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BACKGROUND

• Epidemic models are useful to develop effective interventions and assess their impact. 

• Network-based epidemic models can inform network-based prevention and treatment 
resource allocation (such as HCV ‘treat your friend’ strategy modelled by Margaret 
Hellard and team)



KEY CHALLENGE

• Molecular epidemiology supports investigation of disease dynamics through providing 
important information on mixing/transmission patterns by linking individuals with 
genetically similar viral sequences. 

• Limited examples of epidemic models incorporating such information.

• A limitation is that substantial data are missing as not everyone with HIV has a useable 
sequence collected, reported, and stored, and there is non-representative sampling
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AIM

Our study aims to develop and validate methods to reconstruct the characteristics of 
the true viral genetic network based on partially observed data, and apply the method to 
the HIV epidemic in Miami 



METHODS: INFERENCE WITH 
MISSING DATA 



STATISTICAL INFERENCE APPROACH

• Based on Bayesian inference

• The approach makes use of a flexible network model (congruence class model for 
networks) and leverages recent advances in graph enumeration. 

• Limited assumptions about network structure and missing data mechanism.

• Approach overcomes the double intractability estimation issues.
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VALIDATION: SIMULATION STUDY



VALIDATION OF APPROACH

Percentage Un-linked:

• Simulated: 13.5%

• Observed: 80.3%

• Reconstructed: 21.5%

Simulated full 
network

Partially observed 
network

Reconstructed 
network



APPLICATION TO HIV IN MIAMI



DIFFERENTIAL HIV SEQUENCE 
COVERAGE BY GROUP

Data among MSM only
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MIXING BY RACE/ETHNICITY AMONG 
MSM

• Substantially different mixing 
patterns across race/ethnic groups

• For example, in the observed 
network, viral genetic linkages from 
Black MSM have a 5% probability of 
connecting to a White MSM PWH.

• In reconstructed network the 
corresponding estimate is 18%.

Partially observed network Reconstructed network
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• Substantially different mixing 
patterns across risk groups

• For example, in the observed 
network, viral genetic linkages from 
MSM+PWID have a 2% probability 
of connecting to another 
MSM+PWID

• In reconstructed network the 
corresponding estimate is 33%.



DISCUSSION

• Developed a Bayesian approach to address missing data for large 
networks using CCMs

• Adjusting for missing data reveals higher levels of mixing across race 
and risk populations – informs injection drug use networks

• Next steps: 
• Expand to the entire population of PWH in Miami

• Incorporate into epidemic models that investigate different intervention 
scenarios and inform resource allocation for PWID and general population 



THANK YOU

This research is supported by grants from the National 
Institutes of Health (R01 AI-147441, R01 MH-132151 and P30 

AI-036214). 



REFERENCES

• 1. Kossinets, G. Effects of missing data in social networks. Soc. Netw. 28, 247–268 (2006).

• 2. Smith, J. A. & Moody, J. Structural effects of network sampling coverage I: Nodes missing at random. Soc. Netw. 35, 652–
668 (2013).

• 3. Smith, J. A., Moody, J. & Morgan, J. H. Network sampling coverage II: The effect of non-random missing data on network 
measurement. Soc. Netw. 48, 78–99 (2017).

• 4. Krause, R. W., Huisman, M., Steglich, C. & Snijders, T. Missing data in cross-sectional networks–An extensive comparison 
of missing data treatment methods. Soc. Netw. 62, 99–112 (2020).

• 5. Smith, J. A., Morgan, J. H. & Moody, J. Network sampling coverage III: Imputation of missing network data under different 
network and missing data conditions. Soc. Netw. 68, 148–178 (2022).

• 6. Wang, C., Butts, C. T., Hipp, J. R., Jose, R. & Lakon, C. M. Multiple imputation for missing edge data: a predictive 
evaluation method with application to add health. Soc. Netw. 45, 89–98 (2016).

• 7. Koskinen, J. H., Robins, G. L. & Pattison, P. E. Analysing exponential random graph (p-star) models with missing data using 
Bayesian data augmentation. Stat. Methodol. 7, 366–384 (2010).



REFERENCES

• 8. Handcock, M. S. & Gile, K. J. Modeling social networks from sampled data. Ann. Appl. Stat. 4, 5 (2010).

• 9. Caimo, A. & Friel, N. Bayesian inference for exponential random graph models. Soc. Netw. 33, 41–55 (2011).

• 10. Krause, R. W. & Caimo, A. Missing data augmentation for Bayesian exponential random multi-graph models. in 
International workshop on complex networks 63–72 (Springer, 2019).

• 11. Goyal, R. & Onnela, J. P. Framework for converting mechanistic network models to probabilistic models. ArXiv 
Prepr. ArXiv200108521 (2020).

• 12. Shalizi, C. R. & Rinaldo, A. Consistency under sampling of exponential random graph models. Ann. Stat. 41, 
508 (2013).

• 13. Handcock, M. S., Robins, G., Snijders, T., Moody, J. & Besag, J. Assessing Degeneracy in Statistical Models of 
Social Networks. (2003).

• 14. Snijders, T. A., Pattison, P. E., Robins, G. L. & Handcock, M. S. New specifications for exponential random 
graph models. Sociol. Methodol. 36, 99–153 (2006).

• 15. Mukherjee, S. Degeneracy in sparse ERGMs with functions of degrees as sufficient statistics. Bernoulli 26, 
1016–1043 (2020).



CONGRUENCE CLASS MODELS



MISSING NETWORK DATA

• Analyses based on exponential random graph models (ERGMs) can 
accommodate incomplete network data.6,7

Pros
• Inference can be both likelihood-

based8 and Bayesian.9
• Produce more reliable model 

parameter estimates than do 
simple alternatives, such as 
available cases, null-tie, and 
reconstruction.10 

• Flexible

Cons
• Restricted class of networks 

have a meaningful, interpretable, 
and realistic ERGM 
expression.4,11 

• Not transportable12

• Model degeneracy13–15

• High computation (Bayesian 
inference)9
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• Multinomial
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