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Outline of this presentation
• Proposed integrated framework: Network science, Graph-structured Data  

Science Approach, and Blockchain implementation to address HIV 
Inequities

• Brief Introduction to Social Network Analysis
• Empirical application of social network analysis and graph-based deep 

learning in HIV research
• Promise of Blockchain implementation to address access to PrEP care 

continuum for marginalized population



Key Components of the synthesized framework for 
addressing HIV inequities
• Social Network Analysis (SNA)

• Studying relationships and understanding social structures and dynamics and their 
impact on social phenomena

• Graph-based Deep Learning (GBDL)

• Learning and extracting features of complex network structures and individual 
attributes using deep learning techniques

• Blockchain concept/technology (Blockchain)

• The use of cryptography to secure data, decentralized governance, and distributed 
digital ledger technology to ensure security, transparency, and immutability in the 
storage, management, and sharing of data among stakeholders.



• Gain a more complete understanding of health inequities from a network perspective 
• Uncover hidden structural patterns
• Make accurate predictions
• Ensure data security and privacy
• Actively engage communities in the research process
• Inform targeted interventions and policy development
•         Creating a more inclusive and equitable health landscape.

Proposed integrated framework for graph-
structured data science approach and blockchain 
implementation within network science



Introduction to Social 
Network Analysis



Network Science is defined as the “study of the collection, management, 
analysis, interpretation, and presentation of relational data.”(p. 3 in Brandes, 
Robins, McCranie, & Wasserman, in Network Science (2013))

Social Network Analysis provides a common set of methodologies and analytical 
tools to visualize, measure, and make a statistical inference for various network 
characteristics (Wasserman & Faust, 1994). 

Network Science and Social Network Analysis

Sources: 
Brandes U, Robins G, McCranie A, Wasserman S. What is network science? (2013). Network science. 1(1):1-5.
Wasserman S, Faust K. (1994). Social network analysis: Methods and Applications.



Utilities of Social Network Analysis

Social network analysis permits us to:

Understand patterns of relationships and network structures  
• Visualize patterns
• Describe, measure, and model structural features
• Make statistical inferences about how relations are patterned

⚬        Exponential Random Graph Models (ERGMs)



• Social network data:
⚬ Recorded by edge list/dyad format or matrix representation 
⚬ Visualized by a graph
⚬ Structural characteristics are computed by matrix algebra or 

computer algorithms
￭ Network/Sub-network-level: density, network size
￭ Node-level: centrality, isolates

Handling social network data



Application of Social Network 
Method to HIV/STI Research



NIH/NIMH 1R01MH100021
 (PI: Fujimoto, K. & Schneider, J.A.) 2013-2018                

YMAP: Young Men’s Affiliation Project of 
HIV Risk and Prevention Venue



Use social network analysis to examine complex multilevel networks among 
younger sexual minority men aged 16-29 and venue and health organizations 
in Houston and Chicago

Description of YMAP



•  At phase I: Sample of venue representative form social& preventive venues
• 150 venues in Houston & Chicago

• Wave 1 (2014) 
• Wave 2 (2015)
• Wave 3 (2016)

•  At phase II: RDS Sample (Network-based link-tracing chain referral recruitment 
method) of 755 sexual minority men in Houston & Chicago

• Wave 1 (2014-15)
• Wave 2 (2015-16)

               The retention rate was 79%

Study design



• Social network data:
⚬ Recorded by edge list/dyad format or matrix representation 
⚬ Visualized by a graph
⚬ Structural characteristics are computed by matrix algebra or 

computer algorithms
￭ Network/Sub-network-level: density, network size
￭ Node-level: centrality, isolates

Handling social network data



Source: Fujimoto, K., Cao, M., Kuhns, L. M, Li, D. H., & Schneider, J. A. (2018). Statistical adjustment of network degree in respondent-driven 
sampling estimators: Venue attendance as a proxy for network size among young men who have sex with men. Social Networks, 54, 118–131. 



