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Genome-wide association studies (GWAS)
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Phenome-wide association studies (PheWAS) design
Step 1: “deep” phenotyping [Bush et al., 2016]
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Phenome-wide association studies (PheWAS) design
Step 2: genotyping [Bush et al., 2016]

• Expert knowledge
• PhenX
• Phenotype ontologies
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UK Biobank pheno/genotyping of half million individuals
[Bycroft et al., 2018]
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PheWAS reveals pleiotropic SNPs
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Electronic health records contain rich patient-level data
[Jensen et al., 2012]

Jensen et al., Nature Rev. Gen. 2012

• Clinical notes (unstructured free-form text)
• Billing code: International Classification of Disease (ICD-CM)
• Billing code: ICD Current Procedural Terminology (ICD-CPT)
• Lab tests: Logical Obs. Identifiers Names & Codes (LOINC)
• Pharmaceutical: Prescription data (RxNorm)
• Radiology, electrocardiogram, MRI, etc
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Rapid adoption of EHR in the US hospitals 2008-2015

ONC Data Brief ■ No. 35 ■ May 2016 

Adoption of Electronic Health Record Systems among 
U.S. Non-Federal Acute Care Hospitals: 2008-2015 

JaWanna Henry, MPH; Yuriy Pylypchuk, PhD; Talisha Searcy, MPA, MA; Vaishali Patel, PhD  

The adoption and meaningful use of electronic health records (EHRs) are key objectives of the 
Health Information Technology for Economic and Clinical Health (HITECH) Act of 2009 and 
the Federal Health IT Strategic Plan (1). This brief uses data from the American Hospital 
Association to describe trends in adoption of EHR technology among non-federal acute care 
hospitals from 2008 to 2015. It tracks the adoption of Basic EHR systems and the possession of 
certified EHR technology.  Unless otherwise stated, this brief refers to Basic EHR adoption with 
clinical notes, a measure which represents a minimum use of 10 core functionalities determined 
to be essential to an EHR system (see Table A1)(2).   

Basic EHR adoption increased while certified EHR adoption remained high. 

Figure 1: Percent of non-Federal acute care hospitals with adoption of at least a Basic EHR with notes system and 
possession of a certified EHR: 2008-2015. 

NOTES: Basic EHR adoption requires the EHR system to have a set of EHR functions defined in Table A1. A certified EHR is EHR technology that 
meets the technological capability, functionality, and security requirements adopted by the Department of Health and Human Services. Possession 
means that the hospital has a legal agreement with the EHR vendor, but is not equivalent to adoption.
*Significantly different from previous year (p < 0.05).
SOURCE: ONC/American Hospital Association (AHA), AHA Annual Survey Information Technology Supplement. 

� Nearly all reported hospitals (96%) possessed a certified EHR technology in 2015. 

� In 2015, 84% of hospitals adopted at least a Basic EHR system; this represents a 9-fold 
increase since 2008.  

� In 2015, Basic EHR adoption rates increased by 11 % from 2014.  

ONC Data Brief No. 35 |  Adoption of Electronic Health Record Systems among 
U.S. Non-Federal Acute Care Hospitals: 2008-2015 

4 

For all states, at least 6 in 10 hospitals adopted a Basic EHR. 

Figure 4: Percent of non-federal acute care hospitals with adoption of at least a Basic EHR system at the State-Level 
for years 2008, 2011, and 2015. 

NOTES: Basic EHR adoption requires the EHR system to have at least a basic set of EHR functions, including clinician notes, as defined in Table A1. 
Estimates for states shaded gray did not meet the standards for reliability (NR). See the Table A2 for a complete list of 2008, 2011, and 2015 hospital 
adoption by state.  
SOURCE: ONC/AHA, AHA Annual Survey Information Technology Supplement. 

 In 2015, hospital Basic EHR adoption rates were above 65% across all states, whereas in 
2008, all states had Basic EHR adoption rates at or below 22%. 

 In 2011, hospital adoption of Basic EHRs across a majority of states (n=28) was 
between 20 and 39%. 

