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This paper presents a general methodology for high-dimensional pattern regression on medical images via
machine learning techniques. Compared with pattern classification studies, pattern regression considers the
problem of estimating continuous rather than categorical variables, and can be more challenging. It is also
clinically important, since it can be used to estimate disease stage and predict clinical progression from
images. In this work, adaptive regional feature extraction approach is used along with other common feature
extraction methods, and feature selection technique is adopted to produce a small number of discriminative
features for optimal regression performance. Then the Relevance Vector Machine (RVM) is used to build
regression models based on selected features. To get stable regression models from limited training samples,
a bagging framework is adopted to build ensemble basis regressors derived from multiple bootstrap training
samples, and thus to alleviate the effects of outliers as well as facilitate the optimal model parameter
selection. Finally, this regression scheme is tested on simulated data and real data via cross-validation.
Experimental results demonstrate that this regression scheme achieves higher estimation accuracy and
better generalizing ability than Support Vector Regression (SVR).
g).

ll rights reserved.
© 2009 Elsevier Inc. All rights reserved.
Introduction

High-dimensional pattern classification has been increasingly used
during the past decade as a means for quantifying and detecting
spatially complex and often subtle imaging patterns of pathology from
medical scans. It aims to provide sensitive and specific diagnostic and
prognostic indicators for individuals, as opposed to analyzing
statistical group trends and differences (Lao et al., 2004; Thomaz et
al., 2004; Cox and Savoya, 2003; Davatzikos et al., 2006, 2008, 2009;
Fan et al., 2007; Kloppel et al., 2008; Liu et al., 2004; Vemuri et al.,
2008, 2009a,b; Golland et al., 2002). However, classification is a
dichotomous process, i.e. it assigns an individual to one category of
two or more. Many pathologies and diseases present a continuous
spectrum of structural and functional change. For example, AD
pathology is known to progress gradually over many years, some-
times starting decades before a final clinical stage. It is therefore
important to estimate continuous clinical variables that might relate
to disease stage, rather than categorical classification. Furthermore,
the ability to predict the change of clinical scores from baseline
imaging is even more important, as it would estimate disease
progression, and then improve patient management. Towards this
goal, this paper investigates high-dimensional pattern regression
methods.
Some regression methods have been established in recent
imaging literature (Duchesne et al., 2005, 2009; Ashburner, 2007;
Davis et al., 2007; Formisano et al., 2008). Duchesne et al. (2005,
2009) proposed a multiple regression approach to build linear
models to estimate yearly Mini Mental State Examination (MMSE)
changes from structural MR brain images. The features used in these
models were extracted from intensities of structural MR brain
images and deformation fields with Principal Component Analysis
(PCA) techniques. Unfortunately, the linear model derived from
multiple regression is not always reliable in capturing nonlinear
relationships between brain images and clinical scores, especially
with limited training samples of high-dimensionality. Davis et al.
(2007) presented a manifold kernel regression method for estimat-
ing brain structural changes caused by aging. Actually this study
addressed the converse problem, i.e. the problem of finding an
average shape as a function of age, whereas we try to predict a
continuous variable from a structural or functional imaging mea-
surement, a problem that is hampered by the sheer dimensionality
of the feature space.

Kernel methods have recently attracted intensive attention. In
particular, Support Vector Machines (SVM), have become widely
established in classification problems because of their robustness in
real applications (Cox and Savoya, 2003; Fan et al., 2007, 2008). Due
to SVM's success in classification, it has been used for regression
(Harris Drucker et al., 1996; Mangasarian and Musicant, 2000, 2002;
Smola and Schölkopf, 2004) as well. However, support vector
regression has some disadvantages that become especially
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pronounced in high-dimensional problems. In particular, typical
application of SVR to medical images leads to a very large number of
support vectors, thereby potentially limiting the generalization
ability of the classifiers and regressors. This problem is particularly
prominent in regression, which requires much larger training sets
than classification, since it estimates a continuous variable. In order
to overcome this limitation, a sparser regression method, called
Relevance Vector Regression (RVR) has been proposed in Tipping
(2001), which effectively uses L1 sparsity instead of L2 that is used in
SVM, and hence leads to significantly sparser models that are likely
to generalize well. Ashburner has used RVR to predict subject age
(Ashburner, 2007). Formisano et al. (2008) applied SVM on
classification and Relevance Vector Machine (RVM) on regression
of brain responses by using PCA features extracted from functional
MRI time series. Unfortunately, in Formisano et al. (2008), there was
no systematic evaluation and comparison between SVM and RVM,
especially for regression problem. Within our proposed framework,
RVR and SVR are investigated by comparing their sparseness,
generalization ability and robustness on both simulated and real
data.

Due to the curse of dimensionality, dimensionality reduction and
feature extraction are necessary, even though RVM is a very sparse
model with good generalization ability. PCA has been commonly used
to linearly reduce dimensionality (Davatzikos et al., 2008; Thomaz et
al., 2004; Formisano et al., 2008). However, PCA is not always able to
identify localized abnormal regions of pathology, which limits the
power of classifiers or regressors. To address this problem, we use an
adaptive regional clustering method previously discussed in Fan et al.
(2007). Compared with global features extracted by PCA, spatial
regional measures potentially offer a better way to capture spatial
patterns of structure and function, especially in diseases that have
regional specificity. Moreover, regional features are constructed to
have strong discriminative power. Based on these regional features,
we use RVM to construct regression models. To improve stability of
the training process, a bagging framework is adopted to build
ensemble regression models to facilitate optimal parameter selection.
From the experimental results utilizing different feature extraction
methods, regional feature-based RVR is found to be an effective
regressionmethod that yields robust estimation of continuous clinical
variables with reasonable diagnostic accuracy and good generaliza-
tion ability.

In the next section, we introduce the proposed methods in detail.
In Data and applications, the simulated data and real data from
different clinical applications are described. In Experimental result
analysis, we verify the proposed method by extensive experiments
and comparisons with SVR via other common feature extraction
techniques. A set of conclusions drawn from the extensive discussions
of experimental results, and possible work for further improvements
are presented in Discussion and conclusion.
Fig. 1. A bagging framework
Methods

Our machine learning framework is presented in Fig. 1, which
includes three key steps: (1) the first step depends on the specific
application and involves calculation of certain features of interest
from the original images. In many neuroimaging applications, we
are interested in measuring spatial patterns of brain atrophy of
growth. Therefore, we first design Tissue Density Maps (TDMs), as
commonly done in the neuroimaging literature (Ashburner and
Friston, 2000; Davatzikos et al., 2001; Fan et al., 2007). Based on
TDMs, an adaptive regional clustering method is then applied to
capture informative regional features, and then a subset of features
with top-ranking correlation power to interested regression
problem are selected from the original regional clusterings; (2)
RVM is then used to construct efficient and sparse regression
models; (3) A bagging framework is used to build ensemble
regressors in order to improve model stability, as well as facilitate
optimal parameter selection for regression models with the limited
training data.

Feature extraction and selection

Medical imaging offers a wealthy information of spatial, temporal
and multiparametric measurements of structure and function.
However, the resultant feature space is too large for robust and fast
pattern analysis, especially when only limited samples are available.
With this in mind, the essential step in an imaging-based machine
learning framework is to find a suitable representation of high-
dimensional data by means of dimensionality reduction. The ideal
representation has to be in a low-dimensional feature subspace while
keeping as much information as necessary to estimate the variables of
interest. More importantly, feature extraction needs to be robust to
measurement noise and preprocessing errors, and should be easily
extended to other applications. To address these challenges, we use an
adaptive regional feature clustering method, and then investigate its
discrimination ability and its robustness by comparing it with three
benchmarks among dimensionality reduction methods: Linear Dis-
criminant Analysis (LDA) and PCA, and also nonlinear manifold-
learning approach (Hotelling, 1933; Fisher, 1936; Tenenbaum et al.,
2000).

