiel et al. (1999), and was either
equally as successful or better than these other measures in predicting
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overrepresentation when used to construct support vector machines
(data not shown, also see the Prediction and classification section).

Covariance function differences

The difference between the covariance functions of the real and
imaginary components of an orientation map can be used to infer over-
representation. Differences in both the maximum value and the dis-
tance for which the function is a minimum (i.e., the argument of the
minimum) quantify the degree of overrepresentation (Fig. 4B). To for-
malise this notion we used the absolute relative difference between
the max and argmin of the two components, written Δmax and
Δargmin, respectively (Fig. 4E). Formally, Δmax is defined as

Δmax #
maxreal−maximaginary

'''
'''

1
2

maxreal $ maximaginary

! " ; !4"

and Δargmin as

Δargmin #
argminreal−argminimaginary

'''
'''

1
2

argminreal $ argminimaginary

! " : !5"

Intuitively, these measures represent the difference between the
wavelengths and scalings of the two components of maps, a non-zero
value of either ofwhichwill create an uneven distribution of orientation
preference, by preferentially affecting one component (i.e., real or imag-
inary) of the map.

Data

We used three different empirical datasets for the analyses in this
work, all consisting of optical imaging of either cat or ferret primary vi-
sual cortex: the images from ferrets used in Macke et al. (2011), images
of a single cat collected by us for use in the development of this method
(see below for full experimental methods), and images from cats used
in Sengpiel et al. (1999) (which contains full details of the experimental
procedures). The datasets are summarised in Table 1. In both the data
from Sengpiel et al. (1999) and our experiment, cortical areas 17 and
18 were imaged. In the cat, areas 17 and 18 are both geniculorecipient
areas and are therefore regarded as primary visual cortex (Payne and
Peters, 2001).Wewill refer to these areas as either areas 17/18 or as pri-
mary visual cortex throughout the paper.

For the ferret datawe used the area of the images defined as region 2
in Macke et al. (2011), as it contained minimal noise and was also used
in that paper for the majority of the analyses.

The data from Sengpiel et al. (1999) were only available in an aver-
aged form, as due to the expense of digital storage space at the time of
the experiments, not all of the data were stored permanently. Instead
of individual trial images from the experiment, the data were only
kept in ‘block’ form, the average of 8 presentations of each stimulus, di-
vided by a blank. This resulted in, for each image set, a set of between 6
and 14 images for each stimulus condition. Thirteen different image sets
in this formwere available for 17 hemispheres of 10 cats (of either sex;
Table 1). A schematic showing the form of the block data is given in
Fig. 1. Note that for this averaged data the noise estimation is for the
noise on the block data. Because each block is the average of 8 trials,

Table 1
Summary of the empirical datasets. The hemisphere(s) column lists which hemisphere(s)
were contained in each set of images. The blocks/stimulus column lists how many block
images per stimulus condition were available, or images/stimulus for both our and
Macke et al.'s (2011) datasets.

ID Cat name Hemisphere(s) Treatment Blocks/
stimulus

Pixel size
(μm)

C1 C29_97 Left 135° stripe 10 22
C2 C45_97 Left & right 0° stripe 8 22
C3 C28_97 Left 90° stripe 6 22
C4 Right 90° stripe 8 22
C5 C16_97 Left 90° stripe 12 22
C6 Right 90° stripe 12 22
C7 C69_97 Right 45° stripe 14 22
C8 C27_97 Left Normal 10 22
C9 Right Normal 12 22
C10 N032207 Right Normal 14 22
C11 N033006 Left & right Normal 12 22
C12 N013103 Left & right Normal 12 22
C13 C842 Left & right Normal 6 22
Macke et al. (2011) – – Normal 100 30
Our data – Right Normal 80 24

Orientation
Preference

Map

Single Condition Maps Blocks (Average of 8 Images)

Individual Trial Images

Fig. 1. Schematic showing the formof the available data fromSengpiel et al. (1999). Individual trial imageswere available for our data and the data fromMacke et al. (2011), but only block
data (the average of sets of 8 images) were available for the data from Sengpiel et al. (1999).
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this will underestimate the variance of the noise on the original data by
a factor of 8. Since the fitting is performed on the block data, the noise
estimate on the block data is used. However, care should be taken if
comparing the noise level between the block datasets and other
datasets.

We performed an extra experiment on a single cat, which provided
data with both more trials at more stimulus orientations as well as a
higher spatial resolution than the other available datasets. We used
this data primarily as a comparison, to investigate the effects of averag-
ing data.

Prior sampled maps
For the purposes of verifying the implementation and testing the va-

lidity of the marginal likelihood optimisation and the support vector
machine predictions, as well as training the linear predictor, we used
prior sampled maps. A Gaussian process prior defines a distribution
overmaps, andwe generated thesemaps by sampling from prior distri-
butions with specified hyperparameters, then converting the maps into
the appropriate form (such as simulated individual trial images), and
adding noise. Noise was added to each pixel in each image individually,
all drawn from the same Gaussian distribution, with a zero mean and
specified variance. The process of sampling from the prior is mathemat-
ically identical to convolving Gaussian noise with the prior covariance
function to generate the two components of a map.

The training data used to train the linear predictor consisted of
2 ! 105 maps sampled from our stripe-reared prior (see the Results
and Prediction and classification sections) in the way described above,
for a range of the parameters αreal, σreal, αimaginary, σimaginary and r, to
overrepresent one of 0°, 45°, 90° or 135° to varying degrees. The values
of Δmax and Δargmin for each map were then determined from the
covariance functions formed by the chosen hyperparameters. The
degree of overrepresentation in these maps was quantified using the
measure ρ.

