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Abstract: Phenylketonuria (PKU) is a genetic disorder characterised by an 
inability to metabolise phenylalanine. Several studies have reported that the 
Corpus Callosum (CC) is one of the most severely affected structures with 
respect to volume loss in early treated PKU patients. In this work, we aim to 
detect the abnormalities of the CC in PKU from both global and local 
perspectives. 3D models of the CC are extracted from MRI data using a 
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semiautomatic segmentation method. In the global analysis, raw and scaled 
volumes of the CC are compared between PKU patients and the controls.  
An oriented bounding box of the CC is constructed and its length, width and 
height are used as the MRI traits in our study. The raw and scaled values of 
these traits are compared between patients and controls. In the local analysis, 
shape differences at every surface point of the CC between PKU patients and 
the controls are computed using Hotelling T2 two-sample metric followed by a 
permutation test. The height of the CC is found to be significantly shorter in the 
patients and significant shape abnormalities in the genu and splenium of the CC 
is also found in the patients. 

Keywords: PKU; phenylketonuria; CC; corpus callosum; MRI; shape analysis. 
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1 Introduction 

Phenylketonuria (PKU) is a metabolic disorder that results from a deficiency of 
phenylalanine hydroxylase, which leads to elevated levels of the amino acid 
phenylalanine (Phe) in the blood. It is an autosomal recessive disorder caused by 
mutations in the PAH gene. The clinical behaviour of the untreated state is characterised 
by mental retardation, macrocephaly, seizures, eczema, and other behaviour 
abnormalities (National Institutes of Health Consensus Development Panel, 2001),  
and the brain pathology includes reduced brain weight and hypo- and demyelination of 
cerebral white matter (Scriver et al., 1995). However, the heterogeneity in the mutations 
of PAH results in wide phenotypic heterogeneity, and the relationship between the 
clinical phenotype and the genotype is not always constant (National Institutes of Health 
Consensus Development Panel, 2001).  

By the application of a Phe-restricted diet beginning in the first days of life,  
the phenotype of untreated PKU can be prevented. Due to the prevalence of Phe in foods, 
even under dietary restriction, individuals with PKU still have higher-than-normal levels 
of Phe in their systems. Many comparisons between early treated PKU patients and 
controls showed cognitive and behavioural deficits in the patients. MR imaging studies 
on early treated PKU patients have primarily shown the volume loss in white matter 
regions of the brain in the patients (Thompson et al., 1993; Phillips et al., 2001; 
Hasselbalch et al., 1996; Pfaendner et al., 2005; Hahnel, 2008), although grey matter 
changes in cortical layering, tissue mass (atrophy), and reduced dendritic arborisation 
have also been reported (Dyer et al., 1996; Dyer, 2000). Although volume is a phenotype 
based on quantitative assessment of brain structures, no shape information about the brain 
structure can be revealed. Assessing shape changes is important in understanding how the 
volume is changed, e.g., a scaling (rigid transformation) of the shape vs. a distortion 
(non-rigid transformation). Quantitative assessment of the shape morphology can provide 
additional phenotypes and thus help in understanding the relationship between genetic 
mutation and phenotype variation in PKU.  

The Corpus Callosum is a large white matter bundle connecting the left and  
right hemisphere and is the main neural conduit for interhemispheric interaction. It has 
been reported to be one of the most severely affected structures with respect to volume 
loss in early treated PKU patients (Pfaendner et al., 2005; Hahnel, 2008). Studies have 
found that early treated PKU patients displayed a disruption in communication  
between hemispheres, caused by abnormal myelination of neurons that make up the CC 
(Gourovitch et al., 1994; Banich et al., 2000). 

The aim of this study is to detect size and shape abnormalities of the CC in early 
treated PKU. Two types of analysis are conducted. The first type is MRI traits analysis. 
An MRI trait is a phenotypic trait (Shyu et al., 2007) of an organism on MR images. 
Under this definition, volume can be considered a trait which is most commonly used. 
Other MRI traits can also be defined in various ways. In our study, traditional volume 
analysis is performed. Besides, an oriented bounding box of the 3D CC model segmented 
from MR images is constructed. The MRI traits are defined as the length, width, height of 
the bounding box and all the pairwise ratios, and they are to be compared between  
PKU and control groups. The second type is local shape analysis, which compares 3D 
shapes of the CC at every surface location. Shape analysis has gained an increasing 
amount of interest from the neuroimaging community because it can precisely locate 
morphological changes in pathological structures, which cannot be reflected in volume or 
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other MRI traits. The two types are complementary to each other. The first type provides 
global information about the difference between pathological structures and normal ones, 
while the second type reveals the local difference at specific locations.  

