
0018-9294 (c) 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TBME.2015.2496233, IEEE
Transactions on Biomedical Engineering

IEEE Transactions on Biomedical Engineering 7 

sMCI classification, our method is superior to the compared 
methods in six out of seven evaluation metrics. This indicates 
that, compared with methods performing direct feature 
selection according to the original labels, our sub-class 
clustering based feature selection method helps promote the 
performance of AD classification. The advantage of our 
method could be due to the fact that our method utilizes the 
structure information of data. 

 

 
Fig. 4. Averaged classification results achieved by different methods using 
different single-view features in (a) AD vs. NC, (b) pMCI vs. NC, and (c) 
pMCI vs. sMCI classification tasks. 
 
4) Results using Multi-view Features via Feature 
Concatenation 

In the second group of experiments, we employ multi-view 
features and feature concatenation strategy to preform 
classification. That is, we first concatenate multi-view features 
generated from different templates as a long feature vector for 
each subject, and then perform feature selection using 
different algorithms, followed by a SVM classifier. Figure 5 
shows the classification results of different methods using 
multi-view features and the feature concatenation strategy.  

As could be seen in Fig. 5, the proposed ISML method 
outperforms all competing methods, in most cases. For 
instance, in terms of the classification accuracy, ISML 
achieves an improvement of 1.44% compared with the second 
best method (LASSO) in AD vs. NC classification, an 
improvement of 2.03% compared with the second best method 
(LASSO) in pMCI vs. NC classification, and an improvement 
of 2.78% compared with the second best method (COMPARE) 
in pMCI vs. sMCI classification. On the other hand, from Fig. 
4 and Fig. 5, one can see that methods using multi-view 
features usually outperform their counterparts using 
single-view features. This implies that, compared with 
single-view features, multi-view feature representation can 

facilitate subsequent classification tasks by comprehensively 
representing each subject. 

 

 
Fig. 5. Classification results achieved by different methods using multi-view 
features and feature concatenation strategy in (a) AD vs. NC, (b) pMCI vs. 
NC, and (c) pMCI vs. sMCI classification tasks. 
 
5) Results using Multi-view Features via Ensemble 
Classification 

In the third group of experiments, we make use of 
multi-view features via our proposed SVM-based ensemble 
classification strategy. Briefly, we first perform feature 
selection using a specific feature selection algorithm in each of 
multi-view (i.e., multi-template) spaces, and then construct 
multiple view-specific SVMs (with each one corresponding to 
a specific view), followed by a majority voting strategy to 
combine the outputs of those SVMs for making a final 
decision. We report the experimental results achieved by 
different methods in three classification tasks in Fig. 6, and 
further plot the corresponding ROC curves in Fig. 7. 

As shown in both Fig. 6 and Fig. 7, our ISML method 
achieves significantly better performance than other methods 
in three classification tasks, especially in terms of ACC, SEN, 
SPE, BAC, PPV and AUC. In particular, ISML obtains the 
best sensitivity in AD vs. NC classification (7.34% higher than 
the second best sensitivity achieved by LASSO), indicating 
that our method can effectively identifies AD (or pMCI) 
patients. Higher sensitivity values indicate high confidence in 
disease diagnosis, which is potentially very useful in 
real-world applications. Thus, from a clinical point of view, 
ISML is less likely to misdiagnose subjects with diseases, in 
comparison to those compared methods. In terms of AUC (as 
shown in Fig. 6 and Fig. 7), ISML is apparently superior to all 
other methods in three classification tasks. In addition, it can 
be seen from Fig. 5 and Fig. 6 that methods using our 
ensemble classification method generally achieve more 
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promising results, compared with their counterparts using 
feature concatenation strategy. It implies that the 
ensemble-based method provides a better way to make use of 
multi-view feature representation, compared with the feature 
concatenation strategy. Better performance of our 
ensemble-based method is mainly due to the fact that the rich 
anatomical structures of multi-templates that are treated as 
specific views individually, while such structure information 
could be lost in the feature concatenation method. 

 

 
Fig. 6. Classification results achieved by different methods using multi-view 
features and ensemble classification strategy in (a) AD vs. NC, (b) pMCI vs. 
NC, and (c) pMCI vs. sMCI classification tasks. 
 

 
Fig. 7. ROC curves achieved by different methods using the proposed 
ensemble classification strategy in (a) AD vs. NC, (b) pMCI vs. NC, and (c) 
pMCI vs. sMCI classification tasks. 
 
