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Abstract. Dynamic functional connectivity (dFC) networks based on
resting-state functional magnetic resonance imaging (rs-fMRI) can help
us understand the function of brain better, and have been applied to
brain disease identification, such as Alzheimer’s disease (AD) and its
early stages (i.e., mild cognitive impairment, MCI). Deep learning (e.g.,
convolutional neural network, CNN) methods have been recently applied
to dynamic FC network analysis, and achieve good performance com-
pared to traditional machine learning methods. Existing studies usually
ignore sequence information of temporal features from dynamic FC net-
works. To this end, in this paper, we propose a recurrent neural network-
based learning framework to extract sequential features from dynamic
FC networks with rs-fMRI data for brain disease classification. Experi-
mental results on 174 subjects with baseline resting-state functional MRI
(rs-fMRI) data from ADNI demonstrate the effectiveness of our proposed
method in binary and multi-category classification tasks.

1 Introduction

Alzheimer’s disease (AD) is a common neurodegenerative disease in the elderly
and the most common cause of dementia, characterized by progressive cognitive
impairment [1]. Its prodromal stage, called mild cognitive impairment (MCI), has
received widespread attention because of its high possibility of developing into
AD [2–4]. The accurate progression prediction of AD-related disorders is of great
significance for early treatment and delaying the deterioration of the disease.
Resting-state functional magnetic resonance imaging (rs-fMRI) provides a non-
invasive solution to objectively measure the activity of human brain neurons [5].
Functional connectivity (FC) networks based on rs-fMRI can characterize neural
interactions between brain regions and have been applied to various AD-related
brain disease diagnosis [6–10].

Existing research on FC networks is generally based on temporal correlation
between distributed brain regions, implicitly assuming that functional connec-
tivity of the human brain is static during the entire fMRI recording period [11].
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Fig. 1. Illustration of the proposed RNN-based learning framework for sequential fea-
ture extraction and classification with rs-fMRI data, including three parts: (a) dynamic
functional connection network construction, (b) temporal features and sequential fea-
tures extraction, and (c) classification.

Thus, these studies ignore the dynamic characteristics of brain networks. Recent
studies have shown that functional connectivity exhibits significant dynamic
changes [12,13]. Therefore, many studies focus on analyzing dynamic FC net-
works, and have a deeper understanding of the basic characteristics of the brain
network [14] and dysfunction [15]. Recently, deep learning methods have been
applied to the analysis and classification of dynamic FC networks. For exam-
ple, constitutional neural network-based methods [16,17] have been applied to
brain disease diagnosis, and achieve good performance compared to traditional
machine learning methods. However, sequence information of temporal features
from dynamic FC networks is usually ignored in these studies.

To this end, in this paper, we propose a recurrent neural network (RNN)
based learning framework to extract sequential features from dynamic FC net-
works with rs-fMRI data for AD-related brain disease classification. Figure 1
illustrates the proposed RNN framework for sequential feature extraction and
classification with rs-fMRI data, including three parts: (a) dynamic functional
connection network construction, (b) temporal features and sequential features
extraction, and (c) classification. Specifically, we first divide rs-fMRI time series
into multiple overlapping segments using a fixed-size sliding window. For each
time series segment, an FC network was constructed by calculating the Pear-
son’s correlation coefficient of blood oxygen level dependent (BOLD) signals
from paired brain regions. Then, each FC network is expanded into a row vector
and then spliced into a matrix. Then, we construct three convolutional layers to
extract high-level features from low-level functional connectivity, and we use the
long short-term memory (LSTM) layer to capture long-term temporal dynamics.
Finally, two fully connected layers and a softmax layer are used to classify brain
diseases. We evaluate the proposed method on 174 subjects with 563 rs-fMRI
scans from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database.1

1 http://adni.loni.usc.edu.

http://adni.loni.usc.edu
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Table 1. Characteristics of the studied subjects (Mean ± Standard Deviation). MMSE:
Mini-Mental State Examination.

Group AD lMCI eMCI NC

Male/Female 16/15 27/18 20/30 20/28

Age 74.7 ± 7.4 72.3 ± 8.1 72.4 ± 7.1 76.0 ± 6.8

MMSE 21.8 ± 3.3 27.1 ± 2.1 28.1 ± 1.6 28.8 ± 1.4

The experimental results demonstrate that our proposed method helps improve
diagnostic performance.

