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What is a topological model?

Each node represents patient(s)
TDA produces topological models (graphs) where nodes correspond 

to either individual patients or group of patients within a clinical study  

Similar nodes are connected
Two nodes representing similar patients (in terms of predefined 

outcomes within certain stratifying bins) are connected with an edge
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What is a topological model?

Each node represents patient(s)
TDA produces topological models (graphs) where nodes correspond 

to either individual patients or group of patients within a clinical study  

Similar nodes are connected
Two nodes representing similar patients (in terms of predefined 

outcomes within certain stratifying bins) are connected with an edge

Discovery of subgroups
Communities of nodes in topological model reflect segmentation of 

patients which may indicate robust patterns within the data

Subgroup C

Subgroup B

Subgroup A
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TDA zooms in on robust patterns in data that are not affected by random noise!
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Robust geometric properties of dataset

No missing data

(starting dataset)
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Robust geometric properties of dataset

No missing data

(starting dataset)

50% missingness
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Robust geometric properties of dataset

No missing data

(starting dataset)

50% missingness 90% missingness
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Topological model 
of COVID-19 spread 
over the US
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Each node on the graph corresponds

to one county of the United States 

(total 3,142 nodes)
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Key components of Risk-Based Monitoring and Solutions
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Detection of systematic bias 
on sites using TDA

Key components of Risk-Based Monitoring and Solutions
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Prediction of the completion 
status of new subjects 

using TDA and GNN

Detection of systematic bias 
on sites using TDA

Key components of Risk-Based Monitoring and Solutions
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Introduction to Neural Networks 
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• NN can deal with a 

variety of tasks
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Neural Networks for predictive classification
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GNN iteratively 

aggregates 

information from 

each

node's local 

neighborhood, 

incorporating both 

the 

topological 

structure 

and 

node feature 
information
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Clinical trial site monitoring and bias detection
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Experiment data summary
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NIDA-CSP-1018

a multicenter safety trial of 

buprenorphine/naloxone for the 

treatment of opiate dependence

Bias detection experiment

582 patients, 38 sites

Study participation up to 12 months

>280 features: general health and vital signs, 

drug addiction, family history, employment status, etc. 

339 patients with baseline + 9 visits focused on the first 9 

weeks of the study, no more than one missed visit

Missing data imputed using LOCF method

Data included binary features (e.g., presence/absence of 

certain symptoms of opiate addiction) and numerical

features (e.g., temperature, respiratory rate)



Bias detection experiment
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TDA graph for pulse dynamics.  
The patients from site 622 are colored. The bias introduced is a constant shift by +10, 
the connectivity index of the unbiased data (left) is 0.03, 
the connectivity index of the biased data (right) is 0.28



Paper IC02 – PHUSE/FDA Challenge 32

Bias detection experiment

TDA graph with unbiased data 
for site 178 by pulse dynamics, 
respiration frequency, number 
of opiate symptoms and body 
temperature.

The similarity of the patients 
from site 178 by a number of 
different features is a signal to 
check the data gathering and 
processing on this site
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Starting graph 

(Topological Model 
of data) 

Coloring by completion: 

completed / 
not completed

White nodes model 
new patients (50%)

Labels predicted by GNN

Prediction of patients’ study completion status
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Comparison to other label prediction AI/ML methods
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Presentation takeaways

• We focus on two important challenges of RBM: 

– clinical trial site monitoring

– ongoing risk assessment related to inclusion of new patients 

• Several effective AI-enhanced tools are proposed to address these 

challenges based on a combination of Topological Data Analysis and 

Graph Neural Networks

• Two successful experiments are carried out to demonstrate and support 

proposed solutions

See our paper IC02 “Risk-based Monitoring Using AI/ML Detection of Systematic Bias in 

Clinical Data” for more details
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