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Abstract: Many methods have been proposed in the literature for diagnosis of Alzheimer's disease (AD) in the early stages, among which the graph-based methods have been more popular, because of their capability to utilize the relational information among different brain regions. Here, we design a novel graph signal processing based integrated AD detection model using multimodal deep learning that simultaneously utilizes both the static and the dynamic brain connectivity based features extracted from resting-state fMRI (rs-fMRI) data to detect AD in the early stages. First, our earlier proposed state-space model (SSM) based graph connectivity dynamics characterization method is used to design a modified dynamic connectivity based AD detection model. After verifying its utility, this dynamic connectivity based model is integrated with our earlier designed static connectivity based AD detection model using the intermediate level integration approach of the multimodal deep learning, to construct our proposed integrated AD detection model. To verify the effectiveness of the designed AD detection models, the models are applied on the rs-fMRI data, extracted from ADNI dataset. Superior performance of our proposed AD diagnosis method corroborates its utility in AD detection application.
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1  Introduction

Alzheimer's disease (AD) is a chronic neurological disease, causing degeneration of brain cells that results in memory loss and cognitive decline, and thereby hindering a person's independent functionality. It affects nearly 44 million people worldwide and is likely to affect 130 million people by the year 2050 [1]. In spite of the earnest efforts made to cure AD, currently available treatments are unable to cure it reliably. However, accurate diagnosis of mild cognitive impairment (MCI), the initial stage of AD, is quite helpful in combating the disease [2]. So, in this paper, we work on the challenge of early diagnosis of AD, which essentially helps in controlling this neurodegenerative disease.

For solving this early detection problem, many approaches have been proposed using different domains, e.g., machine learning [3–5], graph signal processing (GSP) [6–9], network science [10]. With the recent advancement in machine learning, and in particular, in deep learning, variety of solutions have been proposed for early diagnosis of AD using the machine learning methods. In [3], authors proposed a deep learning based multimodal stacked deep polynomial network (MM-SDPN) algorithm for early diagnosis of AD. The algorithm consists of two-stage SDPNs, wherein at the first stage, two separate SDPNs are trained to extract the features from magnetic resonance imaging (MRI) data and positron emission tomography (PET) data respectively, that are then fused and fed as input to another SDPN for the final classification purpose. In [4], authors designed a multimodal deep learning based AD detection model that combines multimodal neuroimaging and neuropsychological data. Two independent convolutional neural networks (CNN) are designed for extracting the features from MRI and PET data respectively, the results of which are then combined with the neuropsychological diagnosis for the final classification. In a similar work [5], Suk et al. proposed a deep Boltzmann machine (DBM) based AD detection model wherein the discriminating features are extracted from the multimodal neuroimaging data using DBM that are then used for training a support vector machine (SVM) classifier that acts as a final classifier. Although these machine learning based approaches provided satisfactory results in AD detection, their performance is fundamentally limited by their inability to extract the additional relational information among distinct brain regions. So, to overcome this limitation, in recent years, graph-based methods for early diagnosis of AD have become more popular, thanks to their capability to utilize the relational information among distinct brain regions [6,11,12]. In [6], Hu et al. developed a matched signal detection theory for signal lying on the graph structure and used the same for AD detection. They assumed the brain graph signal to be smooth on the associated graph and then applied a matched subspace detector for differentiating the MCI subjects from the normal controls (NC). In [7], authors constructed the functional connectivity network from functional MRI (fMRI) data using the correlation coefficients between time series of different brain parts. This correlation coefficient data, along with some other phenotypic data, is then used to train the deep autoencoder network model which classifies the NC and the MCI subjects. In [8], authors first extracted multiscale features from three different functional networks viz. static functional network, dynamic functional network and higher order functional network that are constructed using correlation coefficients and sliding time windows. The multiscale features thus extracted are then combined and reduced using LASSO feature selection method to train an SVM based classifier for early diagnosis of AD. Although the superior classification capabilities of the aforementioned graph based models demonstrated the applicability of the graph based approach in AD detection application, their performance is still limited by the use of conventional classifiers like SVM or standard neural networks that are not optimized for the signals lying on the graph structure. To overcome this limitation, Parisot et al. [9] proposed a semi-supervised AD classification model using a graph convolutional neural network (GCNN) classifier wherein the subject population is represented by a sparse graph constructed using neuroimaging-based feature vectors. However, this model lacks the generalization ability as the model needs to be trained from scratch, whenever it encounters a new subject. So, to circumvent the drawbacks associated with the existing AD detection methods, in this work, we design a novel integrated AD detection model using the concepts of GSP that exploits both the static and the dynamic graph connectivity based features extracted from resting-state fMRI (rs-fMRI) signal for diagnosis of AD at the early stages.