 State-level hospital adoption of Basic EHR systems was 80% or higher in 35 states in 
2015, whereas no states in 2011 had hospital Basic EHR adoption rates at 80% or 
higher. 
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International Classification of Diseases (ICD)

8 1 0 0. 2

Category
Cause,
location

S 4 2 0. 2 2 A

Category Extension
Cause, location,
severity

19× more procedure codes
in ICD-10-PCS
(3,824 versus 71,924)
5× more diagnosis codes
in ICD-10-CM
(14,025 versus 69,823)

Increased use
of alpha coding

Translation using standardized
general equivalence mappings
available from the CDC’s 
National Center for Health 
Statistics

Finer description 
of laterality,
disease cause

Gross anatomy of ICD-9 and ICD-10 codes

ICD-9 structure

ICD-10 structure

ICD-9 taxonomy: https://icdlist.com/icd-9/index

ICD-10 taxonomy: https://icdlist.com/icd-10/index
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Focus of this talk: unsupervised learning of disease topics
to aid phenome-wide association studies
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Represent EHR as a bag of words

• We can expand EHR code count vector
nd in patient d into a long vector of code
indices xd of length equal to Nd

• Each patient EHR profile is a “document”

• Each record code is a “token”

• The i th token in document d is the i th

EHR code from patient d

• The total count of EHR “word” w in
patient document d is the sum of the
tokens that are word w :

nwd =
∑

i
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Document exhibits mixture of topics [Blei et al., 2003]

The William Randolph Hearst Foundation will give $1.25 million to Lincoln Center, Metropoli-
tan Opera Co., New York Philharmonic and Juilliard School. “Our board felt that we had a
real opportunity to make a mark on the future of the performing arts with these grants an act
every bit as important as our traditional areas of support in health, medical research, education
and the social services,” Hearst Foundation President Randolph A. Hearst said Monday in

announcing the grants. Lincoln Center’s share will be $200,000 for its new building, which
will house young artists and provide new public facilities. The Metropolitan Opera Co. and
New York Philharmonic will receive $400,000 each. The Juilliard School, where music and
the performing arts are taught, will get $250,000. The Hearst Foundation, a leading supporter
of the Lincoln Center Consolidated Corporate Fund, will make its usual annual $100,000

donation, too.
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Meng, X.∗, Wang, M., . . . , Li, Y.∗ (2022) Integrative PheWAS analysis in risk
categorization of major depressive disorder and identifying their associations with
genetic variants using a latent topic model approach. Translational Psychiatry
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Inferring multimodal topics from EHR1

1Li, Y.∗ et al. Inferring multimodal latent topics from electronic health records.
Nat Commun 11, 2536 (2020). [Li et al., 2020]
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Learning accurate phenotypes from EHR data
Challenges:
• noisy and sparse EHR
• topic interpretability and identifiability

Three strategies (trainees, . . . , ∗correspondence):

Modelling specialist-specific decision process:
• Song, Z., . . . , Li, Y.∗ (2021) Supervised multi-specialist topic model with

applications on large-scale EHR data. In 12th ACM Conference on
Bioinformatics, Computational Biology, and Health Informatics (ACM-BCB)

Leverage taxonomical knowledge graphs:
• Wang, Y., . . . , Li, Y.∗ (2022) A graph-embedded topic model enables

characterization of diverse pain phenotypes among UK Biobank individuals.
iScience 104390

• Zou Y., . . . , Li, Y.∗ (2022) Modeling electronic health record data using a
knowledge-graph-embedded topic model. arXiv.

Leverage expert-curated phenotype definitions as guides:
• Anjuha, Y., . . . , Li, Y.∗. (2022) MixEHR-Guided: A guided multi-modal topic

modeling approach for large-scale automatic phenotyping using EHR. (in rev.)