Adaptive regional feature clustering
This feature extraction algorithm is developed in a similar way to

an adaptive regional clustering method, which has been successfully
used in classification of brain images (Fan et al., 2007). The difference
is that, during the brain region generating procedure, our method is to
consider the similarity of correlation coefficients between voxel-wise
measures and continuous clinical scores being regressed, instead of
class labels.
of regression using RVM.



Table 1
Comparison of SVM and RVM.

SVM RVM

Introduced 1996, Vapnik 2001, Tipping
Theory Structural risk minimization Bayesian formulation
Basis function Mercer's condition limited Arbitrary kernel
Regularization L2-norm L1-norm
Sparse
representation

Larger set of support
vectors

Fewer relevance vectors
needed

Regression Point estimation Probabilistic prediction
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In particular, for a brain MR scan, we first calculate three TDMs
corresponding to gray matter (GM), white matter(WM) and cerebro-
spinal fluid (CSF) respectively, as commonly done in neuroimaging
(Davatzikos et al., 2001) in order to quantify regional tissue volumes.
The correlation coefficients on voxel u between TDMs and continuous
clinical variables can be represented as:

ci uð Þ =
P

j f ij uð Þ−f i uð Þ
� �

rj − r
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
j f ij uð Þ− f i uð Þ
� �2P

j rj−r
� �2

r ð1Þ

where j denotes the jth training sample; i=1, 2, 3 represents GM,
WM and CSF respectively; fji(u) is a morphological feature of tissue i
from the jth sample in the location u, and fi uð Þ is the mean of fji(u)
over all samples; r¯ is the mean of all clinical variables rj. A watershed
segmentation algorithm is then applied to the correlation map
computed above, adaptively generating spatial clusters adaptively
(Vincent and Soille, 1991; Grau et al., 2004). Once these regional
clusters are obtained, features can be computed from them. For
example, the sum of tissue density maps represents the volume of the
respective tissue within that cluster; the average image intensity
within a cluster would be used for functional or molecular images.

Note that we seek the maximal regional cluster size that maintains
a strong correlation with the variable being estimated. With this we
aim at better robustness and generalization of the estimators to be
built from these features. Even though an individual voxel could
display a very strong correlation with the clinical variable being
estimated, it is unlikely that this same voxel will be a good feature for
other samples. Larger clusters are more likely to represent true
biological processes and to lead to robust and generalizable models.

Feature selection
Although the number of generated clusters is much smaller than

the number of original voxels, measures from some regions are still
irrelevant or redundant for regression. This requires a feature
selection method to select a small subset of regional clusters in
order to improve generalization performance of regression.

In this paper, we employ a common feature-rankingmethod based
on correlation coefficients as calculated by Formulation (1). Generally,
the feature ranking method computes a ranking score for each feature
according to its discriminative power, and then simply selects top
ranked features as final features. Considering the correlation coeffi-
cient has been successfully employed as a feature ranking criterion in
a number of applications (Guyon and Elisseeff, 2003; Fan et al., 2007),
the absolute value of leave-one-out correlation coefficient is used here
to rank features. We set the number of features as one less than the
total number of training samples. Reverse feature elimination
methods, like the one employed in Fan et al. (2007), are likely to
further improve feature selection, albeit at the expense of significantly
higher computational load.

Relevance vector regression

In high-dimensional pattern regression, the most challenging task
is to find a suitable model with good generalization and accurate
estimation performance from small-sample data sets (relative to the
dimensionality of input images). SVM is a popular method with a
simple implementation and high estimating accuracy in many real-
world applications (Vapnik, 1998, 2000; Cox and Savoya, 2003; Fan et
al., 2007, 2008). It uses a kernel function to find a hyperplane that
minimizes the deviation from the actually obtained targets for all
training data. Despite its success, SVM has some limitations: firstly, it
is not a very sparse model, because the number of support vectors
typically grows linearly with the size of training samples. Secondly,
the basis functions must be continuous symmetric kernels with a
positive real coefficients underMercer's conditions. Thirdly, SVM does
not output the probability distribution of the estimated variable, and
therefore does not provide an estimate of the error variance. These
limitations have been overcome by RVM (Tipping, 2001), which is
formulated in a Bayesian estimation theory. RVM provides probabi-
listic prediction with a conditional distribution that allows the
expression of uncertainty in estimation and prediction (Tipping,
2001). Furthermore, RVM can employ arbitrary basis functions
without having to satisfy Mercer's kernel conditions.

SVM obtains sparsity by using the L2-norm as a regularizer
defined in a reproducing kernel Hilbert space of the kernel
functions. In contrast, the sparsity of RVM is induced by the
hyperpriors on model parameters in a Bayesian framework with the
Maximum A Posteriori (MAP) principle. L1-norm like regularization
used in RVM provides significantly fewer basis functions, which is
often important for good generalization. The reason is that L1-norm
encourages the sum of absolute values, instead of squares of the
L2-norm, to be small, which often drives many parameters to zero.
L1-norm also has a greater resistance against outliers than L2-norm,
since the effect of the outliers with a large norm is exaggerated by
using L2-norm. Table 1 summaries these differences between RVM
and SVM.

RVM, originally introduced in the machine learning literature
(Tipping, 2001), aims to find out the relationship between input
feature vectors x={xn}1N and the corresponding target values t=
{tn}1N:

tn = y xnð Þ + en ð2Þ

where ɛn is the measurement noise, assumed as independent, and to
follow zero-mean Gaussian distribution, i.e., ɛn ∼ N (0,σ2); y(x); is
assumed as a linear combination of basis functions ϕ(x, xn) with the
form:

y xð Þ =
XN
n=1

ωn/ x;xnð Þ + ω0 ð3Þ

Where W=(ω0,ω1,ω2,…,ωN)T is a weight vector. Assume tn is drawn
from a Gaussian distribution with mean y(xn) and variance σ2, then

t = y xð Þ + e = ΦW ð4Þ

where ɛ is a noise vector with elements ɛn; ΦN×(N+1) is the design
matrix, whereinΦij=ϕ(xi, xj), i=1,…, N; j=0,…,N, and ϕ(xi, x0)=1.

Assuming statistical independence of the samples, tn, the maxi-
mum likelihood estimate for W is given by:

p t jW;σ2
� �

= 2πσ2
� �−N =2

exp − 1
2σ2 j t−ΦW j 2

� �
ð5Þ

which is known as the common least square estimate, and suffers
from over-fitting. To over-come this problem, a desired constraint on



Fig. 2. A sample with ten “follow-up” images in the simulated data.
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the model parameters W is necessary. Therefore, sparsity-inducing
hyperprior within a principled Bayesian MAP methodology is
introduced to provide such constraint, which not only leads to
smooth function estimate, but also drives many weight parameters
into zeros. For more details, see Appendix A, “Further details of
relevance vector learning”.