Elastic net maps
To determine general rules for the covariance functions of stripe-

reared maps, and to provide an alternative dataset for performing sup-
port vector machine predictions, maps with overrepresented orienta-
tions were generated using the elastic net model. This model has been
shown to produce overrepresentation of the reared orientation resem-
bling that found in experimental maps (Carreira-Perpiñán et al., 2005),
and therefore was used as a guide to the general structure of maps with
overrepresentation caused by single orientation rearing.

The elastic net algorithm is a dimension-reducing model for deter-
mining how preferences for features of the input space (e.g., visual
field position, orientation, spatial frequency) are arranged in the cortex
(Carreira-Perpiñán and Goodhill, 2004). It folds a two-dimensional net
in higher-dimensional space in an attempt to minimise a tradeoff be-
tween the coverage of the input space and the continuity of the cortical
representation. To minimise computation time, we only included visual
field position and orientation preference in our simulations.

The parameters and training regime used were as described in
Carreira-Perpiñán et al. (2005), with the exception that the stimulus
space consisted only of visual field position, and orientation preference
and selectivity. Twelve maps were generated with the orientations
0°, 15°,…, 165° overrepresented, respectively. In each case, the overrep-
resented orientationwas boosted to a level of 2.5, meaning that that ori-
entation wielded 2.5 times as much influence on the elastic net as the
other orientations. This resulted in maps with a relatively large degree
of overrepresentation in comparison to the real maps of Sengpiel et al.
(1999), which was done to make identifying systematic changes in
the maps' covariance functions easier. The simulations were performed
using the same customMATLAB software as used by Carreira-Perpiñán
et al. (2005), a version of which is available online at http://faculty.
ucmerced.edu/mcarreira-perpinan/research/EN.html.

Data preprocessing

In most of the data used here the imaging covered areas outside of
primary visual cortex, and it is important to ensure that these areas do
not interfere with the analyses. We therefore chose to mask the images
so that only pixels inside primary visual cortex were considered. The
presence of robust orientation preferences can be used to reliably deter-
mineprimary visual cortex, andwe used this approach tomask all of the
image sets used here (already completed by Hunt et al. (2009) for the
data from Sengpiel et al. (1999)), except for the Macke dataset, as the
chosen region already contained only a small number of cells outside
primary visual cortex. In images containing two hemispheres (see
Table 1), the two hemispheres weremasked and considered separately.
Additionally, the vector averagedmaps whichwere analysedwere low-
and high-pass Gaussian filtered to remove noise, and to be consistent
with how they are usually processed (σlowpass and σhighpass were 175
and 275 µm for our data, 75 and 175 µm for data from Macke et al.
(2011), and 50 and 150 µm for the data from Sengpiel et al. (1999), all
based on the estimatedmapwavelengths). The data used for the Gauss-
ian process method was not filtered in any way. When calculating the
value of r for vector averaged maps (Fig. 5D), we calculated the mean
as the average of pixel values weighted by tuning strength, to reduce
the effects of noise in unresponsive areas of cortex in our estimates.

For consistency, all datasets were normalised to have a zero mean
and unit variance, calculated across all pixels in all images from a single
experiment. Performing this across the entire set of images, as opposed
to per image as done by Macke et al. (2011), does not affect the value
distributions of the maps, which is important when analysing maps
with possible overrepresentation. To account for differences in overall
response between stimulus conditions, we found the transformation re-
quired to set the area outside of primary visual cortex in each stimulus
response to have a zero mean, and applied that transformation to the
area within primary visual cortex. This method makes the assumption
that the areas outside primary visual cortex contain Gaussian noise.

In our experiment, images were captured at a rate of 5 Hz for a peri-
od of 10 s, resulting in 50 frames for each trial (see the Experimental
methods section). We obtained a single image representing each trial
by calculating

r # 1
5

X35

i#31

ri−
1
10

X10

i#1

ri;

where ri is the image frame i. The two terms are the mean of the final 5
stimulus frames and the mean of the 10 pre-stimulus frames, respec-
tively. As there are small changes in the images due to respiration and
blood-flow, taking the mean of a smaller number of frames produces a
more reliable representation of the cortical response than taking the
average of all 25 stimulus frames. Subtracting the mean of the pre-
stimulus frames has the effect of removing the baseline activity from
the images. We presented the animal with 32 directed stimuli covering
the full 360° of direction stimulus space 40 times each (see the
Experimental methods section). As we were interested in orientation
preference and not in direction preference, we pooled the responses
to parallel directions, for a total of 80 responses to each of 16 orienta-
tions in the range 0° to 180°.

Experimental methods

We performed optical intrinsic signal imaging of primary visual cor-
tex in a single normally sighted juvenile cat (3.8 kg, female) reared from
birth in an outdoor enclosure subject to the prevailing night-day cycle.
All surgical and experimental procedures were approved by the institu-
tional Animal Experimentation Ethics Committee at the Australian Na-
tional University and were performed in strict compliance with the
Australian Code of Practice for the Care and Use of Animals for Scientific
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Purposes from the Australian National Health and Medical Research
Council.

