


Fig. 1. Classi�cation Pipeline. 1. Pre-processing the rsfMRI scan. 2. Extracting the time-series data using pre-de�ned anatomical or functional brain
parcellations. 3. Extracting the static functional connectivity matrix. 4. Flattening the Upper triangular part of functional connectivity matrix and passing
as input to the auto-encoder. 5. Training the auto-encoder. 6. Fine-tuning the classi�er with pre-trained auto encoder weights.

layer perceptron for the ASD classi�cation task, called ASD-
Diagnet. Their model achieved 70:3% classi�cation accuracy
on the ABIDE-1 dataset. Sherkatghanad et al. [11] used a
Convolutional Neural Network (CNN) based classi�cation
model and reported an accuracy of 70:22% on the ABIDE-
1 dataset. Wang et al. [12] proposed a multi-atlas deep feature
representation and ensemble learning method based on SDA
and MLP for the ASD identi�cation task. They reported an
accuracy of 74:52% on the ABIDE-1 dataset.

The above mentioned approaches lack model interpretability
i.e. identifying the brain regions that contribute most to the
ASD classi�cation task. This study proposes a two hidden
layer neural network with autoencoder pre-trained weights
and model interpretation using Integrated Gradients (IG) [13]
and DeepLIFT [14]. Our model achieves new state-of-the-
art performance with a 10-fold cross-validation accuracy of
74:82% on the ABIDE-1 dataset in 10x less training time
as compared to the previous best method [12]. The main
contributions of this paper are:

1) Proposed a two hidden layer feed-forward neural net-
work with autoencoder pretraining.

2) Applied IG and DeepLIFT, prominent feature attribution
methods, to interpret brain biomarkers in ASD subjects.

3) Revealed the impact of heterogeneity in the dataset and
compared the effect of different preprocessing pipelines,
brain parcellation schemes on the classi�cation perfor-
mance.

II. METHODS

A. Feature Extraction
Static Functional Connectivity (sFC) is measured by cal-

culating the pair-wise correlations between every pair of
brain regions. Mostly these correlations are linear, which are
captured using the Pearson Correlation Coef�cient (PCC). The
PCC, �xy for two signals, x and y each of length T and mean
x̂ and ŷ respectively, can be computed using the following
equation.

�xy =
PT
t=1(xt � x̂)(yt � ŷ)

qPT
t=1(xt � x̂)2

qPT
t=1(yt � ŷ)2

(1)

Given n brain regions, we obtain an n� n, sFC symmetric
matrix where each (i; j)th entry represents the PCC between
ith and jth regions. We extract the upper triangular values of
the sFC matrix and use them as an input to our model.

B. Autoencoder and Classi�cation Method
An Autoencoder [15] is a type of neural network trained

in an unsupervised way to estimate the latent representation
of the original input. It consists of two parts � an encoder,
which encodes the input vector x into a latent vector z, and
a decoder which then reconstructs the original input vector x̂
from the latent vector z. Both the encoder and decoder are
neural networks that are trained end-to-end by minimizing the
reconstruction loss between the original input vector x, and the

Authorized licensed use limited to: INTERNATIONAL INSTITUTE OF INFORMATION TECHNOLOGY. Downloaded on October 26,2023 at 10:15:22 UTC from IEEE Xplore.  Restrictions apply. 