Bagging framework for building ensemble regression models

As described earlier, a fundamental challenge for pattern regres-
sion bymachine learning algorithms lies in the small size and the high
dimensionality of the input data. Samples of small size, relative to the
input dimensionality, are typically insufficient to extract discrimina-
tive features with good generalization ability when the underlying
patterns are complex, i.e. require many variables to be described
effectively. Hence, features extracted from limited training data sets
often lead to “unstable” regression models, where small changes in
the samples result in large changes in regression performance, even
though RVR is known to be very sparse. In order to improve the
stability of regression, we use bagging (bootstrap aggregating)-based
RVR, which has been successfully applied in brain image classification
(Fan et al., 2008).

Given a set of bootstrap samples {L1, i=1,…l} generated from
the training set, and a number of base models {f1, i=1,…l} from
{L1, i=1,…l}, a bagging regression model can be constructed:

f vð Þ =
Xl

i=1

aifi vð Þ ð6Þ

where ∑i=1
l ai=1, and ai≥0, i=1, … l, are weighting factors for

base models. The weights can be simply set as 1/l, or values reflecting
the performance of base models. It has been shown both empirically
and theoretically that bagging improves the Mean Squared Error
(MSE) for “unstable” regression models whereas it remains roughly
the same for “stable” ones (Breiman, 1996a). Furthermore, if the
bootstrap samples are generated by leaving out part of the training
data, the left-out data can be used to estimate the performance of base
models, which can be subsequently used to select the optimal
parameters of learning algorithms (Breiman, 1996b). This is a valuable
byproduct of bagging, besides its primary purpose to increase
estimation accuracy, especially in the applications with limited
samples.

To generate multiple versions of the training set, a leave-k-out
bootstrap sampling scheme is used in this paper due to the limited
availability of training data. For a training set with n samples, A
succession of different bootstrap training sets are generated and each
of them has (n–k) samples. Based on each bootstrap training set, a
RVR model, denoted as the base regressor, is trained based on the
extracted features. Then RVR parameters are determined by optimiz-
ing the performance of base models on the left-out training data. The
optimal regressors are then applied to the test samples. In current
work, Gaussian Radial Basis Function (GRBF) is used to map the
original features to the infinite-dimensional kernel space. MSE is used
to measure the performance of a regression model:

MSE =
1
nT

XnT
i=1

f xTi
� �

−tTi
� �2 ð7Þ

where (xi⁎, ti⁎, i=1,2,…n⁎) is the testing set.

Data and applications

To evaluate the regression performance of bagging based RVR, we
use images from two sources: simulated data and real data.
Simulated data

Simulations allow us to generate images with local thinning in a
precisely known relationship. To simulate atrophy of the brain cortex,
we simulated twenty shapes {Sn, n=1, … 20}, each of which
represents an individual subject with increasing level of thinning in
some regions. In practice, the regions and atrophy rates might be
different from one subject to another. Towards this goal, for each
shape Sn, we create ten “follow-up” images that have region shrinkage
within three different areas according to pre-specified rates. There-
fore, we totally have two hundred images with their corresponding
target values: {Inj, Tnj, n=1, … 20, j=1, … 10}. This simulation
process is detailed next:

Step 1: Based on the initial shape, create twenty different shapes
by applying small random geometrical transforms: {Sn, n=1,…20};

Step 2: For each shape Sn, randomly select the locations of the
center of three areas, and assign the respective size of each of them;
thereby generate three regions {Ri, i=1, 2, 3} to represent the areas of
pathology (thinning in this case);

Step 3: For each region Ri, define a 10-dimensional vector
{Vij=(vi,1,…,vi,10)} associated with increasing thinning rates, and
0≤vi,1b…bvi,10b1; then implement morphological operations on
each region until the given rates are met;

Step 4: Define the exact (actual) value of the target variable for
each image as follows:

Tnj = AreaR1ð Þ2 + mT AreaR2ð Þ + AreaR3 ð8Þ

where m is constant coefficient, AreaR1, AreaR2 and AreaR3 represent
these three regional sizes, respectively. It will be tested whether our
algorithm can accurately discover the relationship between the
images and target variables (regressors), without knowing the
regions R1, R2 and R3 or the actual relationship in Eq. (8). Fig. 2
illustrates an example of the thinning simulation in detail.

Real data

Real data are brain MR images from the Alzheimer's Disease
Neuroimaging Initiative (ADNI) (ADNI, 2004; Jack et al., 2008). They
are standard T1-weighted MR images acquired using volumetric 3D
MPRAGE with 1.25×1.25 mm in-plane spatial resolution and 1.2 mm
thick sagittal slices from 1.5T scanners. To ensure consistency among
scans, all downloaded images were preprocessed by GradWarp
(Jovicich et al., 2006), B1 non-uniform correction (Jack et al., 2008),
and N3 bias field correction (Sled et al., 1998). General information is
detailed under the ADNI website.

The goal of regression is to discover the potential relationship
between brain atrophy patterns and clinical stage of the disease, the
latter being linked to some clinical variables. The proposed method is
measured by two continuous clinical scores: MMSE and Boston
Naming Testing (BNT), which are reliable and frequently used in the



Table 2
Participant information.

Clinical
score

Information AD MCI CN

MMSE No. of subjects 23 74 22
Age (year),
mean±std

78.45±6.02 75.87±7.28 73.25±5.45

MMSE,
mean±std

15.06±2.43 25.75±2.44 28.54±0.98

Interval (month),
mean±std

16.17±5.84 19.14±4.93 15.82±5.72

BNT No. of subjects 22 31 16
Age (year),
mean±std

77.60±5.95 74.75±8.63 71.36±7.04

BNT, mean±std 16.55±1.17 23±2.60 28.88±0.78
Interval (month),
mean±std

15.27±5.47 18.39±4.88 16.88±5.89
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evaluation of Alzheimer's disease (Modrego, 2006; Petersen et al.,
2001; Tombaugh and McIntyre, 1992). The total scores for the MMSE
and BNT range from 0 to 30, and the lower scores indicatemore severe
cognitive impairment.

Since the follow-up interval of ADNI is 6 months, to get robust
and stable regression results, at least two follow-up scans besides
baseline scanning are required during sample selection. However,
the ADNI dataset has more Mild Cognitive Impairment (MCI)
patients than AD and Cognitively Normal (CN) subjects. To avoid
underweight the relatively fewer samples with very high or very low
clinical score, we uniformly sample the cases from the entire range of
clinical variables. Note that, only baseline scans are used in
experiments, but in order to remove the noise that is commonly
encountered in measuring the MMSE scores, the mean of all the
measured scores from baseline and each follow-up scanning is taken
as the corresponding regressor for each subject. We have two
reasons for doing this. Firstly, the individual cognitive evaluations are
Fig. 3. MSEs for different kernel sizes of RVR based on regional features. The
known to be extremely unstable and depend on a number of factors
unrelated to the underlying brain pathology; secondly, the proposed
methodology emphasizes the prediction ability of the regressor at
baseline rather than from longitudinal scans. Despite that the
baseline scan with the averaged clinical variables is not the optimal
way, it was one of the best solutions we found to remove random
variations in the cognitive measures, especially in the study with
short clinical follow-up period.

In this paper, 23 AD patients, 74 patients with MCI and 22 CN
subjects are included for MMSE, while 22 ADs, 31 MCIs and 16 CNs
for BNT. More participant information is shown in Table 2. We also
provide the lists of these samples with Tables 5 and 6 in the
Appendix C.