• Song, Z., . . . , Li, Y.∗ (2022) Automatic phenotyping by a seed-guided topic
model. In Proceedings of the 28th ACM SIGKDD Conference on Knowledge
Discovery and Data Mining 16 / 46



Outline

Phenome-wide association studies using EHR data

Graph-informed EHR topic modeling
GETM: Graph-embedded topic model
GAT-ETM: an end-to-end graph-topic model

Phecode-guided EHR topic modeling
MixEHR-guided: a phecode-guided multimodal topic model
MixEHR-seed: a seed-guided VAE-EM hybrid topic model
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Graph-ETM (GETM)2

2Wang, Y., . . . , & Li, Y. (2022) A graph-embedded topic model enables
characterization of diverse pain phenotypes among UK Biobank individuals. iScience
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Modeling conditions and medications data of 450K
individuals from UK Biobank [Bycroft et al., 2018]

• 457,461 individuals of European descent individuals to reduce
confounding caused by different ethic groups

• 802 active ingredients for medications

• 443 phenotypic conditions

In collaboration with Audrey Grant at the Department of Anesthesia
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Visualize embedding of topics and conditions/medications
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Prediction performance on chronic musculoskeletal pain

• Logistic regression was performed using θ obtained from
GETM with 128 topics to predict CMK pain.

• The baseline used raw conditions and medications data as
input features.

• We experimented on seven data configurations with different
condition sets and medication sets as indicated by x-axis.
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Top topics for chronic musculoskeletal pain
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Predicting chronic pain types on different body sites
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Phenome-wide association studies using EHR data

Graph-informed EHR topic modeling
GETM: Graph-embedded topic model
GAT-ETM: an end-to-end graph-topic model

Phecode-guided EHR topic modeling
MixEHR-guided: a phecode-guided multimodal topic model
MixEHR-seed: a seed-guided VAE-EM hybrid topic model
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Graph Attention neTworks (GAT) [Cucurull et al., 2017]

Published as a conference paper at ICLR 2018
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Figure 1: Left: The attention mechanism a(W~hi,W~hj) employed by our model, parametrized
by a weight vector ~a ∈ R2F ′

, applying a LeakyReLU activation. Right: An illustration of multi-
head attention (with K = 3 heads) by node 1 on its neighborhood. Different arrow styles and
colors denote independent attention computations. The aggregated features from each head are
concatenated or averaged to obtain ~h′1.

applying a nonlinearity, σ):

~h′i = σ


∑

j∈Ni

αijW~hj


 . (4)

To stabilize the learning process of self-attention, we have found extending our mechanism to em-
ploy multi-head attention to be beneficial, similarly to Vaswani et al. (2017). Specifically, K inde-
pendent attention mechanisms execute the transformation of Equation 4, and then their features are
concatenated, resulting in the following output feature representation:

~h′i =
K

‖
k=1

σ


∑

j∈Ni

αk
ijW

k~hj


 (5)

where ‖ represents concatenation, αk
ij are normalized attention coefficients computed by the k-th

attention mechanism (ak), and Wk is the corresponding input linear transformation’s weight matrix.
Note that, in this setting, the final returned output, h′, will consist of KF ′ features (rather than F ′)
for each node.

Specially, if we perform multi-head attention on the final (prediction) layer of the network, concate-
nation is no longer sensible—instead, we employ averaging, and delay applying the final nonlinear-
ity (usually a softmax or logistic sigmoid for classification problems) until then:

~h′i = σ


 1

K

K∑

k=1

∑

j∈Ni

αk
ijW

k~hj


 (6)

The aggregation process of a multi-head graph attentional layer is illustrated by Figure 1 (right).

2.2 COMPARISONS TO RELATED WORK

The graph attentional layer described in subsection 2.1 directly addresses several issues that were
present in prior approaches to modelling graph-structured data with neural networks:

• Computationally, it is highly efficient: the operation of the self-attentional layer can be par-
allelized across all edges, and the computation of output features can be parallelized across

4

αij =
exp(a>[Whi ,Whj ])∑

k∈Ni
exp(a>[Whi ,Whk ]

, hi = σ(
∑

j∈Ni

αijWhj)

hi = ‖Kk=1σ(
∑

j∈N
αk
ijW

khj), h
(f )
i = σ(

1

K

K∑

k=1

∑

j∈Ni

αk
ijW

khj)
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End-to-end training of GAT-ETM3

3Zou Y., . . . , & Li, Y. (2022) Modeling EHR data using GAT-ETM. arXiv.
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GAT-ETM evaluation on Montreal PopHR data4

Montreal PopHR Dataset [Shaban-Nejad et al., 2017]:

• 5107 unique ICD codes

• 1057 unique ATC (i.e., medication) codes

• 1.2 million patients (6/2/2 training/validation/testing)

Model Recon. Topic Quality [ICD,ATC]
NLL. topic coherence topic diversity topic quality TQ(ave.)