In the present age of data deluge, where the constraint of structural regularity required for the conventional signal processing is often violated, GSP grabbed serious attention, thanks to its capability to analyze and process the signals with the irregularly structured domains, e.g., sensor networks, biological networks. As far as the basics of graph signal processing are concerned, that involves extension of fundamental operations in the regular domain, e.g., shifting, frequency transformations, sampling to the graph domain [11–13]. In addition to these fundamental operations, many complex concepts in conventional signal processing, e.g., time-frequency analysis, convolutional neural networks, wavelet transform, are also being generalized to the graph domain, constituting the advanced GSP [14–17]. In contrast to the conventional signal processing based methods, the GSP based methods possess the unique capability of utilizing the extra relational information among different data points. Consequently, the GSP has been applied in variety of fields ranging from sensor networks [18], biological networks [6,19], machine learning [16,17] and image processing [20]. In our previous works [21,22], we designed an AD detection model using GSP wherein the highly discriminating features were extracted using the novel graph frequency based feature extraction method that were then classified using a properly designed GCNN classifier.

Although the conventional GSP approach has yielded excellent performance in various applications including the AD detection, it assumes the graph adjacency or the connectivity matrix to be static, i.e., time invariant. However, unlike the theoretical assumption of the static graph connectivity, in many practical applications, including brain imaging, the graph adjacency matrix often varies significantly over time [23,24]. Recently, the researchers working in the paradigm of time varying graph connectivity have discovered the alterations in the dynamics of brain graph connectivity [25–27] in case of AD, which makes it a plausible biomarker for early diagnosis of AD. So, to make use of the information present in the graph connectivity variation of a time varying graph for AD detection, in our previous work [28], we designed a dynamic connectivity based AD detection model wherein a novel state-space modelling (SSM) based method was proposed to characterize the time varying nature of the graph. In the present work, we first modify this basic dynamic connectivity based AD detection model wherein we design a more sophisticated deep neural network based classifier for classifying the SSM based features. Efficacy of the modified dynamic connectivity based AD detection model is then validated by applying it on the rs-fMRI data from the ADNI dataset [29]. Having verified the efficacy of both the static and the dynamic connectivity based AD detection models independently, we then integrate both of these models using multimodal deep learning [30,31], to exploit both the static and the dynamic connectivity features simultaneously to improve the AD detection performance further. We use the intermediate level integration approach [30] to combine the features and then train this integrated neural network using the rs-fMRI data used in the previous analysis. The integrated AD detection model outperforms the existing methods for early diagnosis of AD [4,7,8,32], in different classification performance measures, and thus corroborates its utility in AD detection.

The remaining of the paper is organized as follows. Section 2 consists of the brief description of Alzheimer's disease, followed by an overview of graph signal processing that would be helpful in appreciating our proposed work. Section 3 is devoted to our proposed GSP based integrated AD detection model wherein we integrate our previously proposed static connectivity based AD detection model with our modified dynamic connectivity based AD detection model using multimodal deep learning. Section 4 analyzes the performance of the proposed AD diagnosis models using rs-fMRI data from ADNI dataset and also compares it with that of the existing models for AD diagnosis. Section 5 presents the conclusions of the paper along with the directions for some interesting future work.

2  Basic Preliminaries and Related Work

This section briefly reviews the literature about Alzheimer's disease (AD) and the graph signal processing (GSP) that is required to appreciate the work presented in the subsequent sections.

