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Abstract

Al-Assisted Healthcare with Multimodal Structured Knowledge Extraction
and Augmented Inference
By Hejie Cui

The rapid advancement of artificial intelligence (AI) has unlocked new opportuni-
ties for enhancing healthcare. However, the heterogeneity and complexity of health-
care data, spanning scientific literature, clinical texts, medical images, and electronic
health records, pose significant challenges in extracting useful knowledge and lever-
aging Al models effectively for clinical decision-making. This thesis addresses these
challenges through two key themes: (i) multimodal structured knowledge extraction,
focusing on integrating knowledge from diverse data sources and pre-trained models
to enable comprehensive data understanding, and (ii) augmented inference, develop-
ing techniques to improve the domain-specific reasoning capabilities and reliability
of AI models by incorporating the extracted or external knowledge resources. The
proposed methods enhance the breadth of multimodal data understanding and the
depth of AI models’ capabilities in specialized applications. The effectiveness of the
proposed core ideas is demonstrated in various domains, including brain disorder anal-
ysis, scientific literature understanding, disease prediction, and biomedical reasoning,
paving the way for more personalized, precise, and reliable Al-assisted care delivery.



Al-Assisted Healthcare with Multimodal Structured Knowledge Extraction
and Augmented Inference

Hejie Cui
B.Eng., Tongji University, Shanghai, 2019
M.Sc., Emory University, GA, 2022

Advisor: Carl Yang, Ph.D.

A dissertation submitted to the Faculty of the
James T. Laney School of Graduate Studies of Emory University
in partial fulfillment of the requirements for the degree of
Doctor of Philosophy
in Computer Science and Informatics
2024



Acknowledgments

My Ph.D. journey over the past five years has been an incredible and transformative
experience. Starting with a broad exploration of the graph mining domain, I gradually
narrowed my focus to the specialized field of healthcare. This journey has been driven
by my inner passion and a strong desire to make a positive impact on the world. I
have been fortunate enough to meet many people who have supported me along my
journey in various ways. I am deeply grateful for their presence and the inspiration
they have provided as I continue to grow with courage.

I want to express my heartfelt thanks to my advisor, Prof. Carl Yang. His
constant support, invaluable guidance, and the flexibility he gave me have shaped my
growth during the Ph.D. journey. He taught me to delve into the meaningful problems
that drive our work. His patient guidance and insightful advice helped me navigate
research challenges and grow enormously. Under his guidance, I have discovered true
fulfillment in research and have learned to be a brave leader when confronted with
obstacles. The experiences I have gained working with him have transformed me into
a more skilled and independent researcher in my field. I will be forever grateful for
the time, effort, and care he has invested in my academic and personal growth.

I am thankful to Prof. Joyce C. Ho for being on my thesis committee and for her
pivotal role in shaping my vision for the future of MLL and data mining in healthcare.
Her expertise and guidance have been a constant source of inspiration, motivating me
to expand my research horizons and explore new frontiers. Prof. Ho has encouraged
and influenced me to communicate effectively and actively engage with the research
community. As a female role model in my field, her support and mentorship have
been instrumental in my development as a researcher and as an individual.

I am also deeply grateful to Prof. Yana Bromberg for being on my thesis com-
mittee and for her generosity in sharing her extensive knowledge and expertise in

the field of biomedical informatics. Prof. Bromberg’s encouragement and support in



my pursuit of academia, along with her willingness to share her personal story and
experiences, have been a guiding light in my journey. I am incredibly thankful for
her encouragement on my academic path.

It is also my great honor to have Prof. Fei Wang on my thesis committee, whose
profound knowledge and insights into AI health have been a learning resource for
me. His guidance on identifying and tackling significant research problems has been
crucial in shaping my research direction and has helped me solidify the foundation for
my future endeavors. I am deeply appreciative of the time and effort he has dedicated
to mentoring me and for the positive influence he has had on my academic growth.

I want to express my heartfelt gratitude to my mom for all the care, love, and
sacrifice she has given to me. I have been grateful to have her as my mom so that
I learn to grow up into a caring and kind-hearted person. Thank you for being my
closest friend and for being strong for me. I love you from the bottom of my heart.
I also want to thank my father, who has always been a responsible and hardworking
role model for me. I cherish the memories of chatting with him back in the day,
the wisdom he shared, and the encouragement he gave me when I faced challenges.
Thank you for being the strong man in our family and for all your dedication to us.

The multidisciplinary nature of my research has made collaboration a central
part of my Ph.D. studies. I am fortunate to have worked with and learned from
numerous researchers, including Xiaoxiao Li, Pan Li, Lifang He, Lichao Sun, Liang
Zhan, Ying Guo, Joshua Lukemire, Jingbo Shang, Manling Li, Yangqiu Song, Xin
Liu, Kun Zhang, Liang Zhao, Wei Jin, Lianhui Qin, Hui Shao, Xiang Li, QuanZheng
Li, Jon Kleinberg, etc. I also extend my gratitude to the mentors from my industry
internships: Rongmei Lin, Nasser Zalmout, Chenwei Zhang, Xian Li, Tobias Schnabel,
Jennifer Neville, Mengting Wan, Longqi Yang, Stojan Trajanovski, Lu Cao, and
Masrour Zoghi. I am sincerely thankful to the researchers who have provided valuable

career suggestions, including Sheng Wang, Ruogu Fang, Liyue Shen, Tianfan Fu,



Jiliang Tang, Wei Wang, etc. Their kindness and willingness to offer their experience
and guidance have been instrumental to me, and I am very grateful for their help.

I want to thank the Emory Graph Mining Group, especially Xuan Kan, Jiaying
Lu, Ran Xu, Han Xie, Ziyang Zhang, Keqi Han, Yuzhang Xie, and the students I
worked with, including Wei Dai, Owen Yang, Tong Gu, Xinyu Fang, etc. I cherish the
happy memories we shared, from hiking to playing board games and making Tang-
Yuan. Thank you for your presence in my life. I want to express my gratitude to Prof.
Vaidy Sunderam, the chair of the CS department, for the warm smile and caring he
showed when we met in the department hallways. I thank my friends Edgar Leon
and Sergio Gramacho in the I'T department of Emory CS, who have always been very
responsive and helpful when I encountered problems with computational resources.

I feel fortunate to connect with several great friends who bring warmth to me in
different ways, including Yanqgiao Zhu, Jieyu Zhang, Yanbang Wang, Yuhao Zhang,
Yuanqgi Du, Yue Yu, Haitao Mao, Zijie Huang, Chulin Xie, Shuowei Jin, Yupeng Hou,
Yujia Zheng, etc. I am thankful for the enjoyable intersections with them.

Finally, I can’t wait to thank those who have brightened my life during my chal-
lenging times. I am especially grateful to Xuan, whose inspiration, encouragement,
support, and humor have made this journey possible and easier along the way. I also
want to thank my bestie, Yuquan Zhou, for our years of mutual understanding and
thank Yukai Jiang for holding together my dear close friends from undergraduates. I
feel so fortunate to have all the love and encouragement from them. I cannot forget
to thank S, the other half of my inner soul, for the beautiful memories and experi-
ences | have while wandering in time. She has been encouraging me to reflect on the
true meaning of life and struggled to make me understand myself, others, and the
nature of life’s gains and losses. Her presence has enriched my soul in many ways and
inspired me to pursue my deepest dreams as I continue to move forward.

Thank you all for accompanying me on this once-in-a-lifetime adventure.



Contents

1 Introduction 1
1.1 Background and Motivation . . . . . .. .. ... ... ... ... .. 1
1.2 Challenges . . . . . . . . . 1

1.2.1 Healthcare Data Can be Complex and Heterogeneous . . . . . 1
1.2.2  Al-assisted Healthcare Suffers from Limited Labeled Data . . 2

1.2.3 Pre-trained Models Have Wide Knowledge Base but May Not

be Adequately Reliable for Healthcare . . . . . . . ... ... 3

1.3 Research Contributions . . . . . . .. .. .. ... ... ... 3
1.3.1 Multimodal Structured Knowledge Extraction . . . . . . . .. 4

1.3.2  Augmented Inference . . . . . . .. ..o 5

1.4 Dissertation Outline . . . . . . . .. .. ... oL 6

2 Multimodal Neurobiological Data: Brain Connectome Extraction

and Inference 9
2.1 Introduction . . . . . . ... 10
2.2 Brain Connectome Extraction and Benchmark . . . . . . . .. .. .. 13
2.2.1 Background: Diverse Modalities of Brain Imaging . . . . . . . 13
2.2.2  Brain Network Extraction from Multimodal Imaging . . . . . 14
2.2.3  Open Source Benchmark Platform . . . . . ... .. ... ... 19

2.3 Graph Neural Network Baselines for Brain Network Inference . . . . . 19



24

2.3.1 Node Feature Construction. . . . . . . ... .. .. ... ... 20
2.3.2 Message Passing Mechanisms . . . . ... ... ... ..... 22
2.3.3 Attention-Enhanced Message Passing . . . . . ... ... ... 25
2.3.4 Pooling Strategies . . . . . . .. ... oL 27
2.3.5 Experimental Analysis and Insights . . . . .. ... ... ... 28
2.3.6  Discussion and Extensions . . . . .. ... ... ... 36
Interpretable Brain Network Inference . . . . .. . ... ... . ... 37
2.4.1 Introduction . . . . . . . ... 38
2.4.2 Preliminaries . . . . . ... ..o 39
2.4.3 Method . . .. ... 41
244 Experiments . . . . . ... Lo 45
2.4.5 Interpretation Analysis . . . . . . .. ... ... L. 47
24.6 Conclusion . . . . . . ... Lo 50

3 Broader Types of Multimodal Data: Structured Knowledge Extrac-

tion and Augmented Inference 51

3.1

3.2

Specialized Models for Structured Knowledge Extraction from Textual

Data . . . . . . o1
3.1.1 Imtroduction . . . . . .. ... 51
3.1.2  Concept Map based Document Retrieval . . . . .. ... ... 53
3.1.3 Experiments . . . . . ... 55
3.14 Conclusion . . . . .. ... 59
Specialized Models for Structured Knowledge Extraction from Visual

Data . . . . . . 59
3.2.1 Introduction . . . . . . ... L Lo 60
3.2.2 Related Work . . . . ... ..o 62
3.23 Method . . . .. . 63
3.24 Evaluation . . . . . ... o 69



3.3

3.4

3.5

3.25 Application . . ... ... ... 75
3.2.6 Conclusion, Limitations, and Future Work . . . . .. ... .. 79

Specialized Models for Structured Knowledge Extraction from Multi-

modal Data . . . . . . . . . 80
3.3.1 Introduction . . . . . . . . ... 80
3.3.2 Preliminaries . . . . . . . . ... 83

3.3.3 Patching Visual Modality to Textual-Established Multimodal

Information Extraction . . . . . ... ... ... ... ... 85
3.3.4 Experimental Setup. . . .. .. .. .. .. ... .. o 90
3.3.5 ExperimentalResults . . . . .. ... ... ........... 92
336 RelatedWork . . . ... ... ... 96
3.3.7 Conclusion. . . .. ... .. 98

Language Foundation Models with Augmented Inference for EHR-

based Disease Prediction . . . . ... ... ... ... ... ...... 98
3.4.1 Introduction . . . . . . . ... 99
342 RelatedWork . . . . .. ... 102
343 Method . .. .. ... . ... 103
3.4.4 Experimental Settings . . . .. ... ... L. 106
3.45 ExperimentalResults . . . . ... ... ... ... ....... 108
3.4.6 Generated Instructions . . . . .. ... ... L 110
3.47 Conclusions . . . . ... 112
3.4.8 Ethical Considerations . . . . . ... ... . ... ....... 112

Multimodal Foundation Models with Augmented Inference for Adapt-

ing Generic Models to the Healthcare Domain . . . . . ... ... .. 112
3.5.1 Introduction . . . . . . . ... 113
3.5.2 Background . . ... ... 116



3.5.3 Clinician-Aligned Biomedical Multimodality Instruction Tun-

ing Model . . . . . . .. 118

3.5.4 Evaluation Plan and Preliminary Results . . . . . ... .. .. 123

3.55 FurtherPlans . . . ... ... .. ... ... ... ... ... 129

356 Conclusion. . . . .. ... .. 129

4 Conclusion 131

4.1 Summary of Research Contributions . . . . .. ... ... ...... 131

42 Future Work . . . . . .. 132
4.2.1 Discovering Unknown Knowledge from Known Data . . . . . . 132

4.2.2 Grounding Foundation Model Evaluation and Alignment with

Domain Knowledge . . . . . . . .. ... . ... . ....... 133
4.2.3 Augmenting Reasoning by Human-Al Collaboration . . . . . . 133
Appendix A Additional Information for Chapter 3.2 134
A.1 Details of Data Augmentation with External Knowledge Resources . 134
A.2 Dataset Information . . . . .. ... Lo 135
A.3 Implementation Details . . . . . .. .. ... ... .. ......... 136
A.4 Human Evaluation Guidance and Interface . . . . ... ... ... .. 136
A.5 Parametric Knowledge Prompting Template . . . .. ... ... ... 138
A.6 More Case Studies of Open Visual Knowledge fro@penVik . . . . . 139
A.7 More Qualitative Examples on Applications . . . .. ... ... ... 139
A.7.1 Text-to-lmage Retrieval . . .. ... ... ........... 139
A.7.2 Grounded Situation Recognition . . . . . . .. ... ... ... 140
A.7.3 Visual Commonsense Reasoning . . . . . ... .. ... .... 141
A.8 Full List of Filtered Verbs for GSR . . . . ... ... .. ... .... 142
Appendix B Additional Information for Chapter 3.3 145