Experimental result analysis

Simulated clinical stage estimation

Simulated shapeswere first employed to evaluate the performance
of RVR by using four feature extraction methods via leave-10-out
cross-validation. As indicated in Simulated data, there were 200
images (20 subjects, each of them has ten follow-up images) in
simulated data, 190 images (19 subjects) of which were used to
construct four feature subspaces based on regional clusters. The
training data and testing data (10 images) were then projected to
these subspaces for their corresponding feature extraction. This
process was repeated 20 times, each time leaving out 10 different
samples. For each time, regression models were trained using
Gaussian kernel-based RVR, and model parameters were optimized
by bagging framework with the second leave-10-out cross validation
(each time 10 training samples from the same subject were left out to
create a training subgroup Li).

To get suitable RVR models, different kernel sizes were tested to
determine the appropriate range, in which the optimal regression
small graphs are correspond to different refined ranges of kernel sizes.



Fig. 4. Most representative sections with regions of the group difference of the
simulated data, as shown in the left figure. Parts R1, R2, and R3 represent the areas of
pathology, more details can be found in Simulated data.
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performance can be achieved robustly. Firstly, a wide range from 2 to
1024 was scanned in order to find out the suitable kernel sizes for our
regression problem, and then the ranges around these sizes were
refined to select the relatively stable sizes. From the middle graph of
Fig. 3, MSEs ranging from 0.002 to 0.014 were taken as kernel sizes
varied from 2 to 1024. The lowest MSE was obtained when kernel size
was 512. To avoid local minima, four kernel sizes (16,128,512 and
1024) were selected for further refinement, and the corresponding
MSEs are illustrated respectively in the small graphs of Fig. 3.
Obviously, although regression accuracy fluctuates greatly at the
smaller values of kernel sizes (graph 1), in the other three ranges, the
regression accuracy curves are very smooth (graphs 2, 3 and 4).
Especially during the range from 412 to 592, MSEs are lower than
0.002. It can thus be concluded that, RVM is a stable regression model
within a reasonable range of kernel sizes. In general, avoiding the
relatively smaller kernel sizes is advisable since they lead to
overtraining.

For comparison purposes, GRBF-kernel based SVR with ɛ-insensi-
tive loss function was also tested by the same leave-10-out cross-
validation procedure, as we described in the RVR case. Besides kernel
function parameters, twomore SVR parameters, namely C and ɛ, were
optimizedwithin the bagging framework based on the training data. C
is the tradeoff parameter between the smoothness of the SVR function
and the training error, and ɛ is the error insensitivity parameter, i.e.,
the training error below ɛwill be treated as zero (Vapnik, 2000; Smola
and Schölkopf, 2004). In the training process, the performance of base
regressionmodels was evaluated within the bagging framework, with
respect to different parameters (Chang and Lin, 2001). From the
regression results summarized in Table 3, regional feature-based
regression got the highest correlation and the smallest estimation
error. Meanwhile, regression by means of LDA and PCA features
overall achieved reasonable accuracy, while ISOMAP features per-
formed the worst.

The detailed regression results are illustrated by Fig. 13 in
Appendix B, in which the first row shows the estimated scores by
SVR and RVR respectively with regional features. The other three
rows summarize the regression results based on LDA, PCA and
ISOMAP features, where RVR is shown on the left side and SVR on
the right. Note that, the regression lines are shown with black solid
lines.

In order to verify the validity of our learning algorithm, a
discriminative direction method is applied to display the changing
regional features found by the regressor (Golland et al., 2002). This
method provides a group difference map, indicating the degree that
each regional feature participates in regression estimation. A leave-
one-out validation is performed in our experiments for testing the
generalizability of RVR, and the group difference will be evaluated
by averaging all group difference maps obtained from all leave-one-
out cases. First, for each relevance vector in each leave-one-out case,
we investigate its corresponding projection vector in the high-
dimensional space. The rule is to follow the steepest gradient of
Table 3
Numerical results for simulated data regression with four feature extraction methods
by RVR and SVR, respectively.

Methods Features

Regional
clusters

LDA PCA ISOMAP

Mean square errors
RVR 0.001686 0.0018073 0.0019334 0.01017
SVR 0.00287 0.0052233 0.0063355 0.016377

Correlation coefficients
RVR 0.98438 0.9842 0.9824 0.90386
SVR 0.97763 0.97661 0.97056 0.52889
regressor from small to large values. The difference between this
relative vector and its corresponding projection vector reflects the
changes on the selected regional features. These features become
typical when a normal brain gradually changes to the respective
configuration with disease progression. Second, an overall group
difference vector can be obtained by summing up all regional
differences calculated from all relative vectors. Finally, the group
difference vector is mapped to its corresponding brain regions in the
template space and subsequently added to other leave-one-out
repetitions. Referring to Fig. 4, our regression algorithm captures the
significant features of brain image with the increasing regressor
value, similar with our pathology areas simulated in Stimulated
data.

Clinical stage estimation

GM based regression with ADNI data
Since RVR showed high estimation accuracy and robustness with

simulated data, similar experiments were carried out using clinical
images from ADNI. Images were first preprocessed into tissue
density maps as described in Davatzikos et al. (2001). Aiming to
improve the robustness of local TDMs, a 8-mm full-width at half-
maximum Gaussian smoothing was applied to all the images in the
experiments. For simplicity, only gray matter after tissue segmen-
tation was used to investigate regression performance of the
methods mentioned above. Different from simulated data, leave-
one-out cross-validation scheme was performed to test RVR
performance on real data. For 119 samples selected from ADNI
data, 118 samples were taken as training set for feature extraction
and bagging-based model building, and the one left was chosen as
testing sample to evaluate regression performance. This process was
repeated 119 times, and each time ensemble regressors were trained
by bagging framework via the second leave-10-out cross-validation
within the training set.

We compared our method with SVR based on different feature
extraction approaches in the same experiment setting. As illustrated
in Fig. 5, there are four rows with double columns to show estimated
MMSEs by RVR and SVR combining regional features, LDA, PCA and
ISOMAP features, respectively. Although estimation performance was
not as good as that of simulated data, we still obtained the promising
results for real data. The best result was adaptive regional feature-
based RVR with correlation 0.73868.

For BNT score, although the best estimation accuracy was also
obtained by RVR and regional features as shown in Fig. 6, the overall
regression performances for BNT was lower than those for MMSE.
Even in the best case, the correlation coefficient between estimated
BNT and measured BNT was only 0.58908. This inferior performance
might be due to the comparatively small size of samples used for BNT,
which are too limited to ensure efficient feature extraction and stable
model parameter selection (there are 119 samples in MMSE set, but
only 69 in BNT set).



