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control, we propose a hierarchical sampling scheme instead of
simple icosahedral sampling. Our idea is to begin our search at
low resolution and nd top K promising candidate orientations.
S~ Then we perform local searches at high resolution for these
candidates to update our candidate set. The process can be
repeated for higher and higher resolutions until the result is
satisfactory or there is no more change in the top K list. This

Fig. 3. Icosahedral samples at levels 1-3.

(I'+ m!(I'S m!(l+ m)!(1 S m)! approach is described in Algorithm 1.
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This rotational property was previously used in [3], [13] to
simulate rotations of a spherical function by rotating only the™
harmonic expansion coef cients. In SPHARM representation
we use three spherical functions( x(, ),y(, ),z(, ))
to describe a 3D object so that we can deal with intrusions’
and protrusions, and model any simply connected object.’
SPHARM separates the geometry information in the object

Create icosahedral samples at levébr ’'s and s
Let n be the number of icosahedral samples
Create n equally spaced samples @,2 ) for
if i=1 then
Rotate parameterization using egch ), and keep
the top K candidates that minimize RMSD

aoAw

S

~Yo

space from the parameterization in the parameter space. If we else . , ,
. o : Keep only local icosahedral samples fos & s
rotate all three functions by ), only the parameterization L .
10: Rotate parameterization for each top K candidate

is rotated in the parameter space and the object stays the sarie .
: ) using each( ), and create a new set of top K
in the object space. : ; .
. . o candidates for the next iteration

2) Registration of Parameterizatione rst focus on how 1 imiel

to create surface correspondence between two models that "~ . . .
. ) . . -12: until No more changes in top K list or satisfactory result

are roughly aligned in the object space. Since the underlying obtained
parameterization de nes the correspondence between differelgjt Return the best result in too K list
SPHARM surfaces, our task is to rotate the parameterization’ P
of one model to best match the other’s. The goodness of the
match is measured by the root mean squared distance (RMSD&imilar two-step approaches for registering spherical har-
between two models. RMSD can be calculated directly fromonic expansions have been proposed in [10], [13]. At low
SPHARM coefcients. LetS; and S; be two SPHARM resolution, [10] uses a random generator to create rotation

surfaces, where their SPHARM coef cients are formedcly samples. One disadvantage of this approach is that differ-

andcj), respectively, for0 | Lma andSI m |, ent runs often derive different results. For [13], icosahedral

The RMSD betweers; andS; can be calculated as followssamples are also used at low resolution. At high resolution,
[7]: both [10] and [13] use a quasi-Newton function minimization
Lmax | 5 method to identify a nearby local minimum. In this work, our

RMSD= - llefy S e 112 (2) hierarchical sampling method suggests a uni ed scheme using

=0 m=8I icosahedral samples at both low and high resolutions, is very

We employ a sampling-based strategy that xes one p@asy to implement, and works very well.
rameterization and rotates the other to optimize the surface3) SPHARM Registration using ICPA simple method
correspondence by minimizing the RMSD de ned in Eq. 20 use ICP [1] is as follows. We can rst create surface
The rotation space can be sampled nearly uniformly usisgmples and then use ICP to align these points together in
icosahedron subdivisions (Figure 3). This assigns rotatithe object space. Here ICP removes both translational and
anglesto and . Letn be the number of icosahedral samplegotational effects. Then we can register the parameterization to
The expansion coef cients are then rotated thro@h ) and establish the surface correspondence. This approach is simple,
then by n equal steps in using Eq. 1, evaluating the RMSDcan roughly align SPHARM models together, but does not
at each orientation. The result is the best orientation th@dgrive optimized results.
minimizes the RMSD. Conceptually, each icosahedral vertex isTo optimize an initial alignment, we can divide the reg-
rotated onto the north pole, followed by further rotations aboistration into two stages, one for the parameter space and
the north-south axis; this gives a nearly uniform coverage ofe for the object space. Now, we can alternately improve
the parameter space. the alignment in the object space and the alignment in the