2.1 Alzheimer's Disease Overview

Alzheimer's disease (AD) is a chronic, progressive neurological disease causing brain cells to waste away, leading to gradual loss of thinking capability, social and behavioral aptitude of the affected patient. With around 44 million affected people worldwide, AD causes fourth largest number of deaths just below the deaths caused by the heart-disease, cancer and the stroke [4]. Also, AD is one of the financially costliest diseases, thus increasing its severity further. As discussed earlier, in spite of serious efforts, currently existing medication cannot cure AD or reverse its progression. However, accurate diagnosis of mild cognitive impairment (MCI), the initial stage of AD, is found to be quite helpful in combating the disease or at least slowing the progression of the disease, making the early diagnosis of AD, far more important [2]. But diagnosis of AD in the early stages is quite challenging, as the pathological manifestation of AD initiates several years prior to any observable clinical symptom, and when the symptoms can be observed, considerable neurodegeneration has already happened [33]. So, various diagnosis methods have been proposed for early detection of AD, ranging from cerebrospinal fluid (CSF) examination, neuropsychological tests, genetic detection, to the analysis of neuroimaging data [4,34].

Although the pathogenesis of AD is not completely understood, it is commonly believed to be caused by: i) the extracellular Amyloid-β deposits called Amyloid plaque (known as Amyloid-β hypothesis), and ii) formation of neurofibrillary tangles caused by the abnormalities of tau protein (known as tau hypothesis), that cause damage and loss of neurons and synapses [4]. So, attempts have been made to exploit the abnormalities in the concentrations of Amyloid-β and tau proteins in CSF and use them as the biomarkers for early detection of AD [4,34]. As far as the use of Amyloid-β concentration as a disease biomarker is concerned, although it is one of the earliest disease indicators, it is not very reliable in disease prognosis as the concentration of Amyloid-β nearly saturates in the preclinical phase [34]. Although tau pathology is better in this aspect, measurement of both the Amyloid-β and the tau concentration in CSF, require the invasive examination methods like lumbar puncture and PET, thus limiting their applicability [34]. Apart from these CSF based methods, various clinical neuropsychological methods, e.g., mini-mental state examinations (MMSE), activity of daily living (ADL), clinical dementia rating (CDR), Weissler intelligence scale (WAS-RC), are also used by the clinicians for the auxiliary diagnosis of AD and determine its severity [4].

With the recent advancements in neuroimaging techniques, the neuroimaging based AD detection methods using different modalities like MRI, fMRI, PET, have gained significant attention [3–9]. As far as AD is concerned, synaptic dysfunction, is also believed to be one of the earliest disease indicators, and can be observed even before the abnormalities in Amyloid-β concentration occurs [34]. This synaptic dysfunction can be indirectly measured using two methods viz. FDG-PET (invasive method), and fMRI (non-invasive method). Along with the advantage of non-invasive measurement, fMRI is also readily available, thus making it a better choice for early detection of AD. So, owing to these advantages of fMRI, in recent years, different approaches and biomarkers for AD detection have been proposed in the literature using the analysis of fMRI data wherein the graph based analysis has been more popular, due to its advantages discussed earlier [6–9]. Hence, in this work, we design a graph signal processing based AD detection model using rs-fMRI data, more about which is explained in the following sections.

2.2 Graph Signal Processing

Graph signal processing (GSP) is an emerging field of signal processing that focusses on analysis and processing of datasets that have some relational information between its data samples, usually encoded using some connectivity metric. So, for an N point dataset 
V≡{v1…vN}
equipped with necessary relational information, the notion of graph is defined as 
G≡(V,A)
, where 
V
indicates the set of graph vertices while A represents the graph adjacency or graph connectivity matrix wherein each matrix entry Am,n quantifies the degree of association between vertices m and n. So, having defined the graph 
G
, the corresponding graph signal is defined as a map from 
V
to the set of complex numbers 
 |C
:

S :V→ |C

vn→ sn
(1)

Exploiting the isomorphism in the above definition, a graph signal s is equivalently expressed using an N-dimensional vector (s1,s2,…,sN)T [11]. Graph Laplacian, an important attribute of graph G
, is defined as a matrix L = D − A, where D is an N×N diagonal matrix associated with 
G
, known as degree matrix, with each diagonal entry being the sum of associated row of 
A
[12].