Fig. 5. Scatter plots of clinically measured MMSE scores vs. estimated scores by RVR/SVR with four feature extraction methods: region clustering, LDA, PCA and ISOMAP. The graphs
in the right column are for RVR, and those of the left column are for SVR. The sloping black solid lines represent the regression lines.
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No matter which feature extraction method was applied, RVR
always obtained more accurate estimation with higher correlation
than SVR. The reason is likely to be that fewer Relevance Vectors
(RVs) are used in RVR, and thus RVR has better generalization ability,
which leads to more accurate estimation, especially when only
limited training samples are available. To further investigate the
generalization ability of RVR and SVR, we designed the following
experiment: we initially chose 10 training samples from MMSE-



Fig. 6. Scatter plots of clinically measured BNT scores vs. estimated scores by RVR based on four feature extraction methods.
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based ADNI data, then added 10 new samples each time and
recorded the number of RV and Support Vectors (SVs) after the
learning process. Regional clusters and LDA features were selected
for these experiments. The generalization performance of RVR/SVR
under regional and LDA features is summarized in Fig. 7, in which
the blue curves correspond to RVR while the red curves are for SVR.
It is evident from the figures that, for both regional and LDA features,
the number of RVs/SVs increases with the changes of the number of
training samples. However, the number of RVs is always smaller than
that of SVs, especially for smaller sample sizes. This just confirmed
the theoretic analysis of sparsity expected from these two regression
Fig. 7. Comparison of support/relevance vectors used in SVR and RVR. Curves show
how the number of support/relevance vectors changes as the size of training samples
increases.
methods. Experimental results also demonstrate that the number of
RVs with LDA-based features is always smaller than that of regional
features. Theoretically, LDA feature-based regression should result in
better generalization ability since it needs fewer RVs. Nevertheless,
LDA feature-based regression got inferior estimation performance
while regional feature-based regression obtained lower MSE and
higher correlation coefficient (Fig. 5). The reason might be that
regional feature clusters could be more informative, since AD
pathology tends to have a regional distribution.

GM, WM and CSF based regression
AD is associated with brain volume loss of gray matter, but white

matter and CSF might also carry significant information. In this
section, we tested RVR on the combined tissues of GM, WM and CSF
by the same experiment setting as we did with GM alone. As can be
seen from Fig. 8, RVR with regional features has the highest
correlation and lowest MSE, followed by SVR with regional features.
Regarding all experimental results in Simulated clinical stage
estimation and GM based regression with ADN data, regional
feature-based regression is superior to regression methods based
on other feature extraction schemes. It proved that adaptive regional
clustering is the best feature extraction method for both RVR and
SVR in our experiments.

To compare the performance between GM-based regression and
three tissue (GM, WM and CSF)-based regression methods in an
organized way, Table 4 was constructed to record the numerical
results appearing in Fig. 8 and Fig. 5, where the best results of each
category are marked in blue. For both RVR and SVR, there were
marginal improvements with regression performance based on three
tissues compared to GM only, possibly because any additional
information gained from WM and CSF is either marginal or counter-
balanced by the curse of dimensionality issue. The best correlation
coefficients and MSE between clinically measured and estimated
MMSE scores are 0.75775 and 10.8338 from three tissue-based RVR



Fig. 8. GM,WMand CSF based regression results. Scatter plots of clinical measuredMMSE vs. estimatedMMSE by RVR/SVRwith four feature extraction methods: regional clustering,
LDA, PCA and ISOMAP. The two graphs in the first row show the best performance of RVR and SVR, respectively.
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with regional features, while 0.73868 and 11.5445 for GM-based
RVR.

In view of the superior performance of RVR, more detailed
results from it are illustrated by Fig. 9. For each different feature
extraction method, histograms of MSE and correlation coefficients
clearly indicate the better regression performance of RVR by using
GM, WM and CSF than GM only, albeit the improvement is
marginal.



Table 4
Numerical results for three tissue-based regression, and only GM-based, by RVR and
SVR, with four feature extraction methods.

Data and
methods

Features

Regional
clusters

LDA PCA ISOMAP

Mean square errors
GM, WM and CSF RVR 10.8338 12.0522 12.5166 18.6454

SVR 11.3696 12.1237 12.8206 18.8331
GM only RVR 11.5445 12.2853 12.7153 20.4922

SVR 12.319 12.6366 13.0917 23.6831

Correlation coefficients
GM, WM and CSF RVR 0.75775 0.72625 0.71559 0.53958

SVR 0.75017 0.7244 0.71466 0.52889
GM only RVR 0.73868 0.72543 0.71978 0.51375
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Another interesting result is that, when MMSEs range from 25 to
30 (most of them are the normal control cases), our proposed
method is not sensitive to them, as shown in Figs. 5 and 8. The
reason is likely to be that in those mostly normal subjects, variability
in clinical scores can be attributed to measurement error and “bad
testing days,” both of which are well known in this field. For MCI and
AD patients, however, the decline in cognitive ability is due to a large
extent to underlying pathology and brain atrophy, which is
measured by our algorithm. However, regression using all three
tissues improved the estimation accuracy of MMSE in this range
(comparing the results as shown in Figs. 5 and 8). To account for this
improvement in a detailed way, we plot the distribution histograms
of estimated MMSEs by RVR from three tissues and GM, respectively.
As illustrated by the purple rectangles in Fig. 10 (interval scale is 1),
we can see that most estimations for MMSEs ranging from 25 to 30
are around 26, as shown in the middle graph of Fig. 10. In contrast,
three tissue-based regression got a more even estimation distribu-
tion from 26 to 28, which means they are correctly estimated by
comparing with the clinical measured MMSEs (the left graph of Fig.
10). These results indicate additional information can provide more
structural patterns, and thus improve regression accuracy. We
Fig. 9. Histograms of MSEs and correlation coefficients for RVR with four different feature
expect that this result will hold even more strongly for large sample
sizes.

Predicting future decline from baseline scans

Patients with MCI are at high risk from conversion to AD; they
generally tend to progress to AD at a rate of about 15% annually.
Therefore, it is of great clinical interest to be able to predict which of
the MCI individuals are likely to progress rapidly and decline
cognitively, using their baseline exams. We address this problem in
the following set of experiments, by attempting to predict future
decline in MMSE, by applying our approach to baseline MRI scans.

A large part of the available ADNI images are from patientswho did
not display significant cognitive decline, and would overwhelm the
regression algorithm if all used in the current experiment. We
therefore randomly selected a representative subset of individuals
spanning the entire range of MMSE decline in a relatively uniform
way. In other words we selected a mix of individuals from ADs and
MCIs, who are supposed to display variable degrees of MMSE change.
In particular, we ended up with 26 patient samples with stably
degenerative variance during longitudinal study. Our cohort is
composed of 16 MCI-converters (diagnosed as MCI at the baseline
scanning, and then progressed to AD at 6-month follow-up), 5 MCI-
nonconverters and 5 AD. A list of sample IDs could be found in Table 7
of Appendix C.

Although feature ranking has been used to select the optimal
regional features based on the correlation coefficients among brain
regions, some redundant features can be inevitably selected, which
ultimately decrease the regression results. Moreover, ranking-based
feature selection method is subject to local optima, especially when
the size of training samples is small. Therefore, we firstly used the
proposed correlation-based feature ranking method to select the
most relevant features, and then applied the RVR-based Recursive
Feature Elimination (RVR-RFE) algorithm to further optimize the set
of initial regional features for good regression performance. This
algorithm was inspired by the Support Vector Machine-Recursive
Feature Elimination (SVM-RFE) approach (Guyon et al., 2002;
Rakotomamonjy, 2003; Fan et al., 2007), which includes backward
extraction methods performed on two information source: three tissues and GM only.



Fig. 10. Clinically measured and estimated MMSE histograms by RVR with regional features from three tissues and GM, respectively.
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and forward steps. During the backward sequential selection, at each
time, one feature is removed to make the variation of RVR-based
leave-one-out error bound smallest, compared to removing other
features. To avoid missing informative features whose ranks are low,
but perform well jointly with the top ranked features for regression,
a forward sequential feature selection method is used for compen-
sation. This step adds one feature back at a time. Each time the
added feature makes the variation of RVR-based leave-one-out error
bound smallest, compared with adding other features. The search
space of the forward selection is limited to a predefined feature
subset in order to obtain a solution with cheaper computation cost.

