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Abstract. In this paper, we present an exploratory factor analytic ap-
proach to morphometry in which a high-dimensional set of shape-related
variables is examined with the purpose of finding clusters with strong
correlation. This clustering can potentially identify regions that have
anatomic significance and thus lend insight to the morphometric inves-
tigation. The analysis is based on information about size difference be-
tween the differential volume about points in a template image and their
corresponding volumes in a subject image, where the correspondence is
established by non-rigid registration. The Jacobian determinant field of
the registration transformation is modeled by a reduced set of factors,
whose cardinality is determined by an algorithm that iteratively elim-
inates factors that are not informative. The results show the method’s
ability to identify gender-related morphological differences without su-
pervision.

1 Introduction

This work presents a novel method for exploring the relationship among mor-
phometric variables and the possible anatomic significance of these relationships.
Our approach is based on the analysis of high-dimensional sets of vector vari-
ables obtained from non-rigidly deforming a template image so as to align its
anatomy with the subject anatomy of a group, depicted in MRI studies. The
resultant individualized templates provide an anatomic labeling of the subject
data. In addition, information about regional shape can be extracted from the
alignment transformations. This information—in the form of differential size dif-
ferences among subject anatomies—is statistically analyzed to yield a reduced
set of common factors that correspond to new variables with possible anatomic
significance. In this way, the methodology more naturally facilitates hypothesis-
driven explorations of regional differences in the data and lends deeper insight
to the morphometric investigation.

An important and commonly used method for shape representation is the
principal component analysis (PCA) of variance [10]. In this approach, a new set
of variables is determined as linear combinations of the original variables, in such
a way that they account for most part of the variance presented in the sample.
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Marcus [9] and Cootes et al.[2] showed how PCA could be used to construct
models based on manually chosen landmarks. The analysis was focused on the
variable domain, since the number of subjects in the sample was usually larger
than the number of variables being measured. Generalizing the use of PCA to
high-dimensional variables, Le Briquer and Gee[7] applied the method directly
to the mappings, registering an atlas to the subject anatomies.

Although PCA is efficient in summarizing variability in a dataset, the prin-
cipal components are generally difficult to interpret. Factor analysis differs from
PCA in that it provides a basis transformation from the variables into a factor
domain that preserves the correlation among original variables. Factor analysis
accounts for the covariance among these variables instead of representing prin-
cipal modes of variance. In this sense, the information about the dependency
among variables is preserved.

The use of factor analysis in morphometry has been examined by Marcus [9]
and Reyment and Jöreskog [11] in the context of analyzing general scalar vari-
ables, presenting a wide discussion on the factor analysis of landmark data.
Scalar features such as landmark distances and curvatures were considered in
the analysis of ostracod species, where the displacements between landmarks
were modeled as deformations of a thin-plate spline.

In this paper, we extend the exploratory factor analytic approach to high-
resolution MRI morphometry, where the set of measurement variables are of very
high dimension. The method is applied to the study of the corpus callosum and
compared to previous published results [3,8].

2 Methods

The displacement fields representing the spatial warps between the reference and
the subjects’ images are obtained from a Bayesian generalization of the Bajcsy
and Kovačič elastic matching technique [1] and its finite element implementa-
tion [5]. The process comprises a global and local registration which account,
respectively, for rigid transformations and continuous one-to-one mapping ac-
cording to the elasticity theory principles.

2.1 Atlas-Based MRI Morphometry

The amount of scaling applied to an infinitesimal area around a point x in the
template, when it is deformed to match a subject, can be evaluated by computing
the Jacobian determinant of the mapping function between corresponding points.
The pointwise Jacobian determinants for two populations can be compared by
computing an effect size:

e(x) = [µ1(J(x)) − µ2(J(x))]/
√
σ2(J(x)), (1)

where µp(J(x)) is the mean pointwise Jacobian determinant of a population p
and σ2(J(x)) is the unbiased variance for populations 1 and 2 combined. These
comparisons show shape differences between populations, reflected in the amount
of compression or dilatation of a region-of-interest in the reference image.
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2.2 Factor Analysis

The purpose of factor analysis is to reduce the dimensionality of a problem by
exploring the correlation among its variables. A set of p original variables, y, is
represented as linear combinations of m new variables called factors:

y = µ+Λf + ε, (2)

where y = (y1, . . . , yp)T are the variables observed from a sample of a pop-
ulation with mean vector µ = (µ1, . . . , µp)T and covariance matrix Σ; f =
(f1, . . . , fm)T are the factors; ε = (ε1, . . . , εp)T are the error terms which ac-
count for the portion of y that is not common to the other variables; and
Λ = ((λ11, . . . , λ1m), . . . , (λp1, . . . , λpm))T is the loading matrix. The coefficients
λij , called loadings, express the covariance between variable yi and factor fj .

