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Abstract. Machine learning techniques have been widely used to
support the diagnosis of neurological diseases such as dementia. Recent
approaches utilize local intensity patterns within patches to derive vox-
elwise grading measures of disease. However, the relationships among
these patches are usually ignored. In addition, there is some ambiguity
in assigning disease labels to the extracted patches. Not all of the patches
extracted from patients with dementia are characteristic of morphology
associated with disease. In this paper, we propose to use a multiple in-
stance learning method to address the problem of assigning training la-
bels to the patches. In addition, a graph is built for each image to exploit
the relationships among these patches, which aids the classification work.
We illustrate the proposed approach in an application for the detection of
Alzheimer’s disease (AD): Using the baseline MR images of 834 subjects
from the ADNI study, the proposed method can achieve a classifica-
tion accuracy of 88.8% between AD patients and healthy controls, and
69.6% between patients with stable Mild Cognitive Impairment (MCI)
and progressive MCI. These results compare favourably with state-of-
the-art classification methods.

1 Introduction

Alzheimer’s disease (AD) is the most common type of dementia worldwide and
the prevalence of AD is predicted to quadruple in the next four decades. Early
diagnosis of AD is not only crucial for future treatments currently under develop-
ment but can also reduce the associated socioeconomic burden. Different imaging
modalities, such as magnetic resonance imaging (MRI) and fluorodeoxyglucose
positron emission tomography (FDG-PET), have been widely used to derive
image-based biomarkers for AD and various classification strategies have been
proposed in the context of AD [1].

The vast majority of approaches for the classification of AD are based on
supervised learning. In these approaches, discriminative features are extracted
from the image data and supervised classifiers are then trained to perform clas-
sification. As the dimensionality of the image data is extremely high, a feature
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(a) patient with AD (b) control subject

Fig. 1. Example of different bags and the region of interest used for patch extraction.
(a) positive bag (patient with AD); (b) negative bag (control subject); The red boxes
and green boxes represent positive patches and negative patches respectively.

selection step is necessary to avoid overtraining. To reduce the feature space and
select the discriminative features, statistical approaches (e.g. t-tests) [2] or sparse
regression methods (e.g. L1-regularized Lasso) [3] are often used. However, these
approaches select voxel-wise features throughout the whole brain without con-
sidering the relationships among these features. To overcome this limitation, a
tree-guided sparse coding method [3] and a resampling scheme [4] have been
recently proposed. These approaches can select voxelwise features in meaningful
brain regions, which may be related to pathology.

Although these approaches achieve promising classification accuracy, they rep-
resent the whole image as a simple feature vector, and do not consider local
structural information in the image. Two recent approaches [5,6] utilize local
intensity patterns within patches to capture the local structural information for
AD classification. In these approaches, patches from patients with AD are used
as positive samples and patches from healthy subjects are regarded as nega-
tive samples for training. However, patches are small regions in images and It
is likely that some patches extracted from patients may not be characteristic
of changes associated with pathology as shown in Fig. 1. Therefore, not all of
patches from patients can be regarded as positive training samples. This means
that there is some ambiguity in assigning training labels to patches extracted
from patients. One solution to this problem is to use a weakly supervised method
such as multiple instance learning (MIL) [7]. In addition, the patches from the
same subject are rarely independent and often have shared information. This
information across patches can convey information about the inherent structure
of the images, which may be helpful for disease classification.

MIL techniques can learn classifiers from ambiguously labeled training data.
They have been successfully applied to different applications in computer vision
[7] and recently in medical imaging [8,9]. However, to the best of our knowledge,
MIL has not been used in the context of classification of neurological diseases.
In this paper, we propose to use MIL techniques to address the problem of
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ambiguous patch labels. Specifically, each image is regarded as a bag; the patches
extracted from the images are thus treated as inter-correlated instances in the
bags. Patients and healthy subjects are treated as positive and negative bags
respectively. The MIL method is then used to learn a bag-level classifier to
predict the bag labels of the unseen images. In addition, a graph is constructed
from each bag in order to investigate the relationships among patches and to
exploit the inherent structural information of each image. The proposed method
has been evaluated using 834 subjects from the ADNI study. Our experiments
show that the proposed method referred to as miGraph compares favourably
with state-of-the-art methods.

2 Methods

Let N indicate the number of training images. Each image is regarded as a bag
and K patches are exacted from each image to form the bag. Given a training
data set { (P1, y1) , · · · , (Pi, yi) , · · · , (PN , yN) }, where Pi = {pi1, · · · pij , · · · piK}
represents K patches extracted from the image i to form the bag and yi ∈
Y = {1, 0} is the corresponding label of the bag Pi, the goal is to learn a bag-
level classifier to label unseen bags (i.e. images). Here images from patients and
controls are regarded as positive and negative bags respectively. As shown in
Fig. 1, if the bag contains at least one positive patch related to disease changes,
the bag is labeled as positive; otherwise, the bag is labeled as negative (in this
case all the patches in the bag are negative). In the following, we will show how
patches are exacted from the training images to form corresponding bags. We
will then introduce a graph kernel for solving the MIL problem, where a bag-level
classifier is learned to predict the label of unseen bags.