This notion of graph and the signal defined over it, lead to the development of two major approaches of graph signal processing that generalized the fundamental operations in regular domain like shifting, frequency transformation, sampling, to the graph domain [13]. In the first GSP approach [12], the graph Laplacian matrix L is used to define various operations in graph domain whereas the second GSP approach [11] employs the graph adjacency matrix A as its basic building block. Satisfactory performance of these conventional GSP approaches in various applications [13] though validated their utility, the performance of these conventional approaches is fundamentally limited by their underlined stationarity assumption which constrains the graph adjacency matrix to remain time invariant, with only graph signal values being allowed to vary. However, in contrast to this stationarity assumption, in many practical graph applications, adjacency matrix of a graph varies significantly over time [23]. But the stationarity constraint of the conventional GSP approaches restricts them from utilizing the information in the graph connectivity variation which indeed is quite beneficial in certain applications, e.g., brain disease detection [25,35,36].

To circumvent this issue, in recent years, various signal processing techniques have been applied to analyze the time varying graph [23,24]. As far as applications are concerned, many attempts have been made to capture and summarize the information in the graph connectivity variation of a time varying graph which is then employed in different practical applications, e.g., gamma ray radiation detection [24], AD detection [27], Schizophrenia detection [35]. In this work, we use the SSM based characterization of graph connectivity dynamics to construct our dynamic connectivity based AD detection model.

3  Proposed AD Detection Model

This section describes in detail the proposed GSP based integrated AD detection model that integrates both the static and the dynamic brain graph connectivity based AD detection models using multimodal deep learning technique. First, we describe in brief our previously proposed static connectivity based AD detection model [21,22]. Then we describe our novel dynamic connectivity based AD detection model, the preliminary version of which is presented in [28]. Finally, we explain our proposed integrated AD detection model wherein we combine the static and the dynamic graph connectivity based features extracted from the above models using the intermediate level integration approach.

3.1 Static Connectivity Based AD Detection Model

Here, we briefly discuss our previously proposed static graph connectivity based AD detection model [21,22] as the same would be used in the design of the proposed integrated model for early diagnosis of AD. The static connectivity based AD detection model includes:


1)   Feature extraction using graph frequency analysis.

2)   Classifier design using GCNN.

In this GSP based AD detection model, first, a novel graph frequency based hypothesis is proposed to extract the discriminating features from input fMRI signal. The extracted features are then used for training a GCNN classifier that labels the subjects as: normal control (NC) or MCI patient. The hypothesis of detecting AD using the graph frequency characteristics of brain signal is motivated by the results of two independently conducted neurological experiments. The first experiment [37] investigated the relation between task switching capabilities of the subjects and the corresponding graph frequency content. The study observed an almost linear relationship between the switch cost of subjects and their graph high frequency content. In the second experiment [38], the authors examined the task switching capabilities of the normal subjects, the subjects with MCI and the subjects with AD, by measuring their switch cost during some specified tasks and observed a higher switch cost in subjects with MCI or AD. So, by jointly analysing the conclusions of the above switching experiments, it can be inferred that the subjects with MCI or AD should possess larger graph high frequency content and thus leading to our hypothesis of employing the high graph frequency content of brain signal as a distinguishing feature for early diagnosis of AD. Having discussed the feature extraction part, we next explain the classifier design using GCNN.

The first step in the design of GCNN classifier is to represent the input rs-fMRI data in the form of a graph signal which in turn is represented by a matrix X ∈ RN×T, with N being the number of brain parcels and T denoting the time points in the input fMRI signal. In this analysis, MIST brain parcellation technique [39] was used to construct a graph of size N = 325 and T = 130. By construction, each column in the matrix X can be treated as a graph signal obtained at one of the T time points, which then can be labelled using the class label of X, i.e., NC or MCI. Having obtained the labelled graph signal, the next step in classifier design is the feature extraction for which the graph signal is passed through a graph-HPF as discussed in our feature extraction hypothesis. These filtered graph signals with their class labels are then used for training a GCNN. With this trained GCNN classifier at our disposal, to classify an unknown subject with a data matrix Y ∈ RN×T, the given matrix is first decomposed into T distinct graph signals, each of which is then labelled using the trained GCNN classifier (with network structure as shown in Fig. 1). Finally, the subject is labelled with a class having majority of graph signals belonging to it. Fig. 2 shows the block diagram of the proposed model for AD diagnosis.