B.1 Implementation Details . . . . . . ... ... ... ... ........ 145



B.2 More Source-Aware Evaluation . . ... ... . ... ... ... ... 146

B.3 Ablation Studies on Pattern Dataset . . .. ... ... ........ 147

B.4 Retrieval Ablation on Pattern Dataset . . . ... ... ... .. ... 148

B.5 Visualizations of Attention Pruning . . . . . . .. .. ... ...... 149

B.6 Human Annotation Instruction . . .. ... ... ... ........ 149

B.7 Neighborhood Regularization Demos . . . . ... ... .. ... ... 150
Appendix C Additional Information for Chapter 3.4 152

C.1 Prompt for Predictor Agent . . . . . .. ... ... ... ....... 152

C.2 Prompt for Critic Agent . . . . . . . .. .. . .. ... 152
Appendix D Additional Information for Chapter 3.5 155

D.1 Data Generation PromptDesign. . . . . . .. ... ... ....... 155

D.2 Benchmark Evaluation Prompt Design . . . . . .. . ... ... ... 156

Bibliography 157



Vi

List of Figures

11
1.2

1.3

2.1

2.2

2.3

2.4

The complex and heterogeneous data in healthcare. . . .. .. .. .. 2
An overall research contribution on Al-assisted healthcare with multi-

modal structured knowledge extraction and augment inference. . . . . 4
This thesis explores augmented inference techniques that are applied

at various stages of Al model development. . . . . .. ... ... ... 5

An overview of our BrainGB framework for brain network analysis with
graph neural networks. . . . . . . .. ... 10
The framework of fMRI data preprocessing and functional brain net-
work construction procedures, with recommended tools for each step
shown on the right. The more commonly-used tools for the functional
modality are placed atthefront. . . . . . . .. .. ... ... ..... 15
The framework of dMRI data preprocessing and structural brain net-
work construction procedures, with recommended tools for each step
shown on the right. The more commonly-used tools for the structural
modality are placed atthefront.. . . . . ... .. ... .. ...... 17
An overview of our proposed framework. The backbone model is rstly
trained on the original data. Then, the explanation generator learns a
globally shared mask across subjects. Finally, we enhance the backbone

by applying the learned explanation mask and ne-tune the whole model. 42



2.5

2.6

3.1

3.2

3.3

3.4

3.5

Visualization of salient ROIs on the explanation enhanced brain con-
nection networks for Health Control (HC) and Patient. The color of
regions represents ROI's average importance in the given group. The
bright-yellow color indicates a high score, while dark-red indicates a

low score. . . . ... e 48
Visualization of important connections on the explanation enhanced
brain connection network. Edges connecting nodes within the same
neural system (VN, /1, , DMN, SMN, SN, : ) are colored

accordingly, while edges across di erent systems are colored gray. Edge

width indicates its weight in the explanation graph. . . . . . ... .. 49
An overview of GNN-based document retrieval. . . . ... ... ... 52
Stability and e ciency comparison of di erent graph models. . . . . . 58

The overview ofOpenVik The left orange and purple panels illustrate

key components of relation-oriented multimodality model prompting:
open relational region detector and format-free visual knowledge gen-
erator. The right green one depicts diversity-driven data enhancement
strategy. OpenVikis designed to extract relation-oriented format-free
open visual knowledge with nove entities , diverse relations , and nu-
anced descriptive details. . . . . . ... ... . oL 63
The Venn diagram of knowledge comparison between the open visual
knowledge fromOpenVikwith the non-parametric knowledge from ex-
isting knowledge graph (i.e., ConceptNet) and parametric knowledge
from large language model (i.e., COMET). . . . .. ... ... .. .. 71
The in uence of information variety regularization and diversity-driven

data enhancement strategies. . . . . . . . . .. .. ... .. ... .. 72



3.6 Case study on the extracted open visual knowledge fradpenVik Ex-
amples of format-free knowledge are highlighted in red. Compared with
VG and Relational Caps,OpenVikperforms better at capturing novel
entities , broadening object interactions with diverse relations , and

enriching the knowledge representation with nuance descriptive details .

....................................... 74
3.7 Examples of incorrectly knowledge resulting from distribution bias are
highlighted . . . . . . . . . . .. . .. 75
3.8 An example ofOpenVikenrichment on text-to-image retrieval (See Ap-
pendix A 7.1 formore). . . . . . ... 76
3.9 An example ofOpenVik context enrichment on task GSR (See Ap-
pendix A.7.2formore). . . . . . ... 77
3.10 An example ofOpenVik context enrichment on the VCR task (See
Appendix A.7.3formore). . . . . ... 78
3.11 lllustration of multimodal attribute extraction and the challenges in
cross-modality integration. . . . . .. ... Lo 81

3.12 Source-aware evaluation of existing unimodal and multimodal models
on the textual-biased issue. . . . . . . . . ... .. oL L. 84
3.13 The overview of PV2TEA model architecture with three modules,
where each of them is equipped with a bias reduction scheme cor-
responding to the discussed challenges in Figure 3.11. . . . . ... .. 85
3.14 The in uence study of alignment objectives, i.e., binary matching v.s.
contrastive loss, and the in uence of softness via the task of image-
to-text and text-to-image retrieval. The metric T/I@1 is the recall of
text/image retrieval at rank 1, T/I@M means the rank average, and

R@Mean further averages T@M and I@M. . . . . .. ... ... ... 94



3.15 Visualization of learned attention mask with category (e.g., product

type) aware ViT classication. . . . . .. .. ... .. ... ...... 95

3.16 The framework of EHR-CoAgent employs two LLM agents: a predictor

agent that makes predictions and generates reasoning processes and a
critic agent that analyzes incorrect predictions and provides guidance
for improvement. The critic agent's feedback is used to update the
prompts given to the predictor agent, enabling the system to learn
from its mistakes and adapt to the specic challenges of the EHR-

based disease predictiontask. . . .. ... .. ... .. ... ... .. 100

3.17 Examples of instructional feedback generated by the GPT-4-based critic

agent, which aims to re ne the predictor agent's reasoning process and

improve the accuracy of its prediction. . . . ... ... ........ 111

3.18 Overview of our proposed framework for biomedical visual instruction

tuning with clinician preference alignment. The framework consists of
three main steps: (1) clinician-guided multimodal instruction-following
data generation, (2) data lItering with a distilled scoring model to
ensure data quality and relevance, and (3) visual instruction tuning
to adapt a general-domain pre-trained model to biomedical with the

ltered dataset with high preference. . . . ... .. ... ....... 119

3.19 Preliminary win-rate evaluation comparing the performance of LLaVA-

Al

Med-VGen and LLaVA-Med-CliGen, which are instruction-tuned on

generated datasets, against the LLaVA-Med model trained on the orig-
inal dataset. The results demonstrate the e ectiveness of our pro-
posed approach in generating high-quality instruction-following data

for biomedical multimodal reasoning. . . . . .. ... ... ...... 128

The human evaluation interface for in-depth knowledge quality evalu-



A.2
A3

A4
A5

B.1

B.2

B.3

C1l
C.2

D.1

D.2

Case studies of open visual knowledge fro®penVik . . ... .. .. 140

Qualitative examples ofOpenVikcontext enrichment on text-to-image

retrieval. . . . . .. 141
Qualitative examples ofOpenVikcontext enrichment on task GSR. . . 142
Qualitative examples ofOpenVikcontext enrichment on task VCR. . 143

Visualization examples of the learned category aware attention pruning
mask. . . .. e 147
The in uence study of alignment objectives, i.e., binary matching v.s.
contrastive, and softness study via cross-modality retrieval on the
Pattern dataset. . . . . .. .. . .. ... 149
Demo examples for illustrating S3: two-level neighborhood-regularized

sample weight adjustment. . . . . . .. ... . L L. 151

Prompt for Predictor Agent in EHR-CoAgent for the CRADLE dataset.153
Prompt for Critic Agent in EHR-CoAgent for the CRADLE dataset. 154

The prompt for generating instruction-following data with GPT-4V(ision).
....................................... 155
The prompt for reference-guided pairwise win-rate evaluation on VQA

benchmarks. . . . . . . . ... 156



Xi

List of Tables

2.1
2.2

2.3

3.1
3.2
3.3
3.4
3.5

3.6

3.7

Dataset summarization. . . . . . ... ... ... 28
Performance report (%) of di erent message passing GNNs in the four-
modular design space with other two representative baselines on four
datasets. We highlight the best performed one in each module based on
AUC, since it is not sensitive to the changes in the class distribution,
providing a fair evaluation on unbalanced datasets like PPMI. . .. . 33
Experimental results (%) on three datasets, where * denotes a signif-
icant improvement according to paired -test with p = 0:05 compared

with baselines. The best performances are in bold and the second

runners are underlined. . . . . . . ... L Lo 47
The similarity of di erent concept map pairs. . . ... .. ... ... 56

The retrieval performance results of di erent models. . . .. .. ... 57
Notations for open region detector. . . . . . .. .. ... ... .... 64
Notations for knowledge generator. . . . .. ... ... ........ 64

Knowledge comparison oDpenVikand baselines on performance and
in-depth quality (%). . . . . . . . . . ... .. 69
Diversity of existing and enhanced datasets and generated knowledge
fromOpenVik . . . . . . . 73
Text-to-image retrieval results (%) ofOpenVik enrichment compared

with zero-shot baselines. . . . . . . . . . . . . . . . ... ... .... 76



3.8 Grounded situation recognition results (%) ofOpenVik enrichment
compared with zero-shot baselines. . . . ... ... .......... 77
3.9 Visual commonsense reasoning results (%)@penVikcontext enrich-
ment compared with zero-shot baselines. . . . .. ... ... ..... 78
3.10 Statistics of the attribute extraction datasets. . . . .. ... ... .. 90
3.11 Performance comparison with di erent baselines (%). The performance
gains over the baselines have passed the t-test with a p-vadu@05.
The best performance is in bold, and the second runner baseline is
underlined. . . . . . . 92
3.12 Fine-grained source-aware evaluation of di erent methods. Thgold
value sourceindicates whether the gold value is contained in the text,
or is not contained in the text and must be inferred from the image. . 93
3.13 Ablation study on the augmented label-smoothed contrast for cross-
modality alignment (%). . . . . . . . . ... . L 94
3.14 Ablation study on the category supervised visual attention pruning (%). 95
3.15 Ablation study on the two-level neighborhood-regularized sample weight
adjustment (%90). . . . . . .. e 96
3.16 Attribute extraction performance comparison between the settings of
classi cation and generation. . . . . .. ... ... ... ... .. ... 96
3.17 Performance (%) of di erent models under the zero-shot, few-shot, and
fully-supervised settings on MIMIC-1Il and CRADLE datasets. The
proposed method is colored iigreen . The reference results under the
supervised training setting (trained on 11,353 samples for MIMIC-III

and 34,404 samples for CRADLE) are coloredigray. . . . . . . .. 109



Xiii

3.18 Preliminary performance comparison of the instruction-tuned models

on open-ended biomedical visual chat. We utilize the relative score
with two large model evaluators, namely GPT-3.5 and GPT-4V. The
number followed by \#: " represents the number of testing samples in

thiscategory. . . . . . . . . . 125

3.19 The dataset statistics of the three established biomed-multimodal datasets.126

Al
A.2
A3
A4

B.1
B.2

B.3
B.4

B.5

Dataset statistics. . . . . . . . . . . . .. . 135
Hyperparameters for training open relational region detector. . . . . . 136
Hyperparameters for training format-free visual knowledge generator. 136

The full list of ltered verbs for GSR. . . . . . . . . .. . . ... ... 144

Fine-grained source-aware evaluation for the Color and Pattern datasets.146
Ablations on the augmented label-smoothed contrast for cross-modality
alignment (%). . . . . . .. 148
Ablation study on the category supervised visual attention pruning (%).148
Ablations on the two-level neighborhood-regularized sample weight ad-
justment (%). . . . . .. 148
The annotation candidates provided to annotators given each sample

type on the Item Form dataset. . . . .. ... .. ... ... ..... 149



Chapter 1

Introduction

1.1 Background and Motivation

The rapid advancement of arti cial intelligence (Al) has unlocked unprecedented op-
portunities for revolutionizing healthcare. Al-assisted healthcare holds the promise
of improving patient outcomes, streamlining clinical work ows, and enabling per-
sonalized medicine. By harnessing the vast amounts of multimodal data available
in healthcare, such as electronic health records, medical images, and scienti c lit-
erature, Al can potentially extract extensive, valuable insights and support clinical
decision-making. However, e ciently analyzing these diverse data sources and e ec-
tively leveraging state-of-the-art Al models for healthcare applications poses signi -

cant challenges that need to be addressed to realize the potential of Al in healthcare.

