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Introduction
• Alzheimer’s Disease (AD) is a progressive neurodegenerative 

disease and the most common cause of dementia with a 
multifactorial etiology

• Routinely collected health data may hold clues to causes
• These data pose challenges such as confounding1

• Adjusting for common causes (confounders1,2) reduces bias, 
while adjusting for common effects (colliders3,4) or intermediate 
variables (mediators5) is harmful, per the examples in Figure A

• Literature may hold clues about which variables to control for6,7

• Literature is incomplete8, machine reading has low recall
• This paper describes a pipeline to address these obstacles, 

investigating depression as a risk factor for AD9,10

Methods & Materials
• Figure B illustrates the  workflow for refining and knowledge mined 

from the literature using two machine reading systems11,12

• We use a PubMed query developed by health sciences librarian
○ AD-related literature published 2010 to 7/2021 from clinical studies

• We use a Knowledge Graph framework called PheKnowLator13 
developed by computational biologists to combine ontology-based 
resources after performing graph completion

• We search the KG for confounders, mediators, and colliders for the 
depression to AD relationship

• We translate standard epidemiological definitions of causal roles into 
SPARQL queries that identify potential covariates fulfilling the 
definitions for these variables

Results
• A total of 13,365 PubMed-indexed articles were returned 

from PubMed from which 226,997 subject-predicate-object 
triples were extracted by the machine readers, including 
10,020 unique UMLS concepts, and 2504 concepts were 
mapped to the merged ontologies in PheKnowLator

• Variable search methods identified  43 confounders, 16 
mediators, and 23 colliders that were clinical phenotypes

• 31 of the phenotype variables were solely confounders, 
while the other 27 conditions also fulfilled the criteria for 
other roles, as per Table A

• Curiously, phenotypes relating to hypersensitivity to blood 
glucose levels, e.g., hypoglycemia and T2DM, were 
identified in all three categories of causal variables

Discussion and Future Work
● The many identified confounders, mediators, and colliders 

confirm the complexity of third-factor variables
● Examples of potential confounders missed by the strategy 

include adverse childhood experiences, e.g., neglect by or 
death or mental illness of a parent14

Conclusion and Future Work
● The existence of problematic variables that fulfill multiple 

causal roles strongly suggests the value of a combined 
machine-human strategy

● The next steps include:
○ IRB-approved validation study using survey of AD  experts
○ Using the KG-derived adjustment sets to answer hypothetical 

causal questions about AD from EHR-derived data
○ Comparing KG-derived adjustments sets with traditional 

data-driven feature selection methods 
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Figure B. Workflow of the study

Table A. Example confounders (common causes), mediators (intermediate causes), and 
colliders (common effects) identified by searching the knowledge graph.

Causal Role Conditions
Confounder
only

amyloidosis, atrial fibrillation, cerebral atrophy, 
chronic infections disease, COPD, 
encephalopathies, hypercholesterolemia, 
hyperglycemia, hyperinsulinism, hypertension, 
hypoglycemia, hypotension, inflammation, 
leukoencephalopathy,  low tension glaucoma, 
migraines, myocardial infarc, non-alcoholic 
fatty liver disease, obesity, overweight, 
periodontal disease, Rickets, sleep apnea, 
vitamin D deficiency

Mediators 
only

anemia

Colliders only apraxias, encephalitis, falls, frontotemporal 
dementia, immune response, neurofibrillary 
degeneration, pneumonia, psychotic 
disorders, senile plaques, 

Confounders 
+ Colliders

atrophic lateral sclerosis, congestive heart 
failure, deglutition disorders, tauopathies

All three roles atherosclerosis, brain hemorrhage, 
cerebrovascular accident, diabetes mellitus, 
insulin resistance, ischemic stroke, 
malnutrition, obesity, Parkinsonian disorders

Figure A. Illustration 
depicts examples of 
confounders, 
mediators, and 
colliders. In (c.), 
fever (a collider) 
induces bias 
between influenza 
and food poisoning