In each leave-one-out validation experiment, one subject was first
selected as a testing subject, and the other subjects were used for the
entire adaptive regional feature extraction, feature selection, and
training procedure, as described in framework Fig. 1. Fig. 11 illustrates
the results of estimating the change and the rate of clinical variable
change.

Note that the progression estimation results for MCI or AD patients
are worse than the clinical stage prediction as discussed in Clinical
stage estimation. The reason might be that, we have such assumption
as follows on progression estimation: the rate of MMSE declines
linearly along with brain volume atrophy for MCI and AD patients
over longitudinal progression. Unfortunately, in our study, most
samples are recorded within no more than three years, and also there
are so many non-clinical factories that influence cognitive function
testing, and all these factors will undermine the prediction results to
some extent.

The group difference maps for all these clinical variable (MMSE,
BNT and MMSE change) regression are shown in Fig. 12, which shows
the brain regions that collectively contributed to the regression. The
color scale indicates the frequency that brain regions were used in
Fig. 11. MMSE change regression based on regional features.
bagging regression experiments with different ADNI data. These
figures reveal that brain atrophy patterns highly correlated with
clinical scores are complex. However, we can see that, most of the
group difference locations are consistent with previous clinical
findings and computational analysis, such as the hippocampus,
which plays a crucial role in memory processes, and usually is taken
as a biomarker of early AD.

Discussions and conclusion

This paper presented a general regression methodology by
utilizing RVR with regional features to estimate continuous clinical
variables from high-dimensional imaging patterns. The proposed
methodwas validated on simulated datasets with known truth, where
it was found to have excellent ability to estimate the relationship
between the input patterns of atrophy and the output scalar score,
when a very consistent relationship exists. It was also applied to data
from the ADNI study.

In order to achieve a reasonably low dimensionality, a regional
feature extraction methodology was used to sample spatial imaging
patterns. Regions that correlatedwell with the estimated variables are
sampled and integrated via a sparse regressor. Robustness and good
generalization were achieved by a bagging methodology used on both
the feature selection and the regression model construction. Alterna-
tive dimensionality reduction methods were also investigated,
however the regional features provided the highest estimation
accuracy.

We compared two pattern regression methods: RVR and SVR,
which is a regression counterpart of the popular SVM classifier. RVR
slightly outperforms SVR, and achieves robust estimation for different
clinical variables. The best correlation between the estimated and the
measured MMSE scores was around 0.73 obtained by using regional
features. This correlation is as good as our expectation, in view of the
significant noise present in cognitive measurements. Estimating BNT
was quite promising, in the case of the limited data set. Our result also
indicated that, pattern regression can predict future cognitive decline
only by using baseline scans. Moreover, group difference maps could
provide the most significant brain regions with respect to disease
progression, which emphasizes the potential clinical importance of
the proposed approach to find relatively early markers of structural
brain changes.

Some of the conclusions concerning these methods combining
different feature extraction and model learning approaches are
discussed next.

Discussion on feature extraction

• PCA features are good at capturing general variance of the data,
however, they might miss directions with particularly good



Fig. 12. Regions most representative of the group difference for different regression experiments based on ADNI data. (A: MMSE regression by using GM only; B: MMSE regression by
using GM, WM and CSF; C: BNT regression by using GM; D: MMSE Change regression by using GM).
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estimation value for the regressor, even though one would expect
high variance along these directions. Moreover, PCA is unable to
capture sufficient information from a small set of samples with
extremely high-dimensional patterns, since it is limited by the
number of samples. This is why PCA feature-based regression
achieved acceptable performance when relatively larger training
data sets were available (simulated data and MMSE estimation),
but failed at BNT estimation.

• LDA is a better way to extract discriminative information because
of its discriminatory nature. However, a number of pattern
categories involved in the construction of the feature space is
required before feature extraction (each corresponding to a
different range of the regressor). Generally, this parameter was
fixed according to prior knowledge of the disease under study.
Hence, the lack of automatic parameter selection in LDA
influences the further regression accuracy and limits its
applicability.

• PCA and LDA have a common disadvantage that they assume data
is linearly separable, however, this is not necessarily the case for
most real-world problems. To address this problem, we tested a
nonlinear manifold method, ISOMAP, but it did not work very
well in most experiments. The reason is that, the success of
ISOMAP depends on the correct computation of geodesic
distances, which are approximated by the length of the shortest
path between pairs of samples on a neighborhood graph.
However, either K–NN or ɛ-neighbor approach is only valid
when the training samples are dense enough. Undersampling of
nonlinear manifolds results in erroneous connections when
constructing the neighborhood graph, and finally lead to unstable
manifold topology. In practice, for real image data, it is hard to
preserve topological stability because of noise and outliers,
especially for high-dimensional but limited sample. Consequent-
ly, ISOMAP failed in BNT estimation, and got the worst results in
most experiments.

• Different from PCA, LDA and ISOMAP, the regional clustering
method computes volumetric measures by adaptively grouping
brain voxels into different regions based on the spatial consistency
of brain structure, which is determined by the correlation between
voxel-wise features and the continuous clinical scores being
regressed. Thus, in theory, regional features are more discrimina-
tive and robust to the impact of noise and registration errors. In
practice, taking all the experimental results into account, regional
features outperform these three popular feature extraction
methods, even in the very limited case, BNT estimation. However,
these regional features were initially selected one by one in
sequence. Therefore, if a collection of regions of weak individual
estimation value, but of high collective value, exists in the data, it
might be missed. Fully multivariate construction and selection of
features is an extremely difficult problem for high-dimensional
machine learning setting. Some recent formulation using non-
negative matrix factorization might offer promising finding in the
future (Batmanghelich et al., 2009).

Discussion on sparse model

A sparse model is also essential to get good generalization ability.
To compare sparsity between SVR and RVR, many experiments were
designed and analyzed in Experimental result analysis. From these
experimental results, RVR was found to be a superior regression
method with higher diagnostic power and better generalization
ability. Although SVR achieved reasonably good performance both in
simulated data and real data, it is less sparse than RVR. In practice,
many more support vectors were used in SVR than relevance vectors
were used in RVR, and the difference increased quickly as the size of



Fig. 13. Regression results based on simulated data. Scatter plots of true scores vs. estimated scores by RVR/SVR, with four kinds of feature extraction methods: adaptive regional
clustering, LDA, PCA and ISOMAP. The sloping black solid lines represent the regression lines.
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training samples grew. The reason is that the parameters of RVR are
optimized by the principled Bayesian formulation with hierarchical
hyperprior distributions, which leads to significantly fewer relevance
vectors, thereby improving generalization ability. As discussed in
Simulated clinical stage estimation with Fig. 3, our experiments also
indicated that RVR is a stable regression method within a wide range
of kernel sizes, in which estimation accuracy of continuous clinical
scores varies smoothly.
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Even if discriminative regional features and sparse regression
model are used, it is still difficult to build a robust regressor, since
there are relatively few sample with high dimensionality. Although
our sample sizes might be adequate for classification, they are very
limited for regression, especially in the case of progression
estimation. To improve the robustness of regression models, a
bagging framework with cross-validation is used to facilitate model
parameter optimization, and to model expected variations in the
training and testing images. By combining the outputs of multiple
regressors learned from the subsets of training data, bagging
based regression method can efficiently remove the influence of
outliers.