[image: images]

Figure 1: Network structure of the GCNN classifier extracting the static connectivity based features
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Figure 2: Block diagram of the static connectivity based AD detection model

3.2 Dynamic Connectivity Based AD Detection Model

Although the static connectivity based AD detection model discussed above performed well and provided superior classification performance, it assumed the graph adjacency matrix to be static, i.e., time-invariant. However, in many practical applications, including brain imaging, the underlying graph adjacency matrix undergoes a significant variation, as opposed to the graph stationarity assumption [23]. Also, contemporary research in the field of time evolving GSP has discovered the correlation between the alterations in graph connectivity variation and the AD, thus giving rise to a new disease indicator [25–27]. To utilize the information in the brain connectivity variation for AD detection, in our previous work [28], we proposed a novel SSM based method to characterize the alterations in the graph connectivity matrices and used it to design a dynamic connectivity model for early diagnosis of AD. In this work, we design a modified dynamic connectivity based AD diagnosis model wherein the discriminating features extracted using the SSM based method are classified using a properly designed convolutional neural network classifier to improve the model performance. Next, we explain our SSM based method for characterizing the dynamics of the graph connectivity matrices followed by our modified dynamic connectivity based AD diagnosis model that employs the SSM based graph variation characterization for the feature extraction purpose.


1)   Characterization of Graph Connectivity Dynamics Using SSM:

The classical discrete time linear state-space model [40] is defined using the equations:


xj=Fxj−1+uj−1
(2a)


yj=Hxj+vj
(2b)

where xj∈ Rn and yj∈ Rmindicate the state vector and the observation, at time j, respectively, F ∈ Rn×n and H ∈ Rm×n indicate the state transition matrix and observation matrix repectively, while ujdenotes the process noise vector and vj denotes the measurement noise vector, at time j.

Now, in most of the practical GSP applications, the graph connectivity matrix often varies gradually, and can be modeled as a time evolving state vector. As far as the instantaneous connectivity matrix of a graph is concerned, the matrix depends on the graph signal value at that instant and hence can be transformed appropriately to predict the graph signal. So, a time evolving graph can be analysed using a state-space model which is formulated as below.

Consider a time varying N-vertex graph 
G
, with Aj∈ RN×N denoting the graph adjacency matrix at time j, ajdenoting the corresponding column vector obtained from its upper triangular part and sj∈ RNindicating the graph signal at time j. The corresponding state-space model can then be constructed as:


aj=Faj−1+Uj−1
(3)


sj=Haj+vj
(4)

with F representing the evolution of graph adjacency matrices and H modelling the relationship between graph adjacency matrix and the graph signal.

With instantaneous graph connectivities being represented as the states of the system, the state transition matrix F here, intrinsically encodes the variation in graph adjacency matrices. This matrix F, characterizing the graph connectivity variation, is employed in our proposed model for AD detection.

2) AD Diagnosis Using Graph Connectivity Dynamics:

As stated previously, AD or MCI can be identified using alterations in brain graph connectivity variation and the graph connectivity variation, in turn, is encoded by state transition matrix F of the SSM discussed above. Hence, in our proposed dynamic connectivity based AD detection model, the state transition matrix F is used as a discriminating feature for distinguishing between NC and the MCI patient. The construction of the proposed AD classifier is as follows.

For extracting the required discriminating feature, i.e., state transition matrix from the input rs-fMRI data, first, a graph having N vertices is constructed for every individual subject by applying the MIST brain parcellation method [39] on the corresponding data. The resulting time varying graph is then modelled using the SSM discussed above, to obtain a state transition matrix Fj corresponding to the subject j. These state transition matrices are then used as input to train a CNN classifier (with network structure as shown in Fig. 3) which distinguishes between NC and MCI patients using the associated state transition matrix. Fig. 4 depicts the block diagram of the dynamic connectivity based AD diagnosis model.
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Figure 3: Network structure of the CNN classifier extracting the dynamic connectivity based features
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Figure 4: Block diagram of the dynamic connectivity based AD diagnosis model

While the overall construction of the dynamic connectivity based AD diagnosis model is described in Fig. 4, the details of the model implementation are deferred until Section 4 wherein we also apply the proposed model on the rs-fMRI data to experimentally validate its applicability.

3.3 Integrated AD Detection Model

In the aforementioned analysis, first a static connectivity based AD detection model is presented, followed by the modified dynamic connectivity based AD detection model. Although both of these models classified the normal subjects and the subjects with MCI successfully, each one of them uses either the static or the dynamic connectivity based features for the classification purpose. So, in order to improve the classification performance further, we now integrate both of these approaches to exploit both the static as well as the dynamic connectivity based features simultaneously.