1.2 Challenges

1.2.1 Healthcare Data Can be Complex and Heterogeneous

One of the primary challenges in Al-assisted healthcare is the heterogeneity of medical

data. As demonstrated in Figure 1.1, healthcare data comes from various sources



Figure 1.1: The complex and heterogeneous data in healthcare.

and modalities, each with its own unique characteristics and formats. For example,
electronic health records (EHRS) contain structured and unstructured data, including
patient demographics, clinical notes, and laboratory results. Medical imaging data,
such as X-rays, CT scans, and MRIs, provide visual details of patient conditions.
Additionally, scienti c literature and clinical guidelines o er valuable knowledge for
clinical decision-making. Extracting knowledge from these diverse data sources and
integrating them into a uni ed framework is a complex task. Moreover, the complexity
of medical knowledge, which often involves intricate relationships between various
factors, adds to the challenge of developing Al systems that can e ectively reason

over healthcare data.

1.2.2 Al-assisted Healthcare Suers from Limited Labeled

Data

Another signi cant challenge in Al-assisted healthcare is the limited availability of la-
beled data for adapting Al models to speci ¢ medical domains. While general-purpose
Al models have been trained on large-scale datasets, such as ImageNet for computer
vision and Wikipedia for natural language processing, domain-speci c labeled data in
healthcare is often scarce. This scarcity can be attributed to several factors, includ-
ing the high cost of expert annotation, privacy concerns, and the rare occurrence of
certain medical conditions. Consequently, adapting Al models to healthcare applica-

tions often requires training on small, domain-speci ¢ datasets, which can limit the



models' performance and generalizability. Developing techniques that can e ectively
leverage limited labeled data or utilize unsupervised learning approaches is crucial for

the successful application of Al in healthcare.

1.2.3 Pre-trained Models Have Wide Knowledge Base but

May Not be Adequately Reliable for Healthcare

Large pre-trained models, such as language models and multimodal models, have
demonstrated remarkable capabilities in various Al tasks. These models are trained
on vast amounts of diverse data, allowing them to capture a wide range of knowl-
edge. However, when it comes to healthcare applications, the breadth of knowledge
in these models is often accompanied by a lack of reliability and domain-speci c ac-
curacy. While large pre-trained models can generate plausible outputs, they may not
always produce factually correct or clinically relevant information. This is particularly
concerning in healthcare, where the consequences of incorrectness can be severe. To
e ectively harness the breadth of knowledge in large pre-trained models for health-
care applications, it is crucial to address the reliability challenges. This involves
developing techniques to align the models' outputs with domain-speci ¢ knowledge

and incorporating external knowledge sources.

1.3 Research Contributions

To address the aforementioned challenges, this thesis focuses on two main themes:
Structured Knowledge Extraction and Augmented Inference , for multimodal
data from broad resources. The overall research roadmap is shown in Figure 1.2. The
contributions aim to extract useful structured knowledge from diverse data sources
and augment the extracted or external knowledge to improve the performance and

reliability of Al models in healthcare scenarios.



Figure 1.2: An overall research contribution on Al-assisted healthcare with multi-
modal structured knowledge extraction and augment inference.

1.3.1 Multimodal Structured Knowledge Extraction

A signi cant portion of valuable knowledge often lies hidden withinheterogeneous
data sourcesand pre-trained models Extracting and leveraging this knowledge is
crucial for e ectively integrating multimodal resources and supporting data-driven
decision-making.

Extracting information from heterogeneous dat@resents both opportunities and
challenges. E ective multimodal fusion, seamless integration, and e cient conversion
between di erent modalities are key to unlocking the potential of vast amounts of
data. We develop techniques to understand and distill essential information from
heterogeneous sources, facilitating the application of Al in real-world scenarios.

Pre-trained models, such as language models and multimodal models, have been
trained on extensive datasets and possess a wealth of encoded knowledge. Extracting
information from pre-trained modelscan provide valuable insights for unseen tasks.
However, when it comes to healthcare applications, the breadth of knowledge in
these models may not always translate to factual correctness or clinical relevance.
Therefore, it is crucial to address potential unreliability by carefully designing the

process or curating knowledge extraction under well-designed supervision.



Overall, the contributions in multimodal structured knowledge extraction aim to
address the challenges of data heterogeneity through automated knowledge conver-
sion and integration. By developing techniques to e ectively extract and integrate
knowledge from diverse data sources and pre-trained models, we aim to create a
more comprehensive and accurate foundation that can support various applications,

ultimately leading to more precise models for data-driven decision-making.

1.3.2 Augmented Inference

Figure 1.3: This thesis explores augmented inference techniques that are applied at
various stages of Al model development.

Augmented inference focuses on enhancing the ability and reliability of Al models
by leveraging extracted or external knowledge. This thesis explores techniques that
can be applied at di erent stages of the Al model development process as shown in
Figure 1.3, including(1) augmentation with the model input(2) knowledge injection
during model training, and (3) augmentation through output feedback

Augmentation through Model InputData augmentation during the input phase is a

direct approach to enhance Al models. As Al models often require large amounts of
training data, the extracted or external knowledge can serve as additional training
data for model learning. Another way is to augment the model input with related
contextual information, such as visual knowledge from extracted knowledge corpora or
structured information from external knowledge graphs. By providing this contextual
information, the models can generate more accurate and relevant responses in various

downstream tasks.



Augmentation through Model Training Procesgncorporating additional knowledge dur-

ing the model training phase can explicitly in uence the model's capabilities. We in-
troduce novel learned attention masks that guide the model to focus on task-relevant
regions or relations while ltering out potentially biased or erroneous information.
Furthermore, supplementary training targets and optimization regularizations are
proposed and incorporated in the training process, which can directly improve the
model's inference performance and generalization ability.

Augmentation through Output Feedbackeveraging output feedback as an augmen-

tation strategy can signi cantly boost the model's inference performance. We de-
velop techniques to measure the discrepancy between the model's predictions and the
ground truth, using these observations to augment the model. By identifying and
addressing problematic areas, our approach guides the model to focus on the most
relevant factors, leading to more reliable and accurate predictions.

Overall, our contributions in augmented inference aim to improve the reliability
and accuracy of Al models for reasoning and inference tasks. We achieve this by
incorporating extracted structured knowledge and external knowledge resources into
the models' learning processes. By enhancing the models' ability to reason over
complex problems and make more accurate and dependable predictions, we push the

boundaries of Al-assisted decision-making in healthcare and beyond.

1.4 Dissertation Outline

The thesis is organized into two main chapters, each exploring the core ideas of multi-
modal structured knowledge extraction and augmented inference in di erent contexts.
We rst illustrate the core idea of this thesis using a speci ¢ scenario of brain analysis,
as brain imaging is inherently multimodal and contains complex knowledge that can

aid interpretation. We then generalize the discussion to broader data types, including



texts, images, and multimodal input, demonstrating how specialized and foundational
models can be optimized and adapted for multimodal knowledge extraction and aug-

mented inference in various application scenarios.

" Chapter 2 focuses on brain analysis as a speci c case study to explore the core
ideas of multimodal structured knowledge extraction and inference. Brain imaging
is inherently multimodal, with data from various modalities such as fMRI and DTI,
where connectomes representing di erent kinds of knowledge can be constructed
and analyzed. We rst focus on connectome extraction and introduce our estab-
lished benchmark, BrainGB, in Section 2.2. Section 2.3 covers the design space
of graph neural network baselines for brain network inference. Moving forward,
Section 2.4 proposes an advanced interpretable model for brain network inference
and presents several interesting visualizations of important edges and ROI inter-

pretations generated by the framework.

Chapter 3 generalizes the core ideas of multimodal structured knowledge extrac-
tion and augmented reasoning to broader data types, including texts, images, and
multimodal data. Section 3.1 introduces an e ective framework for concept map
extraction from scienti c literature and its application in long document retrieval.
Section 3.2 presents a novel open visual knowledge extraction framework from
images, where the proposed designs signi cantly increase the diversity of the gen-
erated structured knowledge to re ect real-world richness and complement tex-
tual knowledge documented in the literature. Section 3.3 focuses on structured
knowledge extraction from multimodal data, proposing techniques to better align
multimodalities and mitigate the inherent modality biases in multimodal fusion
and cross-modality reasoning. Moving on to knowledge-augmented inference, Sec-
tion 3.4 delves into the exciting world of Electronic Health Records (EHRs) and
explores how we can leverage the power of language foundation models with aug-

mented inference for disease prediction. Inthe nal project, Section 3.5 investigates



adapting generic multimodal foundation models to the speci ¢ healthcare domain
with knowledge augmentation from clinician expertise and encoded knowledge from

GPT models.

Chapter 4 concludes the thesis by providing a holistic summary and discussing
future research directions for advancing Al-assisted healthcare based on the pro-
posed methods. The chapter also outlines several future directions to extend the

proposed ideas in this dissertation for future advancements in the eld.



Chapter 2

Multimodal Neurobiological Data:
Brain Connectome Extraction and

Inference

Brain Imaging is internally multimodal and contains complex knowledge that can aid
in interpretation. In this chapter, we focus on illustrating the core ideas of this thesis
using this speci ¢ scenario of brain analysis. Mapping the connectome of the human
brain using structural or functional connectivity has become one of the most perva-
sive paradigms for neuroimaging analysis. Recently, Graph Neural Networks (GNNSs)
motivated from geometric deep learning have attracted broad interest due to their
established power for modeling complex networked data. Despite their superior per-
formance in many elds, there has not yet been a systematic study of how to design
e ective GNNs for brain network analysis. To bridge this gap, we present BrainGB,
a benchmark for brain network analysis with GNNs. BrainGB standardizes the pro-
cess by (1) summarizing brain network construction pipelines for both functional and
structural neuroimaging modalities and (2) modularizing the implementation of GNN

designs. We conduct extensive experiments on datasets across cohorts and modalities
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Figure 2.1: An overview of our BrainGB framework for brain network analysis with
graph neural networks.

and recommend a set of general recipes for e ective GNN designs on brain networks.
To support open and reproducible research on GNN-based brain network analysis,
we host the BrainGB website athttps://braingb.us with models, tutorials, exam-
ples, as well as an out-of-box Python package. Furthermore, we introduce another
advanced interpretable model design for brain network analysis. We hope that these
work will provide useful empirical evidence and o er insights for future research in

this novel and promising direction.

2.1 Introduction

Human brains are at the center of complex neurobiological systems in which neurons,
circuits, and subsystems interact to orchestrate behavior and cognition. Understand-
ing the structures, functions, and mechanisms of human brains has been an intriguing
pursuit for researchers with various goals, including neural system simulation, mental
disorder therapy, as well as general arti cial intelligence. Recent studies in neu-
roscience and brain imaging have reached the consensus that interactions between
brain regions are key driving factors for neural development and disorder analysis
[146, 69]. Inspired by graph theory, brain networks composed of nodes and edges are
developed to describe the interactions among brain regions.

The human brain can be scanned through various medical imaging techniques, in-
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cluding Magnetic-Resonance Imaging (MRI), Electrogastrography (EGG), Positron
Emission Tomography (PET), and so on. Among all these acquisitions, MRI data are
the most widely used for brain analysis research. There are also di erent modalities
of MRI data such as functional MRI (fMRI) and Di usion Tensor Imaging (DTI),
from which functional and structural brain networks can be constructed respectively.
Speci cally, the connectivity in functional brain networks describes correlations be-
tween time-series signals of brain regions, while the connectivity in structural brain
networks models the physical connectivity between gray matter regions [188]. Both
functional and structural connections are widely acknowledged as valuable resources
of information for brain investigation [170, 20].

