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Aim
To identify disease comorbidities in canines and map these interactions with a disease network.

• Comorbidity refers to the concomitant occurrence of distinct medical conditions in the same subject 1
• A comorbidity relationship exists when two diseases affect an individual subject by more than chance 

alone 
• Traditional computational methods to discover comorbidity relationships like risk ratios and odds ratios rely on 

the assumption that an individual’s disease probability is equal to the population incidence rate 1,2,3,4

• Confounding variables are adjusted for by stratification or matched case-control cohorts which reduce 
statistical power

• The Poisson binomial based-approach to comorbidity discovery models the effect of each confounding 
variable, thus personalizing disease probabilities and preserving statistical power 4

• Prospectively maintained observational cohort of dogs 
• Survey data from Dog Aging Project (DAP) 2020 data

• Diseases occurring in >60 dogs were included (156 diseases)
• Dogs that have one of the final 156 diseases were included 

(N=22152); healthy dogs excluded

Summary statistics

Overall (N=22152)
Sex
Female, unspayed 455 (2%)
Female, spayed 10509 (47%)
Male, unneutered 938 (4%)
Male, neutered 10250 (46%)

Breed
Purebred 10862 (49%)
Mixed breed 11290 (51%)

Age (years)
Median [IQR] 8.0 [4.3, 11]

Weight (lbs)
Median [IQR] 50 [25, 68]

Figure 2: Cohort characteristics. Left: Table of cohort characteristics. Right: Disease frequency of top 20 most 
common diseases in the cohort 

Undirected canine disease comorbidity network

Figure 3: Comorbidity network. Nodes are disease, edges are comorbidity p-values statistically significant 
at Bonferroni-adjusted alpha level of 0.001. Node sizes represent prevalence, with more common 
diseases having larger nodes. Nodes with node degree >10 have a bold outline. Most common disease 
types have colored nodes and less common diseases have grey nodes. For more detailed information 
regarding each disease, please scan the QR code.

Global statistics

Figure 4: Node degree distribution. Compared to a power law 
distribution, an exponential distribution is a significantly  better fit 
for this distribution (p<0.001)

Key observations

Edge density: 0.026

Limitations

As expected, 
clustering behavior is 

seen between 
diseases of the same 

type

Both well-studied and less well-studied 
comorbidities documented in canine 

literature are detected

Diabetes (109) manifesting as 
cataracts (2) 5,6

Atopic dermatitis (31) related to 
allergies (71) 7

Hypertension (53) associated 
with endocrine diseases (108 

& 109) 8,9,10

Cushing’s disease (108) 
manifesting as alopecia (30) 5,6 

• Rare diseases may be overfitted by LRMs, resulting inaccurate 
representation of rare-prevalent disease pairs in network

• Bias in owner reported survey; owners may misreport 
demographic and health status information

• The list of diagnoses in the survey was constructed to make 
the survey instrument easier for owners to fill out, thus some 
of the diagnoses may overlap or be medically imprecise

• Sampling bias: both owners and dogs are not representative
• Methodological bias: higher-order associations are not 

considered

Discussion
• The degree distribution suggests that the chance a dog with a 

disease will get another disease is approximately random.
• Nodes with high degree suggest that those diseases often 

present with or carry information about other diseases
• Figure 3 indicates that several skin diseases are of high 

degree. This aligns with prior clinical knowledge of 
using skin diseases as potential indicators of systemic 
diseases like cardiovascular or endocrine diseases.5,6

• Future steps:
• Date of diagnoses can be added to model temporal 

relationships between diseases
• Natural language processing can be used on written 

disease descriptions to find further relationships
• Integrate with future genomic data to uncover disease 

mechanism
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• Unpenalized logistic regression model (LRM) trained to find the probability that a dog has a disease
• Independent variables: age, sex (male/female, spayed/neutered), weight, breed (pure/mixed)
• Dependent variable: binary vector indicating whether the dog has the disease 
• LRMs do not include a confidence metric on predicted probabilities 

• Variance bootstrapped by dividing data into six subsets such that the number of affected dogs 
in each subset is approximately equal, fitting an LRM for each subset, and calculating a sample 
variance for each dog-disease probability 

• Disease pair P-values under Poisson binomial distribution (y = disease 1, z = disease 2, d = individual dog) 4
• Null hypothesis: Pairs of diseases are independently distributed (𝐻!: 𝑦 ⊥ 𝑧)
• A significant P-value indicates that a pair of diseases co-occur more often than by chance
• Normal approximation for the Poisson binomial  is used with the Poisson binomial mean and variance 

used as parameters 
µ",$ = ∑% 𝑃{",$}∈% σ),*+ = ∑, P{),*}∈, 1 − P{),*}∈,

†

† Variance augmented with LRM variances described in previous section using the product rule and law 
of total variance  

• P-value corrected for multiple testing using the Bonferroni method

Figure 1: Variable selection by L1-penalized regression. Percent 
of disease logistic regressions that include each demographic 
feature. For instance, age and weight appear in over 75% of 
models, suggesting that they are important predictors.


