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Abstract. We present a novel semi-supervised multimodal relevance vector
regression (SM-RVR) method for predicting clinical scores of neurological
diseases from multimodal brain images, to help evaluate pathological stage and
predict future progression of diseases, e.g., Alzheimer’s diseases (AD).
Different from most existing methods, we predict clinical scores from
multimodal (imaging and biological) biomarkers, including MRI, FDG-PET,
and CSF. Also, since mild cognitive impairment (MCI) subjects generally
contain more noises in their clinical scores compared to AD and healthy control
(HC) subjects, we use only their multimodal data (i.e., MRI, FDG-PET and
CSF), not their clinical scores, to train a semi-supervised model for enhancing
the estimation of clinical scores for AD and healthy control (HC). Experimental
results on ADNI dataset validate the efficacy of the proposed method.

1

Introduction

Many pattern classification methods have been proposed for the diagnosis of
Alzheimer’s disease (AD) or its prodromal stage, i.e., mild cognitive impairment (MCI).
Recently, people have started to investigate applying the pattern regression methods for
estimating the continuous clinical scores of subjects from their respective brain images
[1,2,4]. This kind of study is important because it can help evaluate the pathological stage
and predict the future progression of neurological diseases. It is known that many
diseases present a continuous spectrum of structural and functional changes. For
example, AD pathology is known to progress gradually over many years, sometimes
starting decades before a final clinical stage [2]. Thus, pattern regression methods can be
used to help estimate the continuous clinical scores to evaluate the disease stage of MCI
or AD, rather than simple categorical classification.
Recent studies have also demonstrated that the biomarkers from different modalities
can provide complementary information for diagnosis of AD [5,8,9]. Accordingly, two or
more modalities of biomarkers have been combined for multimodal classification
[3,6,7,14]. However, to the best of our knowledge, there exist few related works which
combine two or more biomarkers from multimodal data for regression. Instead, most
existing methods on estimating clinical scores use only single modality of data [1,2,4]. In
this paper, we will employ multiple-kernel combination method to combine
multimodality data, e.g., MRI, PET, and CSF, for multimodal regression.
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On the other hand, at present, several works have adopted the supervised relevance
vector machine regression (RVR) method to estimate continuous clinical scores
[1,2,4]. It is known that the training of a supervised model often requires many welllabeled data in order to achieve a good performance. However, the clinical scores in
cognitive tests such as Mini Mental State Examination (MMSE) and Alzheimer’s
Disease Assessment Scale-Cognitive subtest (ADAS-Cog) are usually very noisy,
especially for the MCI subjects who may or may not convert to AD within a period of
follow-up time. To partially alleviate this problem, we will not exploit the clinical
scores of the MCI subjects and instead use only their corresponding multimodal data
(i.e., MRI, FDG-PET, and CSF) to help train a semi-supervised regression model. It is
worth noting that similar idea, which treats MCI subjects as unlabeled data to train a
semi-supervised classification model, has also been used for classification of AD
[13,15]. However, to our knowledge, no previous studies have ever investigated the
semi-supervised regression in AD research.
In this paper, we propose a semi-supervised multimodal relevance vector
regression (SM-RVR) model to predict clinical scores based on both imaging and
biological biomarkers. We further construct a graph Laplacian matrix based on the
manifold learning theory [11] to select the most informative MCI subjects for better
helping semi-supervised regression.

2

Method

In this section, we will first extend the standard relevance vector regression (RVR)
method to the multimodal RVR (M-RVR), and then introduce our proposed semisupervised multimodal RVR (SM-RVR) method.
2.1

Multimodal RVR (M-RVR)

We first briefly review the standard RVR algorithm. The main idea of RVR is
summarized as follows. Specifically, RVR is a sparse kernel method formulated in a
Bayesian framework [12]. Given a training set with its corresponding target values,
,
, RVR aims to find out the relationship between the input feature
such as
vector
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Now we can extend RVR to multimodal RVR (M-RVR) for multimodal
regression, by defining a new integrated kernel function for comparison of two
multimodal data
and
as below:
,

,

(3)

Where
denotes the kernel matrix over the m-th modality, similar to the definition
given for the single modality case. This new integrated multiple-kernel can be
expediently embedded into the conventional single-kernel RVR, and thus solved by the
programs developed for the conventional single-kernel RVR. Here, we constrain the sum
of
to be 1 and adopt a coarse-grid search through cross-validation on the training
samples to find their optimal values.

