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I. I NTRODUCTION
Disease-induced physiological changes in the brain often
manifest in a distinct spatio-temporal pattern of tracer binding.
On the other hand, metrics traditionally used in neurological
image analysis (e.g. the non-displaceable binding potential BPND ) are often estimated from the mean voxel value inside a
region of interest (ROI). The ability of the mean value to track
clinical disease progression may be limited in terms of accuracy and sensitivity to subtle changes, since it does not capture
the spatial pattern of tracer distribution. It was previously
demonstrated that geometry [1] and texture [2], [3], [5] metrics
that quantify spatial patterns, such as Haralick features [6]–[8]
and moment invariants [4], exhibit significant correlations with
the clinical severity of Parkinson’s disease (PD). Nevertheless,
the practical utility of such metrics remained questionable
since the measured correlation values were lower than that of
the mean BPND . In this work, we explore a different approach
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Abstract—The mean value of the non-displaceable binding
potential (BPND ) within a region of interest (ROI) is the
traditionally-employed metric in neurological image analysis. The
ability of the mean value to accurately track clinical disease
progression may be limited since it does not capture the spatial
pattern of tracer distribution. In this work, we employ the
principal component analysis (PCA) to quantify the clinicallyrelevant tracer binding patterns ([11C]dihydrotetrabenazine) in
high-resolution PET images of 37 Parkinson’s disease subjects.
The principal component (PC) scores that correspond to different
binding patterns in the putamen ROIs are combined with the
mean BPND and used as the input to several linear models that
aim to predict the clinical severity of the disease (disease duration). Multiple regression analysis and LASSO (least absolute
shrinkage and selection operator) with cross-validation are used
to evaluate the contributions of the PC scores to the accuracy of
the tested models. With multiple regression analysis, the value
of the adjusted R2 was 0.57 when the mean BPND alone was
used as the model input. When the PC scores were included as
additional input variables, the value of the adjusted R2 increased
to 0.70. The terms of the model representing the PC scores were
statistically significant (p<0.01). In LASSO analysis, the crossvalidated accuracy improved by 25% when the PC scores were
added to the input (compared to using the mean BPND alone).
These results demonstrate that a) the disease- and tracer-specific
binding patterns can be identified in sub-cortical brain structures
from high-resolution PET images, and b) such patterns may
facilitate better models of the clinical disease metrics.
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Fig. 1. PCs obtained from the analysis of BPND and AR images of the
putamen (outlined contour), computed in the better (less affected) and worse
sides. Numbers represent the percent of total variance explained.

to spatial pattern quantification. The (structure- and diseasespecific) sub-regional patterns of the tracer distribution in the
putamen are identified by performing the principal component
analysis (PCA) on high-resolution PET images. The principal
component (PC) scores are combined with the mean BPND or
activity ratio (AR) and used as the input variables to several
linear models that aim to predict the clinical measure - PD
duration - for the imaged subjects (PD severity increases with
time). We evaluate the contribution of the PC scores to the
accuracy of the tested models utilizing two different regression
methods and 5-fold cross-validation. We demonstrate that
highest accuracy is achieved when the mean ROI value is
combined with the PC scores that quantify the prevalence of
specific tracer binding patterns inside the ROI.
II. M ETHODS
A. Data acquisition and pre-processing
Dynamic PET images of [11C]dihydrotetrabenazine
(DTBZ, a marker of the vesicular dopamine transporter

type 2) were obtained using the high-resolution research
tomograph (HRRT, Siemens) for 37 PD subjects. T1W-MRI
images were acquired and co-registered with the PET images.
DTBZ BPND and AR (voxel activity averaged over the
30-60 min post-injection time interval divided by the mean
activity in the reference region) images were computed
from the reconstructed activity concentration images. Subcortical segmentation of the MRI images was performed
using Freesurfer. The ROIs comprising the left and right
putamen for each subject were warped to a common putamen
ROI using 3D diffeomorphic mapping, and the resulting
transformation was applied to the BPND and AR images. Each
voxel in the common putamen ROI was treated as a variable,
and voxel values (BPND or AR) corresponding to different
subjects were treated as observations. PCA was performed
on these data. Two sets of PCs were computed using the
BPND values from the better (less affected by the disease)
and worse sides (BPND -PCs), and similarly two other sets of
PCs were computed using the AR values (AR-PCs) from the
respective sides.
B. Analysis methods
We evaluated the goodness of fit and the cross-validated
accuracy of several linear models, where the PD duration was
the dependent variable, and the mean ROI values combined
with PC scores were the independent variables. The PC scores
were computed as the dot product between the voxel weights
BP
in the PC and the vector of voxel values: BN
(WNBP ),
N = 1, 2, ..., denotes the score for the N -th PC computed
on the better (worse) side using BPND -PCs and the BPND
voxel values; B0BP denotes the mean value of BPND . The same
notation is used for the metrics computed from the AR images
(e.g. B0AR ).
Two methods of regression analysis were employed. In the
first method, we chose a subset of the input variables (either
BPND or AR-based) from the better and worse sides based on
the prior knowledge of the disease progression pattern. For
each tested model, we measured the individual variable p2
of the fit. In the second method,
values and the adjusted Radj
we used LASSO for variable selection and regression. All
variables (4 per side, 8 in total) were used in the LASSO
input, and the method eliminated some of the variables as the
regularization parameter was gradually increased from 0 to
1. The accuracy of models corresponding to different was
measured using the cross-validated mean squared error (MSE,
measured in the test subset) between the estimated and ground
truth PD duration. The importance of different variables in
the best model was evaluated based on the magnitude of their
fitting coefficients.
III. R ESULTS