Clearly, the registration accuracy of this approach mostparameter space. This is basically the ICP idea. The align-
depends on its sampling resolution. More samples usuathent in the parameter space can be improved by running
indicate a better result but more running time. In order tAlgorithm 1. To improve the alignment in the object space,
achieve good accuracy and also keep the running time undarce an initial surface correspondence has already be created,



we can simply create corresponding surface samples betwsaroothness for the entire data set by averaging all individual
SPHARM models and use a quaternion-based algorithm F9VHMSs.

align two corresponding point sets together in a least squares .

sense [1]. For convenience, we call this quaternion-bas dGeneraI Linear Model _

algorithm as CPSi. aligning corresponding point sets). As noted before, in our previous study [18], [19], we employ
To start the above iterative procedure, we need an initfaiest for statistical inference, which cannot exclude the effect

registration, which can be done by ICP or FOE. Algorithm 2f any covariate. However, in a typical neuroimaging study, it

summarizes the above ideas and presents SHREC. is often necessary to remove the effect of certain covariates
(e.g., age, APOE-e4). To achieve this goal, we consider the

Algorithm 2 SHREC: SPHARM registration with ICP following general linear models (GLMs):

1: Set up initial alignment using FOE or ICP signal = 1+ ,-aget+ 1 -group+

2: repeat signal = + ,-.age+ 3-apoe-ed 1 -group+

3:  Run CPS to align models in the object space g ! 289 3-ap 1-group

4. Run Algorithm 1 to align the parameter nets To make a general form, I& = ( z, ..., z¢) to be nuisance

5: until No more changes in the parameter space variables such as age and APOE-e4 and ( Xy, ...,Xp) tO

be the variable of interest such as group. Then we have GLM
in the following form

Ill. STATISTICAL MORPHOMETRICANALYSIS y=Z + X + @)

A. Surface Signal Processing

. . where =( 1,.., ¥)T and =( 1,.., p)'. We assume
.To perform _stat|st|ca| shape analysis, we.need to extragt \sual zero mean Gaussian noise. Then we test if the group
signals or variables on the surface to describe a shape. i esigni cant. that is
de ne the mean of all the healthy controls as our template, ' ’
which can be thought of as an average and normal shape. For Ho: =0 forally
an individual shape&, we can use its deformation eld(x) = Vs.
x S x; relative to the template; to describe it. Note that,
for each surface landmark, there are three related elements
(corresponding t, y, z coordinates) in (x). The t of model is measured by the residual sum of squares
We employ the NML and FLD schemes in [18] to de neor the sum of he squared errors (SSE):
the surface signal. In NML, we look at the deformation

Hy: =0 for somey

m+n
component along the surface normal direction. In FLD, we SSk = Vi S Zi o)?
examine the most “discriminative” direction, since our goal is i-1
to detect shape changes between groups. We use Fisher’s linear m+n
discriminant [6] to nd the direction; and use the deformation SSE = (viSzZ 1SXi 1)?
component along this direction as surface signal. i=1

ere o, 1, 1 are the least squares estimators of the

kernel smoothing (HKS) [5] that generalizes Gaussian kern rameters and;, andX, are data for thé-th subject. Then

To increase the signal-to-noise ratio (SNR), we employ he j
e
smoothing to arbitrary Riemannian manifolds. The smoothneIO

(i.e., full-width-half-max (FWHM) size of the heat kernel) can&ﬁderHo’ .

be predicted from heat diffusion equations. A recent study [8] - _(SSESSSR)p F o (5)
shows that the accuracy of such a prediction is limited, which SSR/(m+nSpSk)  PMINePSk
suggests a smoothness estimation step is necessary evenrfif |arger the F value, it is more unlikely to accefs. For
RFT-based analysis using HKS. testing group difference controlling for age=2 andp =1,