ETM 198.26 0.113, 0.233 0.373, 0.423 0.0421, 0.0986 0.0704
GETM 184.32 0.167, 0.271 0.86, 0.83 0.1436, 0.2249 0.1843
GAT-ETM 172.69 0.18, 0.314 0.76, 0.787 0.1368, 0.2471 0.1920

4PopHR data accessed via collaboration with David Buckeridge from School
of Public Health at McGill
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Embedding of EHR codes generated by the GAT
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Phenome-wide association studies using EHR data

Graph-informed EHR topic modeling
GETM: Graph-embedded topic model
GAT-ETM: an end-to-end graph-topic model

Phecode-guided EHR topic modeling
MixEHR-guided: a phecode-guided multimodal topic model
MixEHR-seed: a seed-guided VAE-EM hybrid topic model
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Key Idea: based on patients’ ICD-9 codes from a particular
dataset, infer 1500 Phecode-guided topics
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MixEHR-Guided5
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5Anjuha, Y., . . . , Li, Y.∗. MixEHR-Guided: A guided multi-modal topic
modeling approach for large-scale automatic phenotyping using EHR. (in rev.)
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Top 5 features for each of 9 diverse disease phenotypes
PopHR (1.2 million patients) MIMIC-III (40k patients)
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Automatic phenotyping performance
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GETM: Graph-embedded topic model
GAT-ETM: an end-to-end graph-topic model

Phecode-guided EHR topic modeling
MixEHR-guided: a phecode-guided multimodal topic model
MixEHR-seed: a seed-guided VAE-EM hybrid topic model
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MixEHR-seed model6
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6Song, Z., . . . , & Li, Y. (2022) Automatic phenotyping by a seed-guided
topic model. In Proceedings of the 28th ACM SIGKDD Conference
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Inferred age-dependent phenotypes in 1/4 Montreal PopHR
a. MixEHR-seed PGM b. Amortized variational inference of topic prior
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Application on UK Biobank data (unpublished & prelim.)
ICD-10 processing:
• 500,000 UKB subjects (including all races)
• 6807 unique ICD-10 codes are mapped 1484 PheCodes
• Remove PheCodes with frequency < 10 subjects
• 6.12 million observed ICD-10 records

Drug code processing:
• Group all same drugs with different dosage, tablet/liquid to a

unique ATC codes
• Remove ATC with frequency < 10
• 803 unique ATC codes
• 1.19 million ATC records

Drug usage prediction:
• 139 PheCodes have at least one known drug treatment
• Remove patients that use any of those drugs in the first visit
• For patients in the following visits, they were labelled as

positive if they took the phecode-linked drugs
• Average AUPRC: 60% (in contrast to 40% using 2-PMM or

20% using only PheCode) 37 / 46



Select phecode-guided topics inferred from the UKB data
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PheWAS of lipoprotein(a) (LPA) genetic variant
rs10455872 using non-UKB data7

713,900 adults from DNA biobank at Vanderbilt University Medical Center; Wu, P.
et al. Mapping ICD-10 and ICD-10-CM Codes to Phecodes: Workflow Development
and Initial Evaluation. Jmir Medical Informatics 7, e14325 (2019). [Wu et al., 2019]
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Phenome-topic-wide associations with LPA variant
rs10455872 from UK Biobank
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Fine-mapped SNPs for metabolic measurements8

8Zhang, W., Najafabadi, H., Li, Y.∗ SparsePro: an efficient genome-wide
fine-mapping method integrating summary statistics and functional annotations.
bioRxiv (under review)
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PhenoTopicWAS on the fine-mapped SNP rs1260326
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Summary

• Modelling multi-modal EHR data allows us to better quantify
phenotypic risk as the topic probabilistic score

• Harnessing knowledge graph in representational learning help
deriving interpretable topics from otherwise sparse and noisy
EHR data

• Anchoring 1500 phecode-defined phenotypes enables inferring
identifiable and interpretable phenotypic topics that can be
used for downstream PheWAS
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