The model and purpose of factor analysis lead to some assumptions regarding
the behavior of f and ε. Since the expected value E(y − µ) is the null vector,
E(f) and E(ε) must also be 0. In order for the factors to account for all the
correlation among the variables y, the covariance among error terms and factors
must be 0 and the covariances among error terms are represented by the diagonal
matrix Ψ = diag(ψ1, . . . , ψp). The diagonal entries of Ψ, ψi, are called specific
variances. It is also assumed that the covariance matrix for factors is the identity
matrix, so that the variance of yi can be expressed as

var(yi) =
∑m

j=1λ
2
ij + ψi. (3)

The summation in (3) is called the communality or common variance. Based on
the independence betweenΛf and ε, and considering cov(f) = Ii, the relationship
between Σ, Λ and Ψ can be written as

Σ = cov(µ+Λf + ε) = cov(Λf) + cov(ε) = Λcov(f)ΛT +Ψ = ΛΛT +Ψ. (4)

An interesting characteristic of the loading matrix Λ is that it can be mul-
tiplied by an orthogonal matrix and still be able to represent the covariance
among factors and original variables. Since any orthogonal matrix Q multiplied
by its transpose leads to the identity matrix, the basic model for factor analysis
in (2) can be written as

y = µ +ΛQQT f + ε = µ+Λ∗f∗ + ε,

where Λ∗ = ΛQ and f∗ = QT f . If Σ in (4) is expressed in terms of Λ∗, we have

Σ = Λ∗Λ∗T +Ψ = ΛQ(ΛQ)T +Ψ = ΛQQTΛT +Ψ = ΛΛT +Ψ, (5)

showing that the original loading matrix Λ and the rotated matrix Λ∗ yield the
same representation of Σ. The rotation of loadings plays an important role in
factor interpretation, as it is possible to obtain a rotated matrix that assigns
a few high loadings for each variable, keeping the other loadings small. If such
matrix is obtained, each variable will be related to a single factor (or at least to
a few ones), which can potentially be given a morphological interpretation.
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2.3 Analysis of Effect Size

The effect size expression shown in (1) can be formulated in the factor domain,
where for each point xi, yi = J(xi). In this way, the comparison between two
populations can be performed based exclusively on the reduced set of factor
values (scores) which completely represent each subject in the new basis. From
the factor analysis model in (2) and the definition of variance in (3), we have
that

e(xi) = [µ1(yi)− µ2(yi)]/
√
σ2(yi)

= [
1
n1

n1∑

k=1

(
m∑

j=1

λijfjk + εik + µ(yi))− 1
n2

n2∑

k=1

(
m∑

j=1

λijfjk + εik + µ(yi))]/
√
σ2(yi)

= [
m∑

j=1

λij(µ1(fj)− µ2(fj)) + µ1(εi)− µ2(εi)]/(
m∑

j=1

λ2
ij + ψi)1/2,

where µ1(yi) and µ2(yi) are the mean Jacobian determinant values for the two
populations; µ(yi) and σ2(yi) are the mean and variance for populations 1 and
2 combined; n1 and n2 are the respective number of subjects in each sample; m
is the number of factors; λij is the loading for variable i and factor j; fjk is
the j-th factor score of subject k; µp(fj) is the mean value of factor j in the
population p; µp(εi) is the mean value of the error term i; and ψi the associated
variance.

2.4 Implementation

In factor analysis, it is necessary to first define the number of factors to be
considered. We present next an iterative algorithm that determines the number
of factors based exclusively on the characteristics of the data set, instead of
subjective considerations. The first step in the process is the computation of
the covariance matrix Σ. Since the purpose of factor analysis is to represent the
covariance among variables, the expression for Σ presented in (5) is simplified
to Σ = ΛΛT , as Ψ is diagonal and does not affect the covariance values. Σ is
then decomposed into

Σ = LΘLT = (LΘ1/2)(LΘ1/2)T ,

whereΘ1/2 = diag(
√
θ1, . . . ,

√
θp) is the diagonal matrix with the square root of

the eigenvalues of Σ and L is the matrix of the corresponding eigenvectors. The
loading matrix can thus be estimated based on the sample covariance matrix as
Λ = LΘ1/2. The number of factors (number of columns in Λ) can be initialized
to the number of eigenvalues greater then 1, since they account for the variance
in at least one variable.