RDS Chains among YMSM for Chicago, excluding non-sprouted seeds 
(The longest recruitment chain per site was 9 waves, with 34 
seeds (constituting 9.0% of the sample) recruited)



RDS Chains among YMSM for Houston, excluding non-sprouted seeds 
(The longest recruitment chain per site was 18 waves, with 63 
seeds (constituting 16.7% of the sample) recruited)



•  Statistical method of directly modeling observed network
•  Test whether there are statistically significant                  

structural characteristics in the observed network
•  Assess if these characteristics are more likely to be 

observed in the network than randomly generated 
networks 

Statistical network model: Exponential 
Random Graph Modeling (ERGM)



𝒀 is a set of tie indicator variables 𝒀 
𝒚 is a realization, the observed network
𝒈(𝒚) is a vector of network statistics 
𝜽 is a parameter vector corresponding to 𝒈(𝒚) 
𝒌(𝜽) is a normalizing factor calculated by summing up 
𝐞𝐱𝐩 {𝜽^ʹ𝒈(𝒚)} over all possible network configurations

Formulation: ERGMs
ERGMs take the form of probability distribution of graph 
(for all tie-variables simultaneously)

𝑷(𝒀=𝒚)=𝟏/(𝒌(𝜽)) 𝐞𝐱𝐩{𝜽^ʹ 𝒈(𝒚)}



Empirical application of GCN using YMAP data

Source: Xiang, Y., Fujimoto, K., Schneider, J. A., Jia, Y., Zhi, D., & Tao, C. (2019). Network context matters: Graph convolutional network model over 
social networks improves the detection of unknown HIV infections among young men who have sex with men. Journal of the American Medical 
Informatics Association (JAMIA), 26(11), 1263–1271. 



Overview of ensemble approach GCN for modeling information flow and 
statistical machine learning methods (random forest and logistic regression)

GCN effectively increased the prediction of HIV status in the social Network, achieved 96.6% on 
accuracy and 94.6% on F1 measure, which outperformed the baseline methods



Empirical application of GAT using YMAP data

Source: Xiang, Y., Fujimoto, K., Li, F., Wang, Q., *Del Vecchio, N., Schneider, J. A., Zhi, D., & Tao, C. 
(2021). Identifying influential neighbors in social networks and venue affiliations among young MSM: A data science approach to predict HIV 
infection. AIDS, 35(Suppl 1), S65–S73. 



Empirical application of organizational 
network in PrEP care delivery system 
using YMAP



Multilevel collaboration network in PrEP care delivery system

Source: Fujimoto, K., Hallmark, C. J., Mauldin, R. L., Kuo, J. C., Smith, C., Del Vecchio, N., Kuhns, L. M., Schneider, J. A., & Wang, P. 
(In Press). Brokerage-centrality conjugates for multi-level organizational field networks: Toward a blockchain implementation to enhance 
coordination of healthcare delivery. (Eds.) Weber, M. S., & Yanovitzky, I. Networks, Knowledge Brokers, and the Public Policymaking. 
Springer International Publishing AG, Cham. 



Local structural configurations (motifs) 
Brokerage structures by Gould & Fernandez (1989) 
and our extension 

These were all significant positive estimates,  indicating that these structural configurations are more likely to be 
observed in the network than randomly generated networks. 

Letter B in the circles or squares represent broker organizations(s).



Results of important structural 
configurations that drive collaboration 
network in PrEP delivery system

We observe some bottleneck structures with a single 
broker or multiple brokers connected through the 
same pair of organizations. 



• At the individual level: PrEP uptake among most-at-risk younger MSM of color is low 
⚬ Social determinants of health such as unemployment, housing instability, incarceration, stigma, 

discrimination.
 medical mistrust and distrust.
• At the organizational level: The existing client referral system generate bottleneck and concentration 

of information and resources in the local PrEP referral network
⚬ PrEP referrals are made based on existing relationships with specific providers (i.e., within-

organizational referral), or a few prominent providers or health agencies 
                     generate hubs of information and resource flows, being incapable of handling                               
             sudden environmental changes (e.g., the COVID- 19 pandemic)
• At the community level: The existing client referral system may drive fragmented local PrEP care 

delivery system. 

Implementation challenges in local PrEP care 
delivery system in Houston



What is Blockchain?
• Distributed ledger technology, 
• Highly secured, decentralized database system that is maintained by every 

participant in a peer-to-peer (P2P) network without central authority as an 
intermediary. 

• Decentralized governance (consensus algorithms) and shared ownership.

Technological solution for PrEP implementation 
challenge: “Blockchain-based network intervention”



• Aim 1:
⚬ To develop a schema to capture the data elements that will be required to report 

HIV status information 
⚬ Time, date, type, location, result, of the HIV test).

• Aim 2:
⚬ To identify antecedent and anticipated implementation outcomes:
￭ Acceptability, feasibility, adoptability, implementability
￭ Potential determinants of implementing TestLinker among community 

stakeholders

Blockchain Project Aims/Objectives
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Thanks for your attention 
Any ideas?

Kayo Fujimoto, PhD, MS
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