2 Method

2.1 Subjects and Data Preprocessing

The rs-fMRI data obtained from the ADNI database were studied. We use rs-
fMRI data from 174 subjects, including 31 AD, 45 late MCI (lMCI), 50 early MCI
(eMCI), and 48 normal controls (NCs). It is worth noting that one subject may
have one or more scans at intervals of 6 months to 1 year. There include 99, 145,
165, 154 scans for AD, lMCI, eMCI and NC subject groups, respectively. The spec-
ifications of the data acquired for each scan are as follows: the in-plane image res-
olution is 2.29–3.31 mm, the slice thickness is 3.31 mm, TE (echo time) = 30 ms,
TR (repetition time) = 2.2–3.1 s, and there are 140 volumes (time points) for each
subject. The demographic and clinical information of these subjects is summarized
in Table 1.

The rs-fMRI data are preprocessed using a standard pipeline in the FSL
FEAT software package: (1) removal of the first 3 rs-fMRI volumes, (2) slice
timing correction, (3) head motion correction, (4) bandpass filtering and (5)
regression of white matter, cerebrospinal fluid, and motion parameters. Using
the AAL atlas [18] and a deformable registration method [19], the brain space
of fMRI scans for each subject is partitioned into 116 regions-of-interest (ROIs).
For each ROI, the average rs-fMRI time series is calculated from BOLD signals
in all voxels within specific ROIs, which is used as the input for our method.

2.2 Proposed RNN-Based Learning Framework

As shown in Fig. 1, our framework consists of three parts: (a) dynamic functional
connection network construction, (b) temporal features and sequential features
extraction, and (c) classification. More details can be found below.

Dynamic FC Network Construction. As shown in Fig. 1 (a), with the mean
time series of ROIs, we constructed a dynamic FC network based on continu-
ous and overlapping time windows. For each subject, we first segment all rs-
fMRI time series into T continuous and overlapping time windows with the con-
stant length L. Then, an FC network (corresponding to an adjacency matrix)
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Mt ∈ R
N×N (t = 1, · · · , T ) is constructed by calculating Pearson’s correlation

coefficient between BOLD signals of paired ROIs at the t-th time window as:
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(1)

where covar represents the covariance between two vectors, and σxt
i

represents
the standard deviation of the vector xt

i. Here, xt
i and xt

j represent the BOLD
signal segments of the i-th and j-th ROI in the t-th time window, respectively.

According to the definition in Eq. (1), Mt(i, j) is used to measure the FC
between a pair of brain regions. Therefore, given T time windows/segments, we
can generate a set of FC networks M = {M1,M2, · · · ,MT } ∈ R

T×N×N to
deliver rich dynamic characteristics of brain FC networks.

Temporal Features and Sequential Features Extraction. Based on the
dynamic FC network, we employ three convolutional layers to further extract
higher-level brain network features, as shown in Fig. 1 (b). Specifically, we first
expand the FC network of each time window into a vector of 1 × N2, so the
dynamic FC network is transformed into a matrix G ∈ R

T×N2
. For each subject,

the matrix G of T time windows is used as the input of the proposed network.
Then, we set up three convolutional layers, and set the size of the three-layer
convolution kernel to S1 × N , S2 × N and S3 × 1, and set the stride of each
layer along the time dimension and the space dimension to (1, N), (1, 1) and
(2, 1), respectively. Each convolutional layer is followed by batch normalization,
rectified linear unit (ReLU) activation, and 0.25 dropout.

For temporal and sequential feature extraction, the convolution along the
spatial dimension is the feature mapping for each ROI, which can be understood
as calculating a single output value for each ROI by calculating the weighted
combination of the functional connectivity between each ROI and all ROIs. This
is expected to reflect spatial changes centered at each specific ROI. The con-
volution along the time dimension corresponds to different feature mappings of
the same ROI, which can be understood as calculating a single output value
for each specific ROI by calculating the weighted combination of the functional
connectivity between the same ROI and all ROIs in adjacent time windows.
This is expected to reflect temporal changes of each specific ROI. It should be
emphasized that after each layer of convolution operation, higher-level network
dynamic characteristics will be obtained. Therefore, given K1, K2 and K3 chan-
nels for these three convolutions, we will get a T1 ×N ×K1 tensor, a T2 ×1×K2

tensor and a T3 × 1 × K3 tensor in turn.
To capture the interaction between consecutive adjacent time segments, we

use recurrent networks to simulate the temporal dynamic pattern of brain activ-
ity. Specifically, we first convert the high-level brain network features learned
in the previous layer into an ordered sequence, which will then be handed over
to the recurrent network for processing. We use the long short-term memory
(LSTM) network to capture the time series patterns and dig deeper into the
different contributions between the time series. The LSTM architecture used in
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this study is shown in Fig. 1 (b), including an LSTM layer. In this way, the error
signal can easily propagate to the bottom layer of the LSTM, thereby reducing
the disappearance of the gradient. The LSTM layer (containing 64 neurons) is a
representation of the overall functional characteristics and is used to learn time
dynamics along the time step.