Anaesthesia and surgical procedures
The animal was prepared for acute physiological recordings as

described previously (van Kleef et al., 2010). Anaesthesia was induced
by intramuscular injection of ketamine (20 mg/kg) and xylazine
(1 mg/kg). The animal was then intubated and anaesthesia was main-
tained for the duration of the experiment by inhalation of gaseous hal-
othane (0.5–1.0%) in a 60:40 mixture of N2O and O2. Eye movements
were minimised by continuous intravenous infusion of gallamine
triethiodide (10 mg/kg/h). The animal was mechanically ventilated to
maintain end tidal CO2 concentration between 3.5 and 4%. The animal
received a constant intravenous infusion containing Hartmann's solu-
tion (25% by volume), 5% glucose, 0.9% NaCl solution (25% by volume)
and an amino acid solution (50% by volume) at a rate of (2.5 mL/kg/h).
The eyes were fitted with neutral power rigid gas-permeable con-
tact lenses and drops (1% atropine; 10% phenylephrine) were adminis-
tered daily to cause pupillary dilatation and to retract the nictitating
membrane.

For imaging, a craniotomy (10 mm ! 8 mm; A4 to P6, L1 to L9) was
performed to expose the visual cortex (areas 17 and 18) in the right
hemisphere. A stainless steel recording chamber was affixed to the cra-
nium with dental acrylic and the dura mater removed. The recording
chamber was then filled with silicone oil (Dow Corning 200, 50 cSt)
and sealed with a glass cover slip.

At the conclusion of the experiment the animal was killed by intra-
venous injection of an overdose of barbiturate (sodium pentobarbital;
Lethabarb, 150 mg/kg).

Intrinsic signal imaging
The exposed cortex was imaged using a Pantera 1M60P high-

sensitivity 12-bit area scan CCD camera (Teledyne DALSA, Waterloo,
ON Canada) fitted with a macroscope, formed using a pair of Nikkor
50 mm f/1.2 lenses (Ratzlaff and Grinvald, 1991), focused 400–600 µm
below the cortical surface. The camera was configured to bin sensor
pixels 2 ! 2 producing images with a resolution of 512 ! 512 pixels
(24 ! 24 µm per pixel). Image acquisition was restricted to a region of
interest (ROI) comprising a subset of the full imaging frame.

During imaging, the cortex was epi-illuminated using a custom built
LED light source with a peak wavelength of 520 nm (Agilent Technolo-
gies; HSMQ-C150). Increased blood flow indicative of neural activity
was thereforemanifest as a reduction in cortical reflectance and thereby
image intensity.

Cortical responses were imaged during the presentation of an en-
semble of visual stimuli (see below). For each stimulus presentation im-
ageswere acquired continuously at a rate of 5 Hz for a period of 10 s, the
onset of which was synchronised to the phase (maximum inspiration)
of the respirator. Visual stimuli were presented for 5 s beginning 2 s
after the beginning of image acquisition. Each stimulus presentation
was followed by a 3 s (minimum) recovery period during which the
monitor displayed an isoluminant mean grey screen.

Visual stimuli
Visual stimuli consisted of luminance defined oriented square wave

gratings presented within a circular aperture on an isoluminant grey
screen matched to the mean luminance of the gratings. Stimuli were
generated by a ViSaGe visual stimulus generator (Cambridge Research
Systems Ltd., Cambridge, UK) and presented on a calibrated Clinton
Monoray CRT monitor (modified Richardson Electronics MR2000HB-
MED CRTwith fast DP104 phosphor, 100 Hz refresh, 1024! 768 pixels)
viewed binocularly from a distance of 28 cm. Maps of orientation pref-
erence were obtained by presenting high contrast (Michelson contrast,
c = 1.0), large field (covering the central 60° of the visual field) drifting
gratings of fixed spatial and temporal frequency (0.15 cycles per degree
and 2 Hz respectively) drifting in one of 32 directions equi-spaced

between 0° and 360°. Each stimulus direction, together with a blank
condition (no grating), was presented 40 times with the order of pre-
sentation randomised across trials to avoid any systematic bias in the
observed responses.

Results

The standard method for estimating orientation preference maps
from imaging data is vector averaging, which involves averaging the
experimental data together and subjective spatial filtering to deal with
noise. Macke et al. (2011) recently proposed a map estimation method
based on Gaussian process regression which substantially improves
on the results of vector averaging. To investigate the effects of single ori-
entation rearing on maps, we developed a generalised form of the
Gaussian process method more appropriate for data from abnormally-
reared animals, and applied it to three different sets of data: data from
an experiment we performed, the data from Macke et al. (2011), and
the data from Sengpiel et al. (1999) (see the Materials and methods
section).

The quality of averaged data and optimal parameters for data acquisition

A feature of the Sengpiel et al. (1999) data was that the image sets
were only available as block images rather than the individual experi-
mental trial images (see the Materials and methods and Data sections).
Therefore, we first confirmed that the use of this averaged data would
not substantially affect the results of our Gaussian process analyses
compared to data containing all individual images. To show this we
used our own dataset which contained a large number of trials for
many orientations.

Experimental data from the one cat we imaged, consisting of each
individual trial image from 80 trials of 16 different orientation stimuli
evenly spaced in [0°, 180°), was used to determine the difference in
map quality, as measured by the correlation between each map and
the map estimated with all available data, induced by using averaged
trials. Block datawas formed from subsets of this dataset and used to es-
timate maps using the original Gaussian process method as described
by Macke et al. (2011). For example, in the 5 blocks per stimuli case,
the 80 trials for each stimuli were split into 5 groups, and the images
in each group were averaged together to form a single image. The splits
were made randomly a total of 40 times to obtain a distribution of map
quality values. The results indicate that using averaged data does not
make a substantial difference to the maps (Fig. 2A), at least in terms of
overall map quality, and so the use of such data in further analyses is
justified.