The computed loading matrix is then rotated so that each variable will ex-
hibit high loading for only a few factors. This can be achieved by finding a
sequence of rotations that maximizes the variance of the squared Loadings in
each column of Λ (varimax algorithm) [6]. The resultant loading values represent
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the correlation between variables and factors. The following algorithm reduces
the initial number of factors by discarding factors which do not have high corre-
lation with at least two variables. Since the absolute value for correlation ranges
from 0 to 1, we consider factors to be informative when they have loadings with
absolute value greater or equal to 0.5. Convergence is achieved when the number
of factor mt at iteration t equals the number of factors mt−1 computed in the
previous iteration. The algorithm is summarized below:

Begin
Compute sample covariance matrix Σ;
Decompose Σ into its eigenvectors L and eigenvalues Θ;
Set initial number of factors mt to the number of eigenvalues

with value greater then 1;
Repeat until mt = mt−1

mt−1 ← mt;
Estimate loadings as Λ = LΘ1/2;
Rotate loadings based on varimax algorithm;
mt ← 0;
For j ← 1 to mt−1 do

nvar ← 0;
For i← 1 to p do if λij ≥ 0.5 then nvar ← nvar + 1;
If nvar > 1 then mt ← mt + 1;

End

3 Experimental Results

The set of MRI images used in the study is composed of 12 male and 16 female
normal controls recruited as part of an ongoing study on schizofrenia being con-
ducted at the Mental Health Clinical Research Center of the University of Penn-
sylvania. The subjects are right-handed with average age of 27 years (σ=5.8) for
the male group and 28 years (σ=9.4) for the female. The images were acquired
on a GE 1.5 Tesla instrument, using a spoiled GRASS pulse sequence optimized
for high resolution, near isotropic volumes (flip angle = 35o, TR = 35 ms, TE =
6 ms, field of view = 24 cm, 0.9375 × 0.9375 mm2 in-plane resolution, 1.0 mm
slice thickness, no gap). The images were obtained in the axial plane and the
midsagittal slice extracted and reformatted into 256 × 256 8-bit images (Fig. 1).

The subject images were rigidly registered to a female template by identify-
ing 3 pairs of corresponding points and applying least-square optimization. The
callosa were segmented using the K-means clustering algorithm and extracted by
manual delineation. Local registration was performed by elastically matching the
template to each globally aligned subject callosum. The resulting displacement
fields were used to compute the determinant Jacobian values to which factor
analysis was applied.

Fig. 2 shows the identified factors. The algorithm took 5 iterations to converge
from 27 to 18 factors which were highly correlated with at least 2 variables. The
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Fig. 1. Female (top) and male (bottom) subjects.

images show the absolute loading values that are greater then 0.5, for each
informative factor. The gray levels are proportional to the absolute correlation,
where pure white corresponds to complete correlation and the gray intensity
shown in the background corresponds to a value of 0.5. These results can be
compared with the findings of Gee et al. [4], who examined the same data set by
computing the effect size between female and male populations. The comparison
of Fig. 2 with Fig. 3 reveals an interesting relationship between the factors and
the areas in which female and male morphology differ. The second factor shown
in Fig. 2 coincides with the splenium and is is related to the major gender-
related difference in the callosal anatomy, that has been observed in previous
work [3,8]. The inferior portion of the splenium can be divided into 2 parts: the
right half does not seem to discriminate the two populations, as can be seen in
Fig. 3b, whereas the left region is actually larger in the female group. These two
regions are clearly separated into two factors (factors 14 and 11, respectively)
as can be seen in Fig. 2. Other callosal parts that contribute to shape difference
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between females and males are indicated by factors 5, 9 and 15. Factor 15 is
of particular interest, since it appears isolated in the right-most portion of the
splenium (Fig. 3a), representing a region where the effect size is greater than 0.75.

Fig. 2. Factor analysis of callosal morphology. For each factor, voxels that are
highly correlated are highlighted in white. Factors are numbered from 1 to 18,
left to right and top to bottom.

(a) (b)

Fig. 3. Effect size analysis of callosal morphology. Voxels are highlighted where
the effect size for area differences (female − male) are greater than 0.75 (a)
and 0.5 (b).

4 Conclusion

A novel approach to morphometry was presented, in which the relationship
among anatomic substructures are explored. The method is based on the fac-
torial analytic model, where the covariance among variables is represented in
a new basis of lower dimension. This enables more parsimonious descriptions
and allows exploratory analysis of correlations which may reveal relationships
between regions of interest that have not yet been observed. Factors can be
visually identified as regions that embed strong correlation. The issue of deter-
mining the number of factors can be related to the desired degree of detailing
in the analysis — fewer factors are expected to encompass greater regions with
coarse correlation, whereas larger factor sets may represent smaller regions with
stronger correlation. An algorithm was presented, which iteratively reduces the
number of factors based on their contribution to the covariance representation
of variable clusters. The ability of factor analysis to explore the relationship be-
tween parts of structures is a powerful tool for morphometry and a vast field for
future work.
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