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2. Population Health Analytics in the Era
/ of Interoperability

0% Value-based care and population health programs rely on accurate population health

ﬂf@ analytics — including risk stratification, to identify high-risk patients, allocate resources, support
care management, and improve quality.

EHR data are increasingly used for population health analytics — but heterogeneity across
=t} systems challenges consistent and interoperable measurement.

g OMOP CDM provides a standardized EHR data layer — that could support scalable,
o cross-system population health analytics.

o Preserving clinically meaningful population health measures across EHR-to-OMOP
transformation remains critical.
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r/ Data Heterogeneity Challenges for
, Population Health Analytics and Integration

e Data heterogeneity across healthcare organizations

@® Inconsistent coding, definitions, and data representation
® Differences in data granularity
@ Structural heterogeneity in source data models and schemas
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Proprietary
cfb ® C(linical data inputs remain source-specific
X ® Limits consistent integration and reusable analytics

e Lack of common data representation across systems
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e Gaps in existing population health research

l ® Limited evaluation of population health risk frameworks
al using standardized data models

® Unclear preservation of population health measures
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What are ACG (Adjusted Clinical Groups)
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\ Comprehensive Population Health
Analytics

Johns Hopkins ACG System quantifies the health of a population, identifies
targeted patient needs, and drives action to improve outcomes.
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Study Objectives
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Knowledge gap

Limited empirical evidence exists on whether
OMOP standardization preserves population
health measures relative to source EHR data.

Derive comparable population
health input variables from
source EHR and OMOP data

Generate population health
measures using a common
analytics platform

Evaluate concordance of OMOP-
and EHR-derived population health
measures and risk outputs
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— Raw EHR Data
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Data Preparation and

Harmonization

o Raw EHR preparation

@  Extract
S encounters, diagnoses,
medications

= Restructure
= visits, service setting

Normalize
local codes, units, dates

Q OMOP preparation

@ Extract

person, visit, condition,
drug tables

& standard vocabularies,
mappings
Reconstruct
utilization context,
analytic fields

Translate

Population Health Analytics
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»‘ Population Health Analytics Inputs

Demographics
age, sex, patient identifiers
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Medical Services
visits, diagnoses,
procedures, service setting

Pharmacy
medications, fill date,
days supply

ED, readmissions EDCs, AOGs,
multimorbidity
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Patient Segmentation  Risk Stratification
RUBs, PNGs hospitalization,

@ OMOP CDM-Based Data Transformation
Framework

Population Health Analytics Platform
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Utilization Analytics  Morbidity Assessment

readmission, risk scores

Comparison of EHR- and OMOP-Derived Population Health Measures

@» EHR-derived @» OMOP-derived
measures “ measures
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s Data Representation & Informatics Assessment

Terminology alignment  Vocabulary mapping Data structure

Granularity Classification logic ~ Information gaps
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Comparison of Healthcare Utilization
between EHR vs. OMOP

Key results

Higher in OMOP:
inpatient
hospitalizations

Higher in OMOP:
unplanned inpatient
hospitalizations

Lower in OMOP:
outpatient visits

Lower in OMOP:
generalist visits
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104 9.62%

8.24%
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4.65%
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Expanded diagnosis cluster (EDC)

Comparison of Chronic Conditions
Prevalence Between EHR vs. OMOP

Key results

Lower in OMOP:
Type 2 DM w/o complications

(0.14% vs 1.47%)

Higher in OMOP:
Type 2 DM w/ complications

(4.44% vs 2.70%)
e Lower in OMOP:

CV signs & symptoms
(2.28% vs 6.50%)
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G More patients in the
lowest-risk bin in OMOP

86.4% vs 75.4%
9 Overall risk distribution
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e Fewer patients in
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Comparison of Patient Need Group
Distribution: EHR vs. OMOP

B EHR I omMOP CDM
Key results

60 1 Low need Moderate need Pregnancy Dominant condition High need

More nonusers

in OMOP; larger
low-need child
and adult segments
in EHR

o Higher-need groups

broadly similar;

50 A 47.9%

20
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health condition condition
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OMOP CDM Mapping Difference “
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Classification of Data Mapping Differences
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None (Direct Mapping)
Identical field structure and data type
Direct mapping: no transformation

Semantic Difference

Same concept, different values, units, or
conventions

Translate values or normalize

Terminology Difference
Same clinical concept, different code systems

Vocabulary mapping / crosswalk

Granularity Difference
Same information, different granularity
Aggregate or enrich to align

Categorization Difference
Different classification schemes or
business rules

Rule-based regrouping

Structural Difference
Different table structure or relational formats
Reshape data (joins / aggregation)

Information Gap
Available in source EHR but absent from OMOP CDM
Cannot be derived from OMOP
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patient_id

sex (M/F/U)

NDC (rx_cd)

outpatient_visit_id

~

prescriptions dispensed
medications

Key results
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Most OMOP
fields mappable

12 il

Granularity loss
and information
gaps matter
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Terminology and
categorization
require
transformation



Where the differences come from

Terminol ogy mapping EHR codes OMOP standard concepts
Diff : q ; ICDI0CM —> _ — SNOMED-CT

grereligs 11 Pos SIa DI, B CPT4/HCPCS  —> Mag&'gg s SNOMED-CT
concept granularity, and vocabularies. to

NDC —> —>  RxNorm / RxNorm Extension

Encounter and care setting ﬁ ﬁ &
representation
Differences in how encounters are f .’ ‘
defined, classified, and attributed. Inpatient Outpatient Generalist
Clinical detail and data availability Diagnoses i

: : . ¥ Procedures : ‘
Differences in what is structured, e
mapped, and available after transfornnation. 4  Laboratory tests , =

i & Medications
ETL and data transformation rules " -
ETL & _ g

Differences in inclusion criteria, transformation OMOP
transformation logic, and data filtering. CDM

In EHR (available)

e |ocal codes
¢ Department/specialty
¢ Additional clinical detail

Data representation and
information gaps

Loss of detail, unstandardized concepts,
and incomplete capture in OMOP.

In OMOP (may be missing or aggregated)

e Standardized concepts only
* Mapped or high-level categories
e Limited contextual detail




Conclusion

aw
E& OMOP CDM supports population health analytics at scale

' Most OMOP-derived population health measures were
"€ broadly aligned with EHR-derived results

Selected population health outputs, particularly risk stratification,
showed meaningful differences

[ & Differences in data transformation
J and representation may contribute to the observed difference

o Validation, transparent transformation processes, and data

governance are needed for operational use of OMOP-derived
population health measures.




Future Directions

Identify and quantify sources of discordance

Link EHR-OMOP input differences to changes in population health
and risk outputs

Refine OMOP transformation rules

Address terminology, encounter context, granularity, structure,
and information gaps

Evaluate transferability across healthcare organizations

Strengthen the existing OMOP-based framework through
standardized quality checks and transparent transformation
processes
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