Many approaches have been proposed in the machine learning literature to perform the classification task using multimodal information [41–45]. However, as far as deep neural networks are concerned, the most common approaches include early integration, late integration, and intermediate integration [30]. In the early integration approach, data from different modalities is combined at input level itself and then provided to a neural network for further processing. As the data from different modalities is fused directly, without extracting any modality specific features, this approach fails to extract the useful intra-modality information. As opposed to this, in the late integration approach, different networks classify the data from different modalities independently and the final decision is obtained by fusing their individual estimates. As this approach does not share any representation between different modalities, it loses a potentially useful cross-modality relational information. So, to overcome the limitations of the above approaches, a new approach called intermediate level integration has been proposed wherein the fusion takes place at the intermediate level, i.e., after extracting the modality specific features but before making an individual modality based decision [30]. As the intermediate level approach has the advantage of sharing the representations between different modalities and still extracting the modality specific information, we used the same to integrate our static and the dynamic connectivity based AD detection models.

In our present AD detection application, the two modality specific classifiers are designed: (i) GCNN classifier extracting the static connectivity based features, described in Section 3.1 and (ii) CNN classifier extracting the dynamic connectivity based features, described in Section 3.2. Figs. 1 and 3 show the structures of the respective classifier networks.

As discussed above, the intermediate level integration approach fuses the information from different modalities at the intermediate level, i.e., after extracting the modality specific features using the corresponding neural network classifiers. Now, since the convolution layers in the neural networks perform the feature extraction part, we employ the feature fusion step after the final convolution layers of both the classifiers by concatenating the layers FCstatic and FCdynamic (shown in Figs. 1 and 3 respectively). Overall structure of the proposed integrated AD detection model is depicted using a block diagram shown Fig. 5.
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Figure 5: Block diagram of the proposed GSP based integrated AD detection model

To validate the effectiveness of the designed AD detection model, we perform the experiments on the dataset employed in our earlier investigation. Its classification score and its comparison with the existing methods for AD diagnosis is presented in the following section.

4  Experiments and Results

In this section, we first apply the modified dynamic connectivity based AD detection model on the rs-fMRI data obtained from the ADNI dataset and compare its classification score with that of the existing AD detection methods. After verifying its efficacy in AD detection, we quantify the performance of our proposed integrated AD diagnosis model employing the same rs-fMRI data and validate its utility through a comparative performance analysis.

To analyse the performance of our proposed AD detection models, we use here the rs-fMRI data of 180 subjects from ADNI dataset, of which 90 are normal subjects and 90 subjects have the MCI. Now, in order to apply the proposed dynamic connectivity based AD diagnosis approach on this data, first a graph corresponding to this data needs to be constructed, the variations in which is then characterized using the SSM. So, for a given rs-fMRI data, we first parcellate it into N regions to construct a corresponding graph with N vertices. Now, the dimension of the state transition matrix which acts as an input to CNN, depends on the size of the connectivity matrix which in turn depends on the graph size N. So, for the optimum classification performance, we first determine the appropriate graph resolution as the lower N may not be adequate for bringing out the necessary discriminative information while the higher value of N can blow up the feature dimensions.

For selection of suitable graph resolution N, we employed a multiresolution brain parcellation method stated in [39] and constructed the graphs of different resolutions from the rs-fMRI data that are then analysed to obtain the corresponding state transition matrices. These state transition matrices are then provided as the input to a convolutional neural network shown in Fig. 3 for the classification purpose. The first convolutional layer therein produces 64 feature maps while the second produces 128 feature maps. Both of these layers are followed by the max pooling layers with size 2 × 2. The fully connected layer outputs a 256 length vector which is connected to a softmax decision layer. Adam optimizer is used to train the above network with a learning rate of 0.001. Tab. 1 shows the classification accuracy values obtained using 5-fold cross validation, for different graph resolutions N, predefined in [39].
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With the appropriate graph resolution as obtained above, the classification performance of our modified dynamic connectivity based AD detection method is evaluated using the same dataset employed in our earlier analysis. The obtained classification performance is then compared with the performance of the existing graph connectivity variation based AD diagnosis methods using three classification measures described below.


