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Preliminaries



> functional Magnetic Resonance Imaging (fMRI) machine



> Task-based fMRI dataset
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> Representational Space
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> Representational Space

In real world application: 
● We define T as number of time points
● V is the number of voxel
● We consider fMRI data in the form of a matrix with size T by V
● Although read fMRI datasets are 4D
● V for a whole-brain data is +17000, and T is +5000.
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> Multi-subject fMRI dataset
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> Multi-subject fMRI dataset
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> Classification Analysis for fMRI data
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> Classification Analysis for fMRI data
Prediction

● Prediction can be categories of stimuli
○ E.g., six, nine, or bottle

● It also can be the actual stimuli
○ E.g., 

● Alternatively, it can be something related to the cognitive task:
○ E.g., Anxiety versus Control, defined in the term of subject



Functional Neuroimaging
Task-based fMRI analysis



> Pattern vector trajectories for 2 subjects in a 2-voxel representation space

Subject 1 Subject 2
This slide is part of [Haxby, 2011] talk in Dartmouth College
Link https://youtu.be/jaR9PmlaIPs

https://youtu.be/jaR9PmlaIPs
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> Functional Alignment for Multi-subject fMRI Analysis

                         Yousefnezhad, AAAI, 2017 & NIPS 2017
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> Functional Alignment for Multi-subject fMRI Analysis

Classification 
Analysis                         Yousefnezhad, AAAI, 2017 & NIPS 2017



● We let                   be the neural responses of i-th subject
● V is the number of voxels (after vectorization)
● T is the number of time points
●  Inter-Subject Correlation (ISC)

> Classic Functional Alignment: Main Idea

Yousefnezhad, AAAI, 2017; Xu, IEEE SSP, 2012; Lorbert, NIPS 2012
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● We let                   be the neural responses of i-th subject
● V is the number of voxels (after vectorization)
● T is the number of time points
●  Inter-Subject Correlation (ISC)

● Multi-subject Hyperalignment

● Covariance Matrix:

                                                    Multi-set orthogonal Procrustes problem
                       
                                           Multi-set Canonical Correlation Analysis (CCA) 
                                           Generalized Canonical Correlation Analysis (CCA) 

> Classic Functional Alignment: Main Idea

Yousefnezhad, AAAI, 2017; Xu, IEEE SSP, 2012; Lorbert, NIPS 2012
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● The classic functional alignment:

> Classic Functional Alignment: Objective Function

Yousefnezhad, AAAI, 2017; Xu, IEEE SSP, 2012; Lorbert, NIPS 2012



● The classic functional alignment:

● Also, can be written as follows, which is computationally efficient for the testing stage:

> Classic Functional Alignment: Objective Function

Yousefnezhad, AAAI, 2017; Xu, IEEE SSP, 2012; Lorbert, NIPS 2012

Shared Space:



> Deep Hyperalignment (DHA)

Yousefnezhad, NIPS, 2017



● The deep functional alignment:

where the deep network is defined as follows:

> DHA: Objective Function

Yousefnezhad, NIPS, 2017



● Rank-m SVD:

● Projection Matrix:

where

● Sum of Projection Matrices

> DHA: Definitions for Optimization

Yousefnezhad, NIPS, 2017

Cholesky Decomposition 



● Objective Function can be reformulated as follows:

● So, we have:

                                                                                            and

●  DHA mappings can be calculated as follows:

● In order to use back-propagation algorithm for seeking an optimized parameters for the deep 
network, we also have: 

                                                                                                              ,   where 

> DHA: Optimization

Yousefnezhad, NIPS, 2017

Incremental SVD



> Datasets

Yousefnezhad, NIPS, 2017



> Simple Cognitive Tasks Analysis 

Yousefnezhad, NIPS, 2017



> Movie Stimulus Analysis

Yousefnezhad, NIPS, 2017



Reconstructing Images 
from fMRI



> Classification Analysis

Hayby, 2014
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> Pairwise ranking loss

● The schematic diagram of pairwise 
ranking loss in visual stimuli 
reconstruction. 

● Circles represent the fMRI data 
● Triangles represent the stimuli images.
● Different colors means different 

categories: 
○ blue=cats
○ green=bottles
○ yellow=shoes

Huang, TCDS & ICONIP, 2020



> Pairwise ranking loss

● The schematic diagram of pairwise 
ranking loss in visual stimuli 
reconstruction. 

● Circles represent the fMRI data 
● Triangles represent the stimuli images.
● Different colors means different 

categories: 
○ blue=cats
○ green=bottles
○ yellow=shoes

Subject Level

Huang, TCDS & ICONIP, 2020



> Our proposed Temporal Information Generative Adversarial Networks (TIGAN)
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> Our proposed Temporal Information Generative Adversarial Networks (TIGAN)
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> Comparing image reconstruction – on number stimuli

Huang, TCDS, 2020



> Comparing image reconstruction – on bottle stimuli

Huang, TCDS, 2020



> More examples

Huang, TCDS, 2020



> Comparing different components of TIGAN

Huang, TCDS, 2020



Diagnosing pediatric anxiety
by using fMRI



> Pediatric anxiety dataset 

Sawalha, Scientific Report, 2021

Kimberly L. H. Carpenter and Adrian Angold and Nan-Kuei Chen and William E. Copeland and Pooja Gaur and Kevin Pelphrey and Allen W. Song and 
Helen L. Egger (2018). Preschool Anxiety Disorders. OpenNeuro: https://openneuro.org/datasets/ds000144/versions/00002

https://openneuro.org/datasets/ds000144/versions/00002


> Pediatric anxiety: cognitive tasks 

Sawalha, Scientific Report, 2021



> Finding the best region of interest to predict pediatric anxiety 

Sawalha, Scientific Report, 2021



> Predicting Negative Emotion Faces 

Sawalha, Scientific Report, 2021



> Predicting Pediatric Anxiety: Prediction Rate
● Our model average accuracy is 81%.

Sawalha, Scientific Report, 2021



> Predicting Pediatric Anxiety: Group-Level Connection

Sawalha, Scientific Report, 2021



Conclusion



> Our Related Studies

● Image/Video decoding from human brain:
○ Temporal Information Guided Generative Adversarial Networks [TCDS 2021]
○ Perceived Image Reconstruction [ICONIP 2020]

● Functional Alignment
○ Shared Space Transfer Learning [NurIPS 2020]
○ Supervised Hyperalignment [TCDS 2020]
○ Deep Hyperalignment [NIPS 2017]
○ Local Discriminant Hyperalignment [AAAI 2017]

● Mental Health
○ Predicting Pediatric Anxiety [Nature Scientific Reports 2021]
○ Deep Representational Similarity Learning [Neuroinformatics 2020]
○ Detecting Presence of PTSD Using Sentiment Analysis From Text Data [Frontiers in Psychiatry 2022]

Available at: https://www.yousefnezhad.com/publication.html

https://www.yousefnezhad.com/publication.html


Available at https://easyfmri.learningbymachine.com/

> The easy fMRI project

https://easyfmri.learningbymachine.com/


● easyX is a simple 
Python library for 
saving big complex 
data structure

Available at 
https://gitlab.com/myousefnezhad/easyx

> The easyX project

https://gitlab.com/myousefnezhad/easyx


Research Topic on Frontiers in Neuroinformatics 

Multi-Site Neuroimage Analysis: Domain Adaptation and Batch Effects

https://www.frontiersin.org/research-topics/17960/multi-site-neuroimage-analysis-domain-adaptation-and-batch-effects

https://www.frontiersin.org/research-topics/17960/multi-site-neuroimage-analysis-domain-adaptation-and-batch-effects
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