Due to limited sample data at the current phase, this study serves as a pilot for 
analysing abnormalities of a pathological brain structure and some preliminary results are 
shown. Other related brain structures can also be studied using similar methods.  

2 Methods 

2.1 Participants and data 

Eight participants with PKU (4 males, 4 females) who were diagnosed at birth and 
maintained on a phenylalanine-restricted diet participated in the study and ranged  
in age from 11 to 27 years (M = 16.80, SD = 4.92). Eight individuals without PKU  
(4 males, 4 females) comprised an age-, education-, and gender-matched control group. 
The control group ranged in age from 12 to 27 years (M = 17.19, SD = 5.05). Individuals 
with psychiatric and/or medical history unrelated to PKU were excluded.  

All MRI scans were obtained on a 1.5T Siemens Symphony scanner with a standard 
8-channel head coil. A high-resolution three-dimensional T1-weighted sagittal scan  
was collected for purposes of structural analysis (MP-RAGE sequence: TR = 1920 ms, 
TE = 4 ms, flip angle = 8°, in-plane resolution = 1 × 1 mm, slice thickness = 1 mm, 
number of slices = 160). 

2.2 3D modelling of the CC 

The CC models were obtained using a 3D semi-automatic hybrid (region- and  
boundary-based) segmentation method that had been previously validated for accuracy 
and reproducibility (Karsch et al., 2009). To further increase the accuracy and validity  
of the results, we ensured that all segmentations were completed by the same trained 
individual using the aforementioned method. An implicit voxel representation (i.e., a 3D 
binary image) and an explicit mesh representation of the model were both obtained after 
the segmentation. Each model was a 3D mesh with 3000~4000 points. The segmented 
CC model can be seen in Figure 1. 

Figure 1 Two views of a 3D CC model and its oriented bounding box (red line: the length;  
green line: height; blue line: width) (see online version for colours) 
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2.3 MRI traits measurements 

We used the voxel representation for the volume analysis. The raw volume is the 
multiplication of the voxel count and the voxel size in mm3. To take into account the 
effect of the brain volume, we normalise the raw CC volume by the Total Brain Volume 
(TBV) and the Intracranial Volume (ICV), respectively. TBV includes grey matter and 
white matter and excludes ventricles (Brien et al., 2006), and ICV is the sum of white 
matter, grey matter, and inner and outer cerebrospinal fluid spaces (Wolf et al., 2003).  
A choice can be made between using TBV or ICV as an adjustment factor (O’Brien et al., 
2006), but our results show that the two choices do not make any difference. We used  
the FMRIB software library (Smith et al., 2004) for brain skull stripping, and then  
used a web-based program (Karsch et al., 2008) to calculate TBV and ICV.  
The brain volumes, raw and scaled volumes of the CC are compared between patients 
and controls.  

We explored MRI traits based on the oriented bounding box of the CC model. 
Explicit representation of the model was used for this analysis. Principal Component 
Analysis (PCA) was used to find the principal orthogonal axes of the CC model, and the 
edges of the bounding box were parallel to one of these axes. Figure 1 shows two views 
of the CC model along with the bounding box. The length was defined as the frame 
which extended from the posterior to the anterior of the CC, the width was the frame that 
extended perpendicular to the sagittal plane, and the height was the other frame. We also 
calculated the ratio between each pair of orthogonal frames. The shape of the bounding 
box depends on both the size and the shape of the CC, so these MRI traits can reflect both 
size and shape information of the CC.  

To account for the brain volume effect, we scaled the above raw measurements by the 
cubic root of TBV and ICV, respectively. Since these measurements were in mm, this 
scaling made the units consistent. Both raw and scaled measurements were compared 
between patients and controls. 

2.4 Point correspondence establishment 

Point correspondence among individual shapes is an essential and challenging  
procedure in local shape analysis. In our recent work (He et al., 2009) we developed a 
landmark sampling method to find point correspondence which was an improved version 
of Dalal et al. (2007). We briefly describe here how to find the correspondence between 
two 3D meshes, and the same method can be generalised to a group of shapes.  