In summary, bagging-based RVR with regional features was found
to be a superior regression method in our experiments. Although this
regression scheme is developed based on AD imaging data, it can be
adapted and extended to other imaging problems. In the future, we
plan to try Boosting-based algorithms in model learning, which are
supposed to reduce both the bias and variance of unstable methods.
Moreover, feature selection method with lower computation cost and
better representation ability should be investigated, which is generally
believed as a better way to improve model accuracy.
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Appendix A. Further details of relevance vector learning

In this appendix, we discuss how to optimize the weights of RVM,
and show their L1 sparsity as well.

To avoid over-fitting in the maximum likelihood estimation,
a zero-mean Gaussian prior distribution is imposed on the
weights W:

p W jαð Þ =
YN
n=0

N wn j0;αnð Þ ð9Þ

where α is a vector of N+1 hyperparameters, which are associated
independently with each weight, modifying the strength of the prior
over its associated weight. In order to further simplify computation,
Gamma prior distributions are assumed for α, and a noise variance of
σ-2 (Tipping, 2001):

p αð Þ =
YN
n=0

Gamma αn ja; bð Þ;p σ −2
� �

= Gamma σ−2 jc; d
� �

ð10Þ
where a, b, c and d are constants and are usually set to zero. Thus the
‘true' weight prior is:

p wið Þ =
Z

p wi jαið Þp αið Þdαi =
bαG a + 1

2

� �
2Πð Þ12G að Þ

b + w2
i =2

� �− a + 1
2ð Þ ð11Þ

Eq. (11) showed, although a non-sparse Gaussian prior is assigned
over the weights, the “true” weight prior achieves a sparse Student t-
test prior by integrating these hierarchical hyperpriors.

To solve the problem described by Eq. (5), the parameter posterior
distribution p(W, α, σ2 | t) needs to be computed based on the
Bayesian framework. Unfortunately, it cannot be computed analyti-
cally, and thus an effective approximationmust bemade. According to
the procedure described in Tipping (2001), the parameter posterior is
decomposed as follows:

p W;α;σ2 jt
� �

= p W jt;α;σ2
� �

p α;σ2 jt
� �

ð12Þ

in which the first part can be expressed as:

p W jt;α;σ2
� �

=
p t jW;σ2
� �

p W jαð Þ
p t jα;σ2
� � = 2πð Þ− N + 1ð Þ=2 jΣ j−1=2

� exp −1
2

W−μð ÞTΣ−1 W − μð Þ
� �

ð13Þ

where the posterior covariance and mean are respectively:

Σ = σ −2ΦTΦ + A
� �−1 ð14Þ

μ = σ −2ΣΦT t ð15Þ

with A=diag(α0, α1,…,αN). In order to evaluate Σ and μ, we need to
find the hyperparameters whichmaximize the second part of Eq. (12),
decomposed as follows:

p α;σ2 jt
� �

~p t jα;σ2
� �

p αð Þp σ2
� �

ð16Þ

Considering the hyperpriors over α and σ2, p(α) and p(σ2) can be
ignored, the parameter learning of RVR only needs to maximize the
term p(t|α, σ2):

p t jα;σ2
� �

=
Z + ∞

−∞
p t jW;σ2
� �

p W jαð ÞdW

= 2πð Þ−N =2 jσ2I + ΦA−1ΦT j−1=2

exp −1
2
tT σ2I + ΦA−1ΦT
� �−1

t
� � ð17Þ

This can be formulated as a typeII maximum likelihood
procedure, that is, a most probable point estimate αMP and σMP

may be found throughout the maximization of the marginal
likelihood with respect to log(α) and log(σ2). More optimization
details can be found in Tipping (2001). The crucial information is
that the optimal values of many hyperparameters are infinite.
Accordingly, the parameter posterior may result in infinite peak at
zero for many weights ωi, which are ultimately responsible for the
sparseness property of RVM.
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Appendix B. Regression results based on simulated data (Fig. 13)

Appendix C. ADNI subject IDs used in experiments

Table 5
No. Subject ID Date of baseline
scan

Clinical
stage

1 016_S_1028 2006-11-02 MCI
3 027_S_0485 2006-05-08 MCI
5 094_S_1398 2007-05-03 MCI
7 007_S_0293 2006-03-14 MCI
9 022_S_0924 2006-09-27 MCI
11 035_S_0997 2006-11-29 MCI
13 067_S_0077 2006-08-21 MCI
15 005_S_0222 2006-02-21 MCI
17 007_S_0041 2005-10-21 MCI
19 023_S_0331 2006-03-23 MCI
21 023_S_1126 2006-12-05 MCI
23 127_S_0394 2006-05-17 MCI
25 002_S_0729 2006-07-17 MCI
27 003_S_1057 2006-12-04 MCI
29 007_S_0414 2006-05-22 MCI
31 013_S_0325 2006-04-19 MCI
33 006_S_0675 2006-08-31 MCI
35 016_S_0702 2006-07-24 MCI
37 023_S_0126 2006-08-08 MCI
39 052_S_0671 2006-07-05 MCI
41 002_S_1155 2006-12-14 MCI
43 016_S_1121 2007-01-11 MCI
45 023_S_0625 2006-07-12 MCI
47 032_S_0187 2006-10-16 MCI
49 130_S_0102 2005-12-28 MCI
51 141_S_0697 2008-04-29 MCI
53 002_S_1070 2006-11-28 MCI
55 011_S_0856 2006-09-15 MCI
57 011_S_1282 2007-02-09 MCI
59 023_S_0078 2006-01-12 MCI
61 027_S_1387 2007-02-26 MCI
63 031_S_1066 2006-12-04 MCI
65 094_S_0434 2006-04-20 MCI
67 099_S_0054 2005-11-16 MCI
69 127_S_0393 2006-11-21 MCI
71 136_S_0195 2006-03-13 MCI
73 141_S_0982 2008-05-14 MCI
75 011_S_0053 2005-11-14 AD
77 013_S_1161 2006-12-20 AD
79 021_S_0753 2006-09-11 AD
81 022_S_0543 2006-05-22 AD
83 023_S_0139 2006-01-24 AD
85 027_S_0404 2006-05-16 AD
87 036_S_0577 2006-05-26 AD
89 036_S_0760 2006-08-25 AD
91 067_S_0029 2005-10-14 AD
93 067_S_0828 2006-09-05 AD
95 109_S_1157 2007-01-03 AD
97 141_S_1137 2006-12-19 AD
99 011_S_0016 2005-09-27 CN
101 035_S_0048 2006-06-16 CN
103 036_S_0576 2006-06-01 CN
105 041_S_0125 2006-01-13 CN
107 067_S_0056 2005-11-09 CN
109 128_S_0863 2006-09-25 CN
111 013_S_0502 2006-07-25 CN
113 022_S_0066 2005-11-23 CN
115 023_S_0031 2005-10-12 CN
117 073_S_0312 2006-05-31 CN
119 114_S_0601 2006-06-05 CN

