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Background: EHR system collects longitudinal patient medical history
Methods

®* Age-dependent topic modelling of disease records infer latent
comorbidities that represent the full patient diagnosis history

Results

® ldentify distinct comorbidity profiles that are associated with different
age-at-onsets.

®* Comorbidity profiles identify genetic heterogeneity between disease
subtypes.

Discussion: the role of individual-level comorbidity for identifying shared and
distinct genetic pathways



Longitudinal diagnosis history data are
avallable In large data sets

EHR data provides individual-level age-at-onset information
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Background: EHR system collects longitudinal patient medical history
Methods

®* Age-dependent topic modelling of disease records infer latent
comorbidities that represent the full patient diagnosis history

Results

® ldentify distinct comorbidity profiles that are associated with different
age-at-onsets.

®* Comorbidity profiles identify genetic heterogeneity between disease
subtypes.

Discussion: the role of individual-level comorbidity for identifying shared
and distinct genetic pathways



Age-at-onset data

Infer latent comorbidities to represent
patient level diagnosis history
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Age-at-onset data

Infer latent comorbidities to represent
patient level diagnosis history
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Disease topic loadings

Infer latent comorbidities to represent

Topics

patient level diagnosis history
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Disease topic loadings

Infer latent comorbidities to represent

Topics

patient level diagnosis history
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Background: EHR system collects longitudinal patient medical history
Methods

®* Age-dependent topic modelling of disease records infer latent
comorbidities that represent the full patient diagnosis history

Results

® ldentify distinct comorbidity profiles that are associated with
different age-at-onsets.

®* Comorbidity profiles identify genetic heterogeneity between disease
subtypes.

Discussion: the role of individual-level comorbidity for identifying shared
and distinct genetic pathways
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Simulation analysis shows the model could
capture age dependent comorbidity
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Simulation analysis shows the model could
capture age dependent comorbidity
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Application to UK Biobank identifies 10

1.7 million records across 348 diseases In the UK Biobank

comorbidity trajectories
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Early onset and late reporting of the same disease
are associated with distinct comorbidities

CER: circulatory system, endocrine/metabolic, CVD: circulatory system diseases
and respiratory diseases

Multinomial probability
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Age group Posterior topic weights

Y Young group: < 60 0 _» NRI: neoplasm, respiratory, infection
O Old group: =60 LGI: lower gastrointestinal
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Background: EHR system collects longitudinal patient medical history
Methods

®* Age-dependent topic modelling of disease records infer latent
comorbidities that represent the full patient diagnosis history

Results

® ldentify distinct comorbidity profiles that are associated with different
age-at-onsets.

®* Comorbidity profiles identify genetic heterogeneity between
disease subtypes.

Discussion: the role of individual-level comorbidity for identifying shared
and distinct genetic pathways
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®* Comorbidity profiles are inferred using only diagnosis data, not
genetic data.

®* Genetic data could be utilised to verify the disease subtypes.
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PRS are assoclated with comorbidity
weights
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Disease PRS are associated with
comorbidity weights across cases

CVD: Cardiovascular disease
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Log relative risk

Disease PRS stratification power varies
across disease subtypes
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Background: EHR system collects longitudinal patient medical history
Methods

®* Age-dependent topic modelling of disease records infer latent
comorbidities that represent the full patient diagnosis history

Results

® ldentify distinct comorbidity profiles that are associated with different
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®* Comorbidity profiles identify genetic heterogeneity between
disease subtypes.

Discussion: the role of individual-level comorbidity for identifying shared
and distinct genetic pathways
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Genetic heterogeneity across subtypes
using Fst and Genetic correlations
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®* Comorbidity profiles could be considered as a context for
patient health status.
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Genetic risk could be modulated by
comorbidity context

Topic@

O Disease

SNP C
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SNPs have varying effect across
guartiles of comorbidity weights

rs1063192 x CVD for Type 2 diabetes
chr9: 9p21.3 (nearest gene:CDKN2B)
P = 3.534e-07 for interaction
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We identified 43 SNP x topic interactions at FDR<0.1
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Background: EHR system collects longitudinal patient medical history
Methods

®* Age-dependent topic modelling of disease records infer latent
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Individual-level comorbidity for identifying
shared and distinct genetic pathways

1. Individuals with same disease code have distinct
comorbidities.

2. The comorbidity heterogeneity among the cases imply the
distinct disease subtypes.

3. The individual disease context captured by comorbidity
could modulate the genetic risk effect sizes.
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MedRxiv: Age-dependent topic modelling of comorbidities in UK Biobank
identifies disease subtypes with differential genetic risk
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