In addition, we investigated how best to design orientation prefer-
ence map imaging experiments given a limited number of trials. What
is the best trade-off between obtaining many images for just a few ori-
entations, and thus getting a good estimate of the noise for only a sparse
sampling of orientation space, versus obtaining only a few images for
each of many orientations, giving a poor estimate of noise but a dense
sampling of orientation space?

We addressed this question by generating maps from sets of con-
stant numbers of total images, split among a differing number of stimu-
lus conditions (Fig. 2B). Again, as a subset of images can be obtained in
many ways, 40 random samples of each condition were used. The re-
sults indicate that the difference betweenmaps resulting from different
numbers of stimuli is not substantial, except at small numbers of trials
(Kruskal–Wallis test, p b 0.05 for total number of images less than
100, p N 0.05 for larger totals). For very small numbers of images, the
difference between having, for example, 1 trial for 16 stimuli, and 4 tri-
als for 4 stimuli becomes substantial, the latter option being the better
choice as an estimate of the pixel-wise noise can be obtained. However,
for any sufficiently large number of trials (greater than approximately
100), the choice of trial dispersal among stimuli is of little consequence
to the quality of the resulting map.
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Robust estimation of hyperparameters

Macke et al. (2011) estimated the parameters of the prior distribu-
tion by fitting the prior covariance function to the autocorrelation func-
tions of the real and imaginary components of filtered, vector averaged

maps. For very noisy data, the autocorrelation function can also be very
noisy, in which case filtering of themap is required. However, this intro-
duces a subjective step into the estimation of hyperparameters. We
therefore implemented a computationally expensive but more robust
method for determining the hyperparameters, which involves finding
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the parameter set whichmaximises themarginal likelihood (Rasmussen
and Williams, 2006) (see the Materials and methods and Marginal
likelihood maximisation sections). This results in an inferred set of pa-
rameters which determine the prior which is most likely to have gener-
ated the data.

To validate this technique,we compared its chosen parameters to the
true parameters of prior sampled maps (see the Materials and methods
and Prior sampled maps sections). We found a close and relatively in-
variable match, even as noise was added to the data (Figs. 3A–C). By
comparison, directly estimating the parameters from the data in the
sameway asMacke et al. (2011) produced farmore variable and less ac-
curate results (Figs. 3A–C).

We found that the peaks of themarginal likelihoodwere usually rel-
atively flat (Fig. 3D), indicating that a large range of parameter values fit
the data well. It is indeed the case that a large range of hyperparameters
produces very similar posterior map estimates (Fig. 3D). In most orien-
tation preference experiments, a large number of images are captured
relative to the number of data points one might have in a more typical
regression problem, which reduces the accuracy requirements on the
prior. However, this only applies to the case where one is primarily in-
terested in deriving posterior map estimates, as in Macke et al. (2011),
hence why their technique worked well for their purposes. When
using the hyperparameters themselves to analyse maps, rather than

interrogating the estimated posterior maps, accurate parameter esti-
mates become very important, especially as more parameters are
added to the prior (see below).

Generalising the Gaussian process model

To reduce the complexity of themodel, Macke et al. (2011) assumed
that the real and imaginary components of themaps were independent
and matched, and also that the a priori mean at each pixel was zero
(shown schematically in Fig. 4A, first row). These assumptions hold
for normally-reared animals, but anisotropic rearing introduces correla-
tions between the real and imaginary components, differences in their
individual covariance functions, and a non-zero mean at each pixel
(Fig. 4A, second row).

To investigate this empirically, we generated maps using the elastic
net model with and without overrepresentation of a much larger num-
ber of orientation angles than available in experimental data (see the
Materials and methods section). The covariance functions of the over-
represented maps showed a systematic difference between the real
and imaginary components of the maps, dependent on the overrepre-
sented orientation, as well as a non-zero covariance between the map
components (Figs. 4C–D). These results also show that it is the relative
difference between the covariance functions of the two components
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which is important, not their absolute values, leading to the definitions
of Δmax and Δargmin (Eqs. 4 and 5; Fig. 4E). Intuitively, these measure
the difference in scaling andwavelength of the real and imaginary com-
ponents of maps, respectively. These changes in the covariance struc-
ture lead to overrepresentation by shifting the angle distribution in a
map with a uniform distribution towards the reared orientation. Thus,
a more general treatment than that of Macke et al. (2011) is required
when investigating maps with possible overrepresentation.

The analysis of stripe-reared maps

Classical analysis
The classical method for determining overrepresentation in orienta-

tion preference maps is to bin each pixel according to which orientation
of a small set (usually 0°, 45°, 90° and 135°) is nearest its preferred ori-
entation. The difference between the number of pixels in each bin is
interpreted as the level of overrepresentation in the map. However,
this method only allows a granular analysis of the overrepresentation
on a small set of predefined orientations, and artefacts and noise in the
images may lead to large areas which are erroneously determined to
prefer some orientation. Nonetheless, we calculated a measure of this
type to allow for comparisonwith previouswork.We used a scalar mea-
sure ρ, based on the difference between the number of pixels preferring
the reared or maximally represented orientation and the other orienta-
tions (see the Materials and methods and Simple overrepresentation
quantification sections). Using thismeasure therewas a significant over-
representation of the reared orientation in the stripe-rearedmaps in the
Sengpiel et al. (1999) dataset compared to the control animals (Fig. 5A,
points; p= 0.0002,Mann–WhitneyU test,U= 121), confirming the re-
sults of the original study. However, as expected, the values of this mea-
sure are not robust to changes in the filtering parameters used to smooth
the data, as it only measures overrepresentation by counting individual
pixels (Fig. 5A, error bars).