The smoothness is related to the covariance matrix of thile for testing group difference controlling for both age and
partial derivatives of the error eld. In practice, it is calculate¢poe-e4k = 3 andp = 1.

using the residual values from the statistical analysis. In .
this work, we estimate the smoothness FWigM from the C. Random Field Theory
residual error of each subject after tting it to the linear model We use random eld theory (RFT) [5], [21] for multiple

and we use the following approach proposed in [8]. comparison corrections on the surface. The application of RFT
_— involves two steps: (1) estimate the smoothness of the surface
FWHMgys = dv- S2In2 (3) data, which we have discussed before; (2) use the smoothness

In(1S ;’afﬂdg values in the appropriate RFT equation to determine statistical

thresholds that control the familywise error rate (FWER) and
where dv is the average inter-neighbor distance, var(ds) is tr@vide corrected P values for the result.

variance of inter-neighbor differences, and var(s) is the overallHere we give RFT equations for &h eld. For a T eld,
variance of the values at each vertex. We calculate a singkee [5] for its equations. IF(x) is a smoothF eld, the



Age Education Sex IL-6
(mean std) (mean std) (M,F) (CC,CG,GG)
HC 70.6 5.0 166 2.7 12, 28 10, 13, 17
CcC 728 6.1 165 2.7 16, 23 7,257
MCI 722 6.9 164 3.2 21, 16 10, 18, 9
ALL 718 6.1 166 2.7 49, 67 27, 56, 33
TABLE |

PARTICIPANT CHARACTERISTICS

corrected P value for correcting multiple comparisons over
all vertices on the hippocampal surface 0 is given by

2

1d (9 )pa(h) (6)

P(sup F(x) > h)
X d=0

where g are the d dimensional Minkowski functionals of
0 and pg are the d dimensional Euler characteristic (EC)
density. The Minkowski functionals are pg =2, 41 =0, up =
area(0 )/2, the half area of the template hippocampus 0 .
For an F' random eld with « and 3 (o« = p and g =
m—+n p k for the above case) degrees of freedom, the
EC-densities are given by

a 2 (a+ B)
©° (=3)a azx 2z ar 2
h) = < ‘- = -
a 2 (a+ B 2)
= A <+ =) ah T ok T
pz(h)—zﬁ()() 3 1+
@] 1)F (1)

where A = 1/(20%) measures the smoothness of elds. In

terms of FWHM of a smoothing kernel, the smoothness of
eld is given as A = 4In2/FWHM?. As noted before, the
FWHM is estimated using an approach described in [8].

IV. EXPERIMENTAL RESULTS
A. Data Set

Participants include healthy controls (HC, n = 40), eu-
thymic older adults with cognitive complaints (CC, n = 39)
but intact neuropsychological performance, and patients with
amnestic MCI (n = 37). Table | shows several participant
characteristics [16]. MRI scan data are acquired on a 1.5
Tesla GE scanner as a T1-weighted SPGR coronal series.
The hippocampi are segmented using the BRAINS software
package [11]. A 3D binary image is reconstructed from each
set of 2D hippocampal segmentation results.

All hippocampi are expanded using SPHARM coef cients
up to degree 15; thus, each one is described by (15+1)°> 3 =
768 coef cients. The tests are performed on a Dell Workstation
PWS670 with a Xeon 3GHz CPU and 1GB of RAM, running
WinXP and Matlab 7. Different scaling schemes are tested in
our experiments: normalizing for hippocampal volume (HP),
brain tissue volume (BV), and intracranial volume (IC). For
each scaling scheme, we create a template that is the mean of
the controls.

1.779517
1.767144
1.730296
1.676861

template

rmsd
rmsd
rmsd
rmsd

Fig. 4. Sample SHREC result: (a) template, (b) FOE aligned object, (c) after
CPS, (d) after Alg. 1, (e) after another CPS and Alg. 1.

