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EHR-BASED PHENOTYPING

• Map EHR data to meaningful medical concepts 

• Learn medically relevant data characteristics



CURRENT PHENOTYPING PROCESS

• Iterative process with significant time, effort, and 
expert involvement 

• Existing high-throughput methods require human 
annotated samples
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LIMESTONE: OVERVIEW

• Phenotyping is similar to dimensionality reduction 

• Developed a tensor factorization model to achieve 
high-throughput phenotyping 

• Tensor representation to capture source 
interactions 

• Nonnegative and sparsity constraints yield 
concise, interpretable results



MOTIVATION FOR TENSORS

• Generalization of matrix to multi-way data 

• Natural representation to capture structured source 
interactions (e.g. group of procedures to treat a 
disease)
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LIMESTONE: PHENOTYPE GENERATION

Phenotype R!

Procedures factor!

Diagnosis factor!

Patients  
factor!

Phenotype importance!

Phenotype 1!

Patients!

Procedures!

Diagnoses!

• Extension of common tensor decomposition 
(CANDECOMP/PARAFAC) 

• A candidate phenotype is a single rank-1 tensor



LIMESTONE: CANDIDATE PHENOTYPE

Hypertension Phenotype!
(45.4% of patients)!
Hypertensive Disease!
Chemistry Pathology and Lab Tests!
Organ or Disease Oriented Panels!
Hematology and Coagulation Procedures!
Surgical Procedures on Cardiovascular System!
Evaluation and Management of Office or Other 
Outpatient Services!

�k

• Non-zero elements are the clinical characteristics 
of a candidate phenotype 

• Each element represents conditional probability  
given the phenotype and mode



EXPERIMENT DATA

• CMS 2008-2010 Medicare Data Entrepreneurs’ 
Synthetic Public Use File 

• Inpatient, outpatient, carrier and prescription 
drug claims for 5% of Medicare population 

• Synthesized to protect privacy of beneficiaries 

• Constructed tensor from random subset of patients 
in carrier claims records 

• Tensor size:10,000 patients x 129 diagnoses x 115 
procedures



CONCISE PHENOTYPE DEFINITIONS

• Tunable knob to adjust threshold 

• Higher threshold values improves interpretability 
(and conciseness)
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RESULTS: EXAMPLE PHENOTYPES

Phenotypes are concise and interpretable

High-throughput Phenotyping 149

Table 3. Four phenotypes related to diabetes and arthritis. The blue and red col-
ors indicate the diagnosis and procedure elements respectively. Within each type, the
elements are ordered in decreasing magnitude.

Diabetes Phenotype 1
(34.8% of patients)

Diseases of other endocrine glands
Other metabolic and immunity disorders

Eval. and Mgmt. of Office or Other Outpatient Svcs.
Surgical Procs. on the Cardiovascular System
Ophthalmology Procs.
Cardiovascular Procs.
Urinalysis Procs.
Diagnostic/Screening Processes or Results

Diabetes Phenotype 2
(33.1% of patients)

Diseases of other endocrine glands

Chemistry Pathology and Laboratory Tests
Organ or Disease Oriented Panels
Hematology and Coagulation Procedures
Surgical Procs. on the Cardiovascular System
Eval. and Mgmt. of Office or Other Outpatient Svcs.

Arthritis Phenotype 1
(29.1% of patients)

Arthropathies and related disorders

Physical Medicine and Rehabilitation Procs.
Eval. and Mgmt. of Office or Other Outpatient Svcs.

Arthritis Phenotype 2
(38.6% of patients)

Arthropathies and related disorders
Rheumatism, excluding the back

Eval. and Mgmt. of Office or Other Outpatient Svcs.
Surgical Procs. on the Musculoskeletal System
Surgical Procs. on the Cardiovascular System
Cardiovascular Procs.
Hematology and Coagulation Procs.

second phenotype suggests a higher degree of severity as there is an additional
heart disease and it requires hospital inpatient services. The two phenotypes
demonstrate the potential ability to derive novel phenotypes via a data-driven
approach that could otherwise be difficult and time-consuming.

Table 3 depicts another four chronic-disease phenotypes relating to diabetes
and arthritis. There are several other chronic disease phenotypes that were ex-
tracted, but due to space constraints are not shown in this paper. Note that these
phenotypes shown are concise and easily interpretable. In particular, arthritis
phenotype 1 contains just 1 diagnosis and 2 procedures and is exhibited in 29%
of the population. The procedures are also consistent with known character-
istics of the disease, as arthritis sufferers undergo rehabilitation to strengthen
their joints. Similar to Table 2, the four phenotypes also demonstrate the power
to automatically capture disease severity. Diabetes phenotype 1 suggests dia-
betes related complications that require cardiovascular surgery, while the second
arthritis phenotype captures patients with multiple chronic conditions.

5 Conclusion

This paper shows that Limestone offers a data-driven solution to simultaneously
generate multiple phenotypes from a diverse EHR population without expert
supervision. The experimental results on 10,000 patient records from the CMS



RESULTS: ARTHRITIS PHENOTYPES
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(a) Diagnosis
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(b) Procedure

Fig. 3. The distribution of factor elements along the three CMS tensor modes. Zeros
entries are omitted from the plot.

4.3 Chronic Disease Phenotypes

The United States spends more than 75% of its medical care cost on the treat-
ment of chronic diseases [23]. Furthermore, 68.4% of the Medicare population
suffers from 2 or more chronic diseases [24]. Thus, phenotypes relating to chronic
disease factors such as heart failure, diabetes, and arthritis can help medical
professionals tailor treatment options based on patient’s phenotypes and reduce
overall healthcare costs. The dataset provides chronic disease indicators that we
will use to identify phenotypes associated with specific chronic diseases3.

Table 2. Two phenotypes related to heart failure. The blue and red colors indicate
the diagnosis and procedure elements respectively. Within each type, the elements are
ordered in decreasing magnitude.

Heart Failure Phenotype 1
(36.7% of patients)

Other forms of heart disease

Complications of surgical and medical care
Hematology and Coagulation Procs.
Eval. and Mgmt. of Office or Other Outpatient Svcs.
Surgical Procs. on the Cardiovascular System
Chemistry Pathology and Laboratory Tests
Cardiovascular Procs.
Organ or Disease Oriented Panels

Heart Failure Phenotype 2
(30.9% of patients)

Other forms of heart disease
Ischemic heart disease

Hospital Inpatient Svcs.
Eval. and Mgmt. of Office or Other Outpatient Svcs.

Table 2 depicts two phenotypes related to heart failure. More than 1 in 3
Medicare patients exhibit the first phenotype while a smaller portion (but still
substantial) have medical characteristics typified by the second phenotype. The

3 A patient’s chronic condition flag cannot be perfectly reproduced due to the synthetic
claim process used.

higher degree of severity as 
procedures involves inpatient services 

• Phenotypes can represent disease subtypes (or 
severity levels) 

• Rapidly characterize and manage diverse population



CONCLUSION

• Data-driven solution to generate multiple 
phenotypes simultaneously from diverse population 

• Minimal human intervention (no expert supervision) 

• Derived phenotypes are concise and interpretable 

• Future work: 

• Multi-relational tensors to incorporate multiple 
data sources 

• Improve computational speed