Shifting value distributions
Our investigations of the elastic net model predict that in an orienta-

tion preference mapwith overrepresentation, the value distributions of
the two components of the map will shift according to the degree and
orientation of overrepresentation. We first investigated if this change
alone would account for the overrepresentation seen in the maps,
using the value distributions of the vector averaged maps from the
Sengpiel et al. (1999) dataset. In control animals, the two map compo-
nents had nearly identical distributions (Fig. 5B). However, in stripe-
reared maps the mean of the component corresponding to the reared
orientation had a positive shift (Fig. 5C), with the corresponding com-
ponents of 0°, 45°, 90° and 135° being positive real, positive imaginary,
negative real and negative imaginary, respectively. We assumed that

this pattern holds for intermediate orientations, allowing the means of
the value distributions to be parametrised in polar coordinates by

μreal # r cos 2θ
μ imaginary # r sin 2θ;

where r and θ are the degree and the orientation of overrepresentation,
respectively. We chose this parameterisation as it allows for features of
overrepresentation, that is the degree and orientation, to be explicitly
represented.

To check that this is an appropriate parameterisation of the mean,
we least-squares fit the means of the vector averaged map component
distributions (Figs. 5B–C) to find a value for r, the degree of overrepre-
sentation for each map (Fig. 5D). As expected, the mean value of r for
the stripe-reared maps is significantly greater than that of the control
maps (p = 0.028, Mann–Whitney U test, U = 63), although there is a
less clear separation between the two groups than with ρ (Fig. 5A).
However, fitting the values of r and θ to the value distributions in this
way provides an improved technique for estimating overrepresentation
compared with that used in Sengpiel et al. (1999), as here we are not
limited to considering only a discrete set of orientations.

Adding these two parameters, r and θ, as hyperparameters to the
Gaussian process model allows us to infer them from the data by
maximising the marginal likelihood (see the Materials and methods
and Marginal likelihood maximisation sections). Performing this, with
a prior otherwise the same asMacke et al.'s (2011)), provides surprising
results (Fig. 5E). While the stripe-reared maps generally have larger r
values than the controlmaps, there is a substantial degree of overlap be-
tween the two distributions. The inferred values of θ were, however, in
good agreement with expectations, with all orientations being within
approximately 25° of the reared orientation, with the exception of
map C4 (see below), while having no parameters whichwere fit subjec-
tively (Fig. 5F). This large degree of overlap in the distributions shows
that just shifting value distributions is not enough to account for all of
the overrepresentation in the maps.

The fitted parameters of map C4 indicated overrepresentation of the
orientation orthogonal to that in which the animal was reared. Further
investigation revealed that the region outside primary visual cortex in
the map violated our normalisation assumption of (potentially biased)
Gaussian noise (see the Materials and methods and Data preprocessing
sections), thus not allowing us to properly normalise the responses be-
tween stimulus conditions. No other method of normalisation could be
foundwhich could ameliorate this issue. It is worth noting that themea-
sure ρ only indicates an overrepresentation of the reared orientation
when this map is filtered appropriately. An unfiltered vector averaged
map of the C4 data has a negative ρ value, indicating that the orthogonal
orientation is overrepresented. Map C3 contains data from the other

Fig. 5. Stripe-rearing affects thevalue distributions ofmaps and their covariance functions. (A) Values of the overrepresentationmetricρ, basedon counting thenumber of pixels preferring
each orientation (see the Materials and methods section), showing a significant difference between groups (p= 0.0002, Mann–Whitney U test, U = 121). Error bars show the range of
values ρ takes over a range of realistic filtering parameters (σlowpass and σhighpass (μm): 150–225 and 275–350 for our data, 50–125 and 175–250 for data from Macke et al. (2011), and
25–100 and 150–225 for data from Sengpiel et al. (1999); based on the estimated wavelengths of the maps), showing that it is not a very robust measure. Symbols show the value for
themedian of the range of filtering parameters given, which was used to conduct the statistical test. Data points are ordered by their ρ value within groups. (B) The normalised value dis-
tributions of the real and imaginary components of all normally-reared maps (n = 5 cats, 9 hemispheres), with the thick and thin lines showing mean ± std dev. The 95% confidence
interval on μimaginary− μreal is [−0.012,−0.009] (Student's t-test, t=−13.3)which is close to zero as expected, but shows a small difference in themeans due to noise. (C) The normalised
value distributions of all stripe-reared maps, with the components grouped so that a shift towards the reared orientation corresponds to a positive shift in the red distribution. The 95%
confidence interval on μshifted − μstationary is [0.050, 0.054] (Student's t-test, t = 46.2), almost five times as large as the difference in the normally-reared maps. (D) Values of r from
least-squares fitting the mean parameterisation to the vector averaged maps' value distributions, showing a generally larger value of r for the stripe-reared maps than the control
maps (p= 0.028,Mann–WhitneyU test,U=63). (E)Marginal likelihood fitted values of r, showing generally larger value for stripe-rearedmaps, butwith a less clear distinction between
groups than in panel D. (F) The absolute difference between the reared orientation and the fitted value of θ, showing that the most overrepresented orientations are close to the reared
orientations, with the exception of a singlemap (discussed in the Results and Shifting value distributions sections). (G) The normalised autocovariance functions of the real and imaginary
components, and the covariance between them, of all normally-reared Sengpielmaps, showingmean± std dev. as in panel B. (H–I) The normalised covariance functions of (H) all 0° and
90° stripe-rearedmaps (n=3 cats, 6 hemispheres) and (I) all 45° and 135° stripe-rearedmaps (n=2 cats, 2 hemispheres). In the 0° and 90° cases there is a slightly smaller wavelength
and a lower level of covariance at small distances in the imaginary component as predicted by the elastic net maps, and in the 45° and 135° cases the same predicted change in the real
component is less clear but present. In both cases there is no substantial covariance between the two components. Note that, as in Fig. 4, these four orientations are not special, but rather
are the result of our choice of coordinate axes, which is themost convenient for the selection of reared orientations available. Symbols showwhich dataset each point represents, as per the
legend.
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hemisphere of the same cat, and overrepresents the reared orientation,
suggesting that the orthogonal overrepresentation in the C4 data is erro-
neous and an artefact of the imaging and processing.