Accuracy (%)=TP+TNTP+TN+FP+FN×100  
(5)


Sensitivity (%)=TPTP+FN×100
(6)


Specificity (%)=TNTN+FP×100
(7)

where TP indicates true positive, TN indicates true negative, FP indicates false positive and FN indicates the false negative. Fig. 6 compares classification scores of different dynamic connectivity based AD diagnosis methods.
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Figure 6: Classification performance of various dynamic connectivity based AD diagnosis methods

Classification scores of all the three metrics in Fig. 6 indicate the superior performance of our proposed dynamic connectivity based AD diagnosis model over most of the prevalent AD diagnosis models, thereby corroborating its superiority.

So, having validated the effectiveness of the modified dynamic connectivity based AD diagnosis method, we next evaluate the performance of the integrated AD detection model. Maintaining the consistency with our previously proposed model, we again perform the experiments on the same rs-fMRI data of 180 subjects from ADNI dataset. This data is then parcellated into appropriate resolutions to construct the corresponding graph signals. As far as static connectivity based classifier is concerned, the graph signal is first passed through a graph-HPF and this filtered graph signal is then provided at the input of a graph convolutional neural network. The GCNN architecture contains two graph convolution layers with the first layer having 32 feature maps while the second having 64 feature maps. Output of both convolution layers are pooled by our proposed graph coarsening algorithm [22]. These layers are followed by a fully connected layer containing 256 neurons, denoted by FCstatic in Fig. 1.

Considering the dynamic connectivity based classifier, the connectivity dynamics of the graph corresponding to each subject is first encoded by state transition matrix of the associated SSM, described in Section 3.2. This state transition matrix is then provided as an input to a CNN consisting of two convolution layers having 64 and 128 convolutional units, respectively. Each of this convolutional layer is followed by a max pooling layer of size 2 × 2. These layers are followed by a fully connected layer of output size 256 which is denoted by FCdynamic in Fig. 3.

Now, in order to integrate the above modality specific classifiers, the fully connected layers FCstatic and FCdynamic, representing the static and the dynamic connectivity based features respectively, are concatenated to form a shared representation vector of length 512, as shown in Fig. 5. The output of this vector is provided to a softmax layer for the final decision making. The above network is trained using Adam optimizer for 30 epochs with a learning rate of 0.001. Similar to our earlier AD detection model, we evaluated the classification score of the above model using 5-fold cross validation and measured it using the same three metrics as used in the earlier analysis. To corroborate the efficacy of the proposed AD diagnosis model, the obtained classification score is compared with the classification scores of the existing AD diagnosis methods, and the comparison results are plotted in Fig. 7.
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Figure 7: Classification performance of various AD diagnosis methods

The results in Fig. 7 show that the proposed integrated AD diagnosis model performs better than the prevailing AD diagnosis methods as well as our previously proposed models, in all the three classification measures, thus corroborating its utility in AD diagnosis application. This refinement in the classification performance can be ascribed to the design of a novel integrated AD classifier wherein our static connectivity based AD classifier is integrated with the dynamic connectivity based classifier to exploit both the static and the dynamic connectivity based features simultaneously.

5  Conclusions

In this paper, a novel GSP based integrated AD detection model is designed wherein both the static and the dynamic brain connectivity based features extracted from rs-fMRI data are simultaneously utilized for early detection of AD. To construct the proposed integrated AD detection model, first, a modified dynamic connectivity based AD detection model was designed using our earlier proposed SSM based method to encode the connectivity variation of a time evolving graph. The features extracted using this model were then fused with the static connectivity based features using the multimodal deep learning method to construct the integrated AD detection model. Performance of the proposed models was evaluated using the rs-fMRI data from ADNI dataset and the resulting classification score was compared with different AD diagnosis techniques. Improvement in all the classification metrics attested the superiority of our designed AD detection models.

Although our designed AD diagnosis model achieved state-of-the-art classification performance, its performance is still constrained by restricting itself to the fMRI data only, and can be improved further by using the multimodal information. Also, since diseases like schizophrenia, autism spectrum disorder, are also known to be associated with the altered brain connectivity dynamics, use of our modified dynamic connectivity based AD detection model can be extended for detection of these diseases as well.
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Table 1: AD classification accuracies for different values of N

Number of regions N Classification accuracy (%)
7 84.05
12 85.90
20 83.62
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