Given two triangle meshes U and V, we first removed the location difference by 
moving their centres of mass to the origin. Then we normalised each shape  
by its centroid size (Bookstein, 1989) so that there is no size effect in the following  
shape analysis. The rotation between the two shapes was removed by aligning  
their principle axes. After spatial alignment we constructed a set of landmarks on the 
template shape U. These landmarks need not be anatomically defined. The basic 
consideration is that they should be dense enough to represent the surface U and 
sufficiently sparse for a compact statistical shape model. The 3D space is divided  
into equal-sized cubic cells. In each cell, the surface point closest to the centre of the cell 
is selected as the landmark. The size of the cell controls the density of landmarks.  
A comparison of the original surface points and the sampled landmarks can be seen  
from Figure 2(a) and (c). 
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Figure 2 (a) Two aligned original point clouds overlaid (blue: template, red: target);  
(b) initial landmarks on the target shape obtained using the algorithm  
in Dalal et al. (2007) and (c) our algorithm (see online version for colours) 

   
 (a) (b) (c) 

We then found the landmarks (a subset of surface points) on the target shape V that 
corresponded with the template landmarks. A simple way is to select a closest point on 
the target triangle mesh for each landmark on the template (Dalal et al., 2007). Since the 
two shapes are pre-aligned, it is assumed that this simple method can find a rough 
correspondence between the landmarks on U and V. However, if the two aligned shapes 
do not have a certain amount of overlapping (e.g., Figure 2(a)), this method may fail to 
find the correct correspondence. In order to solve this problem, we proposed an improved 
initial correspondence algorithm with a mutual selection strategy and normal constraints 
(He et al., 2009). We observed that if the two points are corresponding points on two 
shapes, their surface normal directions should not differ too much. If their surface normal  
directions are nearly opposite, they are not likely to be the corresponding points. We used  
the constraint of normal directions in addition to the distance in the landmark selection 
procedure. Let the set of template landmarks be UL, each template landmark ui ∈ UL,  
the original point set on the target mesh be V, each target point vi ∈ V, and the set of 
target landmarks be VL. Our algorithm can be outlined as follows. 

1 For each vj ∈ V, find a landmark ui from UL which is closest to vi. 

2 For each ui ∈ UL, record all the vj’s that select ui as the closest point. Denote this set 
of vj’s as Vi. 

3 If ui has more than one point in its Vi, find a point vj from Vi whose normal direction 
is closest to the normal of ui. Remove vj from V and add it to VL. If ui has no  
points in its Vi, find a point vj from V that has closest distance to ui. Remove vj  
from V and add it to VL. 
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The resulting points in VL are the corresponding landmarks on the target shape.  
Figure 2 shows a real example of the initial landmarks on the target CC shape obtained 
using the simple way and our algorithm, respectively.  

Given the initial correspondence between two sets of landmarks, UL and VL, one can 
estimate a transformation T from VL to UL, and T can be applied to the entire target  
point set V. We now briefly introduce the basic concept of TPS. Suppose there are n 
landmarks in UL and VL, respectively. Let the landmarks in UL be ui = (uix, uiy, uiz),  
and the landmarks in VL be vi = (vix, viy, viz), i =1, …, n. ui and vi are corresponding points 
for the same i. The TPS function which transforms vi to ui has the form: 

0
1

( , , ) (|| ( , , ) ( , , ) ||)
n

ix iy iz x ix y iy z iz j jx jy jz ix iy iz
j

f v v v a a v a v a v w v v v v v vφ
=

= + + + + −∑  (1) 

where φ(r) = r in 3D case. We use three separate functions to model the transformation  
of x, y, z coordinates, and the objective function is  

( , , ) ( ( , , ), ( , , ), ( , , )) ( , , ).ix iy iz x ix iy iz y ix iy iz z ix iy iz ix iy izT v v v f v v v f v v v f v v v u u u= =  (2) 

Each function fx, fy, fz has the same form as equation (1). Equation (2) can be written in 
the matrix form and the coefficients a0, ax, ay, az, wi of each function can be solved from 
the linear equation.  

After we obtain the initial correspondence between UL and VL, we estimate a TPS 
transformation from VL to UL, and apply the transformation function to the entire point  
set V. The transformed target point set is denoted as V1, and the algorithm in 2.2 is then 
applied on UL and V1 to find a set of target landmarks 1.LV  Then a TPS transformation 
from 1

LV  to UL is estimated and applied to V1. The final landmark set n
LV  after n iterations 

contains the landmarks in the transformed shape Vn. We keep track of the indices of the 
landmarks in each iteration, so that the final landmarks can be easily mapped to their 
original coordinates in V. After several iterations, the initial correspondence error can be 
greatly reduced. As suggested in Dyer et al. (1996), three iterations are used in our 
experiment. Figure 3 shows one example of landmarks before and after three TPS 
iterations. 