Shifting covariance functions
Another possible source of the overrepresentation not accounted for

by the shift in value distributionmeans is change in the covariance func-
tions. The elastic net maps predict small changes in the maximum and
minimum of the argument of the covariance functions of maps with
overrepresentation, and we looked for this effect in the vector averaged

maps from Sengpiel et al. (1999). The covariance functions were the
same for each map component in the control maps (Fig. 5G), as expect-
ed, but showed a slight difference in both magnitude and wavelength
dependent on the reared orientation in the stripe-reared cases, in line
with the predictions made by the elastic net maps (Figs. 5H–I). There
was no substantial correlation between the two map components,
which again is consistent with the elastic net maps, since for Cartesian
axis aligned orientations (i.e., 0°, 45°, 90° and 135°, the only rearing ori-
entations examined in Sengpiel et al. (1999)), the predicted correlation
between components is zero (Fig. 4C).
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To model these changes in the covariance functions, we added two
more hyperparameters to the model, for a total of four parameters for
the covariance:αreal,σreal,αimaginary andσimaginary, which allow the inde-
pendent specification of the maximum and argument of the minimum
of the covariance functions of both components (Fig. 4B). Following
the results from the elastic net maps (Figs. 4C–D), we could then deter-
mine the level of overrepresentation by looking at the relative absolute
difference between the max and argmin of the two components Δmax
and Δargmin (Eqs. 4 and 5; Fig. 4E). These measures represent the dif-
ference in scaling andwavelength between the real and imaginary com-
ponents of the maps, respectively.

Inferring all six hyperparameters of the model from the data by
maximising the marginal likelihood, and calculating the measures
Δmax and Δargmin, provided a clearer picture of the differences be-
tween control and stripe-reared maps (Figs. 6A–B). Control maps
showed generally small values of Δmax and Δargmin, and stripe-
reared maps generally larger values, but interestingly this was not the
case for all maps, as with the hyperparameter r (Fig. 5E). These results
indicate that stripe-rearing affects multiple aspects of the structure of
orientation maps, and does so to varying degrees in different animals,
and that the structural changes in maps which induce overrepresenta-
tion are indeed as predicted by the elastic net model. Interestingly,
all stripe-reared maps had a high value of at least one of the measures
(r, Δmax and Δargmin), motivating us to investigate whether some
combination of these measures may give the best indication of overall
overrepresentation.

Prediction and classification
We therefore combined the values r, Δmax and Δargmin linearly to

obtain a single measure of overrepresentation. To determine the appro-
priate weighting coefficients, we generated a large number of maps
with overrepresentation, by sampling from Gaussian process priors
with a range of values of r, Δmax and Δargmin (see the Materials and
methods and Prior sampled maps sections). Calculating ρ for these
maps, and then solving the linear system

aΔmax$ bΔargmin$ cr $ d # ρ

for the coefficients in the least-squares sense, we obtained a= 0.53,
b= 0.10, c= 0.32, and d= 0.04. The coefficient of determination of
the fit was R2= 0.98, validating our assumption of a linear relationship.
Note that the values of the coefficients are not directly comparable, as
they are of different units. We chose to use ρ as ameasure of overrepre-
sentation here, as while it is still a granular measure, on Gaussian pro-
cess posterior maps the problems with its dependency on filtering
parameters and noise are alleviated. We used this model to predict
overrepresentation in the maps, which resulted in a significant group-
ing of the maps by rearing condition, as expected (Fig. 6C; p = 0.011,
Mann–Whitney U test, U = 98). These results can be compared to
those from Sengpiel et al. (1999) (Fig. 5A), and to the least-squares
fitting of r (Fig. 5D), with both of which there is a good match. This
result demonstrates that even though we have broken down the struc-
tural causes of overrepresentation into separate measures, we are still
overall capturing the majority of the overrepresentation present in the
maps.