Fig. 2. (a) The MSE of models plotted against the LASSO regularization
parameter . 50 repetitions of 5-fold cross-validation were performed to obtain
the plotted means and standard deviations. Legend specifies variables in the
input to LASSO. (b) Variable coefficients in the best model plotted against
. Higher corresponds to greater regularization. Dashed vertical line marks
the corresponding to the lowest MSE.

W0 were used in place of B1 and W1 in the regression analysis. Patterns revealed by PC2 are interpreted as quantifying the
posterior-anterior gradient of the dopaminergic terminal loss,
and the following PCs are more difficult to interpret. Only
the first 4 PCs were used in the regression analysis, since the
pattern of PC5 and onwards strongly resembled random noise.
PCs computed on the better side differ from PCs computed on
the worse side. For example, on the worse side, the boundary
between the positive and negative regions in PC2 is shifted
in the anterior direction. Using the BPND and AR images for
PCA also resulted in different patterns even for the same side,
particularly in PC3 and PC4.
B. Regression analysis
2
The values of Radj
obtained with tested linear models
are given in Table I. Generally, combining the metrics from
the better and worse sides resulted in higher correlation
coefficient, especially with the AR-derived metrics. The term
W0BP became insignificant whenever B0BP was included in
the regression; however, the terms W2BP
W4BP remained
significant.

A. PCA-derived patterns

C. LASSO analysis

The first 3 PCs accounting for most variance in different PC
sets are visualized in Fig. 1. The first components represent
the weighted mean of voxel values in the region; since this is
similar to the ROI-mean voxel value, the mean values B0 and

The cross-validated MSE is plotted as a function of the
parameter in Fig. 2a, for 4 combinations of the input variables.
The input consisting of only B0BP or W0BP represent the
reference models. The graph demonstrates that the inclusion of

TABLE I
R ESULTS OF THE MULTIPLE REGRESSION ANALYSIS .
Included terms (AR)

2
Radj

Included terms (BP)

2
Radj

{B0AR⇤ }
{W0AR }
{B0AR⇤ , W0AR⇤ }
{B0AR⇤ , W0AR⇤ , W4AR⇤ }

0.31
0.07
0.44
0.53

{B0BP ⇤ }
{W0BP ⇤ }
{B0BP ⇤ , W0BP }
BP
{B0 ⇤ , B3BP ⇤ , W3BP ⇤ }

0.57
0.24
0.58
0.70

* Terms with p<0.01.

BP
PC scores (BN
and WNBP ) computed using the PCs from the
better side did not reduce the MSE compared to the reference.
A significant reduction of the MSE (⇠25%) was achieved
using the PCs derived from the worse side. The trace plot of
the term coefficients of the best model (Fig. 2b) demonstrates
that the terms B4BP , W0BP and W4BP were eliminated first
with ! 1. The best accuracy was achieved with non-zero
terms B0BP , W2BP , B2BP , B3BP and W3BP .

IV. C ONCLUSIONS
The new method of sub-regional pattern analysis explored
in this work revealed several important trends and correlations
in the data that are specific to DTBZ imaging of PD subjects.
Specifically, the results demonstrate that both sides of the
striatum contain non-redundant information relevant to the
disease (only one side was used in the previous studies). On
the more affected side, the spatial pattern of tracer distribution
carries more information than the mean voxel value - however,
only in the case if the better side mean is included in the
model. This new information will contribute to the image
analysis methodology in future PD imaging studies. More generally, the results demonstrate that a) the disease- and tracerspecific binding patterns can be identified in sub-cortical brain
structures using high-resolution PET imaging, and b) such
patterns may facilitate better models of the clinical disease
metrics. We believe that the method of analysis described here
can be applied to a variety of studies that utilize different
tracers and focus on different pathologies and disorders.
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