Figure 3 The landmarks on a target shape before (left) and after (right) TPS iterations  
(see online version for colours) 

  

2.5 Statistical shape analysis 

One of the 16 meshes was randomly selected as the template, and 767 landmarks  
were sampled on this template. The correspondence between this template and each  
of the other shapes was established using our algorithm, and the result was 16 sets  
of corresponded landmarks, which can be used directly for statistical shape analysis. 
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Since each shape is spatially aligned with the template before the shape correspondence 
is established, no additional spatial alignment is necessary among all the shapes.  
The difference in the size of the CC has been eliminated in the spatial alignment,  
so the shape analysis only reveals pure shape difference between patients and controls. 
Hotelling T2 two-sample metric is used to measure how two groups of shapes are 
different from each other at each surface location. We use a modified T2 metric instead of 
the standard one, because it is less sensitive to group differences of the covariance 
matrixes and the sample size (Styner et al., 2006). This metric is defined as  

T2 = (µ1 – µ2)′((1/n1)Σ1 + (1/n2) Σ2))–1 (µ1 – µ2) (3) 

where Σ1, Σ2 are the covariance matrices of the two groups, µ1, µ2 are the average 
coordinates of the two groups at this surface point, and n1, n2 are the sample sizes of the 
two groups. A positive, larger T2 indicates more significant group difference, and each  
T2 is converted to a corresponding p-value at every surface location. This raw p-value is 
an optimistic estimation. Since comparisons are made at thousands of CC surface points,  
it is important to control for the multiple testing problem. In our work, we adopt False 
Discovery Rate (FDR) (Hochberg and Benjamini, 1995) as the appropriate approach  
for p-value correction, because it provides an interpretable and adaptive criterion, while 
non-parametric permutation tests are overly pessimistic (Styner et al., 2006). FDR 
method allows the false positive to be within a small proportion α (α = 0.01 in our 
experiment). The p-value correction is computed as follows. 

1 Sort the p-values such that p1 < p2< µ <pN, where N is the number of vertices on the 
surface. 

2 From all the p-values that satisfy pi<= α•i/N, select the p-value with the largest  
index i, denoted as pα. 

3 Declare all locations with p-values less than pα significant.  

3 Results 

3.1 MRI traits analysis 

Two-tailed t-tests and two-tailed Mann-Whitney-Wilcoxon (MWW) (Conover, 1980) 
tests were used for statistical comparison of the MRI traits. The MWW test is similar  
to t-test and primarily suited for smaller data sets such as ours. A significance  
level of 0.05 was selected for both tests. Table 1 shows the results of the two tests in each 
comparison.  

The two testing methods showed similar results. No significant difference was found 
between the two groups in the brain volumes, raw CC volumes and scaled CC volumes. 
Both tests indicated significant difference in the height of the bounding box of the CC. 
Both raw and scaled values of the height were significantly shorter in PKU patients than 
in the controls. 
 
 
 



   

 

   

   
 

   

   

 

   

    Detecting 3D Corpus Callosum abnormalities in phenylketonuria 297    
 

    
 
 

   

   
 

   

   

 

   

       
 

Table 1 Results of the CC analysis comparing patients with PKU to control data. Bold entries 
indicate a significant difference between the patients and the controls 

Patients Controls 
Measurements Mean Std  Mean Std  t statistic p-value U statistic 

TBV (× 104 mm3) 128 8.68 126 7.73 0.2891 0.7767 29 

ICV (× 104 mm3) 147 11.7 142 13.2 0.7884 0.4436 26 

CC volume (× 104 mm3) 54.2 0.0636 55.3 0.0631 –0.3314 0.7453 31 

CC volume/TBV(× 10–3) 4.3 0.535 4.4 0.638 –0.4426 0.6648 30 

CC volume/ICV (× 10–3) 3.7 0.461 3.9 0.781 –0.7490 0.4663 30 

CC length (mm) 71.9 4.47 76.2 6.18 –1.5712 0.1385 21 
CC height (mm) 26.9 5.68 33.0 5.43 –2.1848 0.0464 12 
CC width (mm) 10.4 1.28 11.0 2.48 –0.6789 0.5083 30 
CC length/ CC height 2.78 0.619 2.35 0.219 1.7958 0.0941 15 
CC length/ CC width 7.03 0.889 7.19 1.58 –0.2513 0.8053 40 
CC height/ CC width 2.63 0.633 3.13 0.903 –1.2727 0.2238 22 
CC length/(TBV)1/3 0.664 0.0399 0.706 0.0693 –1.4926 0.1577 24 
CC height/(TBV)1/3 0.247 0.0492 0.306 0.0550 –2.2294 0.0427 12 
CC width/(TBV)1/3 0.956 0.0127 0.102 0.0216 –0.6977 0.4968 28 
CC length/(ICV)1/3 0.633 0.0362 0.680 0.0729 –1.6268 0.1261 24 
CC height/(ICV)1/3 0.236 0.0470 0.295 0.0566 –2.2547 0.0407 11 
CC width/(ICV)1/3 0.912 0.0120 0.0979 0.0203 –0.8032 0.4353 28 