[ | RMSD (before) | RMSD (after) | Time (sec.) |

left 1.788 0.408 | 1.753 0.384 | 60.0 23.3
right | 1.854 0.446 | 1.815 0.416 | 60.0 21.3
TABLE Il

SHREC RESULTS ON ALIGNING 116 HIPPOCAMPAL PAIRS

B. Registration using SHREC

As noted before, FOE registration cannot work when the
FOE is not a real ellipsoid but a ellipsoid of revolution or
a sphere. FOE registration has also a symmetry problem and
may create multiple results. In these cases, SHREC can be

dz used to align things together and remove the ambiguity. Using

SHREC, we can also improve the result of FOE registration.
Figure 4 shows a sample result. In (a), the template is shown.
In (b), the result of FOE registration is shown. In (c), the
result of aligning (b) to (a) by running CPS is shown. In (d),
the result of aligning (c) to (a) by running Algorithm 1 is
shown. In (e), the nal result is shown. We see that SHREC
improves the RMSD effectively and progressively from (b) to
(e) through its iterative procedures.

In another experiment, we run SHREC on 116 pairs of left
and right hippocampi that are already aligned using FOE reg-
istration. The templates to which SHREC registers hippocampi
are the mean left and right hippocampi. Table 1l shows simple
statistics of the results in terms of registration accuracy in
RMSD and the running time. The statistics include mean and
standard deviation shown as (mean — std). The second column
shows the RMSD to the template before running SHREC; and
the third column shows the RMSD after running SHREC. The
improvement over the FOE registration is obvious. The last
column shows the running time. We can see that SHREC
is very ef cient, considering that all the experiments are
performed on a common desktop.

C. Group Analyses

In the rst experiment, we perform pairwise group analyses
among HC, CC and MCI using NRM signals and the IC scal-
ing scheme. Figure 5(a) shows the t-values mapped onto the
mean right hippocampus, while Figure 6(a) shows the f-values
derived from general linear model (GLM) while controlling for
age. Using random eld theory (RFT), corrected p values can
be calculated for both t-maps and f-maps, which are converted
to log(corrected p-values) and then shown in Figure 5(b)
and Figure 6(b). These analyses indicate that statistically



CCvs MCI

HCvsCC HC vs MCI

) -log(corrected p-value)

Fig. 5. Results of t-test for NRM signals on right hippocampi (IC scaling):
(a) t-maps; (b) log(corrected p values).

HC vs CC: FWHM = 10.9, cutoff = 11.4 CC vs MCI: FWHM = 10.6, cutoff = 11.5

& &

(a) f-maps BT T T

HC vs MCI: FWHM = 10.9, cutoff = 11.4

Fig. 6. Results of f-test for NRM signals on right hippocampi (controlling
for age): (a) f-maps; (b) log(corrected p values).

signi cant regions of shape changes mostly appear between
HC and MCI. The CC group shows a more intermediate
pattern.

Figure 7 and Figure 8 show signi cant regions after thresh-
olding at 95% con dence level for t-maps and f-maps, respec-
tively. Here we show the results using both NRM signals (see
(@) and FLD signals (see (b)). After excluding the age effect,
GLM gives more conservative results than t-test in terms of
signi cant shape changes. Another observation is that FLD
signals are more sensitive than NRM ones on localizing the
shape changes, which matches our intuition.

Note that signi cant regions on a t-map can be either blue
(large negative t-values) or red (large positive t-values), while
those on an f-map can only be red because there is no negative
f-values. In all the experiments, we use FWHM = 8mm for
heat kernel smoothing. The estimated FWHMs are printed
in most of the gures and they have a range between 6.7
(Figure 9) and 11.1 (Figure 10). For each of Figures 7-10,
two rows correspond to two different views.

Due to the space limit, we can only summarize our ndings
and demonstrate a few results here. A more detailed report will
be written in an extended version of this work. In pairwise
group analyses among HC, CC and MCI, substantial shape
changes can be detected on right hippocampi using GLM
controlling for age under BV or IC scaling scheme between
HC and MCI, but neither between HC and CC nor between
CC and MCI. See Figures 5-8 for example.