Previous work on brain network analysis has studied shallow models based on
graph theory [20, 227] and tensor factorization [154, 313] extensively, which focuses
on proposing neurobiologically insightful graph measures and approaches from the
node, motif, and graph level to detect network communities or modules and identify
central network elements. Methodological developments in graph research enable us
to quantify more topological characteristics of complex systems, many of which have
already been assessed in brain networks, such as modularity, hierarchy, centrality,
and the distribution of network hubs. However, shallow modeling techniques can be
inadequate for the sophisticated connectome structures of brain networks [71]. On the
other hand, deep learning models have become extraordinarily popular in machine
learning, achieving impressive performance on images [61, 199], videos [6], and speech
processing tasks [85]. These regular data are represented in 1D/2D/3D Euclidean
spaces and can be suitably handled by traditional Recurrent (RNNs) or Convolutional
Neural Networks (CNNs). In contrast, the irregular structural and functional brain
connectivity networks constructed from neuroimaging data are more complex due to
their non-Euclidean characteristics. In recent years, Graph Neural Networks (GNNSs)

have attracted broad interest due to their established power for analyzing graph-
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structured data [126, 280, 249]. Several pioneering deep models have been devised to
predict brain diseases by learning graph structures of brain networks. For instance,
Li et al. [146] propose BrainGNN to analyze fMRI data, where ROIl-aware graph
convolutional layers and ROI-selection pooling layers are designed for neurological
biomarker prediction. Kawahara et al. [120] design a CNN framework BrainNetCNN
composed of edge-to-edge, edge-to-node, and node-to-graph convolutional Iters that
leverage the topological locality of structural brain networks. However, they mainly
experiment with their proposed models on speci ¢ private datasets. Due to the ethical
issue of human-related research, the datasets used are usually not publicly available
and the details of imaging preprocessing are not disclosed, rendering the experiments
irreproducible for other researchers.

To address the aforementioned limitations, there is an urgent need for a public
benchmark platform to evaluate deep graph models for brain network analysis. How-
ever, it is non-trivial to integrate di erent components within a uni ed benchmarking
platform. Current brain network analyses are typically composed of two steps. The
rst step is to construct brain networks from neuroimaging data. Then, in the second
stage, the resulting brain connectivity between all node pairs is used to classify in-
dividuals or predict clinical outcomes. The di culties in the initial stage are mostly
due to restricted data accessibility and sophisticated brain imaging preprocessing and
network construction pipelines that di er across cohorts and modalities. The di -
culty of the second stage is to establish a standard evaluation pipeline based on fair
experimental settings, metrics, and modular-designed baselines that can be easily

validated and extended for future research.
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2.2 Brain Connectome Extraction and Benchmark

2.2.1 Background: Diverse Modalities of Brain Imaging

Models of the human brain as a complex network have attracted increasing atten-
tion due to their potential for helping understand human cognition and neurological
disorders. In practice, human brain data can be acquired through various scanning
techniques [209], such as Magnetic-Resonance Imaging (MRI), Electroencephalogra-
phy (EEG) and Magnetoencephalography (MEG), Positron Emission Tomography
(PET), Single-Photon Emission Computed Tomography (SPECT), and X-ray Com-
puted Tomography (CT). Among them, MRI is one of the most widely used tech-
niques in brain research and clinical practice, due to its large range of available tissue

contrast, detailed anatomical visualization, and high sensitivity to abnormalities [15].

MRI Data

In this paper, we focus on MRI-derived brain networks. Speci cally, for di erent
modalities of MRI data, we can reconstruct di erent types of brain networks. Func-
tional MRI (fMRI) is one of the most popular modalities for investigating brain func-
tion and organization [78, 149, 223] by detecting changes in blood oxygenation and
blood ow that occur in response to neural activity. Di usion-weighted MRI (dMRI),

on the other hand, can enable inference about the underlying connection structure in
the brain's white matter by recording the di usion trajectory of molecules (usually
water). fMRI focuses on functional activity, while dMRI presents brain structural
information from di erent perspectives. Speci cally, two types of brain networks,
functional and structural, can be constructed from the aforementioned modalities by

following di erent connectivity generation paradigms [132].
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Challenges in MRI Preprocessings

The raw MRI data collected from scanners is not directly usable for brain network
construction or imaging analysis. A complicated preprocessing pipeline is necessary
to remove unwanted artifacts, transform the data into a standard format, and per-
form structure discovery. Although there are several widely-used neuroimaging data
preprocessing tools, such as SPMAFNI?2 and FSL3, each of them still needs con-
siderable training and learning e orts. Moreover, the functionality of these software
varies, and for dMRI, no one software contains all the necessary preprocessing ca-
pabilities. In addition, many neuroimaging datasets cannot be made public due to
privacy or ethical concerns. Due to the variety of preprocessing approaches and is-
sues with making data publically available, there are di culties in reproducibility

in neuroimaging studies. Additionally, the preprocessing steps are distinctive across
modalities. All these challenges make it di cult for deep learning researchers with

little knowledge in medical imaging processing to get into the eld.

2.2.2 Brain Network Extraction from Multimodal Imaging

In this section, we provide a general overview of the standard preprocessing pipelines
for the construction of brain networks of di erent modalities. Due to the regulation
restrictions for direct sharing of the brain network data, we provide two complete
pipelines, one for functional brain networks (ABCD speci cally) and one for struc-
tural brain networks (PPMI® speci cally), with step-by-step commands and param-

eter settings on our hosted website for public accéss

Ihttps://www.fil.ion.ucl.ac.uk/spm/software/spm12
2https://afni.nimh.nih.gov
Shttps://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSL
“4https://nda.nih.gov/abcd
Shttps://www.ppmi-info.org
Shttps://braingb.us/preprocessing
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Figure 2.2: The framework of fMRI data preprocessing and functional brain network
construction procedures, with recommended tools for each step shown on the right.
The more commonly-used tools for the functional modality are placed at the front.

Functional Brain Network Extraction

The left side of Fig. 2.2 shows a standard preprocessing procedure for functional brain
imaging, with the corresponding commonly-used toolboxes (i.e., SPM12AFNI?,
FSL3, FreeSurfef, CONN&, fMRI Prep®, ANTs!9, Nilearn!!) shown on the right side.
Note that each step in the preprocessing and network construction pipeline needs
quality control by the experts, and the specic order of preprocessing steps may
change slightly based on the acquisition conditions of the dataset. Some representative
functional neuroimaging datasets in literature to facilitate scienti ¢ research include
ADHD 200 [14], ADNI (fMRI part) [194], HCP 900 [246], ABIDE [57], etc.

To measure functional connectivity, some preprocessing of the fMRI time series is
often performed including detrending, demeaning, and whitening fMRI BOLD time
series at each voxel [261]. To construct the brain networks, a brain atlas or a set of
Regions of Interest (ROI) are selected to de ne the nodes. Then, the representative
fMRI BOLD series from each node are obtained by either averaging or performing

Singular Value Decomposition (SVD) on the time series from all the voxels within

"https://surfer.nmr.mgh.harvard.edu
8https://web.conn-toolbox.org/home
https://fmriprep.org/en/stable/index.html
©Ohttp://stnava.github.io/ANTSs
I https://nilearn.github.io/stable/index.html
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the node. Various measures have been proposed for assessing brain connectivity
between pairs of nodes. One of the simplest and most frequently used methods in
the neuroimaging community is via pairwise correlations between BOLD time courses
from two ROIs. Other methods include partial correlations [261], mutual information,
coherence, Granger causality [225]. After selecting the Functional Connectivity (FC)
measure, one can evaluate the strength of connectivity between each pair of ROIs.
Often, some transformation, such as the Fisher's transformation, is performed to
transform the original FC measures to improve their distribution properties. The
transformed FC measures can then be utilized for the subsequent analysis of functional
brain networks.

To facilitate public testing, we take Adolescent Brain Cognitive Development
Study (ABCD) as an example and provide a step-by-step instruction for functional
brain network construction on our hosted BrainGB website The ABCD-HCP BIDS?!?
pipeline is used to preprocess the data. In brief, anatomical preprocessing included
normalization, co-registration, segmentation, and brain extraction. Functional data
preprocessing included slice-time correction, motion correction, distortion correction,
co-registration, normalization, and spatial smoothing. Brain parcellation schemes

were then applied to the functional data to obtain time courses for each ROI, and

Pearson correlation was used to construct brain networks representing the connectiv

ity between ROls.

Structural Brain Network Extraction

Structural brain networks provide a systematic perspective for studying the anatomi-
cal and physiological organization of human brains and help to understand how brain
structure in uences function. Some representative neuroimaging studies include dif-

fusion MRI data are PPMI [174], ADNI [194], HCP [246], AIBL [65], OASIS [65], etc.

2https://github.com/DCAN-Labs/abcd-hcp-pipeline
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Figure 2.3: The framework of dMRI data preprocessing and structural brain network
construction procedures, with recommended tools for each step shown on the right.
The more commonly-used tools for the structural modality are placed at the front.

The commonly-used toolboxes for dMRI include FSI, AFNI?, FreeSurfef, Track-
Vis®3, 3D Slicef4, Tortoise'®, MRtrix3 ¢, DSI Studio!’.

The left side of Fig. 2.3 summarizes the pipeline for reconstructing the struc-
tural brain network. Preprocessing steps for the dMRI data include removal of eddy
current-induced distortions, brain extraction, and co-registration between di usion
and structural images. Next, some modeling strategies are applied to reconstruct the
local di usion patterns. Commonly adopted models include the DTI modeling, which
ts a tensor model or muti-tensor model [136] to capture the local di usion patterns,
and the Ball and Sticks model [11]. After reconstructing the local di usion patterns,
a tractography algorithm is performed to computationally reconstruct ber tract con-
nections between brain regions. Commonly-used algorithms include the deterministic
tractography [9] and the probabilistic tractography [12]. The deterministic tractogra-
phy connects neighboring voxels from seed regions based on the major direction of the
DTI tensor. The probabilistic tractography involves rst estimating ber orientation
and its uncertainty at each voxel and building a di usion path probability map based

on the estimated orientation and uncertainty. While deterministic tractography is

Bhttp://trackvis.org
“https://www.slicer.org
BShttps://tortoise.nibib.nih.gov

B https://www.mrtrix.org
https://dsi-studio.labsolver.org
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a more computationally e cient approach to reconstruct major ber bundles in the
brain, probabilistic tractography has become more popular because it is more robust
to noise and allows tractography to progress beyond uncertain regions by taking into
account uncertainty in ber orientations at each voxel [314]. To construct the struc-
tural network, the structure connectivity for each node pair is calculated based on
the empirical probability of ber tracts connecting the two regions. Note that each
step of network construction ideally needs quality control from experts.

Similarly to functional brain network construction, we take PPMI as an example
and provide an instruction pipeline for structural brain network construction on our
hosted BrainGB websit&. Speci cally, the Di usion Toolkit from TrackVis is used to
reconstruct local di usion patterns and tractography. The brain region parcellation is
completed with both FSL and Freesurfer. Then local di usion pattern reconstruction
and the network computation are further performed by calculating the number of
bers within each ROI after removing the false positive ones.

In addition to the mainstream methods of constructing connections in brain net-
works discussed above, there are also other ways to construct di erent types of edges.
For example, directional connectivity that characterizes e ective interactions for fMRI
[53]; hybrid functional brain networks where di erent orders of relationships can be
sensitive to di erent levels of signal changes [327]; and dynamic functional brain
networks which include derivatives of windowed functional network connectivity in
the identi cation of reoccurring states of connectivity [67, 53]. Apart from fMRI and
DTI, the most commonly used modalities to construct functional and structural brain
networks, other neuroimaging modalities have also been explored in literature, such
as metabolic brain network constructed from PET imaging [130], functional brain
network constructed from EEG signals [113], etc. Recent studies have shown that the
combination of both functional and structural neuroimaging modalities can be more

e ective than using only a single one, which can exploit complementary information
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across di erent modalities [170, 23].

2.2.3 Open Source Benchmark Platform

To foster future research, we provide an out-of-box package that can be directly
installed through pip, with installation and tutorials on our hosted BrainGB web-
site https://braingb.us for brain connectome construction and modeling. The
BrainGB package is also open-sourced attps://github.com/HennyJie/BrainGB

We provide examples of GNN-based brain network analysis, trained models, and in-
structions on imaging preprocessing and functional and structural brain networks

construction from raw fMRI and dMRI respectively.

2.3 Graph Neural Network Baselines for Brain Net-
work Inference

In this work, we propose Brain Graph Neural Network Benchmark (BrainGB)|a
novel attempt to benchmark brain network analysis with GNNs to the best of our
knowledge. The overview of BrainGB is demonstrated in Fig. 2.1 and the main

contributions are four-fold:

~ A uni ed, modular, scalable and reproducibleframework is established for brain
network analysis with GNNs to facilitate reproducibility. It is designed to en-
able fair evaluation with accessible datasets, standard settings, and baselines
to foster a collaborative environment within computational neuroscience and

other related communities.

N

We summarize the preprocessing and construction pipelines for both functional
and structural brain networks to bridge the gap between the neuroimaging and

deep learning community.
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" We decompose the design space of interest for GNN-based brain network anal-
ysis into four modules: (1) node features, (b) message passing mechanisms, (c)
attention mechanisms, and (d) pooling strategies. Di erent combinations based
on these four dimensions are provided as baselines, and the framework can be

easily extended to new variants.