3.2 Local shape analysis  

Figure 4 gives a descriptive visualisation of the group shape difference. Figure 4(a) 
shows the overlaid average shape of each group, and Figure 4(b) shows the signed 
distance map between the two average shapes rendered on an overall average shape  
of all 16 subjects. By examining the average structures, we find that in the patients in 
whom the body of the CC is less bent, the anterior tip (genu) and posterior tip (splenium) 
are shorter, and the anterior most is more projected. Note that the triangle mesh 
information is lost after landmark sampling, and we reconstruct the surface using 
COCONE (Dey and Giesen, 2001) for display purpose.  

Figure 4 (a) Two views of the overlaid average shapes (blue: controls, red: patients) and  
(b) two views of the distance map between the two average shapes. The negative 
distances (shown in blue) indicate the patients’ structure is inside the controls’ and the 
reverse (shown in red) is for the positive distances) (see online version for colours) 

 
 (a) (b) 
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The significance maps of the raw and corrected p-values are shown in Figure 5.  
Smaller p-values indicate larger statistical significance. A two-tailed alpha level of 0.05 is 
chosen as the significance threshold for the raw p-values, and FDR threshold pα is 0.01 
for corrected p-values. Figure 5(a) shows the significance map of raw p-values, which is 
an optimistic estimation. The significance map of the corrected p-values (Figure 5(b)) 
shows that the major significant difference lies in the genu and splenium. This is 
consistent with the distance map in Figure 4(b) which shows the main difference between 
the averages at these parts.  

Figure 5 Significance map: (a) raw p values and (b) corrected p values (see online version  
for colours) 

 
 (a) (b) 

4 Conclusion and discussion 

This study investigated the abnormalities of the CC in PKU patients through MRI  
traits analysis and local shape analysis. Volumes and bounding box based MRI traits of 
the CC were measured and scaled by TBV and ICV. Both raw and scaled measurements 
were compared between patients and controls using t-tests and MWW tests. Shape 
comparison is conducted at each surface location using the Hotelling T2 test, followed by 
a permutation test. MRI traits analysis gives global information of the abnormalities, 
while shape analysis detects local surface morphology of the structure. 

Most previous studies reported white matter loss in early treated PKU patients, and 
the CC is one of the most severely affected structures. These volumetric findings may 
help to determine whether patients with PKU should be recommended to receive lifelong 
dietary treatment or not. However, we did not find any significant difference in the raw 
and scaled CC volumes between PKU and controls. This might be due to our small 
sample size or the heterogeneity of PKU population. Interestingly, we did find significant 
reduction in both raw and scaled CC height in PKU patients, which has not been reported 
in any previous studies. Further more, we find significant shape abnormalities in the genu 
and splenium of the CC in PKU patients. This local shape morphology cannot be detected 
using global analysis such as MRI traits analysis, and it also has not been reported before. 
This might serve as additional evidence for the association with abnormal myelination of 
neurons that make up the CC. It is suggested that the relationship between variations in 
the phenotypes associated with blood Phe concentration be studied (National Institutes of 
Health Consensus Development Panel, 2001). Correlation between volumes of brain 
structures and blood Phe value has been studied and no significant correlation was found 
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(Pfaendner et al., 2005; Hahnel, 2008). Our MRI traits can serve as additional phenotypes 
to the volume, and their relation with blood Phe value can be studied in a similar manner. 
This will provide stronger evidence of whether or not patients with PKU should receive 
lifelong dietary treatment.  

The clinical results of this study need to be interpreted cautiously due to the limitation 
of the sample size. The sample size is small compared with other statistical analysis,  
so the results may not be representative enough for large population. Since previous  
brain MRI studies revealed only volume loss of the CC in PKU patients and  
few have conducted local shape analysis or other MRI traits analysis of the CC,  
we cannot compare our results with other works. Therefore, this study serves as a pilot 
study about the shape morphology of the CC in early treated PKU and further study with 
larger sample sizes is needed to confirm the results.  

In conclusion, we found no significant volume difference in the CC between early 
treated PKU patients and the controls, but we did find reduced CC height and significant 
shape abnormalities in the genu and splenium of the CC in PKU patients. This may 
provide phenotypic variation in addition to volume changes which can be associated with 
blood Phe level and other metabolic parameters. 
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