In most of our experiments, t-test is very optimistic and of-

& &

HC vs MCI t-test for NRM HC: vs MCI- t-test for FI D

Fig. 7. Signi cant regions (95% con dence level) of t-test for HC versus MCI
on right hippocampi: (a) NRM signals; (b) FLD signals. Two rows correspond
to two different views.

HC vs MCI: f-test for FLD
fwhm = 7.3, cutoff = 13.4

HC vs MCI: f-test for NRM
fwhm = 10.9, cutoff = 11.4

Fig. 8. Signi cant regions (95% con dence level) of f-test for HC versus
MCI on right hippocampi (controlling for age): (a) NRM signals; (b) FLD
signals.

ten reports many shape changes. We feel that, after controlling
age, APOE-e4, or both, GLM gives more reliable results and
contains less false positives. Thus, in the rest, we only report
our GLM results using FLD signals.

In the second experiment, we perform pairwise group anal-
yses among different IL-6 polymorphisms: C/C, C/G, and
G/G. Using f-test, shape changes can be identi ed on the
left hippocampi between G/G and C/G (Figure 9(a)), and on
the right hippocampi between G/G and C/C (Figure 9(b)).
Between C/C and C/G, there is no signi cant changes on either
left or right hippocampi.

In the third experiment, we perform group analyses for HC
versus each IL-6 -174 SNP genotype (C/C, C/G, G/G) for the
diagnostic group MCI. Signi cant changes can be detected
only between HC and homozygous MClIs (i.e., C/C and G/G)
on right hippocampi (Figure 10).

C/C vs G/G: f-test for FLD
FWHM= 7.6, cutoff = 13.6

| YO

Fig. 9. f-test for G/G versus C/G or C/C (controlling for age and APOE-e4,
HP scaling): (a) G/G vs C/G on left hippocampi; (b) G/G vs C/C on right
hippocampi.



Fig. 10. f-test for HC vs each MCI genotype on right hippocampi (controlling
for age and APOE-e4, IC scaling): (a) HC vs MCI C/C, (b) HC vs MCI C/G.,
(c) HC vs MCI G/G.

V. CONCLUSIONS

We have performed a mild cognitive impairment (MCI)
study to examine hippocampal shape changes related to certain
conditions including the diagnostic group and the IL-6 -174
SNP. In our analysis, we haved developed an improved surface
based morphometry (SBM) framework that can localize re-
gionally speci ¢ shape changes between groups of 3D objects.
Our framework employs the spherical harmonic (SPHARM)
method for surface modeling and random eld theory (RFT)
for statistical inference. To overcome several limitation of
our previous method, this new framework incorporates the
following new components: (1) f-test using GLM is used for
statistical inference to remove effects of related covariates such
as age, APOE-e4, or both; (2) a new SPHARM registration
method SHREC is proposed to better align SPHARM models;
and (3) an estimated smoothness is used in RFT-based analysis
to obtain more accurate results.

Our result shows that substantial shape changes mostly
appear between CN and MCI, and the CC group showed a
more intermediate pattern. Among different IL-6 genotype,
we can detect shape changes between G/G and either of C/C
and C/G, while no shape change appears between C/C and
C/G. If we compare HC with each genotype in the MCI
group, shape changes can be detected only between HC and
homozygous MCiIs (i.e., C/C and G/G). These ndings suggest
that brain imaging phenotypes, genetic pro les, and cognitive
measures, in combination, have the potential to elucidate
the biological pathways related to memory processes and
therapeutic response in MCI and AD. An interesting future
topic could be to investigate a systems biology approach for
understanding the genetic architecture of MCI and AD by
examining more neuroimaging phenotypes related to candidate
pathways composed of ensembles of genomically distributed
but functionally related genes.
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