6) Comparison with State-of-the-art Methods 

Furthermore, we compare the results achieved by our ISML 
method (using multi-view features and ensemble classification 
strategy) with those of the state-of-the-art methods that use 
MRI data of ADNI subjects. Since very limited studies report 
the pMCI vs. NC classification results, we only report the 
results of AD vs. NC classification and pMCI vs. sMCI 
classification in Table II, respectively. Also, we further list the 
details of each method in Table II, including the type of 
features and classifiers. It is worth noting that 30 templates are 
randomly selected from all studied subjects in [8, 19], while 
10 templates are determined by the AP clustering algorithm 
from AD and NC subjects in  [31, 32, 34] and our method. 

It can be seen from Table II that our ISML method 
generally outperforms the compared methods in AD vs. NC 
classification. More specifically, ISML achieves much higher 
accuracy (i.e., 93.83%) and much better specificity (i.e., 
95.69%) compared with the other methods, and obtains a 
comparable sensitivity (i.e., 92.78%) compared with the 
second best method proposed by Liu et al. in [32]. From Table 
II, one can also observe that, in pMCI vs. sMCI classification, 
ISML achieves an accuracy of 80.90%, a sensitivity of 
85.95%, and a specificity of 78.41%, while the best accuracy, 
the best sensitivity, and the best specificity obtained by the 
compared methods are only 78.88%, 85.45%, and 76.06%, 
respectively. Note that our method is the first one to mine and 
utilize the underlying complex data distribution structure for 
feature selection in multi-template based methods, while the 
conventional methods simply assume that data is represented 
by a specific type of distribution (e.g., Gaussian distribution) 
[8, 19, 31, 32, 34]. 

IV. DISCUSSION 
Since there are two key stages (i.e., sub-class clustering 

based feature selection and SVM-based ensemble 
classification) in our ISML method, we further investigate the 
influence of sub-class number on the learning performance, 
and analyze the diversity of classifiers in the classifier 
ensemble. 
1) Influence of Sub-class Number 

First, we evaluate the influence of different sub-class 
numbers on the learning performance of our ISML method in 
three classification tasks using multi-view feature 
representation. Following [56], the sub-class number for a 
specific original class (e.g., AD, NC, pMCI, or sMCI) varies 
from 1 to 5 in our experiments, and the corresponding AP 
clustering algorithm is performed to partition the subjects 
within each class into a specific number of clusters. In Fig. 8 
and Fig. 9, we plot the classification accuracies achieved by 
ISML with different sub-class numbers, using the feature 
concatenation and the ensemble classification strategies, 
respectively. 

From Fig. 8 (a) and Fig. 9 (a), we can draw the conclusion 
that ISML achieves the best performance when the sub-class 
number is 2 or 3 for AD, and 3 or 4 for NC. When the 
sub-class number is smaller than 2 or larger than 4, the 
performance of ISML is not so satisfying. Similar trend can be 
found in pMCI vs. NC classification as shown in Fig. 8 (b) 
and Fig. 9 (b), and also in pMCI vs. sMCI classification as 
shown in Fig. 8 (c) and Fig. 9 (c). The underlying reason for 
those results could be that the inherent structure of an original 
class (e.g., AD, pMCI, sMCI, and NC) is not very complex; 
also, our experimental results are consistent with the results 
reported in [56] for AD/MCI classification. On the other hand, 
we can clearly see from Fig. 8 and Fig. 9 that the underlying 
data distribution may be not simple Gaussian distribution, as 
assumed by the conventional multi-template based methods, 
which justifies the proposed method.  
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TABLE II 
COMPARISON WITH STATE-OF-THE-ART METHODS USING MULTIPLE TEMPLATES IN AD VS. NC AND PMCI VS. SMCI CLASSIFICATION  

Method Feature Type Classifier 
AD vs. NC  pMCI vs. sMCI 

ACC 
(%) 

SEN 
(%) 

SPE 
(%)  ACC 

(%) 
SEN 
(%) 

SPE 
(%) 

Koikkalainen et al. [19] TBM Linear regression 86.00 81.00 91.00  72.10 77.00 71.00 
Wolz et al. [8] TBM Linear discriminant analysis 87.00 84.00 90.00  64.00 65.00 62.00 
Min et al. [31] Data-Driven ROI GM SVM 91.64 88.56 93.85  72.41 72.12 72.58 
Min et al. [34] Data-Driven ROI GM SVM 90.69 87.56 93.01  73.69 76.44 70.76 
Liu et al. [32] Data-Driven ROI GM SVM ensemble  92.51 92.89 88.33  78.88 85.45 76.06 
ISML (ours)  Data-Driven ROI GM SVM ensemble  93.83 92.78 95.69  80.90 85.95 78.41 

 
 

 
Fig. 8. Classification accuracy vs. sub-class number, achieved by our ISML 
method using feature concatenation strategy in (a) AD vs. NC, (b) pMCI vs. 
NC, and (c) pMCI vs. sMCI classification tasks. 
 