The fitted hyperparameters can also be used to classifymaps by rear-
ing conditionwithout relying on themeasure ρ by training a linear sup-
port vector machine (SVM) on the hyperparameters. We trained and
tested the SVMs on maps sampled from prior Gaussian processes with
varying parameters (96 control and 96 with overrepresentation; see
the Materials and methods and Prior sampled maps sections), using
either ρ or the three parameters r, Δmax and Δargmin, which were es-
timated from the maps (using the empirical covariance functions and
means, as the maps were noise-free). The SVMs were trained on a
random half of the maps, and tested on the other half, and this was re-
peated 100 times. The classifier using the three parameters performed

consistently slightly better, correctly classifying 98% of the maps on
average, while the ρ classifier averaged a 95% accuracy level. The distri-
butions of accuracies were significantly different (p = 7 ! 10−23,
Mann–Whitney U test, U = 60735). We repeated this process on
maps generated using the elastic net (96 control and 96with overrepre-
sentation), which showed a much larger difference in the results of the
two classifiers (three parameter classifier mean accuracy: 99%, ρ mean
accuracy: 82%, p = 5 ! 10−35, Mann–Whitney U test, U = 5050). The
nature of the elastic net model causes it to generate maps with more
variability when compared with prior sampled maps, in the face of
which the three parameter classifier performs significantly better. Intu-
itively this is expected, as ρ simply compares counts of pixels and is
quite susceptible to minor variability in the maps (of which noise is
one example), while our three parameters measure overall differences
in the maps, which provide a more robust assessment of the changes
which lead to overrepresentation, rather than measuring it directly.
When trained on themaps from Sengpiel et al. (1999) (cross-validating
by leaving out a single map on each training iteration, because of the
much smaller dataset than above), the three parameter SVM could
correctly classify 14/17 of the maps (2 stripe-reared and 1 control
map misclassified), and an SVM trained on the values of ρ could also
correctly classify 14/17 maps (1 stripe-reared map and 2 control maps
misclassified). This shared classification rate of approximately 82%
falls within the range expected after the analysis of computational
maps above, the differences being accounted for by the very noisy na-
ture of the empirical data.

To investigate the space of hyperparameters, maps were sampled
frompriors spanning a realistic range of the parameters andwith sever-
al overrepresented orientations. The value of ρ for thesemaps increased
linearly, at different rates, for each of the hyperparameters, as predicted
by the linear relationship investigated above (Fig. 6D). To investigate
why some of the maps lie on different regions of the same iso-ρ planes
in parameter space, we calculated the 2D distributions of orientation
and tuning strength for all of the maps, and compared their similarity
across iso-ρ planes. Only minor differences in the distributions were
found, with changes in the size and shape of the peaks of orientation se-
lectivity at the reared orientations (data not shown), whichmay be cap-
turing subtle variation in the visual statistics encoded by each map.

These results lead to a model where all three metrics contribute to
the overrepresentation seen in stripe-rearedmaps, but in slightly differ-
ent ways. This can be seen visually in both the maps themselves and in
the value distributions of the real and imaginary components (Fig. 6E).
An increase in r shifts the distributions without affecting their shape,
while changing Δargmin or Δmax changes their shapes without affect-
ing their means. We can get an overall estimate of the level of over-
representation through our linear model, or by classifying maps with a
SVM, but by looking at the different components in this way we can
see how the aspects combine to form the final level of overrepresenta-
tion. Examining the distributions of orientation and selectivity in the
maps it is apparent that different combinations of the hyperparameters
create maps with subtle differences in the distributions, as well as spa-
tial structure.

Discussion

To determine the effects of experience on brain structure it is critical
to have reliable statistical methods for determining that structure based
on noisy experimental data. Themethod for estimating orientation pref-
erence maps from optical imaging data introduced by Macke et al.
(2011) was an important step forward in studying visual cortical
maps, and provided substantial improvements over the classical tech-
nique of vector averaging. However, the original method was not
optimised to address the effects of rearing in an abnormal visual envi-
ronment, which is an important method for investigating brain plastic-
ity. Here, we have generalised themethod, including introducing a prior
which allows some orientations to be overrepresented. Though the
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maps estimatedwith this generalisedmethod are not distinguishable by
eye from those estimated with Macke et al.'s (2011) prior, analysis of
the fitted parameters of the prior revealed that a three-dimensional

measure of overrepresentation is required to capture the full nature of
the induced changes in map structure following stripe-rearing, as
well as the overall structure of these changes. There are, in principle,
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many ways one could structurally change an orientation preference
map to bias its overall preference for a particular orientation. Our dem-
onstration of the particular nature of these changes, that is systematic
and rearing-orientation-dependent changes to the means and covari-
ance functions, therefore provides an important contribution to our
knowledge of the effects of visual input on the structure of visual corti-
cal maps.

Previous work on the effect of stripe-rearing characterised map
structure using only a single parameter comparing pixel counts of corti-
cal regions representing different orientations, essentially equivalent to
our ρ metric (Sengpiel et al., 1999; Tanaka et al., 2006). This suffices to
indicate whether or not maps exhibit significant overrepresentation,
but conveys no other information about how the structure of the
maps is different to those from control animals. In contrast, our three-
dimensional metric directly measures changes in the spatial layout of
orientation preference and tuning strength. The three parameters are
derived from the standard vector field representation of orientation
maps, and represent the relative absolute difference between thewave-
lengths of the real and imaginary components (Δargmin), the relative
absolute difference between the scaling of these two components
(Δmax), and the difference in the mean of the two components (r).
Fig. 6E illustrates with simulations how varying each of these parame-
ters independently affects map structure. We found that the variation
of these parameters between normal and stripe-reared maps has a
strikingly diverse pattern, but that, despite this, together these three
values can provide a reliable prediction of rearing condition.