ADNI subject IDs used in MMSE experiment.
No. Subject ID Date of baseline
scan

Clinical
stage

2 023_S_0887 2006-09-20 MCI
4 029_S_1384 2007-10-04 MCI
6 098_S_0269 2006-03-04 MCI
8 022_S_0750 2006-08-07 MCI
10 023_S_0855 2006-09-05 MCI
12 036_S_0656 2006-07-07 MCI
14 128_S_1148 2008-01-17 MCI
16 005_S_0324 2006-11-13 MCI
18 007_S_0344 2006-03-31 MCI
20 023_S_0388 2006-04-10 MCI
22 027_S_0256 2006-03-21 MCI
24 033_S_0567 2006-12-05 MCI
26 002_S_0954 2007-05-03 MCI
28 005_S_0572 2006-06-20 MCI
30 011_S_0861 2006-09-27 MCI
32 013_S_1120 2006-11-22 MCI
34 011_S_0326 2006-03-20 MCI
36 022_S_0544 2006-05-17 MCI
38 035_S_0033 2005-11-22 MCI
40 006_S_1130 2008-01-31 MCI
42 005_S_0448 2006-05-04 MCI
44 022_S_1394 2008-05-27 MCI
46 027_S_0179 2006-09-15 MCI
48 099_S_0111 2006-01-18 MCI
50 133_S_0638 2006-06-26 MCI
52 141_S_1244 2007-02-18 MCI
54 007_S_0128 2006-01-16 MCI
56 011_S_1080 2006-11-22 MCI
58 021_S_0332 2006-04-19 MCI
60 027_S_0461 2006-06-02 MCI
62 031_S_0568 2006-12-06 MCI
64 052_S_0952 2007-04-23 MCI
66 098_S_0667 2006-06-24 MCI
68 116_S_0752 2006-09-08 MCI
70 128_S_0947 2006-10-06 MCI
72 136_S_0873 2007-10-26 MCI
74 141_S_1004 2007-05-18 MCI
76 011_S_0183 2006-03-03 AD
78 016_S_0991 2006-11-01 AD
80 022_S_0007 2005-09-13 AD
82 023_S_0093 2006-01-03 AD
84 023_S_0916 2006-09-22 AD
86 027_S_1082 2006-12-13 AD
88 036_S_0759 2006-08-22 AD
90 062_S_0730 2006-07-19 AD
92 067_S_0812 2006-10-02 AD
94 109_S_0777 2006-09-07 AD
96 116_S_1083 2006-12-21 AD
98 011_S_0002 2005-08-26 CN
100 011_S_0023 2005-10-31 CN
102 035_S_0555 2006-06-06 CN
104 036_S_0813 2006-08-25 CN
106 067_S_0019 2005-10-12 CN
108 082_S_0363 2006-03-28 CN
110 011_S_0021 2005-10-10 CN
112 016_S_0538 2006-08-02 CN
114 022_S_0130 2006-01-23 CN
116 022_S_0096 2006-01-18 CN
118 109_S_0840 2006-09-07 CN



No. Subject ID Date of baseline
scan

Clinical
stage

No. Subject ID Date of baseline
scan

Clinical
stage

1 007_S_0414 2006-05-22 MCI 2 029_S_0878 2006-09-15 MCI
3 067_S_0077 2006-08-21 MCI 4 005_S_0448 2006-05-04 MCI
5 099_S_0054 2005-11-16 MCI 6 013_S_1120 2006-11-22 MCI
7 016_S_1117 2006-12-01 MCI 8 023_S_0030 2005-10-10 MCI
9 005_S_0324 2006-11-13 MCI 10 007_S_0698 2007-03-23 MCI
11 016_S_1121 2007-01-11 MCI 12 023_S_0388 2006-04-10 MCI
13 006_S_0675 2006-08-31 MCI 14 022_S_0044 2005-11-03 MCI
15 027_S_1045 2006-11-03 MCI 16 035_S_0033 2005-11-22 MCI
17 002_S_0782 2006-08-14 MCI 18 002_S_0954 2007-05-03 MCI
19 003_S_1122 2006-12-06 MCI 20 005_S_0222 2006-02-21 MCI
21 011_S_0326 2006-03-20 MCI 22 011_S_1282 2007-02-09 MCI
23 013_S_0860 2006-09-21 MCI 24 016_S_1028 2006-11-02 MCI
25 023_S_0887 2006-09-20 MCI 26 027_S_0179 2006-09-15 MCI
27 099_S_0111 2006-01-18 MCI 28 109_S_1114 2006-12-27 MCI
29 127_S_0394 2006-05-17 MCI 30 130_S_0102 2005-12-28 MCI
31 041_S_0697 2008-04-29 MCI 32 013_S_0996 2006-11-06 AD
33 016_S_0991 2006-11-01 AD 34 022_S_0543 2006-05-22 AD
35 023_S_0093 2006-01-03 AD 36 027_S_0404 2006-05-16 AD
37 027_S_1082 2006-12-13 AD 38 033_S_0724 2006-08-11 AD
39 036_S_0577 2006-05-26 AD 40 062_S_0730 2006-07-19 AD
41 067_S_0828 2006-09-05 AD 42 099_S_0372 2006-04-21 AD
43 099_S_0470 2006-05-10 AD 44 116_S_0392 2006-06-26 AD
45 141_S_1137 2006-12-19 AD 46 062_S_0690 2006-07-18 AD
47 067_S_0110 2006-01-25 AD 48 011_S_0053 2005-11-14 AD
49 141_S_0790 2006-09-10 AD 50 062_S_0690 2006-07-18 AD
51 109_S_1157 2007-01-03 AD 52 099_S_1144 2006-12-19 AD
53 114_S_0979 2006-11-01 AD 54 003_S_0907 2006-09-11 CN
55 011_S_0008 2005-09-13 CN 56 011_S_0022 2005-10-10 CN
57 013_S_0502 2006-07-25 CN 58 022_S_0066 2005-11-23 CN
59 023_S_0081 2006-01-10 CN 60 032_S_0677 2006-10-09 CN
61 041_S_0125 2006-01-13 CN 62 062_S_0768 2006-08-02 CN
63 067_S_0177 2006-03-10 CN 64 073_S_0312 2006-05-31 CN
65 082_S_0363 2006-03-28 CN 66 099_S_0352 2006-04-07 CN
67 109_S_0876 2006-09-19 CN 68 114_S_0173 2006-02-10 CN
69 128_S_0863 2006-09-25 CN

Table 6
ADNI subject IDs used in BNT experiment.

No. Subject ID Date of baseline
scan

Clinical stage

1 141_S_1244 2007-02-18 MCI Converter
2 141_S_0982 2006-11-15 MCI Converter
3 027_S_0256 2006-03-21 MCI Converter
4 127_S_0394 2006-05-17 MCI Converter
5 133_S_0913 2007-07-18 MCI Converter
6 023_S_0030 2005-10-10 MCI Converter
7 027_S_0461 2006-06-02 MCI Converter
8 099_S_0054 2005-11-16 MCI Converter
9 067_S_0077 2006-08-21 MCI Converter
10 128_S_0947 2006-10-06 MCI Converter
11 052_S_1054 2007-06-06 MCI Converter
12 011_S_1080 2006-11-22 MCI Converter
13 098_S_0269 2006-03-04 MCI Converter
14 023_S_0625 2006-07-12 MCI Converter
15 022_S_0750 2006-08-07 MCI Converter
16 127_S_0393 2006-11-21 MCI Converter
17 016_S_1028 2006-11-02 MCI Non-Converter
18 941_S_1295 2007-02-09 MCI Non-Converter
19 141_S_0851 2006-09-26 MCI Non-Converter
20 127_S_1427 2007-08-20 MCI Non-Converter
21 027_S_0485 2006-05-08 MCI Non-Converter
22 062_S_0730 2006-07-19 AD
23 067_S_0812 2006-10-02 AD
24 016_S_0991 2006-11-01 AD
25 027_S_1082 2006-12-13 AD
26 141_S_1137 2006-12-19 AD

Table 7
ADNI subject IDs used in future decline prediction.
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