A

We conduct a variety of empirical studies and suggest a set of general recipes
for e ective GNN designs on brain networks, which could be a starting point

for further studies.

To foster future research, we release the source code of BrainGB Hitps:
/lgithub.com/HennyJie/BrainGB  and provide an out-of-box package that can be
installed directly, with detailed tutorials available on our hosted website ahttps:
/lbraingb.us . Preprocessing instructions and models are provided for standardized
model evaluations. We enable the community to collaboratively contribute by sub-
mitting their own custom models, and we will maintain a leaderboard to ensure such
e orts will be recorded.

Speci cally, the process of applying GNNs to brain networks starts from initial-
ization of the ROI features, followed by the forward pass which includes two phases,
message passing, and pooling. The learned graph-level representation then can be
utilized for brain disease analysis. In the machine learning domain, the rapid evo-
lution of GNNs has led to a growing number of new architectures. Speci cally for
GNNs on brain network analysis, we decompose the design space of interest for basic
message passing GNNs into four modules: node feature construction, message pass-
ing, attention enhanced message passing, and pooling strategies. An illustration of

these modules is shown in the middle of Fig. 2.1.

2.3.1 Node Feature Construction
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In neuroscience analysis, researchers mostly focus on brain connectivity represented by

a featureless graph. To apply GNNs on non-attributed brain networks, researchers in

the graph machine learning domain have studied several practical methods to initialize

node features [43, 62]. In this paper, we focus on the following node features that can

be categorized as positional or structural:

" ldentity : A unique one-hot feature vector is initialized for each node [66, 298].

By giving each ROI in the brain network a unique high-dimensional vector, this
identity node feature allows the GNN model to learn the relative positions of
the nodes by memorizing their k-hop neighbors. They are essentially the same
as random initialization considering the parameters in the rst linear layer of

the GNN are randomly initialized.

Eigen: Eigen decomposition is performed on the weighted matrix describing the
connection strengths between ROIs and then the tok eigenvectors are used
to generate ak-dimensional feature vector for each node [103, 27, 319]. The
optimal value ofk is decided by grid search. This feature is essentially dimension
reduction and targets at grouping brain regions with respect to their positions,

with global graph information condensed into a low-dimensional representation.

Degree The degree value of each node is obtained as a one-dimensional vector as
the node feature. This feature captures structural information of brain regions,
meaning that neighborhood structural similarity of two regions will be partially

recorded in the initialized node features.

Degree pro le: This method takes advantages of existing local statistical mea-
sures on degree pro les [22], where each featutg of nodev; on graph G, is

computed as
X; =[deg(vi) k min(D;) k max(D;)
(2.1)
k mean(@;) k std(D))];
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where D; = fdegWi) j (i;)) 2 E,g describes the degree values of nodgs

one-hop neighborhood andk denotes concatenation.

Connection pro le: The corresponding row for each node in the edge weight
matrix is utilized as the initial node feature, which contains connections with
respect to all other nodes in the brain network. This feature aligns with the
common practice of using pairwise connections to perform brain parcellation.

Also, it re ects the whole picture of connection information in the brain network.

2.3.2 Message Passing Mechanisms

The power of most GNNSs to learn structures lies in their message passing schemes,
where the node representation is updated iteratively by aggregating neighbor features
through local connections. In each layel, the node representationh! is updated
through two steps, namely message passing and update respectively. In the message
passing step (Eq. 2.2), each node receives messages from all its neighbors, and then

all the messages are aggregated with a sum function:
X X

m! = mj = M hishiswg (2.2)
2N 2N
whereN; denotes the neighbors of nodg in graph G, w; represents the edge weights
between nodev; and v;, M, is the message function. In the update step (Eq. 2.3),
the embedding of each node is updated based on the aggregated messages from Eq.
2.2 and optionally the previous embedding of node, where the update function can
be arbitrary di erentiable functions (e.g., concat the aggregated message with the

previous node embedding and then pass them into a learnable linear layer).
hi* = U hism} ; (2.3)
whereU, stands for the update function and the number of running stepis is de ned

by the number of GNN layers. The message passing mechanism can leverage both

permutation equivariance and inductive bias towards learning local structures and
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achieve good generalization on new graphs. For brain networks, whether incorpo-
rating connections into the message function is bene cial for graph-level prediction
tasks remains to be investigated. In this paper, we discuss the in uence of di erent

message functiorM, designs including:

" Edge weighted The messagen; passed from node; to nodev; is calculated
as the representation of nodg; weighted by the corresponding edge weigh; ,

that is

mi = hy (2.4)
This is the standard message passing implementation in Graph Convolutional
Network (GCN) [126] whenw; = =v;. With this message vector design, the

update of each brain region representation is in uenced by its neighbor regions

weighted by the connection strength between them.

Bin concat: In this scheme, we map the edge; into one of the equally split

T buckets based on its weight value. Each bucket corresponds to a learnable
representationb;, t = f1:::Tg. The total bucket number encompassing the
entire value range of edge weights is determined by grid search and the repre-
sentation dimension of each bin is set to the same as node features. Speci cally,
given the number of buckets isT, we rst rank all the edge weights and then
divide them into the equally divided T buckets from the lowest to the highest.
All edges in the same bucket will be mapped to the same learnable vectnr

S0 region connections with similar strength are binned together. In our experi-
ment, we simply select from [5, 10, 15, 20] as the possible number of buckets for
grid search, which is a common practice in machine learning for hyperparam-
eter tuning. The messagen; passed from nodey; to nodev; is calculated as

the concatenation of the representation of nodg and its corresponding bucket



24

representationb, followed by an MLP,
mj = MLP( hj k bt): (25)
The usage of bins helps to clusters region connections with similar strengths.

By concatenating with the unique neighbor node representation, this message

captures both common and peculiar characteristics of each neighbor.

Edge weight concat The messagan;; passed from nodes; to nodeyv; is rep-
resented as the concatenation of the representation of nodeand the scaled
edge weightd w;, followed by a MLP,

mj =MLP(h; kd w;); (2.6)
whered is a constant equal to the dimension number of node features. The mo-
tivation behind edge weight scaling is to increase the in uence of edge features
to the same scale as node features. Compared with bin concat where edges with
weight values in the same bin interval share the same initial edge representation,
directly concatenating the scaled edge weights as the edge representations can
retain the original edge information, therefore reserving more uniqueness on the
pairwise connection when performing the aggregation from neighboring brain

regions.

Node edge concat To investigate the in uence of preserving the brain region
representation from the last time step while iterative updating the new repre-
sentation, we design a message; as the concatenation of both embeddings of

nodev;, v; and the edge weightv; between them, followed by an MLP, that is
mj =MLP(h; khj kw;): (2.7)

In this paradigm, every message passed from the local neighbors of each central

node is reinforced with its representation from the last time step. This design

may alleviate the over-smoothing problem of GNNs, where the feature distance

between all nodes becomes too close and not distinguishable after layers of
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convolutions.

A

Node concat Since the e ect of involving connection weights into message pass-
ing is still unknown, we also include another message;; similar to node edge

concat but without the concatenation of edge weights, where

m; :MLP( h; khj) (28)

2.3.3 Attention-Enhanced Message Passing

Attention is arguably one of the most important mechanisms in modern deep learning
[248, 185]. It is inspired by human cognitive systems that tend to selectively concen-
trate on the important parts as needed when processing large amounts of information.
Various elds in deep learning communities such as natural language processing [56]
and computer vision [87] have widely bene ted from attention mechanisms in terms of
model e ciency and accuracy. The attention mechanism can also be used to enhance
the message passing scheme of GNNs, while also providing interpretations over the
edge importance.

Speci cally in brain network analysis, by utilizing the attention-enhanced version
of message passing, the model updates the brain region representation in a data-
driven way, where adjustable attention weights from each local neighbor perform as an
additional in uence factor besides the neural signals represented by edge weights. It
is worth noting that the traditional designs of graph attention mechanisms on general
graphs usually do not take the edge attributes (i.e., connection weights in the brain
network scenario) into consideration. However, for brain networks, the correlation
between two regions contains meaningful biomedical information and might be helpful
for graph-level tasks. In this paper, we design several attention-enhanced message

passing mechanisms including:

~ Attention weighted This is the original GAT [249] on general graphs without
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involving edge attributes. The message from nodg to v; is weighted by the

corresponding attention score j; as
mi =h; (2.9)
The j is calculated from a single-layer feed-forward neural network parame-

terized by a weight vectora, followed by the LeakyReLU nonlinearity ,
exp a [ xik xj] _

ken (o ig€XPC @ [ xik  xi])’

where is a learnable linear transformation matrix.

=P

i = (2.10)

Edge weighted w/ attn This is the attention-enhanced version oédge weighted
message passing in Eq. 2.4. The message frgnto v; is obtained as the multi-
plication of nodev;'s representationh;, the edge weightw; and the attention
score j in Eq. 2.10,

mj =hp o owye (2.11)

A

Attention edge sum This is another version of attention-enhanceddge weighted
(Eq. 2.4) message passing. The edge weight and the attention score j are

rst summed, then used as the impact factor on the node embeddiry,

my =hj (5 + w): (2.12)

Node edge concat w/ attn This is the attention-enhanced version ohode edge
concat (Eq. 2.7) message passing, where the attention scorg (Eq. 2.10)
between nodev; andv; is multiplied on the node representatiorh; before con-

catenation, followed by a MLP,

mi =MLP(hi k(h; ) kw): (2.13)

Node concat w/ attn: This design corresponds to the attention-enhanced version
of node concat(Eq. 2.8) message passing, where the attention scorg (Eq.

2.10) between node; and nodey; is multiplied on the node representatiorh;
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before concatenation, followed by a MLP,

mj =MLP(hi k(hj §)): (2.14)

2.3.4 Pooling Strategies

In the second phase of GNNs, a feature vector for the whole gragh is computed
using the pooling strategyR, where

Oh= R(fhyjw 2G,9): (2.15)
The pooling function R operates on the set of node vectors and is invariant to per-

mutations of the node vectors. In this paper, we cover three basic global pooling

operators [84, 180]:

" Mean pooling The graph-level representation is obtained by averaging node
features. For each single grapks,, the graph-level representation is computed
as

1 N

9= D (2.16)
k=1

" Sum pooling The graph-level representation is obtained by summing up all node
features. For each single grapks,, the graph-level representation is computed

as

X
g = hg (2.17)
k=1

" Concat pooling The graph-level representation is obtained by concatenating
node features of all nodes contained in the graph. For each single gra@h the

graph-level representation is computed as

gh= ki, hy=hikhyk i khy: (2.18)

Note that there are also other complex pooling strategies such as hierarchical pooling
[296], learnable pooling [83] and clustering readout [118], which are usually viewed

as independent GNN architecture designs that are not de ned based on combinative
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Table 2.1: Dataset summarization.

Dataset Modality # Samples Atlas Size Response  # Classes
HIV fMRI 70 AAL 116 90 90 Disease 2
PNC fMRI 503 Power 264 232 232 Gender 2
PPMI DTI 754 Desikan-Killiany 84 84 Disease 2

ABCD fMRI 7,901 HCP 360 360 360 Gender 2

modules. Here we include the representative method of Di Pool [296] to provide a

view of the comparison between basic and more complex pooling methods.

2.3.5 Experimental Analysis and Insights

In this section, we show experimental results on brain networks generated from real-
world neuroimaging studies with di erent GNN modular designs. Varying each design
dimension under each module results in a total of 375 di erent architectures. Note
that here we do not aim to cover all combinations, but to quickly nd a relatively
good one. Furthermore, we emphasize that the design space can be expanded as new

design dimensions emerge.

Experimental Settings

Datasets To establish a benchmark for generic brain network analysis models, we
include four datasets processed and constructed from di erent neuroimaging modali-
ties, speci cally fMRI (HIV [155], PNC'8, ABCD#*) and dMRI (PPMI %), based on dif-
ferent brain atlas. For the HIV and PPMI datasets, the task is to classify patients from
healthy control (Patient, Normal Control); while for the PNC and ABCD datasets, the
task is gender prediction (Male, Female). We intentionally cover such a diverse set of
datasets from di erent modalities (and preprocessing procedures/parcellations/tasks),
because our purpose is to establish a benchmark for generic brain network analysis
models. Thus observations on a diverse set of datasets can be more instructive for
methodology focused studies. All the datasets we used have been visually checked by

imaging experts in our team for quality control. Among these four datasets, PNC,

Bhttps://www.nitrc.org/projects/pnc
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PPMI, and ABCD are restrictively publicly available ones that can be requested and
downloaded from their o cial website. The dataset information is summarized in
TABLE A.1. Since the datasets can be acquired from multiple sites, multisite is-
sues need to be addressed when performing the analysis on the constructed networks.
Over the past few years, ComBat techniques [29, 75] from the microarray literature
have started to be used more frequently to deal with multi-site batch e ects. Since
our benchmark focuses more on a comprehensive overview of brain network construc-
tion and e ective GNN designs for brain networks, advanced methods for handling
multi-site issues are out of the scope of this work. Interested readers can refer to

[30, 13, 196, 285, 195] for more advanced multisite data handling methods.