The greater number of parameters in our model of over-repre-
sentation compared to the classical analysis techniquemakes for a math-
ematically more complex model, which in general can be vulnerable to
overfitting the data. For determining whether or not overrepresentation
has occurred in amap, a single parameter such as ρ, which trades robust-
ness for simplicity, may suffice. However, as both our elastic net results
(Fig. 4) and fitted parameters (Figs. 5E and 6A–B) show, to investigate
the nature of the environmentally-induced changes in maps, three pa-
rameters are required.

The diversity in parameter values between animals in the same rear-
ing condition is intriguing (Figs. 5E and 6A–B), and suggests one or both
of the following possibilities. The more subtle statistics of the visual en-
vironment during rearing in the experiments of Sengpiel et al. (1999)
were not tightly controlled, and it is thus possible that some of the pa-
rameter diversity we observed is due to variations in visual experience
between animals. In support of this possibility, simulations have
shown that subtle differences in, for instance, the cocircularity of visual
input during development have measurable effects on orientation map
structure (Hunt et al., 2009). Alternatively, the parameter diversity
could be due to genetic effects. In support of this possibility, recent
work in rodents has shown that the orientation preferences of clonally-
related neurons in primary visual cortex are more similar than those of
unrelated neurons (Li et al., 2012; Ohtsuki et al., 2012), and recent
work in cats has shown thatmolecular cuesmight guide the initial segre-
gation of ocular dominance columns (Tomita et al., 2012). Some of the
maps we analysed here were two hemispheres from the same animals,
however the sample size was too small to determine whether these
tend to have more similar statistics than maps from different animals
(data not shown; see also Hunt et al. (2009), Kaschube et al. (2002)). Po-
tentially there could also be a gene–environment interaction, such that
the variance in results is not explained by treating genetic and environ-
mental effects as independent variables (Hunter, 2005). The sample
sizes required to address these questions are challenging to obtain,
given that rodents do not have smooth orientation maps and so animals
such as cats must be used, for which ethical concerns usually severely
limit numbers. Stripe-rearing of cats is also extremely labour-intensive.

In many situations where one is attempting to estimate anatomical
or functional structures in the brain some information about the under-
lying form is already known. In these cases, the use of Bayesian infer-
ence (of which Gaussian process regression is a particular case) with a

suitable prior encoding of that knowledge allows much more robust
estimations to be made (Friston et al., 2002). Bayesian methods have
made an especially large impact in the analysis of functional MRI data
(Woolrich, 2012). Gaussian process regression lends itself well to esti-
mation tasks where the underlying structure is of a well known form
which can be expressed mathematically. This is true for orientation
preference maps, as well as some other visual cortical maps, but may
apply equally well to other functional topographic maps in the cortex,
such as those found in auditory (e.g., Aitkin et al. (1986)), olfactory
(e.g., Astic et al. (1987)) and gustatory cortex (e.g., Chen et al. (2011)).

Our initial guide for the changes we would expect to see in stripe-
reared maps was the elastic net model, and the orientation preference
maps containing overrepresentation it produced. We found that in
those maps, both the means and covariance functions of the two map
components changed, which we went on to find in the empirical data
from Sengpiel et al. (1999) as well. Changes in either the means or the
covariance functions are enough to induce overrepresentation by
themselves, so it is quite remarkable that the elastic net model shows
changes in both, as in the experimental maps. This adds to the list of
map statistics and phenomena the model has previously been shown
to produce (Carreira-Perpiñán et al., 2005), and reinforces its place as
a useful model for investigating visual cortical maps. These results add
these structural changes under abnormal rearing to the set of phenom-
ena that models should be able to reproduce. Whether or not other
models of map development produce these specific effects is currently
unknown.

We demonstrated the implementation of an efficient and robust
marginal likelihood maximisation technique for estimating the param-
eters of Gaussian process models for visual maps. Although we used
this method to estimate the six parameters of our stripe-reared prior,
we also showed that it performed well estimating the two parameters
(α and σ) of the prior of Macke et al. (2011). This removes any subjec-
tive interpretation of the data, which can otherwise be necessary
when the data is especially noisy, for example when spatially filtering
an orientation preference map. The method also provides a set of pa-
rameters which are known to be optimal, under the assumption that
the prior is of an appropriate form. While our method still relies on as-
sumptions regarding the spatial form of the maps and the nature of the
noise present in the data, these assumptions are clearly stated, which is
preferable to the subtle and subjective assumptionsmade by techniques
such as vector averaging.

The role played by visual input in early life in the formation and
refinement of visual cortical maps is still an active research topic
(Espinosa and Stryker, 2012). Investigations into the effects of abnormal
visual input on visual cortical maps have also included ocular domi-
nance maps (Shatz and Stryker, 1978) and the spatial relationships be-
tween these and orientation maps (Crair et al., 1997). The generalised
implementation presented here allows the application of this method
to maps of ocular dominance, with an appropriate chosen prior (per-
haps based on Rojer and Schwartz (1990)), as well as both orientation
and ocular dominancemaps together, with a prior defining the relation-
ship between them. Other visual cortical maps, such as for direction
preference, spatial frequency, retinotopic location, and colour could
also be more reliably estimated using this technique, given suitable
priors. Using this technique to investigate what can be learnt about
the effects of visual input on these maps and their combinations is a
promising direction for further research.
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