2.1 Extraction of Patches

For each image, the total number of patches M is extremely high and only K �
M patches are extracted to form the corresponding bag. Ideally, the extracted K
patches should be discriminative for classification. At the same time, the patches
need to be representative and should reflect information about the inherent
structure of the images. In order to extract discriminative patches, we assign
probabilities to different patches. The assigned probabilities should represent
the discriminative ability of the corresponding patches. If patches at a specific
location are highly discriminative between different groups, high probabilities
will be assigned to these patches. The patches with high probabilities are then
extracted for classification. Various methods such as t-tests [2] or sparse coding
[4] can be used to calculate the probabilities for different patches.

However, this does not mean that the more discriminative patches in the bags,
the better performance the classifier achieves. The classification accuracy is also
affected by the relationships among the selected patches [5,10] since these patches
are used as features. If the center voxels of the extracted patches lie in a contigu-
ous area, the patches are more likely to share common information. In this case,
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these discriminative patches contain a large amount of redundant information
and cannot capture information about the inherent structure of the images. To
avoid large overlaps among the selected patches and reduce redundant feature
information, we defined a distance threshold to select the K patches. Finally, K
patches are extracted from each image according to the patch probabilities and
the defined distance threshold.

2.2 Graph-Based Multiple Instance Learning

After the patch extraction step, we have N training bags with K patches. The
label of the bags are known while the labels of patches in the positive bags
are unknown. This multiple instance learning problem can be solved using a
number of different approaches [7]. Most of these approaches typically treat
patches in the bags as independent instances and neglects their relationships.
The relationships among patches, however, may be beneficial for learning strong
classifiers. Considering our classification problem, it is more meaningful to treat
the patches extracted from the same image as inter-correlated samples. In this
paper, we proposed to use a graph-based multiple instance learning method [10]
for learning the bag-level classifier. In this method, a graph is constructed for
each bag and the patches in each bag are treated as nodes in the corresponding
graph. This requires (a) the construction of a graph for every bag and (b) a
graph kernel designed to capture the similarity among graphs and (c) a bag-
level classifier trained by kernel machines. In the following, we will describe
these steps in details.

The construction of the graph for each bag is quite straightforward: Similar to
approaches in manifold learning [11], affinity matrices are derived to construct
graphs, which can capture the underlying manifold structure of the data. Let us
denote a bag Pi with K patches, each patch in the bag Pi can be viewed as a
node in the graph Gi. The distances between every pair of nodes are calculated
using Euclidean distances and used to define the affinity matrix W i. The affinity
matrix W i represents a graph that models the relationships among the patches
in bag Pi. In the resulting graph, the weight of each edge corresponds to the
dissimilarity between the corresponding pair of patches.

After mapping the bags to graphs, a graph kernel is defined to capture the
similarity among graphs. Given two bags Pi and Pj which are represented as
graphs with matrices W i and W j respectively, the graph kernel is then defined
as:

KG (Pi, Pj) =

K∑

a=1

K∑

b=1

diadjbk(pia, pjb)

K∑

a=1
dia

K∑

b=1

dib

(1)

where dia = 1/
∑

K
u=1w

i
au , djb = 1/

∑
K
v=1w

j
bv. KG is a positive semidefinite

kernel and in our case a Gaussian kernel function is used:
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k (pia, pjb) = exp (−γ ‖pia − pjb‖) (2)

where pia and pjb are patches in bags Pi and Pj respectively. As shown in the
Equations 1 and 2, both the nodes p which represent the intensities of patches
and the edges w which reflect the relationships among patches are important for
calculating the graph kernels KG. Finally, the kernel KG is normalized:

KG (Pi, Pj) =
KG (Pi, Pj)

√
KG (Pi, Pi)

√
KG (Pj , Pj)

(3)

Once the graph kernel is obtained, a classifier can be trained using various
kernel machines such as kernel Fisher linear discriminant analysis (LDA), ker-
nel principal components analysis (PCA), and support vector machine (SVM).
Among them, SVM is one of the most widely used kernel machines because of
its accurate classification performance [12]. In this paper, we chose SVM for our
classification experiments.

3 Experiments and Results

In this paper we used data from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) study (www.loni.ucla.edu/ADNI). All the 834 baseline images at 1.5T
were included for evaluation as in [13,6]. The dataset consists of 231 Cognitively
Normal (CN) subjects, 238 subjects with Stable Mild Cognitive Impairment
(SMCI), 167 subjects with Progressive Mild Cognitive Impairment (PMCI) and
198 patients with AD. All images were preprocessed by the standard ADNI pi-
pline described in [14]. After that, a non-rigid registration based on B-spline free-
form deformation [15] with a final control point spacing of 2.5mm was performed
to align all images to the MNI152 template space. The approach proposed in
[16] was used to normalize the intensity between the subjects and the template.
After preprocessing, all the images are spatial normalized and the intensities are
homogeneous across the images.