2.2

Semi-supervised Multimodal RVR (SM-RVR)

Fig. 1 shows the flowchart of our proposed semi-supervised multimodal RVR (SMRVR) method for multimodal regression. Here, the main idea is to select the most
informative MCI subjects as unlabeled samples to aid the regression of AD and
healthy controls (which are used as labeled samples). The algorithmic procedure of
SM-RVR is detailed as below:
Step 1: Given a labeled sample set L and an unlabeled sample set U, initialize
various parameters, including the maximum number of iterations T, RVR kernel
function type, the kernel width parameter σ, and the number of the nearest neighbors k
used in KNN algorithm (as detailed below);
Step 2: Randomly select n unlabeled samples from the unlabeled sample set U to
constitute a new unlabeled sample set U′, and then combine U′ with L to constitute a
new sample set [L; U′] and further compute the respective graph Laplacian matrix l,
where according to manifold learning theory [10,11], local smoothness is assumed
between all (labeled and unlabeled) samples. From the graph Laplacian matrix l,
select the top samples (from U′) with the minimum distances to the labeled samples in
L, as the candidate sample set W;
Step 3: For each sample
in W, find its k-nearest neighbors in L, compute the
mean of clinical values of those k neighbors as its estimated clinical score yj, and train
M-RVR on L plus
. Then, we compute the value of square root of mean
,
in W. Finally, a sample with the top
square error (RMSE) for each sample
confidence (i.e., minimum RMSE value) in W is selected and added into L, and
further deleted from U.
Step 4: Go to Step 2 for running the next iteration;
Step 5: After reaching the total number of iterations T, train M-RVR on the latest L
to build a final regression model.
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Fig. 1. The flowchart of the proposed SM-RVR method

3
3.1

Results
Subjects

In this paper, the Alzheimer's disease Neuroimaging Initiative (ADNI) dataset is used
to test our semi-supervised regression method. Only the baseline ADNI subjects with
all corresponding MRI, PET, and CSF data are included, thus leading to a total of 202
subjects (including 51 AD patients, 99 MCI patients, and 52 healthy controls (HC)).
Table 1 lists the demographics of these subjects.
The same image pre-processing as used in [3] is adopted here. First, for all
structural MR images, we correct their intensity inhomogeneity by the N3 algorithm,
do skull-stripping, and remove cerebellum. Then, we use the FSL package to segment
each structural MR image into three different tissues: gray matter (GM), white matter
(WM), and cerebrospinal fluid (CSF). We further use an atlas warping algorithm [16]
to partition each structural MR brain image into 93 ROIs. For each of the 93 ROIs, we
compute GM volume in that ROI as a feature; For PET image, we use a rigid
transformation to align it to its respective structural MR image of the same subject,
and then compute the average PET value of each ROI as a feature. Accordingly, for
each subject, we can acquire 93 features from the structural MR image, another 93
features from the PET image, and 3 features from the CSF biomarkers.
Table 1. Subject information (mean± std)

Age
Education
MMSE
ADAS-Cog

AD
75.2±7.4
14.7±3.6
23.8±1.9
18.3±6.0

MCI
75.3±7.0
15.9±2.9
27.1±1.7
11.4±4.4

HC
75.3±5.2
15.8±3.2
29.0±1.2
7.4±3.2
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Table 2. Comparison of the regression performance of SM-RVR with respect to different
combinations of MRI, PET and CSF modalities

Modality
MRI
PET
CSF
MRI+PET
MRI+CSF
PET+CSF
MRI+PET+CSF

3.2

MMSE
RMSE CORR
2.1711 0.7306
2.4613 0.6178
2.4493 0.6001
2.0948 0.7551
2.0324 0.7709
2.3828 0.6631
1.9187 0.8013

ADAS-Cog
RMSE CORR
5.1565 0.7004
5.0406 0.7055
5.6168 0.6412
4.7315 0.7621
4.9821 0.7376
4.8907 0.7344
4.4482 0.7823

Experimental Setup

To evaluate the performance of regression methods, we use both RMSE and correlation
coefficient (CORR) [4] as performance measures. The number of the nearest neighbor k
in KNN algorithm and the maximum number of iterations T are both learned from the
training samples, through an enumeration search using the range from 1 to 50 and 1 to
99, respectively. For the performance evaluation of regression methods, we use a 10-fold
cross-validation strategy to compute the average RMSE and CORR measures. The RVM
regression learning machine is implemented using Sparse Bayesian toolbox1, with Gauss
kernel and default kernel-width σ. The weights in the M-RVR are learned based on the
training samples, through a grid search using the range from 0 to 1 at a step size of 0.1.
Also, for each modality feature in labeled samples and unlabeled samples, the same
feature normalization scheme as used in [3] is adopted here.
3.3