" Human Immunode ciency Virus Infection (HIV): This dataset is collected
from the Chicago Early HIV Infection Study at Northwestern University [200].
The clinical cohort includes fMRI imaging of 70 subjects, 35 of which are early
HIV patients and the other 35 are seronegative controls. The preprocessing
includes realignment to the rst volume, followed by slice timing correction,
normalization, and spatial smoothness, band-pass lItering, and linear trend
removal of the time series. We focus on the 116 anatomical ROIs [244] and
extract a sequence of time courses from them. Finally, brain networks with
90 cerebral regions are constructed, with links representing the correlations

between ROls.

Philadelphia Neuroimaging Cohort (PNC): This rs-fMRI dataset is from the
Brain Behavior Laboratory at the University of Pennsylvania and the Children's
Hospital of Philadelphia. 289 (57.46%) of the 503 included subjects are female,
indicating this dataset is balanced across genders. The regions are parcellated
based on the 264-node atlas de ned by Power et al. [197]. The preprocessing
includes slice timing correction, motion correction, registration, normalization,

removal of linear trends, bandpass Itering, and spatial smoothing. In the re-
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sulting data, each sample contains 264 nodes with time-series data collected
through 120 time steps. We focus on the 232 nodes in the Power's atlas associ-

ated with major resting-state functional modules [224].

Parkinson's Progression Markers Initiative (PPMI): This dataset is from a
collaborative study for Parkinson's Research to improve PD therapeutics. We
consider the DTI acquisition of 754 subjects, with 596 Parkinson's disease pa-
tients and 158 healthy controls. The raw data are rst aligned to correct for
head motion and eddy current distortions. Then the non-brain tissue is removed
and the skull-stripped images are linearly aligned and registered. 84 ROIls are
parcellated from T1-weighted structural MRI based on the Desikan-Killiany'
cortical atlas [54] and the brain network is reconstructed using the determinis-

tic 2nd-order Runge-Kutta (RK2) whole-brain tractography algorithm [314].

Adolescent Brain Cognitive Development Study (ABCD)This study recruits
children aged 9-10 years across 21 sites in the U.S. Each child is followed into
early adulthood, with repeated imaging scans, as well as extensive psychological
and cognitive tests [24]. After selection, 7,901 children are included in the
analysis, with 3,961 (50.1%) female. We use rs-fMRI scans for the baseline
visit processed with the standard and open-source ABCD-HCP BIDS fMRI
Pipeline'?. After processing, each sample contains a connectivity matrix whose
size is 360 360 and BOLD time-series for each node. The region de nition is

based on the HCP 360 ROI atlas [81].

Structural connectivity and functional connectivity are di erent in their strength

and sparsity, thus need to be handled dierently. For structural connectivity, we

normalize the edge weights by dividing each value by the maximum value in a sample.

The processed edge weights are thus ranged from 0 to 1. For functional connectivity,

we follow common practice to remove the negative values for GNNs that cannot handle
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negative values (like GCN), and keep them for GNNs that can handle negative values

(like GAT).

Baselines For comprehensiveness, we compare our modular design with competi-
tors of both shallow and deep models. The shallow methods we consider include M2E
[154], MPCA [162], and MK-SVM [63], where the output graph-level embeddings
are evaluated using logistic regression classi ers. Speci cally, M2E is a partially-
symmetric tensor factorization based method for brain network analysis, and it has
been empirically compared with spectral embedding clustering methods such as SEC
[183] or spectral learning frameworks such as AMGL [184]; MPCA is proposed for
the feature extraction and analysis of tensor objects such as neuroimaging; multiple
kernel SVM (MK-SVM) is essentially an extension of the conventional SVM algo-
rithm and has been applied for the analysis of functional and structural connectivity
in Alzheimer's disease. We also include two state-of-the-art deep models speci cally
designed for brain networks: BrainGNN [146] and BrainNetCNN [120]. The message
passing in BrainGNN is Edge weighted and it further leverages additional regional
information (such as coordinates or ROI ordering based one-hot embeddings) to as-
sign a separate GCN kernel for each ROl where ROIs in the same community are
embedded by the similar kernel and those in di erent communities are embedded in
di erent ways, but this will introduce a lot of additional model parameters and make
the model hard to train. On the other hand, BrainNetCNN models the adjacency
matrix of a brain network as a 2D image and does not follow the message passing
mechanism as we discussed in Section 2.3.2. Note that the purpose of our paper,
and of most benchmark papers, is not to establish superior performance of a certain
method, but rather to provide an e ective and fair ground for comparing di erent

methods.
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Implementation Details The proposed model is implemented using PyTorch 1.10.2
[192] and PyTorch Geometric 2.0.3 [72]. A Quadro RTX 8000 GPU with 48GB of
memory is used for model training. The optimizer we used is Adam. We train all
of our models through 20 epochs, and the learning rate is 1e-3. We use a weight
decay of 1e-4 as a means of regularization. The loss function is cross entropy. Hyper-
parameters are selected automatically with an open-source AutoML toolkit NI
Please refer to our repository for comprehensive parameter con gurations. When tun-
ing the hyperparameters, we rst split the dataset into a train set and a test set with
the ratio of 8:2. The k-fold validation is performed on the train set, where we further
divide the train set into 10 parts and take one in each run to use as the validation set.
The selection of the best hyperparameter is based on the average performance of the
model on the validation sets. The reported metrics in Table I, on the other hand, is
the average performance on the test set, with each run trained on di erent train sets.
The competing methods are also tuned in the same way. For BrainGNN, we used
the author's open-source cod® For BrainNetCNN, we implemented it by ourselves
with PyTorch, which is publicly available in our BrainGB packagé'. For the hyper-
parameter tuning, we selected several important hyper-parameters and performed the
grid search on them based on the provided best setting as claimed in their paper. To
be specic, for BrainGNN, we searched for di erent learning rates irf 0.01, 0.005,
0.001g with di erent feature dimensions inf 100, 20@ and the number of GNN layers

in f2, 3g. For BrainNetCNN, we searched for di erent dropout rates inf0.3, 0.5,
0.7g with learning rates in f0.001, 0.0005, 0.00@land the number of layers in MLP

in f1, 2, 3. The reported results of these two baselines in Table Il are from the
best performing groups, where for BrainGNN, the learning rate is 0.01, the feature

dimension is 200 and the number of GNN layers is 2, and for BrainNetCNN, the

Phttps://github.com/microsoft/nni
20https://github.com/xxlya/BrainGNN_Pytorch
2Inttps://github.com/HennyJie/BrainGB
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Table 2.2: Performance report (%) of di erent message passing GNNs in the four-
modular design space with other two representative baselines on four datasets. We
highlight the best performed one in each module based on AUC, since it is not sensitive
to the changes in the class distribution, providing a fair evaluation on unbalanced
datasets like PPMI.

HIV PNC PPMI ABCD
Module Method
Accuracy F1 AUC Accuracy F1 AUC Accuracy F1 AUC Accuracy F1 AUC
Identity 50.0Q000 33.33000 46.7310s7  57.34017 36.44017 52.584m 79.250x 44.2koms 59.656 49.9%01z  33.32006 50.0Q020
Node Eigen 65.7L206 65.45200 65.3k2e0  51.4Qs02 48.63s:2 50.187s7 74.09277 47.36sz 49.2kiss 50.790s2 50.790s  51.18116
Features Degree 442955 35.5Q610  42.04:00 63.89227 59.69sss 70.25:3  79.52:: 49.4Qs1  59.73::m 6346120 63.4516 68.1614
Degree pro le 50.0Q000 33.33000  50.0Q 000 5140722 33.80:2 50.0Q000 77.02107 49.45:5 58.65240 49.920u  33.3000s  50.0Q000
Connection pro le 65.7k 1385 64.1k1s00  75.10:1605 69.83415 66.2Q0474 76.69:500  77.99278 5296452 65.77:400 824210z 82.3020e 91.33:0m
Edge weighted 50.0Q00 33.33000  49.8Q420 64.8%s540  59.70700  69.98410  79.25020 44.2kooe  62.26200 744711 7436122 823714
Message Bin concat 50.0Q000 33.33000 49.3902  54.74ss 36.42307 61.68301 79.2502 44.2koes  52.6Z716 53.72ss1 43.26124s 61.8657

Edge weight concat 51.43206 44.3Gsss  48.161015  63.68::m 60.2%Zser  67.34302  79.2502¢ 44.2koms  59.72:5 645910 64.3Q1  70.63102
Node edge concat 65.7k1sss  64.1k100 7510105 69.83:15 66.2Q47  76.69s00  77.9927 5296452 65.7%a00  82.42105 82.30206 91.3307
Node concat 70.00:59: 68.831s7 77.96:820  70.6323s 67.121: 78.32:142 78.4Liee 5446300 68.34:18 80.5022r 80.1024r 91.36: 0

Attention weighted 50.0000 33.33000  49.8Qes 65.09221  60.74480  69.79420  79.2502¢ 44.2%oce  63.24377  77.74oer  77.70:00  85.1Q110

Message Edge weighted w/ attn ~ 50.0Q000 33.33000 42.041ss  62.90:22 61.140sr 69.742r  79.25024 44.2%oos  54.92:00 78.0416 77.8k2:a  86.860s
Passing Attention edge sum 51.43700 49.13s6s 54.491567  61.5L2ss 55.3647 69.383s0  79.1kow 4417012 60.4Z62 75.7kisz  75.591e  83.780a
w/ Attention  Node edge concat w/ attn 72.86 14 72.521u7  78.3%wss  67.66s07  64.69s%  74.52120 77.3Q1s2 50.96420 63.93:s 83.1Qosr 83.030s2 91.85:02
Node concat w/ attn 71.4300: 7047025 82.04:1u2 68.856s2 64.291015 75.36:500 78.4Lkiss 49.981e7 68.14:50 83.190ss  83.120e 91.550s

Passing

Mean pooling 4714153 417k 58.781ss  66.8623s 61.394s 742033  79.2502¢ 44.2Loos  59.64ss 811303 81.060s 88.491n

Pooling Sum pooling 5714000 52231265 57.961u1s  60.13267 53.967e1 66.1ksz  79.390s2 47.68:12 61.29:u 77.4837 76.964s  87.90Q0ss

Strategies Concat pooling 65.7kes  64.1k1ee 7510105  69.83415 66.2Q47 76.69:500  77.9925s 5296452 65.77:400 82.4210: 82.30208 91.33:07

Di Pool 72862119 70.22201 76.57:1736 62721200 759542 64.0816m 78.423:5 56.586m 63.0%Z77  76.4514  76.351:2  83.9212

Shallow M2E 57141917 53.7kws 57.5Qwn  53.76se 46.1Q60  49.70s16  78.6917 45.8kar  50.3925 50.1Q190 49.95:s  50.1Q190

Baselines MPCA 67.14 2025 642824 69.1%2017 76.762: 75.95:2  76.05::%  79.150s 44.1801s 50.0Q000 88.941s 88.941s  88.941e

MK-SVM 65.71700 62.08740  65.8374  78.38s00 77.58ses  77.57ses  79.150s7 44.1801s  50.00000 89.42007 89.420s7  89.420

Deep BrainNetCNN 60.2k1716  60.121355  70.934m  71.93:0 69.94s:2 785032 77.24200 50.24:00 58.76s0s  85.Los 85.% 085 93.5 03
Baselines BrainGNN 62.98 1115 60.45s06  68.03016  70.624es 68.93401  77.53322 79.1712 44.19:1 452636 OOoM OooM OooM

dropout rate is 0.3, the learning rate is 0.0001 and the number of layers in MLP is 3.
The metrics used to evaluate performance are Accuracy, F1 score, and Area Under
the ROC Curve (AUC), which are widely used for disease identi cation. To indicate
the robustness of each model, all the reported results are the average performance of

ten-fold cross-validation conducted on di erent train/test splits.

Performance Report

Node Feature  On comparing node features, we set the other modules as the well-
performed settings in individual tests. Speci cally, we usaode edge concain Eq. 2.7

as the message passing scheme, aodcat poolingin Eq. 2.18 as the pooling strategy.
Our experimental results demonstrate that theconnection prole  which uses the
corresponding row in the adjacency matrix as the node features achieves the best
performance across all datasets, with up to 33.99% improvements over the second-
best, degree on ABCD. We believe this is because theonnection pro le captures
the whole picture of structural information in the brain network, and preserves rich

information on pairwise connections that can be used to perform brain parcellation.
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In general, the structure node features (e.gdegreg connection pro le) perform better
than the positional ones (e.g.jdentity, eigen), indicating that the overall structural
information of graph and the structural role of each node are important in the task
of brain network analysis. This conclusion is consistent with previous ndings in the
literature that structural arti cial node features work well for graph-level tasks on

general graphs [43].