To extract K patches from each image, t-tests are performed on the normal-
ized images and p-values are calculated for each voxel. The mean p-value at each
voxel is then calculated within its patch area. The probability of each patch is
defined as the reciprocal of its mean p-value. The first patch is extracted when
the probability of the patch is the highest. If the distances between the selected
patch and its neighboring patches are smaller than the defined threshold, the
probabilities of these neighboring patches are set to zeros. As a result, these
neighboring patches of the previous selected patch will not be extracted. The
next patch is extracted when the probability of the patch is the second highest.
This selection step repeats until K patches are extracted. Patches are extracted
in a region of interest (ROI) defined around the hippocampus as show in Figure
1. Experiments were performed using leave-one-out cross validation. We have
compared the classification performance in different scenarios, including CN vs
AD and SMCI vs PMCI. In all cases a patch size of 7× 7× 7 is used to capture
local structural information [6,17].
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Fig. 2. Effect of the patch distance threshold and the number of the selected patches
on the classification accuracy

3.1 Effect of Patch Extraction

Two key parameters in the proposed approach are the number of selected patches
K and the patch distance threshold. Fig. 2 shows the classification accuracies
for CN vs AD and SMCI vs PMCI when using different number of patches and
various patch distance thresholds. For CN vs AD, the number of patches has less
impact on the classification accuracy than the distance threshold. When a patch
distance threshold of 1 is used, the extracted patches are the K patches with the
smallest mean p-values of all M patches. This means that these patches are more
discriminative than K patches extracted using other patch distance thresholds.
However, the classification accuracy is low as shown in Fig. 2 although these
patches are discriminative. The reason for this may be that the extracted patches
have significant overlap with each other and contain a large amount of redundant
information. As a result, they may not be able to convey information about the
inherent structure of the images. Using a larger patch distance threshold (e.g. 5
or 7), the proposed method achieves a classification accuracy of 0.88 for CN vs
AD.

The classification between SMCI and PMCI is far more challenging because
the anatomical changes at the prodromal stage of AD disease are subtle [6]. As
shown in Fig. 2, the classification of SMCI vs PMCI requires more patches (more
than 100) than the classification of CN vs AD in order to achieve the best perfor-
mance. When the patch distance threshold is 5, the proposed method achieves
more accurate performance than those using other patch distance thresholds,
which also indicates that the relationships among patches are very important
for disease classification.
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3.2 Comparison

The performance of the proposed method miGraph was compared with the per-
formance of widely used linear SVM. To use the linear SVM, the same patches
used in miGraph were arranged to form feature vectors and treated as input for
the linear SVM. The LIBSVM toolbox [18] was used to train the classifiers. The
cost parameter C was set to 1 for both methods. Table 1 shows a comparison of
the classification performances using the proposed miGraph and the standard
linear SVM. The results show that the proposed method achieves a significantly
more accurate performance than the standard linear SVM. The improvement is
gained by just replacing linear kernels with graph kernels in SVM. Although the
SVM classification uses the same K patches as features, it neglects the relation-
ships among these patches, resulting in a lower classification accuracy than the
proposed method.

Table 1. Methods comparison. The classification accuracy (ACC), sensitivity (SEN),
specificity (SPE), positive predictive value (PPV) and negative predictive value (NPV)
are presented in the table. In the classification of CN vs AD, the number of patches is
30 and the patch distance threshold is 7. In the classification of SMCI vs PMCI, the
number of patches is 110 and the patch distance threshold is 5.

Comparison Method ACC SEN SPE PPV NPV

CN vs AD
Linear SVM 83.2% 73.7% 91.3% 87.9% 80.2%
mi-Graph 88.8% 85.9% 91.3% 89.5% 88.3%

PMCI vs SMCI
Linear SVM 63.0% 56.9% 67.2% 54.9% 69.0%
mi-Graph 69.6% 67.1% 71.4% 62.2% 75.6%

When using the baseline ADNI MR images from 834 subjects, our proposed
method can achieve similar or improved results compared to approaches recently
proposed in [13,6]. However, it should be noted that additional features such
as age, cortical thickness or hippocampus volume were used in [13,6] to aid
the classification. In the proposed method, only the MR intensities were used
for classification and no segmentation was needed, which also demonstrates the
effectiveness of our proposed method.

4 Conclusion and Future Work

In this work, we have proposed a novel framework for the diagnosis of subjects
with AD by using multiple instance learning. The experimental results indicate
that it is possible to improve the performance of a classifier by exploiting the
relationships among instances. Not only the intensities of patches but also the
relationships among patches affects the performance of the proposed approach.
Therefore, selecting more discriminative and meaningful patches will be a focus
of future work. In addition, It should be noted that the graph kernel used in
the paper may not be the best choice for our classification work. A better graph
kernel may be able to capture more useful structural information of the images.
We will investigate the effect of using other graph kernels in future work.
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