Classification. As shown in Fig. 1 (c), with the output of LSTM as input,
we employ two fully connected layers and a softmax layer for prediction. The
first fully connected layer contains 32 neurons. The second fully connected layer
contains 16 neurons. There are 2 and 4 neurons in the last fully connected layer
for binary and four-category classification, respectively.

Implementation. For the proposed network shown in Fig. 1, we empirically set
the parameters as follows: N = 116, L = 70, T = 34, T1 = 33, T2 = 32, T3 = 13,
S1 = 2, S2 = 2, S3 = 8,K1 = 8,K2 = 16 and K3 = 32. The Adam optimizer
with recommended parameters is used for training, and the number of epochs
and batch size are empirically set as 200 and 16, respectively.

3 Experiment

3.1 Experimental Setting

In this study, we employed a 5-fold subject-level cross-validation (CV) strategy
to ensure that there is no overlap between training and test data. Both binary
and multi-class classification experiments are performed, including 1) eMCI vs.
NC classification, 2) AD vs. NC classification, and 3) AD vs. lMCI vs. eMCI
vs. NC classification. Specifically, for each classification task, all subjects are
partitioned into 5 subsets (the size of each subset is roughly the same). Each
subset is sequentially selected as the test set, while the remaining four subsets
are combined to construct the training set. We further select 20% of the training
subjects as validation data to determine the optimal parameters of the model.
It is worth noting that, to enhance the model’s generalization ability, each scan
of each subject is treated as an independent sample, but all scans of the same
subject have the same class label. We evaluate the performance by calculating
the overall accuracy of all categories and the accuracy of each category.

We compare our method with the following four methods. 1) Baseline: In
this method, a stationary FC network is first constructed for each subject by
computing the Pearson correlation coefficient between the time series of any pair
of ROIs. Then, the connectivity strengths of stationary FC networks are used as
features. A t-test method with a threshold (i.e., p-value < 0.05) is used for feature
selection, followed by a linear SVM with default parameters for classification. 2)
SVM: In this method, a stationary FC network is first constructed for each sub-
ject. Then, local clustering coefficients of the stationary FC network are extracted
as features, where t-test and a linear SVM with default parameters are also used
for feature selection and classification, respectively. 3) DFCN-mean [20]: In this
method, a dynamic FC network is first constructed for each subject. Then, the
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Table 2. Performance of five methods in two binary classification tasks, i.e., eMCI vs.
NC and AD vs. NC classifications. ACC = Accuracy.

Method eMCI vs. NC (%) AD vs. NC (%)

ACC ACCNC ACCeMCI ACC ACCNC ACCAD

Baseline 57.1 48.1 65.6 73.3 77.8 66.7

SVM 63.6 50.0 75.0 75.0 80.0 66.7

DFCN-mean 67.7 47.3 84.7 76.4 100.0 33.3

CNN 76.2 77.3 75.2 87.8 92.0 80.0

Proposed 84.5 84.0 84.8 92.8 96.7 86.7

Table 3. Performance of five methods in the multi-class classification task, i.e., AD
vs. lMCI vs. eMCI vs. NC classification. ACC = Accuracy.

Method AD vs. lMCI vs. eMCI vs. NC (%)

ACC ACCNC ACCeMCI ACClMCI ACCAD

Baseline 30.6 20.0 38.9 30.0 33.3

SVM 35.0 22.0 69.5 21.0 6.7

DFCN-mean 44.0 36.0 87.6 22.0 0.0

CNN 52.8 44.7 47.6 65.0 40.0

Proposed 61.7 57.3 57.1 56.0 46.7

temporal and spatial mean features of dFC network are extracted. The manifold
regularized multi-task feature learning (M2TFL) and multi-kernel SVM are used
for feature selection and classification [21], respectively. 4) CNN: As a variant of
our method, this method has a similar network architecture, but is implemented
without considering the temporal dynamics along with time steps. That is, we
replace the LSTM layer in our method with an average pooling layer.