Message Passing To study the e ectiveness of di erent message passing schemes,
we initialize the node features withconnection pro le and apply the concat pool-
ing to produce graph-level representations, which both perform best when examined
separately in each module. Our results reveal thatode concat (Eq. 2.8) mes-
sage passing has the highest AUC performance across four datasets, followeddole
edge concat(Eq. 2.7), which achieves a similar AUC performance with sometimes
slightly better accuracy and F1 scores (ABCD). The performance superiority of the
last two methods may arise from their advantage of reinforcing self-representation of
the central node during each step of message passing. This helps to retain the orig-
inal information from the last step and avoid over- tting towards a biased direction

in the optimization process. Surprisingly, the edge involvedode edge concaper-
forms slightly worse than the purenode concat though the gap gets closer on larger
datasets. This indicates that encoding edge weights as a single value may not be

useful when the global structure has already been used as the initial node features.

Attention Enhanced Message Passing When evaluating the e ectiveness of

di erent attention-enhanced message passing schemes, we set the node features as
connection pro le and apply the concat pooling strategy, just as for the evaluation

of message passing without attention mechanisms. It is shown thabde concat

w/ attn (Eq. 2.14) andnode edge concat w/ attn  (Eq. 2.13) yield very close

results across four datasets and they alternately perform the best. Furthermore, the
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attention-enhanced version achieves better outcomes most of the time (up to 5.23%
relative improvements) vs. the corresponding message passing architecture without
attention. This demonstrates the e ectiveness of utilizing learnable attention weights
in the GNN aggregation and update process in addition to the xed edge weights.
Also, node edge concat w/ attrsurpassesiode concat w/ attnon larger datasets (e.g.,
ABCD), which may imply potential advantages of involving edge weights into message

design when there are enough training samples.

Pooling Strategies  For studying pooling strategies, we employ theode edge con-
cat (Eq. 2.7) as the message passing scheme amhnection pro le as the initial
node features. Our ndings reveal that theconcat pooling strategy (Eqg. 2.18) con-
sistently outperforms the other two methods across all four datasets. This is likely
because whertoncat is used, the nal node representations of all the brain regions
are kept in the graph-level representation for classi ers. The other two paradigms,
on the other hand, obtain a graph-level embedding with the same dimension of node
features. Thus they lose some information that could be helpful for graph-level pre-
diction tasks. Though concat does not ensure permutation invariance, it is actually
not needed for brain network analysis since the node order given a parcellation is
xed. The compared hierarchical pooling methodi Pool demonstrates some ad-
vantages on the small HIV dataset but fails to surpass the simpl@ncat pooling on

three other larger datasets.

Other Baselines  In general, we expect deep models like GNNs to perform better on
larger datasets. For example, the performance of GNN models on the ABCD dataset
clearly surpasses all shallow models by about 2 percent. However, this trend should
not prohibit one from experimenting with GNN models on smaller datasets. GNNs
do perform well on some small datasets, such as the HIV dataset. Despite running on

a small dataset, GNN models in BrainGB have an over 5% advantage over all shallow
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models. As for the deep baselines, BrainGNN can be out-of-memory (OOM) on large
datasets. The best combination based on our modular design outperforms BrainGNN
on all four datasets (HIV, PNC, PPMI and ABCD) and achieves comparable results

with BrainNetCNN in most cases especially on smaller datasets. These ndings prove
the need to carefully experiment with our modular designs of GNNs before further

developing more complicated architectures, which might over t certain datasets.

Insights on Density Levels Functional connectivity and structural connectivity
have distinctive di erences in sparsity levels. Functional networks like ABCD are fully
connected. Structural networks like PPMI contain approximately 22.64% edges on
average. Through our experiments, we found sparsity levels do have an impact on the
choices of hyperparameters. For example, GNNs on the sparser structural networks of
PPMI reach the maximum performance with a hidden dimension of 64, whereas on the
functional network of ABCD, they have an optimal hidden dimension of 256, which
indicates that GNN models should more complicated with more learnable parameters
when the input networks are denser. This observation can be instructive for designing

GNN architectures on brain networks constructed from di erent modalities.

2.3.6 Discussion and Extensions

In this paper, we rst present BrainGB, auni ed, modular, scalable and reproducible
framework for brain network analysis with GNNs. While the dataset generation,
baselines, and evaluations we provide in BrainGB are thorough, we consider several

limitations in the current paradigm:

" The aggregation mechanism in GNN is known to be e ective for node-level
tasks with the e ect of node feature smoothing, and for graph-level tasks due
to its capability in structure di erentiation. However, for brain networks, what

kinds of graph structures (e.g., communities, subgraphs) are e ective beyond



37

the pairwise connections are still unknown.

" The small size of neuroimaging datasets may limit the e ectiveness and gener-

alization ability of complex deep learning models.

Towards these two limitations, we envision several future directions that can be po-

tentially helpful to fully unleash the power of GNNs for brain network analysis:

" Neurology-driven GNN designs: to design the GNN architectures based on neu-
rological understandings of predictive brain signals, especially disease-speci c

ones.

Pre-training and transfer learning of GNNs: to design techniques that can train
complex GNN models across studies and cohorts [292]. Besides, information
sharing across di erent diseases could lead to a better understanding of cross-

disorder commonalities.

2.4 Interpretable Brain Network Inference

Human brains lie at the core of complex neurobiological systems, where the neurons,
circuits, and subsystems interact in enigmatic ways. Understanding the structural
and functional mechanisms of the brain has long been an intriguing pursuit for neuro-
science research and clinical disorder therapy. Mapping the connections of the human
brain as a network is one of the most pervasive paradigms in neuroscience. Graph
Neural Networks (GNNs) have recently emerged as a potential method for modeling
complex network data. Deep models, on the other hand, have low interpretability,
which prevents their usage in decision-critical contexts like healthcare. To bridge
this gap, we propose an interpretable framework to analyze disorder-speci ¢ Regions
of Interest (ROIs) and prominent connections. The proposed framework consists of

two modules: a brain-network-oriented backbone model for disease prediction and
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a globally shared explanation generator that highlights disorder-speci ¢ biomarkers
including salient ROIs and important connections. We conduct experiments on three
real-world datasets of brain disorders. The results verify that our framework can
obtain outstanding performance and also identify meaningful biomarkers. All code

for this work is available at https://github.com/HennyJie/IBGNN.git

2.4.1 Introduction

Brain networks (a.k.a the connectome) are complex graphs with anatomic regions
represented as nodes and connectivities between the regions as links. Interpretable
models on brain networks for disorder analysis are vital for understanding the biolog-
ical functions of neural systems, which can facilitate early diagnosis of neurological
disorders and neuroscience research [177]. Previous work on brain networks has stud-
ied models from shallow to deep, such as graph kernels [109], tensor factorizations
[154], and convolutional neural networks [121, 146].

Recently, Graph Neural Networks (GNNs) attract broad interest due to their
established power for analyzing graph-structured data [126, 251]. Compared with
shallow models, GNNs are suitable for brain network analysis with universal expres-
siveness to capture the sophisticated connectome structures [175, 40, 329, 292]. How-
ever, GNNs as a family of deep models are prone to over tting and lack transparency
in predictions, preventing their usage in decision-critical areas like disorder analysis.
Although several methods have been proposed for GNN explanation [297, 168, 252],
most of them focus on node-level prediction tasks and will produce a unique expla-
nation for each subject when applied to graph-level tasks. However, for graph-level
connectome-based disorder analysis, it is recognized that subjects having the same
disorder share similar brain network patterns [117], which means disorder-specic
explanations across instances are preferable. Moreover, brain networks have unique

properties such that directly applying vanilla GNN models will obtain suboptimal
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performance.

In this work, we propose an interpretable GNN framework to investigate disease-
speci ¢ patterns that are common across the group and robust to individual image
quality. Meanwhile, the group-level interpretation can be combined with subject-
speci ¢ brain networks for di erent levels of interpretation. As shown in Fig. 3.16,
it is composed of two modules: a backbone model IBGNN which adapts a message
passing GNN designed for connectome-based disease prediction and an explanation
generator that learns a globally shared mask to highlight disorder-speci ¢ biomarkers
including salient Regions of Interest (ROIs) and important connections. Further-
more, we combine the two modules by enhancing the original brain networks with
the learned explanation mask and further tune the backbone model. The resulting
model, which we term IBGNN+ for brevity, produces predictions and interpretations
simultaneously.

Through experiments on three real-world brain disorder datasets (i.e. HIV, BP,
and PPMI), we show our backbone model performs well across brain networks con-
structed from di erent neuroimaging modalities. Also, it is demonstrated that the
explanation generator can reveal disorder-speci ¢ biomarkers coinciding with neuro-
science ndings. Last, we show that the combination of explanation generator and

backbone model can further boost disorder prediction performance.

2.4.2 Preliminaries

Brain Network Analysis Brain networks are complex graphs with anatomic Re-
gions of Interest (ROIs) represented as nodes and connectivities between the ROIs
as links [182]. In recent years, the analysis of brain networks has become increas-
ingly important in neuroimaging studies to understand human brain organization
across di erent groups of individuals [228, 210, 51, 260, 300]. Abundant ndings in

neuroscience research suggest that neural circuits are highly related to brain func-
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tions, with aberrations in these neural circuits being identi ed in diseased individuals
[105, 267, 144].

Formally, in the task of brain network analysis, the input is a brain network dataset
D = fG,;yngh.; consisting ofN subjects, whereG, = fV,; E,g represents the brain
network of subjectn and vy, is the subject's label of the prediction, such as neural
diseases. IrD, the brain network G, of every subjectn involves the same set oM
nodes de ned by the ROIs on a speci ¢ brain parcellation, i.e8n;V, = V = fvig¥, .
The di erence across subjects lies in the edge connectidgsamongM brain regions,
which are often represented by a weighted adjacency matriéd , 2 RM M describing
the connection strengths between ROIs. The edge weights\i are real-valued and
the edges are potentially dense and noisy. The model outputs a predictignféor each
subjectn, which can be further analyzed in terms of features and biomarkers.

Given brain networks constructed from di erent modalities such as Di usion Ten-
sor Imaging (DTI) and functional Magnetic Resonance Imaging (fMRI) [20, 331, 102],
e ective analysis of the neural connectivities of di erent label groups (e.g., disease,
gender) plays a pivotal role in understanding the biological structures and functions of
the complex neural system, which can be helpful in the early diagnosis of neurological
disorders and facilitate neuroscience research [177, 284, 149, 223, 215, 46, 98]. Pre-
vious models on brain networks are mostly shallow, such as graph kernels [109] and
tensor factorization [92, 155], which are unable to model the complex graph structures

of the brain networks [71].

Graph Neural Network Graph Neural Networks (GNNs) have revolutionized the
eld of graph modeling and analysis for real-world networked data such as social
networks [126], knowledge graphs [212], protein or gene interaction networks [280],
and recommendation systems [272]. The advantage of GNNs is that they can combine

node features and graph structures in an end-to-end fashion as needed for specic
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prediction tasks. A generic framework of GNN could be represented in two phases.
In the rst phase, it computes the representatiorh; of each nodey; 2 V,, by recursively
aggregating messages from's multi-hop neighborhood, wheren? is initialized with
node features. After getting the last-layer node representatiam(™), an extra pooling
strategy is adopted to obtain the graph representation. Thereafter, a Multi-Layer
Perceptron (MLP) can be applied to make predictions on the downstream tasks.

It is worth noting that brain networks are di erent from other real-world graphs
such as social networks or knowledge graphs, due to (1) the lack of useful initial node
(ROI) features on brain networks represented by featureless graphs, (2) the real-
valued connection weights that can be both positive or negative, and (3) the ROI
identities and their orders are xed across individual graph samples within the same
dataset. The design of GNN models should be customized to t the unique nature of
brain network data. Recently, there have been emerging e orts on GNN-based brain
network analysis [145, 146, 120, 16, 41, 329, 116, 234, 233]. However, these models are
only tested on speci c local datasets, mainly due to the convention in neuroscience
that researchers are more used to developing methods that are applicable to their
speci ¢ datasets and the regulatory restrictions that most brain imaging datasets are
usually restrictively public, meaning that quali ed researchers need to request access
to the raw imaging data and preprocess them to obtain brain network data, but they
are not allowed to release the preprocessed data afterwards. These challenges largely

prohibit the methodology development in computational neuroscience research.