 
Fig. 9. Classification accuracy vs. sub-class number, achieved by our ISML 
method using ensemble classification strategy in (a) AD vs. NC, (b) pMCI vs. 
NC, and (c) pMCI vs. sMCI classification tasks. 
 

2) Analysis of Classifier Diversity 
In this study, we propose an SVM-based ensemble 

classification method to better use multi-view feature 
representation generated from multiple templates. To 
understand how the ensemble classification approach works, 
we now quantitatively measure the diversity and the mean 
classification error between any two different SVM classifiers, 
where each SVM is learned in a specific view space. Here, we 
use Kappa index to measure the diversity [59] of two 
classifiers, where a small Kappa value indicates a better 
diversity of two classifiers. Also, small mean classification 
errors imply better accuracies achieved by a pair of classifiers. 
In Fig. 10, we plot the Kappa-error diagrams and the 
corresponding centroids of point clouds achieved by seven 
ensemble-based methods in three classification tasks, where 
the most desired points lie on the bottom left of the 
Kappa-error diagram [59].  

It can be seen from Fig. 10 that our ISML method 
consistently outperforms the compared methods in terms of 
the mean classification error in AD vs. NC, pMCI vs. NC, and 
pMCI vs. sMCI classification tasks. Although LS, PC and 
COMPARE usually achieve smaller Kappa values compared 
with ISML, their classification errors are much higher than 
those of ISML. These results indicate that the proposed ISML 
method makes a better trade-off between the diversity and the 

classification error for achieving a better classification 
performance, compared with the other methods.    
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Fig. 10. Diversities and mean classification errors achieved by seven 
ensemble-based methods in (a) AD vs. NC, (b) pMCI vs. NC, and (c) pMCI 
vs. sMCI classification tasks. 
 

3) Limitations 
In this study, we validate the efficacy of the proposed 

method via three groups of experiments and three binary 
classification tasks (i.e., the classifications of AD vs. NC, 
pMCI vs. NC, and pMCI vs. sMCI). However, there are 
several limitations in our method.  

First, using the proposed sub-class clustering based 
encoding method, we transform the original binary learning 
problem into a multi-task learning problem. Here, we employ 
the one-versus-all (OVA) encoding strategy to re-label 
subjects, while there are still many other types of efficient 
encoding strategies for dealing with multi-class learning 
problems in machine learning domain (e.g., ternary encoding 
method and data-driven encoding strategy [60]). It is 
interesting to investigate whether other complex sub-class 
encoding strategies can further boost the performance of 
AD/MCI classification. 

Second, in the feature selection stage, we only use the naïve 
multi-task sparse feature selection method with a 𝑙!,! norm 
based regularizer, where relationships among subjects are not 
considered at all. As one type of prior information, the 
relationship information among subjects in each of multiple 
tasks can also be used to guide the feature selection procedure. 
For instance, it is possible to adopt the manifold regularized 
multi-task feature selection model [47] to identify informative 
features, which is expected to further promote the performance 
of AD/MCI classification.  

Third, we currently extract regional features in multiple 
template spaces, where the partitions of ROIs in different 
templates may be different from each other. The advantage of 
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such feature extraction method is that the unique 
characteristics of different templates can be preserved 
naturally. However, at the same time, it is also difficult to 
directly compare subjects in two template spaces because of 
anatomical structure differences among templates. To 
facilitate direct comparison between subjects in two different 
template spaces, it could be interesting to further register those 
selected templates into a common space, and then perform 
ROI partition jointly. 

 

V. CONCLUSION 
In this paper, we propose an inherent structure based 

multi-view leaning (ISML) method with feature representation 
generated from multiple templates for AD/MCI classification. 
Specifically, we first select multiple templates from data, and 
then extract multi-view feature representation for subjects 
using those templates, where each template is treated as a 
specific view. Afterwards, we cluster subjects within each 
class into several sub-classes in each view space, and encode 
those sub-classes with unique codes by considering both their 
original class information and their own distribution 
information, followed by a multi-task feature selection 
procedure. Finally, we learn a view-specific SVM classifier 
using selected features in each view space, and fuse results of 
multiple SVMs together by a majority voting strategy. We 
evaluate the efficacy of the proposed method on 459 subjects 
with MRI baseline data from the ADNI database, and obtain 
the accuracies of 93.83%, 89.09%, and 80.90% for AD vs. NC, 
pMCI vs. NC, and pMCI vs. sMCI classification tasks, 
respectively.  
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