3.2 Classification Performance

The quantitative results achieved by different methods in two binary and one
multi-class classification tasks are reported in Table 2 and Table 3, respectively.
As can be seen from Table 2 and Table 3, our proposed method outperforms the
competing methods most cases. For instance, our proposed method yields the
accuracy of 84.5% and 92.8% for eMCI vs. NC classification and AD vs. NC
classification, respectively, while the best accuracies obtained by the competing
methods are 76.2% and 87.8%, respectively. For the challenging AD vs. lMCI
vs. eMCI vs. NC classification task, our proposed method achieves the overall
best accuracy of 61.7%, while the second-best overall accuracy of four competing
methods is 52.8%. These results suggest the effectiveness of our proposed method
in rs-fMRI based brain disease classification.
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Fig. 2. Total loss of the proposed method with 200 epochs in each fold cross-validation
(from left to right) for AD vs. lMCI vs. eMCI vs. NC classification task. Here, (a) total
loss on training data, and (b) total loss on validation data.

From Table 2 and Table 3, one can also have more interesting observations.
First, CNN-based methods (i.e., CNN and our proposed method) generally out-
perform traditional learning methods (i.e., Baseline, SVM and DFCN-mean).
This suggests that CNN can capture the underlying properties of brain net-
works, and thus can be applied to various tasks of brain network analysis. Sec-
ond, compared with the CNN method, the proposed method can achieve higher
performance, which proves the advantage of exploring the temporal information
from functional connectivity networks. Finally, compared with stationary FC
network-based methods (i.e., Baseline and SVM), dynamic FC network-based
methods (i.e., DFCN-mean, CNN and our method) can achieve better accura-
cies, indicating that the dynamics of FC networks can provide useful information
for better understanding the pathology of brain diseases.

On the other hand, Fig. 2 presents the total loss on the training subjects and
validation subjects in each fold of cross-validation for AD vs. lMCI vs. eMCI vs.
NC classification. From Fig. 2, our method can converge fast within 80 epochs.

3.3 Visual Illustration of Discriminative Functional Connectivity

We further conduct an experiment to identify the discriminative brain regions
that contribute the most to the specific classification task, and identify the
important connectivity between discriminative brain regions.

Specifically, in the brain network high-level feature extraction layer, the out-
put of the first convolutional layer denotes the feature vector of each subject in
the T1 time segments. Since there are K1 = 8 channels in the first convolutional
layer, we can construct K1 = 8 feature vectors for each subject, with each feature
vector corresponding to a specific channel. For simplicity, we average the feature
vectors of all time periods for each channel. Then, using the standard t-test, we
measure the group difference of eMCI vs. NC and AD vs. NC, respectively. It is
worth noting that, since the obtained feature vectors are different in each fold
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(a) eMCI vs. NC group (b) AD vs. NC group

Fig. 3. Discriminative features for (a) eMCI vs. NC and (b) AD vs. NC classification.
Each arc shows the selected feature between two ROIs, where colors are randomly allo-
cated for a better visualization, and the thickness of each arc indicates its discriminative
power that is inversely proportional to the corresponding p-value in t-test.

of cross-validation, for each channel, we use the standard t-test for each fold
cross-validation, integrating all brain regions with p-values less than 0.05 in the
5-fold cross-validation, and selecting brain regions with 3 or more occurrences
as the discriminative brain regions. We further perform the standard t-test on
functional connectivity of discriminative brain regions to obtain discriminative
features. Figure 3 reports the most discriminative features on the 5th and 7th
channels for (a) eMCI vs. NC group and (b) AD vs. NC group, respectively.

As shown in Fig. 3, for eMCI vs. NC classification, the discriminative brain
regions we selected include the left fusiform gyrus, the left lobule VI of cere-
bellar hemisphere, and lobule VII vermis, which are consistent with previous
studies [22,23]. For AD vs. NC classification, there are two discriminative brain
regions selected by our method, including the left crus I of cerebellar hemisphere
and the right lobule IV, V of cerebellar hemisphere. According to previous stud-
ies [24], these two brain regions may be biologically associated with AD. These
results further validate that our method is potentially helpful in discovering
fMRI biomarkers for MCI and AD identification.

4 Conclusion

In this paper, we propose an RNN-based learning framework for AD-related
brain disease classification using rs-fMRI time series data. Specifically, a dynamic
functional connectivity network is constructed by calculating the correlation
between paired brain regions. Then we use three convolutional layers to extract
temporal features from dynamic FC networks. After that, we further employ
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the LSTM to capture the sequential information of temporal features along with
multiple time segments, and employ two fully connected layers for classification.
Experimental results on 174 subjects with rs-fMRI data from the ADNI dataset
demonstrate the effectiveness of our proposed method.
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