2.4.3 Method

Problem de nition. The input to the proposed framework is a set o weighted
brain networks. For each networkG = (V;E;W), V = fv,g¥, is the node set
of sizeM de ned by the Regions Of Interest (ROIs) on a speci ¢ brain parcellation

[73, 217], with eachy; initialized with the node featurex;, E = V V is the edge set of
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Figure 2.4: An overview of our proposed framework. The backbone model is rstly
trained on the original data. Then, the explanation generator learns a globally shared
mask across subjects. Finally, we enhance the backbone by applying the learned
explanation mask and ne-tune the whole model.

brain connectome, andV 2 RM M is the weighted adjacency matrix describing the
connection strengths between ROIs. The model outputs a brain disorder prediction
¥ for each subjectn and learns a disorder-speci ¢ interpretation matrixm 2 RM M

that is shared across all subjects to highlight the disorder-speci ¢ biomarkers.

The backbone model IBGNN. Edge weights in brain networks are often deter-
mined by the signal correlation between brain areas, which may have both positive
and negative values, and thus cannot be handled correctly by conventional GNNs. To
avoid this issue and better utilize edge weights in the GNN model, we design an edge-
weight-aware message passing mechanism speci cally for brain networks. Speci cally,
we rst construct a message vectom; 2 RP by concatenating embeddings of a node

v; and its neighbory;, and the edge weightw; :
h [
m{’=MLP, h;hOwy (2.19)
wherel is the index of the GNN layer. Then, for each node;, we aggregate messages

from all its neighborsN; with the following propagation rule:
X
(= (rn .
h” = N Vigmij ; (2.20)
where is a non-linear activation function such as ReLU, anth” is initialized with
node featurex; re ecting the connectivity information in brain networks [43]. After

stacking L layers, a readout function summarizing all node embeddings is employed
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to obtain a graph-level embeddingg. Formally, we instantiate this function with

another Multi-Layer Perceptron (MLP) and residual connections:
X (L)
zZ= oy h{~’; g=MLP »(z2) + z: (2.21)
|
This backbone model IBGNN can be trained with the conventional supervised cross-

entropy objective towards ground-truth disorder prediction, de ned as
X

1 N
Lar = o, Onl0gM)+ (L ya)log(L  9u)): (2.22)
The globally shared explanation generator. A general paradigm to generate

explanations for GNNs is to nd an explanation graphG° that has the maximum
agreement with the label distribution on the original graphG = (V;E;W ), where
G can be a subgraph [297] or other variations of [168, 305]. However, these
explanation methods for GNNs mostly work on node-level prediction tasks and will
produce a unique explanation graph for each subject when applied to graph-level
tasks. On the other hand, directly using attention weights in some attention-based
GNN models [251, 307] as explanations is known to be problematic [106, 8]. Note
that brain networks have some unique properties. For example, the node number and
order are xed under a given atlas. Also, brain networks assume that subjects with
the same brain disorder have similar brain connection patterns. Therefore, a globally
shared explanation graphG° capture common patterns for specic disorders at the
group level is preferable.

In this work, we propose to learn a globally shared edge mask 2 RM M that
is applied to all brain network subjects in a dataset. Speci cally, we maximize the
agreement between the predictiong én the original graphG and y°on an explanation
graph G°= (V; E;W 9 induced by a masking matrixM , whereW °= W (M),
denotes element-wise multiplication, and denotes the sigmoid function. Formally

this objective is implemented as a cross-entropy loss:
1 X N X
W n=1

L mask =

:=1 1[9n = cJlogP (91 = ¥n | G): (2.23)
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where P Ezl P (9° =4, j G?) represents the conditional probability that the back-
bone model 's prediction ¥ on the masked graptG? is consistent with the prediction

¥, on the original graphG,,, C is the number of possible prediction labels. Besides, fol-
lowing the practice in GNNExplainer [297], we further apply two regularization terms
Lsps and Lene to encourage the compactness of the explanation and the discreteness

of the mask values, respectively:

X
I—sps: i M i;j ; I-ent = (M |Og(|\/| )+ (1 M )|Og(1 M )) (2'24)

The nal training objective is given as:
L=Lat + Lmaskt I—sps+ Lent ; (2.25)

where , and scale the numerical value of each loss item to the same order
of magnitude to balance their in uence. Our explanation generator will generate
a globally shared edge mask that can be used for all testing graphs to investigate

neurological biomarkers and highlight disorder-speci ¢ salient connections.

Enhancing the backbone with the learned explanations. The learned expla-
nation mask can further improve the disorder prediction considering that raw brain
networked data inevitably contain random noise. Speci cally, we enhance the original
backbone by applying essential disorder-speci ¢ signals. We note that this strategy is
compatible with any backbone model, not limited to our proposed IBGNN. We com-
bined the aforementioned two modules so that predictions and interpretations are
produced in a closed-loop for brain disorder analysis. We term the enhanced model
by IBGNN+ hereafter.

The whole training pipeline is summarized in Fig. 3.16. The original brain net-
works are rstly input to train the backbone model. Then, a globally shared explana-
tion mask is learned based on the backbone model and predictiop, » Finally, we
enhance the backbone model by highlighting salient ROIs and important connections

on the raw data and tune the backbone model again.
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Dataset acquisition and preprocessing. We evaluate our framework using three
real-world neuroimaging datasets of di erent modalities. Speci cally, groups in each
dataset have balanced age and gender portions and are collected with the same image
acquisition procedure.

" Human Immunode ciency Virus Infection (HIV): This dataset is collected
from Early HIV Infection Study at Northwestern University. It includes fMRI
imaging of 70 subjects, 35 of which are early HIV patients, and the others are
seronegative controls. We perform image preprocessing using the DPARSF
toolbox. The images are realigned to the rst volume, followed by slice timing
correction, normalization, spatial smoothness using an 8-mm Gaussian kernel,
band-pass lItering (0.01-0.08 Hz), and linear trend removing of the time series.
We focus on the 116 anatomical regions of interest (ROI), and extract a sequence
of responses from them. Finally, brain networks with 90 cerebral regions are
constructed, where each node represents a brain region and links are created
based on correlations between di erent brain regions.

" Bipolar Disorder (BP): This DTI imaging dataset is collected from 52 bipo-
lar | subjects and 45 healthy controls. We use the FSL toolbdk for pre-
processing which includes distortion correction, noise Itering, and repetitive
sampling from the distributions of principal di usion directions for each voxel.
Each subject is parcellated into 82 regions based on FreeSurfer-generated cor-
tical/subcortical gray matter regions.

Parkinson's Progression Markers Initiative (PPMI): This large-scale, publicly

available dataset* is from a collaborative study® to improve PD therapeutics.

22nttp://rfmri.org/DPARSF/
Zhttps://fsl.fmrib.ox.ac.uk/fsl/fslwiki/
24https:/iwww.ppmi-info.org/
2Shttps://www.michaeljfox.org/
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We consider brain imaging in the DTI modality of 754 subjects, 596 of whom
are Parkinson's disorder patients, and the rest 158 are healthy controls. The
raw data are aligned using the FSL eddy-correct tool to correct head motion
and eddy current distortions. The brain extraction tool (BET) from FSL is
used to remove non-brain tissue. The skull-stripped images are linearly aligned
and registered using Advanced Normalization Tools (ANT8). 84 ROls are
parcellated from T1-weighted structural MRI using FreeSurfef and the brain
network connectivity is reconstructed using the deterministic 2nd-order Runge-

Kutta (RK2) whole-brain tractography algorithm [314].

Experimental settings. The proposed model is implemented using PyTorch 1.10.2
[192] and PyTorch Geometric 2.0.3 [72]. A Quadro RTX 8000 GPU with 48GB of
memory is used for our model training. Hyper-parameters are selected automatically
with the open source AutoML toolkit NNI?8. We refer readers of interest to supple-

mentary materials for implementation details. All reported results are averaged of

ten-fold cross validation.

Baselines. We compare our proposed models, i.e., the backbone model IBGNN
and the explanation enhanced IBGNN+, with competitors of both shallow and deep
models. Shallow methods include M2E [154], MIC [214], MPCA [162], and MK-SVM
[63], where the output graph-level embeddings are evaluated using logistic regression
classi ers. We also include three representative deep graph models: GAT [250], GCN
[126], PNA [38] and two state-of-the-art deep models speci cally design for brain
networks: BrainNetCNN [121] and BrainGNN [146].

26http://stnava.github.io/ANTs/
2Thttps://surfer.nmr.mgh.harvard.edu/
28nttps://github.com/microsoft/nni
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Table 2.3: Experimental results (%) on three datasets, where * denotes a signi cant
improvement according to paired-test with p = 0:05 compared with baselines. The
best performances are in bold and the second runners are underlined.

HIV BP PPMI
Method
Accuracy F1 AUC Accuracy F1 AUC Accuracy F1 AUC

M2E 57.14 1017 53.7k 1080 57.5Q 1871 52.56 1356 51.65 123 5242152 78.6Q17s  45.8%anr 50.39 250
MIC 54.29 1505 53.63 1044 55.42 1010 62.6% 2052 63.0Q 2161 61.792074  79.1k216  49.65510 52.39 204
MPCA 67.14 2025 64.28 23.47 69.17 2047 52.56 1312 50.43 1490 52421360  79.150s7 4418018 50.0Q 000
MK-SVM 65.71: 7.0 62.08 749 65.83 741 57.0Q ss 41.08 1342 53.75 50 79.15 057 44,18 018 50.0Q 000
GCN 70.0Q 1251 68.35 1328 73.58 o9 55.56 136 50.7% u1s 61.552877  78.551ss  47.87 440 59.43 ces
GAT 71.43 1166 69.79 1083 77.1% 02 63.34 015 60.42 756 67.0% 505 79.02:125  45.85316 64.4Q 657
PNA 57.141278 4509 19.62 57.141273 637]‘& 11.34 55.541406 60.301189 7936 184 5176 10.32 54.7]:677
BrainNetCNN 69.24 1004 67.08 1111 72.09 1001 65.83 2064 64.74 1742 64.32 1372 55.20Q 1263 55.45415 52.54 102
BrainGNN 74.29 1210 73.49 1075 75.0Q 1056 68.0Q 1245 62.33 1301 74.2Q120s 69.1%000  44.19000 45.26 365
IBGNN 8214 105"  82.02108"  86.86 1" 73.19 1220 72.8%1200" 83.64061" 79.82.147 51.5846  70.656ss"

IBGNN+ 84.29: 1204 © 83.86:142" 88.57:108 76.33:1300  76.13:100" 84.61l:00s” 79.55160 56.58:743 72.76:067"

Prediction performance. The overall results are presented in Table 3.5. Both
our proposed models yield impressive improvements over SOTA shallow and deep
baselines. Compared with shallow models such as MK-SVM, our backbone model
IBGNN outperforms them by large margins, with up to 11% absolute improvements
on BP. Besides, the e ectiveness of our brain network-oriented design is supported by
its superiority compared with other SOTA deep models. Moreover, the performance of
the explanation enhanced model IBGNN+ can further increase the backbone by about
9.7% relative improvements, which demonstrates that IBGNN+ e ectively highlights
the disorder-speci ¢ signals while also achieving the benet of restraining random

noises in individual graphs.

2.4.5 Interpretation Analysis

Neural system mapping. The ROIs on brain networks can be partitioned into
neural systems based on their structural and functional roles under a specic par-
cellation atlas, which facilitates the understanding of generated explanations from a
neuroscience perspective. In this paper, we map the ROI nodes as de ned on each
dataset into eight commonly used neural systems, including Visual Network (VN),
Auditory Network (AN), Bilateral Limbic Network (BLN), Default Mode Network
(DMN), Somato-Motor Network (SMN), Subcortical Network (SN), Memory Net-
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(@) HIV HC (c) BP HC (e) PPMI HC

(b) HIV Patient (d) BP Patient (f) PPMI Patient

Figure 2.5: Visualization of salient ROIs on the explanation enhanced brain connec-
tion networks for Health Control (HC) and Patient. The color of regions represents

ROI's average importance in the given group. The bright-yellow color indicates a
high score, while dark-red indicates a low score.

work (MN), and Cognitive Control Network (CCN).

Salient ROIs.  We provide both group-level and individual-level interpretations to
understand which ROIs contribute most to the prediction of a speci ¢ disorder. On
the group level, we rank the most salient ROIs on the learned explanation mask by
calculating the sum of the edge weights connected to each node. Then on the indi-
vidual level, we use the BrainNet Viewer [273] to plot the salient ROIs on the average
brain connectivity graph enhanced by the learned explanation mask. For the HIV
disease, anterior cingulate, paracingulate gyri, and inferior frontal gyrus are selected
as salient ROIs. This complies with scienti ¢ ndings that the regional homogeneity
value of the anterior cingulate and paracingulate gyri are decreased [169] and lower
gray matter volumes are found in inferior frontal gyrus in HIV patients [147]. The
individual-level visualizations in Fig. 2.5(a)(b) show the di erence between Health
Control (HC) and HIV patients in those salient ROIs. For the BP disease, secondary

visual cortex and medial to superior temporal gyrus are selected as salient ROIs. This
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