Experimental Results

Table 2 shows the performance measures (including RMSE and CORR) of our SMRVR method, using different combinations of MRI, PET and CSF modalities. As we
can see from Table 2, the combination of MRI, PET, and CSF can consistently
achieve better results than any other methods. Specifically, SM-RVR using all three
modalities can achieve a RMSE of 1.9187 and a CORR of 0.8013 for MMSE scores,
and a RMSE of 4.4482 and a CORR of 0.7823 for ADAS-Cog scores, as shown in
Fig. 2 which gives the scatter plots of actual clinical scores vs. estimated scores. On
the other hand, Table 2 also indicates that the use of two modalities can improve the
regression performance, although they are inferior to the use of all three modalities
together. These results validate the advantage of multimodal regression over the
conventional single-modal regression in estimation of clinical scores.
Table 3 shows the comparison of SM-RVR with supervised M-RVR. It is worth
noting that, for fair comparison, we implement two versions of M-RVR, i.e., one using
only AD and HC subjects as training sample and another using all (AD, HC and MCI)
subjects as training samples. As can be seen from Table 3, SM-RVR consistently
1

http://www.miketipping.com/index.php?page=rvm
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outperforms M-RVR (including both versions) on each performance measure, which
validates the efficacy of our SM-RVR method that uses MCI subjects only as unlabeled
samples in a semi-supervised regression framework. Also, from Table 3, it is interesting
to note that M-RVR using all subjects achieves slightly better performance in terms of
RMSE, but much worse performance in terms of CORR, compared with M-RVR using
only AD and HC subjects. This implies that the clinical scores of MCI subjects may
contain more noises than those of AD or HC subjects.

Fig. 2. Scatter plots of actual clinical scores vs. estimated scores for MMSE (left) and ADASCog (right)

Table 3. Comparison of regression performance of SM-RVR and M-RVR
Methods
M-RVR (51AD+52HC)
M-RVR (51AD+52HC+99MCI)
SM-RVR(51AD+52HC+99MCI)

MMSE
RMSE CORR
2.2159 0.7285
2.1701 0.5261
1.9187 0.8013

ADAS-Cog
RMSE CORR
4.9174 0.7325
4.6909 0.6404
4.4482 0.7823

Finally, in Fig.3, we plot the curves of regression performance measures (of RMSE
and CORR) with respect to the different number of unlabeled MCI samples when
using different number of nearest neighbors (i.e., k=1, 3, 5) in SM-RVR. As can be
seen from Fig. 3, the regression performance of SM-RVR is first steadily improved as
the number of unlabeled MCI samples increases and is significantly better than that of
M-RVR in most cases, but it declines after reaching a certain value. This implies that
using selected MCI subjects as unlabeled samples is superior to using all MCI
subjects as unlabeled samples in clinical score estimation.
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Fig. 3. Plots of regression performance (RMSE and CORR) vs. different number of unlabeled
samples when using different number of nearest neighbors (i.e., k=1, 3, 5) in SM-RVR. The
number of unlabeled MCI samples is equal to the total number of total iterations T.

4

Conclusion

This paper proposes a novel semi-supervised multimodal regression method, namely
SM-RVR, to predict clinical scores of subjects (including AD, HC or MCI) from both
imaging and biological biomarkers, i.e., MRI, PET and CSF. Our method assumes
that the clinical scores obtained from MCI subjects may contain more noises than AD
and HC subjects, and thus should be used in a semi-supervised regression framework
as unlabeled data, rather than in a conventional supervised regression framework as
labeled data. Furthermore, a scheme for selecting the most informative MCI subjects
for helping training regression model is also derived. The experimental results on the
ADNI dataset show the efficacy of our proposed method.
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